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Abstract

Soil moisture (SM) is one of the key parameters in the engineering, agronomic,
geological, ecological, biological and hydrological functions of soil. Its needed to
support decision making in agriculture for irrigation and trafficability, and is a key
input to hydrological and meteorological models. Remote sensing has significant
potential but there remains a challenge to improve the accuracy and usefulness
of the data for end users. The objective of this thesis is to develop a field-scale
soil moisture estimate from Sentinel-1 C-band synthetic aperture radar (SAR)
data, that is sufficiently accurate to be useful to farmers and agronomists and the
research community.

SAR is attractive as an all-weather remote sensing solution with potential to
estimate soil moisture over large scales and at high spatial resolution. But because
SAR backscatter is strongly affected by overlying vegetation and crops, and to
some extent by soil surface roughness and soil texture, the process of SM retrieval
from SAR is very complex. Among a number of potential solutions, one approach
is to quantify the non-SM contributions by processing additional data alongside
SAR data using models that are trained against in-situ SM observations. This is
very resource intensive, with the results being limited in scope and accuracy by
the ancillary and training data. The alternative change detection (CD) algorithm
avoids the use of additional data or training sites by assuming, instead, that the
effects of soil surface roughness and vegetation are relatively static on the timescale
of soil moisture variation. This can be highly effective for estimating relative SM
in many areas but not, crucially, in areas of farmland under arable cultivation
where rapid changes in vegetation and soil surface roughness are common. This is
mitigated in current published SM products by restricting their spatial resolution
to around 1 km, averaging out the effects of anthropogenic change over a diversity
of land uses. A 1 km pixel area is an order of magnitude larger than the average
field size in the UK, for example. Such products do not satisfy the needs of farmers
in arable areas and do not exploit the high spatial resolution available from SAR
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sensors such as Sentinel-1 C-band (20m). A key objective of this thesis is to achieve
a better understanding of the capabilities of the change detection algorithm and
enhance it to provide more accurate results for farming areas at field scale.

Whilst achieving field-scale resolution and better accuracy from the CD ap-
proach would be significant, the results would still not very useful to farmers. The
CD algorithm is not trained against ground measurements, so its output is a Soil
Moisture Index (SMI) which is a relative estimate of SM within the boundaries
of previous SAR measurements at each pixel. To obtain absolute values such as
volumetric water content or soil moisture deficit (e.g. for irrigation management),
the SMI is calibrated against the expected range of SM, often taken to be the differ-
ence between the soil’s field capacity (FC) and permanent wilting point (PWP)
predicted by the soil texture at each location. This study shows that a 10 to 20 vol.%
mean absolute error may be introduced by uncertainties in selecting appropriate
soil texture so the importance of using a reliable soil map is underlined. It is
further shown that that the highly dynamic nature of SM in the shallow surface
layer penetrated by C-band SAR (1 to 2 cm) means that the Van Genuchten model
parameters, θS and θR should be used as wet and dry references to define the
expected range of SM. The common practice of using FC and PWP is shown to
contribute an additional 2 to 10 vol.% error. Taken together, these errors are large
compared to user requirements of 4 to 5 vol.% and a typical seasonal range of 20
to 40 vol.% depending on soil texture.

Validation is important for users to have confidence in the remote sensing of
soil moisture from SAR. A further objective of this study was to address the issue
of depth mismatch between the penetration of the SAR and the ground observa-
tions used for validation. The study concludes that C-band SAR SM estimates
should not be validated directly against ground sensors at 5 to 10 cm depth. A
novel validation method is proposed for validation of SAR SM estimates against
simulated soil moisture profiles at 2 cm depth using a soil hydraulic model fitted to
ground observations. In this thesis, the latter were obtained from the COSMOS-UK
network of soil monitoring stations using Cosmic Ray Neutron Sensors with an
approximately 200 m radius measurement zone and average measurement depth
calculated to be around 10 cm. As a case study of using this improved method,
the performance of the published Copernicus SSM soil moisture product across
13 COSMOS-UK test sites is shown to be in the range 8 to 20 vol.% mean error. It
confirms, as expected, that the worst performance is in areas of arable agriculture,
justifying the focus of the thesis in such areas.
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As a stage to achieve the key objective, an SM estimate, spatially aggregated
to field boundaries, is demonstrated by the first known implementation of the
CD algorithm in Google Earth Engine. It was found that the increased speckle
noise at this scale is typically balanced by reductions in noise from excluded
clutter sources and increased sensitivity to SM. Periodic noise due to satellite
orbit geometries (ascending versus descending) remains evident but temporal
smoothing was shown to be effective against it. The performance, in terms of
mean error, at field-scale varies from 8 vol.% in grass pasture to 20 vol.% in some
arable fields during periods of rapid crop growth. To improve the accuracy in
arable fields, a process has been developed to use multispectral remote sensing
data to assign levels of confidence in the performance of the CD algorithm, to each
field on every measurement date. An alternative method is proposed to achieve a
more reliable soil moisture estimate by using two-dimensional interpolation using
inverse distance and confidence weighting (IDCW) across a range of neighbouring
fields within a local zone. By this method it is shown that, during the peak growing
season, the mean absolute error in the soil moisture estimate for wheat fields is
reduced from 20 vol.% to less than 5 vol.%, retaining field-scale resolution. This is
the first time such levels of accuracy have been reported at field scale from Sentinel-
1 SAR without the training of a model. The method is applicable anywhere where
the remote sensing data is available alongside a suitable soil texture map. The
output meets the operational requirements of farmers for 5 vol.% SM accuracy
and is very close to research requirements of 4 vol.%. It may be used to create a
mapping product for use by farmers and agronomists using to inform decision
making in near real-time. For scientists, engineers, infrastructure engineers and
environmentalists the data will be valuable for research into flooding, soil erosion,
ground movement and landslip.

Keywords

Soil moisture, synthetic aperture radar, Sentinel-1, field-scale, COSMOS-UK



viii ABSTRACT



Contents

Abstract v

Contents ix

List of Figures xiii

List of Tables xvii

List of Abbreviations xxi

Acknowledgements xxiii

1 Introduction 1
1.1 Need for field-scale soil moisture . . . . . . . . . . . . . . . . . . . . 1
1.2 Requirements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Retrievals of soil moisture . . . . . . . . . . . . . . . . . . . . . . . . 5
1.4 Retrieval of soil moisture from SAR data . . . . . . . . . . . . . . . . 13
1.5 Knowledge gaps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.6 Aims, objectives and thesis structure . . . . . . . . . . . . . . . . . . 17
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2 Significance of soil properties 35
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
2.2 Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 40
2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
2.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

ix



x CONTENTS

3 Assessing Surface Soil Moisture Products 65
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66
3.2 Study sites and time period . . . . . . . . . . . . . . . . . . . . . . . 68
3.3 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
3.4 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75
3.5 Case study . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79
3.6 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
3.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86
3.8 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
3.9 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91
Appendices
3.A Model fitting results . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
3.B Assessment of Copernicus SSM at 2 cm . . . . . . . . . . . . . . . . 102

4 Field-scale soil moisture 103
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
4.2 Study sites and time period . . . . . . . . . . . . . . . . . . . . . . . 107
4.3 Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 112
4.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138
4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
4.6 Conclusions and recommendations . . . . . . . . . . . . . . . . . . . 160
4.7 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 161
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
Appendices
4.A Site field maps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
4.B SM performance for individual fields . . . . . . . . . . . . . . . . . . 174

5 Spatial Interpolation 177
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178
5.2 Materials and methods . . . . . . . . . . . . . . . . . . . . . . . . . . 179
5.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191
5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198
5.5 Conclusions and recommendations . . . . . . . . . . . . . . . . . . . 202
5.6 Acknowledgments . . . . . . . . . . . . . . . . . . . . . . . . . . . . 203
Appendices



CONTENTS xi

5.A Site field maps . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 204
5.B IDCW performance by crop type. . . . . . . . . . . . . . . . . . . . . 207
5.C IDCW performance by field . . . . . . . . . . . . . . . . . . . . . . . 234
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 238

6 Synthesis and Discussion 245
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 245
6.2 Synthesis of objectives . . . . . . . . . . . . . . . . . . . . . . . . . . 245
6.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 252
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 254

7 Conclusions and Recommendations 257
7.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 257
7.2 Recommendations . . . . . . . . . . . . . . . . . . . . . . . . . . . . 260
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 263

8 References (complete) 265
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 265



xii CONTENTS



List of Figures

1.1 COSMOS-UK soil moisture monitoring station at Cwm Garw . . . 7
1.2 Example of a soil moisture product with 50 km pixel resolution

based on the SMOS passive, L-band, sensor. The image indicates
relative soil moisture across the UK in November 2001 (image credit
ESA), colours indicating dry conditions (orange) to wettest (blue). 9

1.3 Example SAR image of an area around North Wyke, Devon, UK . . 12
1.4 Thesis structure mapping the paper format chapters to the objectives 19

2.1 Example of Sentinel-1 SAR σ0
VV image of agricultural fields atMorley

in East Anglia contrasted with imagery from Sentinel-2 . . . . . . . 36
2.2 Process of estimation of soil moisture (SM) by volume (mv) from

SAR backscatter coefficient (σ0) through inversion of models . . . 37
2.3 Contrasting soil surface roughness for two ploughed fields . . . . . 38
2.4 Soil moisture, mv, as function of the real part of the relative permit-

tivity, ε ′ at 5.4 GHz, for six UK soil types, as predicted by inverting
the Park model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.5 Dependence of soil moisture on relative permittivity for two soils
with significantly different organic matter content . . . . . . . . . . 46

2.6 Evolution of soil roughness over time and due to tillage for several
soil textures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

2.7 Soil surface roughness (Hrms) as a function of clay content for tillage
operations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

2.8 Variation of real part of relative permittivity with temperature for
sand, silt and clay at mv=30 vol.% . . . . . . . . . . . . . . . . . . . . 50

2.9 Volumetric Water Content (VWC) as a function of Soil Moisture
Index (SMI) for surface soil layers of six UK soil series (arable land
use) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

3.1 Boxplot of soil moisture variability at shallow depths . . . . . . . . 67
3.2 Locations of the subset of COSMOS-UK sites selected for this study 69
3.3 Boxplot representing the variation in the 50% cumulative sensitivity

depth d50 (weighted by radius) during 2018 at selected COSMOS-
UK sites . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

3.4 Block diagram of the method for Model fitting of HYDRUS-1D and
using the fitted model to generate a time series of soil moisture at 2
cm soil depth. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

xiii



xiv LIST OF FIGURES

3.5 HYDRUS-1D modelled soil moisture at the Chimney Meadows
COSMOS-UK site at various depths . . . . . . . . . . . . . . . . . . 82

3.6 Copernicus SSM derived VWC time series for 2018 compared to
modelled data at 2 cm and 10 cm depths (Chimney Meadows) . . . 85

3.7 HYDRUS 1-D model fit at the Fincham COSMOS-UK site, before
optimisation, for 2018 . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

3.8 HYDRUS 1-D model fit at the Fincham COSMOS-UK site, after
optimisation, for 2018 . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

4.1 Relationship of Copernicus SSM 1km-wide pixels to field sizes,
COSMOS-UK sensor footprint, and locations of persistent scatter
sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

4.2 Locations of study sites . . . . . . . . . . . . . . . . . . . . . . . . . . 108
4.3 Silbury Hill, Wiltshire . . . . . . . . . . . . . . . . . . . . . . . . . . 110
4.4 North Wyke Farm Platform . . . . . . . . . . . . . . . . . . . . . . . 111
4.5 Silbury Hill test site, histogram comparison of slope (a) and aspect

(b) calculated by the Google Earth Engine terrain functions and by
a bespoke method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4.6 Grey-scale Image of mean 2015-2019 σ0
VV for an area around North

Wyke, Devon UK . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
4.7 North Wyke Farm soil moisture averaging boundaries . . . . . . . . 119
4.8 Grey-scale image of sensitivity, S calculated for both ascending and

descending orbits from 2015-2019 for Sentinel-1 images over the
area of North Wyke . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

4.9 Principle of layover in SAR images . . . . . . . . . . . . . . . . . . . 121
4.10 Phenocam photographs from the Fincham site taken on 15th July 2018123
4.11 Implementation of a change detection algorithm . . . . . . . . . . . 125
4.12 Geometry of Local Incidence Angle Calculation . . . . . . . . . . . 126
4.13 Visual comparison of local incidence angle calculated by the Sentinel-

1 Toolbox and in Google Earth Engine using the modified slope and
aspect algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.14 Scatter plot comparisons of LIA calculations in GEE and S1 Toolbox 129
4.15 Results of normalisation Process for two image pixels in different

fields near the North Wyke COSMOS-UK station . . . . . . . . . . . 131
4.16 Sensor resolution SAR soil moisture image example at North Wyke

Farm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133
4.17 Field scale SAR soil moisture image example at North Wyke Farm . 133
4.18 Time series of volumetric water content by the GEE implementation

of the CD algorithm for field NW002 at North Wyke . . . . . . . . . 136
4.19 Comparison of 1 km Sentinel-1 derived surface soil moisture Images

at North Wyke for 28th May 2018 . . . . . . . . . . . . . . . . . . . . 139
4.20 Performance of 1 km Sentinel-1 derived surface soil moisture esti-

mates at North Wyke fields for 2018 . . . . . . . . . . . . . . . . . . 139
4.21 2018 time series comparison of the estimated field-scale volumetric

soil moisture with modelled 2 cm soil moisture - North Wyke field
NW002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142



LIST OF FIGURES xv

4.22 2018 scatter plot of the Sentinel-1 retrieved field-scale volumetric
soil moisture against 2 cm soil moisture prediction by HYDRUS-1D
- North Wyke field NW002 . . . . . . . . . . . . . . . . . . . . . . . . 143

4.23 Winter wheat: time series plots . . . . . . . . . . . . . . . . . . . . . 147
4.24 Winter wheat: scatter plots . . . . . . . . . . . . . . . . . . . . . . . . 148
4.25 Spring barley: time series and scatter plots . . . . . . . . . . . . . . 149
4.26 Oil-seed rape: time series plots . . . . . . . . . . . . . . . . . . . . . 151
4.27 Oil-seed rape: scatter plots . . . . . . . . . . . . . . . . . . . . . . . . 151
4.28 Potatoes: time series and scatter plots . . . . . . . . . . . . . . . . . 152
4.29 Grass: time series plots . . . . . . . . . . . . . . . . . . . . . . . . . . 154
4.30 Grass: scatter plots . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155
4.31 Fields surrounding the Elmsett site . . . . . . . . . . . . . . . . . . . 169
4.32 Fields surrounding the Fincham site . . . . . . . . . . . . . . . . . . 170
4.33 Fields surrounding the Loddington site . . . . . . . . . . . . . . . . 171
4.34 Fields surrounding the Spen Farm site . . . . . . . . . . . . . . . . . 172
4.35 Fields surrounding the Writtle site . . . . . . . . . . . . . . . . . . . 173

5.1 IDCW Flowchart . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181
5.2 Locations of study sites . . . . . . . . . . . . . . . . . . . . . . . . . . 182
5.3 Triangle Space Method . . . . . . . . . . . . . . . . . . . . . . . . . . 186
5.4 Scatter plots of CAI* vs. NDVI for every field in 3 km search area

for every valid Sentinel-2 measurement date . . . . . . . . . . . . . 188
5.5 Fincham 1st July 2018: illustration of the eroded field boundaries

with the associated crops and confidence levels . . . . . . . . . . . . 190
5.6 Cover Fraction Time Series . . . . . . . . . . . . . . . . . . . . . . . . 192
5.7 Impact of IDCW on performance of SAR-derived SM in 2018 broken

down by crop type . . . . . . . . . . . . . . . . . . . . . . . . . . . . 195
5.8 Example time series of field-scale SAR-derived surface soil moisture

for four fields in 2018 . . . . . . . . . . . . . . . . . . . . . . . . . . . 197
5.9 Fields surrounding the COSMOS-UK sites at Writtle . . . . . . . . . 204
5.10 Fields surrounding the COSMOS-UK sites at Elmsett and Fincham 205
5.11 Fields surrounding the COSMOS-UK sites at Loddington and Spen

Farm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 206
5.12 IDCW 2018 time series: oil-seed rape field 694503 at Loddington . . 215
5.13 IDCW 2018 time series: winter wheat field 161407 at Fincham . . . 216
5.14 IDCW 2018 time series: spring wheat field 1579879 at Fincham . . . 216
5.15 IDCW 2018 time series: winter barley field 2473119 at Loddington . 217
5.16 IDCW 2018 time series: spring barley field 2216304 at Fincham . . . 217
5.17 IDCW 2018 time series: field beans field 347608 at Writtle . . . . . . 218
5.18 IDCW 2018 time series: potatoes field 572608 at Fincham . . . . . . 218
5.19 IDCW 2018 time series: maize field 1130061 at Fincham . . . . . . . 219
5.20 IDCW 2018 time series: beet field 513051 at Fincham . . . . . . . . . 219
5.21 IDCW 2018 time series: cut/ley grass field 2544447 at Fincham . . . 220
5.22 IDCW 2018 time series: grass field 1462873 at Loddington . . . . . 220
5.23 IDCW 2018 scatter plots: all crops . . . . . . . . . . . . . . . . . . . 222
5.24 IDCW 2018 scatter plots: oil-seed rape . . . . . . . . . . . . . . . . . 223



xvi LIST OF FIGURES

5.25 IDCW 2018 scatter plots: winter wheat . . . . . . . . . . . . . . . . . 224
5.26 IDCW 2018 scatter plots: spring wheat . . . . . . . . . . . . . . . . . 225
5.27 IDCW 2018 scatter plots: winter barley . . . . . . . . . . . . . . . . . 226
5.28 IDCW 2018 scatter plots: spring barley . . . . . . . . . . . . . . . . . 227
5.29 IDCW 2018 scatter plots: field beans . . . . . . . . . . . . . . . . . . 228
5.30 IDCW 2018 scatter plots: potatoes . . . . . . . . . . . . . . . . . . . . 229
5.31 IDCW 2018 scatter plots: maize . . . . . . . . . . . . . . . . . . . . . 230
5.32 IDCW 2018 scatter plots: beet . . . . . . . . . . . . . . . . . . . . . . 231
5.33 IDCW 2018 scatter plots: cut/ley grass . . . . . . . . . . . . . . . . . 232
5.34 IDCW 2018 scatter plots: grass . . . . . . . . . . . . . . . . . . . . . 233

7.1 Prototype field scale soil moisture map . . . . . . . . . . . . . . . . . 260



List of Tables

1.1 Estimates of acceptable SM errors for six UK soil series . . . . . . . 3
1.2 Soil moisture information requirements for agriculture . . . . . . . 4
1.3 Status of soil moisture products derived from remote sensing . . . 14

2.1 Input parameters for the Park model, and Van Genuchten model
parameters θs and θr . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

2.2 Soil properties for two selected soils with similar clay content but
contrasting levels of SOC . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.1 Subset of COSMOS-UK sites selected for this study . . . . . . . . . 70
3.2 Initial soil hydraulic properties obtained from LANDIS Horizon

Hydraulics data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
3.3 Candidate wet and dry references for the surface soil layer at the

selected COSMOS-UK sites . . . . . . . . . . . . . . . . . . . . . . . 77
3.4 Optimised van Genuchten-Mualem soil hydraulic parameters and

model fit statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
3.5 Analysis of wet and dry reference choices for CHIMN site in 2018 . 83
3.6 Recommended choices of wet and dry reference parameters for

conversion of Copernicus SSM SMI to VWC . . . . . . . . . . . . . . 84
3.7 SSMPerformanceMetrics assessed againstHYDRUS-1D simulations

of soil moisture at 2 and 10cm . . . . . . . . . . . . . . . . . . . . . . 102

4.1 Subset of COSMOS-UK sites selected for this study . . . . . . . . . 109
4.2 Number of Sentinel-1 SAR images processed . . . . . . . . . . . . . 113
4.3 LIA calculated by two methods in GEE compared to the same in

Sentinel-1 Toolkit . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128
4.4 Comparison of performance of 1 km resolution S1 SAR derived

surface soil moisture products for fields at North Wyke . . . . . . . 141
4.5 Performance metrics for field scale GEE CD SM at North Wyke field

NW002 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142
4.6 Quantitative performance results for S1 SAR derived surface soil

moisture estimates for fields at North Wyke . . . . . . . . . . . . . . 144
4.7 Wheat fields: Performance metrics for S1 SAR derived surface soil

moisture estimates in 2018 . . . . . . . . . . . . . . . . . . . . . . . . 146

xvii



xviii LIST OF TABLES

4.8 Performance metrics for S1 SAR derived surface soil moisture es-
timates for a spring barley field, relative to the HYDRUS-1D sim-
ulation of soil moisture at 2 cm depth for the COSMOS-UK site
location. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149

4.9 Oil-seed rape: Performance metrics for S1 SAR derived surface soil
moisture estimates for 2018 . . . . . . . . . . . . . . . . . . . . . . . 150

4.10 Potatoes: Performance metrics for S1 SAR derived surface soil mois-
ture estimates for 2018 . . . . . . . . . . . . . . . . . . . . . . . . . . 152

4.11 Grass: Performance metrics for S1 SAR derived surface soil moisture
estimates for 2018 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

4.12 Summary of performance levels for field Scale SM estimates from
the CD algorithm as a function of crop type and stage . . . . . . . . 159

4.13 Performance metrics for winter wheat fields in 2018 . . . . . . . . . 174
4.14 Performance metrics for oil-seed rape fields in 2018 . . . . . . . . . 175
4.15 Performance metrics for potato fields in 2018. . . . . . . . . . . . . . 175
4.16 Performance metrics for grass fields in 2018. . . . . . . . . . . . . . . 175
4.17 Performance metrics for spring barley fields in 2018. . . . . . . . . . 176

5.1 Crop details within the 3 km interpolation zone at each of the sites
selected for this study . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

5.2 End-members in terms of NDVI and CAI for cover fractions of Bare
Soil (BS), non-photosynthetically active vegetation (NPV) and pho-
tosynthetically active vegetation (PV). . . . . . . . . . . . . . . . . . 187

5.3 Three level classification scheme for expected confidence in the CD
SAR soil moisture estimate . . . . . . . . . . . . . . . . . . . . . . . . 189

5.4 Comparing phenocam observations and the unsupervised classifi-
cation process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

5.5 Summary, by crop type, of the benefits of Inverse Distance and
Confidence Weighting (IDCW) . . . . . . . . . . . . . . . . . . . . . 196

5.6 Performance metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . 208
5.7 IDCW Performance for all 45 fields . . . . . . . . . . . . . . . . . . . 208
5.8 IDCW Performance for 5 fields of oil-seed rape . . . . . . . . . . . . 209
5.9 IDCW Performance for 10 fields of winter wheat . . . . . . . . . . . 209
5.10 IDCW Performance for 3 fields of spring wheat . . . . . . . . . . . . 210
5.11 IDCW Performance for 3 fields of winter barley . . . . . . . . . . . . 210
5.12 IDCW Performance for 4 fields of spring barley . . . . . . . . . . . . 211
5.13 IDCW Performance for 3 fields of field beans . . . . . . . . . . . . . 211
5.14 IDCW Performance for 2 fields of potatoes . . . . . . . . . . . . . . . 212
5.15 IDCW Performance for 2 fields of maize . . . . . . . . . . . . . . . . 212
5.16 IDCW Performance for 2 fields of beet . . . . . . . . . . . . . . . . . 213
5.17 IDCW Performance for 4 fields of cut/ley grass . . . . . . . . . . . . 213
5.18 IDCW Performance for 7 fields of grass . . . . . . . . . . . . . . . . 214
5.19 IDCW Impact on individual fields of Oil-seed rape . . . . . . . . . . 234
5.20 IDCW Impact on individual fields of Winter Wheat . . . . . . . . . 235
5.21 IDCW Impact on individual fields of Spring Wheat . . . . . . . . . 235
5.22 IDCW Impact on individual fields of Winter Barley . . . . . . . . . 235



LIST OF TABLES xix

5.23 IDCW Impact on individual fields of Spring Barley . . . . . . . . . . 236
5.24 IDCW Impact on individual fields of Field Beans . . . . . . . . . . . 236
5.25 IDCW Impact on individual fields of Potatoes . . . . . . . . . . . . . 236
5.26 IDCW Impact on individual fields of Maize . . . . . . . . . . . . . . 236
5.27 IDCW Impact on individual fields of Beet . . . . . . . . . . . . . . . 236
5.28 IDCW Impact on individual fields of grass and other . . . . . . . . 237



xx LIST OF TABLES



List of Abbreviations

AMSR2 Advanced Microwave Scanning Radiometer 2
ANN Artificial Neural Networks
ANOVA Analysis of variance
ASTER Advanced Spaceborne Thermal Emission and Reflection Radiometer
AVIRIS Airborne Visible InfraRed Imaging Spectrometer
BBSRC Biotechnology and Biological Sciences Research Council
BS Bare Soil
CAI Cellulose Absorption Index
CD Change Detection
CDT Centre for Doctoral Training
COSMOS Cosmic-ray soil moisture monitoring network
CRNS Cosmic ray neutron sensor
DEM Digital Elevation Map
EGU European Geosciences Union
ESA European Space Agency
FC Field Capacity
GEE Google Earth Engine
GIS Geographical Information Systems
GRD Ground Range Detected
HC Hygroscopic Coefficient
Hrms Root mean squared height difference
IDCW Inverse Distance and Confidence Weighting
IDW Inverse Distance Weighting
IW Interferometric Wide (swath mode)
JPL Jet Propulsion Laboratory
LAI Leaf Area Index
LANDIS Land Information System
LCPC (UKCEH) Land Cover Plus:Crops
LIA Local Incidence Angle
MAE Mean Absolute Error
MIMICS Michigan Microwave Canopy Scattering (model)
MODIS Moderate Resolution Imaging Spectroradiometer
MSI MultiSpectral Instrument (Sentinel-2)
mv Volumetric Soil Moisture
NASA National Aeronautics and Space Administration
NATMAP National Soil Map of England and Wales
NDVI Normalised Difference Vegetation Index

xxi



xxii LIST OF ABBREVIATIONS

NERC Natural Environment Research Council
NIR Near Infrared
NPV Non-Photosynthetically Active Vegetation
NWFP North Wyke Farm Platform National Capability
P Porosity
PV Photosynthetically Active Vegetation
PWP Permanent Wilting Point
PYSMM PYthon Sentinel-1 soil-Moisture Mapping Toolbox
R2 Coefficient of Determination
RAW Readily Available Water
RMSD Root Mean Squared Difference
RMSE Root Mean Squared Error
ROI Region of Interest
RR Random Roughness (of soil)
S1 Sentinel-1
S2 Sentinel-2
SAR Synthetic Aperture Radar
SM Soil moisture
SMAP Soil Moisture Active Passive (mission)
SMD Soil Moisture Deficit
SMI Soil Moisture Index
SMOSAR Soil MOisture retrieval from multi-temporal SAR data
SOC Soil organic content/carbon
SRTM Shuttle Radar Topography Mission
SSM Surface Soil Moisture
STARS Soils Training and Research Studentships
SVR Support Vector Regression
SWIR Short Wave Infrared
TDR Time Domain Reflectometry
TDT Time Domain Transmissometry
TIR Thermal Infrared
UKCEH United Kingdom Centre for Ecology and Hydrology
VV Vertical-Vertical (polarisation)
VWC Volumetric Soil Moisture
WCM Water Cloud Model



Acknowledgements

I would like to thank my supervisor, Toby Waine, for his inspiration, help, support
and guidance through this project, and my co-supervisor, Ron Corstanje, for his
helpful insights and moments of clarity. I gratefully acknowledge the considerable
support and guidance of my associate supervisor, Jonathan Evans, of the UK
Centre for Ecology and Hydrology and his many colleagues who have shown
interest in the work and provided unfettered access to data from the COSMOS-UK
programme. The support, training and networking opportunities provided by the
Soils Training and Research Studentships Centre for Doctoral Training (STARS
CDT) has also been of great value and enriching.

This work was supported by the Natural Environment Research Council [grant
number NE/M009106/1], and the Biotechnology and Biological Sciences Research
Council.

The author would like to acknowledge the following specific contributions:
• Chapter 2: Chang-Hwang Park for assistance in the implementation of his

model, by clarification of parameters identified in his paper. Prof. Dick
Godwin for discussions about the link between soil texture and soil roughness
and identifying earlier research into tillage and depression storage.

• Chapter 3: Provision of contemporary data from COSMOS-UK
(doi: 10.5285/37702a54-b7a4-40ff-b62e-d14b161b69ca) and LANDIS (doi:
10.1111/sum.12380). Dr. David Boorman of the UK Centre for Ecology and
Hydrology, Prof. Tim Hess and Caroline Keay of Cranfield University, for
their help and guidance on modelling of soil moisture and advice on the use
of LANDIS data. This study brought together existing research data obtained
from a number of different sources, some of which were upon request and
subject to licence restrictions. Full details of how these data may be obtained
may be found at doi: 10.17862/cranfield.rd.13028123

xxiii



xxiv ACKNOWLEDGEMENTS

• Chapter 4: Rothamsted Research, North Wyke Farm Platform as the source
of data funded by the UK Biotechnology and Biological Sciences Research
Council (BBSRC)

• Chapters 4 and 5: Provision of contemporary data from COSMOS-UK (doi:
10.5285/37702a54-b7a4-40ff-b62e-d14b161b69ca) and LANDIS (doi:
10.1111/sum.12380). CEH Land Cover © Plus: Crops 2018 UKCEH 2018.
© RSAC. © Crown Copyright 2007, Licence number 100017572.



1 Introduction

1.1 Need for field-scale soil moisture

Soil moisture (SM) is one of the key parameters in the engineering, agronomic,
geological, ecological, biological and hydrological functions of soil. For example,
soil moisture is important to understand in the context of civil engineering and
landslide risk assessment and mitigation. It is an important, but often unknown,
input to meteorological models as the ability of the soil to exchange water and
heat with the atmosphere has a strong effect on local weather. Soil moisture data is
of particular value in agriculture to understand when the soil is approaching the
wilting point of the crop (indicating that irrigation is required) (Adeyemi et al.,
2017; Molden and James, 2000) in order tomaximise yields whilst conservingwater
resources. This is important to global food security working towards the United
Nations’ Sustainable Development Goal 2 (SDG2) to ”End hunger, achieve food
security and improved nutrition and promote sustainable agriculture” (United
Nations, 2021). At the local level it informs farmers in their decision making, not
only for irrigation but to know when it is possible to move vehicles and when the
soil can be worked effectively (Earl, 1997). Run-off is also an issue for farmers who
should avoid spreading fertilisers on saturated soil to prevent nutrients polluting
watercourses and causing algal blooms, killing fish by reducing the oxygen in the
water. For flood risk analysis, it is important to know how close the soil is to being
saturated (Alvarez-Garreton et al., 2014; Brocca et al., 2017a) to assess how much
water runoff may result from forecast rainfall. Soil moisture varies between fields
due to differences in the crops being grown, their state of development, soil texture,
topography and irrigation and drainage.

The only direct method of measuring soil moisture is by collecting soil samples
in the field and weighing them before and after drying them in a laboratory oven.
Other methods estimate soil moisture by measuring electrical or optical properties

1



2 CHAPTER 1. INTRODUCTION

of soil, which includes sensors in and on the ground, remote sensing approaches,
including optical, thermal and microwave. Satellites are the preferred platform
from which to collect remote sensing data to achieve national and global SM
coverage with regularly updated measurements.

1.2 Requirements

1.2.1 Practitioners

Practitioners who have a potential requirement for soil moisture data include
farmers and those who manage grassland for recreation. These users need data to
inform decision making in irrigation, the application of fertilisers and pesticides,
and assessment of the firmness of the ground. Farmers need to assess whether
the soil is trafficable and workable for their tillage and harvesting operations.
Other users have similar needs, such as racecourses in assessing the "going" – an
indication of turf conditions for horse racing.

Precision irrigation requires a closed-loop control system with soil moisture
being monitored at around the level of 1% soil moisture by volume (vol.%) (Soulis
et al., 2015) with, at least, daily updates. Satellite remote sensing is more likely to
satisfy the needs of more common irrigation practices which use a crop-dependent
maximum allowable depletion (MAD) level at which to trigger irrigation. The soil
can be allowed to dry to MAD without causing the crop any water stress. MAD
is typically about half of available water (AW), midway between the permanent
wilting point (PWP) (Veihmeyer and Hendrickson, 1928) and the field capacity
(FC) (Veihmeyer and Hendrickson, 1931) of the soil, which vary according to soil
texture. To separate MAD and PWP successfully, the estimation error must be no
more that an quarter of the AW. In Table 1.1 this error is calculated for five UK
soil series which range from sand to clay. This is shown as error (a) and is in the
range 3.75 vol.% to 5.3 vol.%. A review and survey by Moran (2000) and Moran
et al. (1997) concluded that a once or twice weekly measurement of SM with 75%
accuracy at a 20 m spatial resolution was desirable. Though not specified by the
authors, the quoted accuracy target is assumed to relate to Soil Moisture Index
(SMI) – the range of soil moisture conditions from driest to wettest. For the same
five UK soil series, the maximum expected range of SM values was calculated to
be between 28 and 52 vol.%. A 25% error equates to between 7 vol.% and 13 vol.%,
depending on the soil texture, and is shown as error (b) in Table. 1.1. A third piece
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of evidence is taken from Kerebel et al. (2010) who found, in a typical field, a SM
noise level of around 5 vol.%, which suggests a more accurate measurement than
this may not be achievable.

Table 1.1: Estimates of acceptable SM errors for irrigation scheduling. Calculated from soil hy-
draulic parameters for six UK soil series, representing typical soil characteristics in the upper
(A) soil horizon under arable land use. Source of data is LANDIS (Proctor et al., 1998; Cranfield
University, 2017). wwp is permanent wilting point (PWP), w f c is field capacity (FC), θs and θr are
van Genuchten model parameters defining the upper and lower limits of soil moisture movement.
Max error (a) is a quarter of AW available water, 0.25(w f c −wwp). Max error (b) is 0.25(θs −θr)

Soil Series Type w f c vol.% wwp vol.% Max error (a) vol.% θs vol.% θr vol.% Max error (b) vol.%
0.25(w f c−wwp) 0.25(θs−θr)

Wensum Clay 55.5 35.7 4.95 73.98 21.51 13.12
Sollom Sand 23.5 8.5 3.75 47.04 3.94 10.78

Munslow Silt Loam 39.6 18.4 5.3 35.78 7.1 7.15
Grove Clay Loam 42.8 24.4 4.6 41.93 10.25 7.92

Stixwould Clay 50.6 31.4 4.8 59.69 16.35 10.84
Wyre Clay 49.5 29.9 4.9 57.07 15.10 10.49

For trafficability and workability assessment, Earl (1997) concluded that some
soils became trafficable at a root zone soil moisture deficit of 5 mm, and workable
at 10 mm. To differentiate between these conditions a soil moisture estimation
accuracy of around 5 vol% may be required.

For the spatial resolution requirement, though Moran et al. (1997) suggests 20
m, or better, there will be some homogeneity within fields as they are the normal
management unit for farming operations. Other than for precision irrigation, a
single soil moisture estimate per field parcel should be sufficient to permit effective
management decisions. In UK, the average field area in the UKCEH Land Cover
Plus:Crops 2018 (Morton et al., 2020) dataset is 5.9 ha. The subset of these that are
arable fields have an average area of 8.53 ha, which is less than a tenth of the area
covered by a 1 km square pixel (100 ha).

Another key requirement for farmers is to prevent runoff during irrigation,
but this is especially important when applying fertilisers to prevent pollution
of watercourses. There is no defined requirement for soil moisture other than,
for example, UK government guidance that the surface of the soil must not be
waterlogged (Environment Agency (UK), 2018), which is taken to mean it must
be below saturation. How far the soil moisture should be below saturation is not
specified and would be a function of the amount of water that the farmer expects
to apply with the fertiliser.

The agricultural requirements, such as they are from limited published studies,
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Table 1.2: Estimates of Soil moisture information requirements for agriculture

Agricultural
application

Accuracy
vol.%

Spatial
resolution
(m)

Depth Temporal
resolu-
tion
(day)

Latency
(day)

Reference

Precision
Irrigation

1% 20 m Root Zone . 1 . 1 (Soulis et al.,
2015)

Common
Irrigation

5-7% 20 m to
Field parcel
(. 300 m)

Root Zone 4-7 . 1 1.1, (Moran
et al., 1997;
Moran, 2000;
Kerebel et al.,
2010)

Trafficability 5% 20 m to
Field parcel
(. 300 m)

Root Zone
and Surface

< 4 . 1 (Earl, 1997)

Workability 5% Field parcel
(. 300 m)

Root Zone
and Surface

< 4 . 1 (Earl, 1997)

Fertiliser
application

No data Field parcel
(. 300 m)

Surface
(5-10 cm)

. 1 . 1 (Torbert et al.,
1999)

are summarised in Table 1.2. The majority of the requirements of farmers and
agriculturalists would be satisfied by remote sensing product that would give them
an estimate, to 5 vol.% accuracy, of in-field surface soil moisture, every 1-6 days,
delivered by value-added web or mobile apps. The latency (delay between image
capture and data availability) should be no more than 1-2 days. This would be of
immediate benefit for decision making in managing crops, especially in avoiding
pollution when spraying or spreading fertilizer and for workability assessment
and livestock welfare. The estimation of root zone soil moisture could follow as a
next step and would be valuable for selection of crops, rotation, and livestock.

1.2.2 Research

Soil moisture data from remote sensing is used for research purposes mainly as
inputs to land surface models and numerical weather prediction to minimise drift
and for data fusion. SMOS satellite sensor (European Space Agency, 2017) was
specifically designed for this purpose. Its system specification is to achieve an
accuracy of 4 vol.% in soil moisture estimation. This was chosen as an acceptable
noise level suitable to enable soil evaporation models to be fitted to the satellite
observations (Chanzy et al., 1995). Research teams now require higher temporal
and spatial resolution SM estimates from satellites , but they would have to operate
at similar levels of accuracy. For example, the spatial resolution of SMOS being 35
to 50 km, is not sufficient for catchment level modelling, and current ambitions are
to achieve reliable SM estimation at 1 km resolution or better (Peng et al., 2021).
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Though the research requirements may be satisfied by a gridded product, the
advantage of a field-scale product is higher resolution allowing the exclusion of
densely vegetated and wetland areas and most radar clutter sources (buildings,
masts, roads) that are located outside field boundaries.

1.3 Retrievals of soil moisture

1.3.1 Ground sensors

Soil moisture sensors

In-situ soilmoisture retrieval techniques include sensors, often in the formof probes,
to measure the moisture by electrical means, such as resistivity or capacitance,
frequency or time domain reflectometry (TDR). They are often used on a local
basis to control irrigation. There are also a number of networks of in-situ sensors
that are used for research purposes, including the validation of remote sensing
soil moisture products. For example, the SMOSMANIA network (Calvet et al.,
2007) in the south of France was installed to validate soil moisture retrievals from
the SMOS passive microwave sensor. Another example is FLUXNET (Baldocchi
et al., 2001), a global network of over 250 meteorological instrumentation sites that
measure fluxes of trace gases between ecosystems and atmosphere by the eddy
covariance method; a high proportion of these sites include direct soil moisture
measurements. The International Soil Moisture Network (ISMN) (Dorigo et al.,
2013) provides an accessible resource for accessing soil moisture networks such
as these to inform scientific studies and validate remote sensing retrievals of soil
moisture.

Soil moisture sensors can be impractical to install over large areas of land as
their installation is costly and requires connectivity and power. They are also prone
to uncertainty due to unreliable contact with the soil due to soil cracking, worm and
root holes and air pockets. Such sensors only measure the soil moisture at a point,
so are prone to uncertainty due to the heterogeneity of the soil.Several sensors are
normally needed, spread across an area, to sample this diversity, addition to cost
and complexity.

The relationship between soil electrical properties and moisture is also depen-
dent on the soil texture, out of the box most sensors are calibrated for a typical soil
and will have a quoted accuracy of around 5%. To obtain the maximum accuracy
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of around 3% requires the sensor to be calibrated for the soil in which it is installed.
Ground sensor networks are not sufficiently dense to create a nationwide soil

moisture map from them or provide field-scale information. The most scalable
solutions tend to be based on modelling or remote sensing as they do not require
the provision of sensors on the ground with their associated installation costs,
connectivity and power provisioning challenges.

Cosmic ray neutron sensors (CRNS)

CRNS (Andreasen et al., 2017) were developed to overcome the disadvantages of
point probe sensors. They exploit the absorption of fast neutrons, generated by
cosmic rays, by hydrogen atoms in water molecules in the soil. The fast neutron
counts from a volume of soil are inversely related to moisture content. The sensors
are installed above ground, non-invasively, measuring the average soil moisture
in a volume of soil contained in a radius of approximately 200 m (Köhli et al.,
2015a), with average sensitivity depth of about 10 cm, both dimensions varying
slightly with soil moisture. CRNS sensors are relatively expensive, in the region of
Âč10k plus the site setup and calibration. Examples of CRNS networks are in the
USA, Germany, Australia, India and South Africa (Zreda, 2016). The UK Centre
for Ecology and Hydrology (UKCEH) has established a nationwide network of
around 50 CRNS stations that comprise the COSMOS-UK network (Evans et al.,
2016; Cooper et al., 2020). An example of a COSMOS-UK site, at Cwm Garw in
Wales, is shown in Fig. 1.1.

The COSMOS-UK network is important to the methodology of this thesis.
The instrumentation at these sites (Cooper et al., 2021) includes the CRNS soil
moisture sensor, a pair of wide angle cameras providing a 360 degree panorama of
the site surroundings (”phenocams”), a number of soil moisture probes (which
may include a soil moisture profile probe) and a meteorological station. Direct
measurements are taken every 30 minutes of precipitation, absolute and relative
humidity, air temperature, atmospheric pressure, incoming and outgoing long-
wave and short-wave radiation, wind direction and speed, 3D wind speed, soil
volumetric water content and temperature (at 5, 10, 15, 25, 50 cm depths), soil heat
flux, snow depth, and, where fitted, profile soil volumetric water content.

The COSMOS network also reports the following derived data (Cooper et al.,
2021) on a daily or hourly basis. These include the wider areas soil volumetric
water content calculated from the CRNS output, the typical sensing depth of the



1.3. RETRIEVALS OF SOIL MOISTURE 7

CRNS (D86), net radiation, and potential evaporation.
The primary soil moisture sensor at each site is the CRNS (Andreasen et al.,

2017), which has a measurement footprint of approximately 200 metres in diameter
(Köhli et al., 2015b). By mitigating against the spatial heterogeneity of soil hy-
draulic properties, CRNS data is more suited to validation of remotely-sensed soil
moisture products without having to upscale the measurements from a densely
spaced network of point sensors. The conversion of neutron counts to volumetric
soil moisture is by a process described in Ball et al. (2020) with a reference soil
moisture being obtained occasionally by soil sampling at each site. A large number
of soil samples are taken in a spatial pattern up to 75 m from the CRNS sensor
and at various depths (Cooper et al., 2021). The volumetric soil moisture of each
sample is determined to high accuracy in the laboratory. The mismatch in scales
between the CRNS and the installed TDR probes means that the latter are not
suitable for calibration of the CRNS, notwithstanding the noise and errors that are
also seen in the point probe data. The probes have not been calibrated to match the
soil type at each site and will be less accurate as a result. The CRNS derived soil
moisture content is expected to be a more accurate representation of the average
soil moisture at the COSMOS site despite the uncertainties that will apply to the
use of a model to derive it. These uncertainties are greatest where the soil might
be exceptionally wet or dry or have a high organic matter content (such as peaty
soils), or where the depth of soil is very shallow. The need to average noise means
that soil moisture is not normally derived with less than 24 hours of counts.

Figure 1.1: Example of a COSMOS-UK soil moisture monitoring station at Cwm Garw, Wales. The
Cosmic Ray Neutron Scattering (CRNS) soil moisture sensor is housed in the white tube on the
right, vertically mounted, behind the solar panels. Image from COSMOS-UK website (UK Centre
for Ecology and Hydrology, 2021).
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1.3.2 Remote sensing solutions

Table 1.3 reviews a number of remote sensing technologies for soil moisture re-
trieval, and soil moisture products derived from them. These are also discussed,
by type, in more detail in the following paragraphs.

Visible and near infrared (VNIR)

Multi-spectral optical imaging in the VNIR part of the electromagnetic spectrum is
a long-established remote sensing technology for land-cover analysis at high spatial
resolution (~30m). Satellites, such as the US Geological Survey’s Landsat series
(U.S. Geological Survey, 2021) being launched in the 1980’s, have been joined more
recently by the European Space Agency’s Sentinel-2 (Drusch et al., 2012). These
satellite sensors can achieve the highest spatial resolution (30 m for Landsat, 10 m
for Sentinel 2, with future potential of 1 m) and would be very suited to field-scale
or sub-field scale soil moisture estimation.The retrieval of soil moisture from such
data (Periasamy and Shanmugam, 2017) exploits the dependence of the optical
reflectance of bare soil on moisture content. However, the process is very complex
with vegetation obscuring the soil, atmospheric effects, obscuration by clouds, and
illumination (day/night) dependence. No operational soil moisture product has
yet been established, although the optical trapezoid model (OPTRAM) (Sadeghi
et al., 2017a) may be the first to achieve this. OPTRAM uses either Landsat8 or
Sentinel-2 images and expects to provide soil moisture estimates at 120m resolution
every 2-16 days with a root mean square error (RMSE) of 4-5%. in volumetric
water content (vwc) The prevalence of clouds in countries such as the UK is likely
to be a severe limitation with large gaps in valid measurements being likely.

MARMIT for Soil Moisture Content (Bablet et al., 2018) is another example of a
VNIR soil moisture retrieval algorithm that has been applied to data collected with
drone-mounted cameras (Li et al., 2021) to achieve high-resolution soil moisture
estimates with an RMSE of 3-5% vwc. The advantage of the drone platform is that
they can fly under clouds and the atmospheric effects are significantly lessened. It
would, however, be impractical to provided daily estimates by this method other
than in very limited areas.
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Thermal infrared (TIR)

TIR is also relatively mature as a satellite sensor technology, but the longer wave-
length limits the spatial resolution; for the ASTER TIR sensor this is only 90 m
resolution (Abrams, 2000). Soil moisture retrieval by TIR exploits the relationship
between the thermal inertia of soil its moisture content (Hain et al., 2009). In
common with VNIR remote sensing, vegetation obscuring the soil, atmospheric
transmission, cloud cover and time of day are significant limitations and add
complexity. A research level soul moisture retrieval experiment based on MODIS
TIR data (Matsushima et al., 2018) demonstrated that an RMSE of 4-5% vwc was
achievable at 120m spatial resolution, every 1-2 days. No operational soil moisture
product is yet available based on TIR remote sensing.

Passive microwave remote sensing

Figure 1.2: Example of a soil moisture product
with 50 km pixel resolution based on the SMOS
passive, L-band, sensor. The image indicates rel-
ative soil moisture across the UK in November
2001 (image credit ESA), colours indicating dry
conditions (orange) to wettest (blue).

Passive microwave sensors (microwave
radiometers) (Drinkwater et al., 2009)
exploit the relationship between the
moisture content of bare soil and its mi-
crowave emission, which is biased to-
wards the lower frequencies at L-band
(~1.4GHz, e.g. SMOS (European Space
Agency, 2017)) or P-band (~750 MHz)
(Ye et al., 2021). The effect of clouds
and atmosphere is negligible compared
to optical and infrared bands, and mea-
surements may be equally well made
at night. Vegetation is fully or partially
transparent and has a small impact on
estimation uncertainty. Soil moisture
maps derived from passive L-band mi-
crowave satellite data such as SMAP (Entekhabi et al., 2010), SMOS (European
Space Agency, 2017; Al Bitar et al., 2017) (see Fig.1.2) have been available for some
years. Other products are available at other frequencies, such as AMSR2/GCOM-
W1 surface soil moisture (Kim et al., 2015) (6.9, 7.3 & 10.7 GHz) and MWRI soil
moisture (Parinussa et al., 2014) (X-band). Common to all of these passive mi-
crowave products is a low spatial resolution of 10 to 50 km (Petropoulos et al.,
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2015; European Space Agency, 2017), making them highly suitable for regional
and national studies, but of little direct use to satisfy field-scale requirements.
Though challenging to validate through ground measurement (Clewley et al.,
2017), passive microwave soil moisture retrievals are regarded as relatively reliable
and accurate across a broad range of land-cover and conditions, with the RMSE
of L-band products of around 4-6% vwc (Li et al., 2020). The higher frequency
products are less consistent due, probably, to vegetation effects and vary between
an RMSE of 5-17% vwc.

Active microwave

Active microwave systems split into three types; scatterometers (Bartalis et al.,
2007) are non-imaging sensors originally intended to detect wind speed through
scattering, radar altimeters (Uebbing et al., 2017) are also non-imaging microwave
systems designed to investigate ocean surfaces, and synthetic aperture radars (SAR)
which form a high resolution image. In all cases they measure the backscatter of
a microwave beam from the ground in terms of the radar backscatter coefficient,
sigma nought (σ0). The soil component, σ0

soil is related to its relative permittivity,
which is a function of soil moisture (Oh et al., 1992) and soil texture. σ0

soil is
also a function of the roughness of the soil surface, the isotropy of the scattering
mechanism, and the local incidence angle of the microwave beam. If vegetation is
present, it has its own backscatter signal, σ0

veg, and acts as an attenuating medium
for both the microwave beam and backscatter from the soil (Bindlish and Barros,
2001), such that the received backscatter is approximately given by

σ
0 = σ

0
veg + τ

2
σ

0
soil (1.1)

where τ2 is the vegetation transmission in two directions. This neglects the more
complex interactions between the vegetation and the soil, which are relatively
minor. Both τ2 and σ0

veg are a function of the moisture in the vegetation, its density
and the amount of soil covered by the vegetation. All active microwave systems are
affected in their ability to measure soil moisture by enhanced backscattering due
to surface roughness (on a scale comparable to the wavelength) and scattering by
vegetation. Both effects are more significant as the wavelength reduces (Lang and
Sighu, 1983; Martinez-Agirre et al., 2017). An operational soil moisture product
is available derived from the ASCAT C-band scatterometer (Wagner et al., 2013;
Brocca et al., 2017b) carried on the Metop satellites. This provides an estimate of
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SM, almost daily, at 12.5 or 25 km resolution, with an RMSE less than 4% in vwc.
Due to the wavelength being shorter than L-band, it is slightly more affected by
vegetation, and would be expected to have lower performance in highly vegetated
areas.

Synthetic aperture radar (SAR)

Synthetic aperture radar (SAR) sensors are imaging radar systems, whose large
aperture produced high resolution images. Many L, C and X band SAR sensors are
now available on platforms with data that is freely or commercially available. Their
spatial resolution, frequency of measurement and all-weather performance most
closely match the aspiration of near real-time field-scale soil moisture estimation.
For example, since 2015 Sentinel-1 C-band data (Torres et al., 2012) has been
available for free through ESA with spatial resolution of around 20 m. An example
of Sentinel-1 imagery is shown in Fig. 1.3. Areas of dense vegetation (trees, and
hedges) show asmid grey, clutter sources as brightwhite areas, andmost cultivated
fields are darker. Areas of water appear black.

Due to the problems with scalability of ground sensors, availability of cloud-
free multispectral satellite images, and the low spatial resolution of the passive
microwave systems, much of the recent research activity is focused on this type of
sensor and Sentinel-1 in particular.

The Copernicus SSM product (Bauer-Marschallinger et al., 2019) has been
available since 2018 with pre-operational status. It is understood that its accuracy
of up to 8% vwc is not yet on a par with existing products, to be considered an
operational. However, with a spatial resolution of 1 km andwith a retrieval every 1-
2 days over northern Europe, this is close to meeting the requirements of field-scale
applications and is the focus of detailed study in this thesis.

Soil moisture products derived from multiple platforms

Among several emerging products based on the fusion of data from multiple
sensors and platforms, two examples are the Copernicus Soil Water Index (SWI)
and ESA Climate Change Initiative Soil Moisture (ESA CCI SM). Copernicus SWI
fuses Copernicus SSM data with ASCAT-derived soil moisture to improve on the
accuracy of the former whilst retaining its spatial and temporal resolution. An
RMSE of 4-6% is reported (Bauer-Marschallinger et al., 2018). The objective of ESA
CCI SM is rather different, it aims to provide a long time sequence of soil moisture
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Figure 1.3: Greyscale image indicating mean C-band SAR backscatter from the Sentinel-1 satellites
over 4 years, from 2015 to 2019. The area surrounds the test site at North Wyke, Devon, UK, which
hosts a COSMOS-UK soil moisture monitoring station. The nominal 200 m soil moisture sensitivity
footprint of its Cosmic Ray Neutron Sensor (CRNS) is shown as the red circle.

retrievals based on remote sensing for long-term studies, and combines passive
and active sensors and their derived products. The spatial resolution is 0.25°with
daily values reported to a reported accuracy of 6% vwc (EODC, 2021).

1.3.3 Influence of spatial heterogeneity

Higher resolution sensors and products are more likely to sample the field-scale
spatial variability of land cover and soil moisture. The performance level will vary
significantly between pixels according to that expected of the individual land cover
types and conditions. Lower spatial resolution products will include, within each
pixel, a mixture of responses according to the heterogeneity of land cover and land
use. The SM estimation performance will be averaged and less variable. In the case
of SAR there will also be a beneficial effect through the reduction of spatial noise
due to speckle. For these reasons SAR products are often published at much lower
resolution (1 km or over) than the sensor that collected the data. Beside the loss
of higher spatial frequencies, this approach risks including persistent scattering
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sources and significant areas of man-made landscapes, which may result in poor
soil moisture retrieval performance.

1.4 Retrieval of soil moisture from SAR data

The retrieval of soil moisture analytically is very complex, requiring a number of
physical and empirical models of microwave backscatter from soil and covering
vegetation (Brown, 1985). The models were developed to predict soil backscatter
from a range of input conditions, so soil moisture retrieval involves reversing the
model to find a set of input conditions that produced the observed backscatter
value. There will be a wide range of soil moisture amongst those possibilities,
so the values of the other inputs have to be measured or estimated to reduce the
solution space to a unique value. In general, the values of parameters such as soil
surface roughness, vegetation biomass and even soil texture are not well known,
and therefore a severe limitation.

Many semi-empirical models (Choker et al., 2017) and algorithms have been
proposed. For example, machine learning techniques (Gupta et al., 2017; Bazzi
et al., 2019), neural networks (Alexakis et al., 2017) and genetic algorithms (Davies
et al., 2007) have been applied to this problem. They establish links between soil
moisture and combinations of data from multiple sources including SAR. Some of
these data will be proxies for the other contributing factors. For example, the data
might include a soil texture map and a vegetation index from an optical sensor.
Models and neural networks are trained against in situ soil moisture measurements
and their performance will only be satisfactory within the range of parameters and
geography on which they are trained (Jain and Singh, 2017; Padovano et al., 2017).
This is a problem if such a solution is to be scaled to national coverage and beyond.

Statistical and temporal algorithms, such as change detection (CD) (Novak,
2013; Wagner et al., 1999; Hornacek et al., 2012; Pathe et al., 2009; Mattia et al.,
2018), that do not require training or auxiliary data, are attractive for developing
near real-time field-scale maps. The CD algorithm estimates soil moisture by
calibrating the backscatter against the limits of all previously measured values
at each location. It is the basis of the first public accessible soil moisture product
at global scale (Copernicus Surface Soil Moisture (SSM) - (Bauer-Marschallinger
and Paulik, 2019)). However, key assumptions, that soil surface roughness and
vegetation vary slowly relative to soil moisture, contradict farming practice. Tillage
and crop harvesting break these assumptions where arable crops are grown. The
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Copernicus SSM product is published at a spatial resolution of only 1 km, which
averages the SAR backscatter over, perhaps eleven fields and other non-cultivated
areas. Any arable farming activity within a few of these fields will have a lesser
overall impact at the pixel level. If an alternative solution can be found, the full
spatial resolution of C-band SAR sensors, from which field-scale SM estimates
should be possible.

Synergistic methods fuse multiple observations from different systems (Kuen-
zer et al., 2013) to provide a more accurate capability than any one system can
provide. Examples include combining SAR with optical and thermal infrared
sensors data (Hain et al., 2012) or passive microwave radiometers (Liu et al., 2012;
Tomer et al., 2016). Statistical techniques such as triple collocation analysis (TCA)
have been successfully attempted (Gruber et al., 2017). TCA estimates the random
errors in three soil moisture datasets where accurate ground measurements are
not available. Scaling parameters for each data set can be optimised to minimise
uncertainty in the fused result. In-situ networks such as COSMOS-UK could be
used in this context as a source of independent observation. Unfortunately, many
of the remote sensing datasets are not field scale, or are prone to unavailability due
to cloud cover. Spatial down-scaling is a alternative approach where a coarse reso-
lution moisture map derived from groundmeasurements or from long-wavelength
(e.g. L band) microwave and SAR sensors is refined into a higher resolution map
by use of the higher frequency C-band SAR data (Peng et al., 2016; Peng and Loew,
2017; Schneider et al., 2014), but this assumes that the average intensity of the
C-band data is correlated to soil moisture over a given area, which may not be the
case.

1.5 Knowledge gaps

The use of active microwave (SAR) satellite imaging appears to be the only reli-
able route to achieving an unprecedented capability in field-scale soil moisture
measurement in the UK. The freely available high-resolution C-band data from the
ESA Sentinel-1 satellites (Torres et al., 2012) make this a highly attractive option
even though C-band SAR is affected more by vegetation than, say, L-band Tsan Mo
et al. (1984). The analysis of Sentinel-1 data to retrieve soil moisture has been the
subject of intensive research recently with over 325 papers published on the topic
since 2011 (4 years before launch). Despite this, there is not yet an operational
published dataset at the field scale, the nearest being at 1 km resolution (Bauer-
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Marschallinger and Paulik, 2019), where the pixels are an order of magnitude
larger than the average UK arable field.

Several approaches have been reported that aim to derive field-scale soil mois-
ture estimates from Sentinel-1. Among these are machine learning algorithms
(Bazzi et al., 2019) which require training on ground observations and therefore
challenge to scale up to national capability and beyond. The first field-scale results
from the change detection type approach were not reported until 2020 (Mattia
et al., 2020). This solution substituted 1 km scale data whenever the field-scale
data was judged to be unreliable, so is actually of variable resolution. The first
need was to establish which of these approaches was moistly likely to achieve a
field-scale product.

InNovember 2018, theCopernicus Surface SoilMoisture (SSM) (Bauer-Marschallinger
and Paulik, 2019) was published. As the first, global-scale, soil moisture product
from Sentinel-1, based on the change detection (CD) algorithm. Though a product
validated product at 1 km resolution, the particular performance of this product
for agricultural areas had not been published.

Few of the established SAR SM retrieval algorithms take account of soil physics
in two key respects. The effect of soil texture is often avoided by the use of relative
units of soilmoisture index (SMI) (Hunt et al., 2009), leaving the enduser to convert
the values to volumetric units or soil moisture deficit, as required. The uncertainties
introduced at this stage were therefore neglected. Validation results are often
reported with scale-independent metrics such as the coefficient of determination,
R2, between the soil moisture index and ground observations (Filion et al., 2016;
Alexakis et al., 2017; Millard et al., 2018). Thus representing an optimistic case of
what may be achieved in practice. The other issue that has been neglected is the
dynamics of soil moisture as sensed by the SAR at the soil surface compared to
that observed by ground sensors installed at 5 to 10 cm depth. The penetration
depth of a C-band SAR is only 0.5 to 2 cm into the surface (Nolan and Fatland,
2003) and will appear to have relatively more noise due to more variability in SM
at this shallower depth.

TheCopernicus SSMSMproduct, as an example, uses a nominal 1 km resolution
pixel, which covers an area more than ten times larger than the average size of
arable fields in the UK. It will also cover other land uses including non-cultivated
areas where the SAR will not be sensitive to soil moisture, such as roads, hedges,
trees and buildings. Some will generate high intensity clutter noise in the SAR
image due to rocky areas (Pasolli et al., 2011), reflective objects and multiple path
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reflections from buildings and structures (Tadono et al., 2000). Excluding these
areas will provide a performance boost at field-scale. On the other hand, field-scale
SM will be subject to a, generally, higher (field size dependent) level of speckle
noise (Barber et al., 2012) and the full impact of in-field changes in vegetation
density and soil roughness. This trade-off space has not been explored before.

Due to the assumptions behind the CD algorithm of largely static vegetation
and soil roughness contributions to backscatter, relatively poor overall performance
was anticipated for arable fields. This was very clear in the initial assessment of
the Copernicus SSM product. It was observed that this was due to a period of very
poor performance in the main growth period of the crops, and that performance
was better at other times. A research gap was identified to exploit this observation
and to create a mitigation measure which aimed to provide an acceptable level of
performance, at between 5 and 10 vol.% accuracy throughout the cropping cycle,
whilst retaining field-scale resolution.

The temporal resolution of the soil moisture retrieval is also important for
agricultural applications to allow timely interventions such as irrigation. The
issues include both the frequency of SAR image collection and the latency between
acquisition and actionable data being available to the end user.

1.6 Aims, objectives and thesis structure

The aim of the thesis was to establish whether C-band synthetic aperture radar
data from satellites can be used to map soil moisture (SM) at the field-scale,
particularly addressing the needs of agriculture in the UK. The objectives were set
to achieve incremental progress towards meeting this aim, and are summarised as
follows:

Objective 1 was to evaluate and select from state-of-the-art SAR satellite SM
retrieval algorithms for their potential to create field-scale resolution products.
This included a review of the capabilities and issues surrounding the retrieval of
soil moisture from SAR backscatter.

Objective 2, to assess the performance of existing Copernicus SSM product
for agricultural fields, arose from the timely publication of this product, based on
a change detection algorithm, at the start of this research study. This objective was
further sub-divided, with Objective 2a to develop a validationmethod for C-band
SAR derived surface soil moisture products at COSMOS-UK ground stations.
This was to produce a generic method for validation of C-band SAR-derived surface
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soil moisture retrievals using the COSMOS-UK network specifically, but extendable
to other in-situ monitoring networks. Objective 2b was then to use this method
to quantify the performance of Copernicus SSM in the context of agricultural
land uses in the UK.

Having established a baseline performance of a change detection algorithm at
1 km resolution through the Copernicus SSM product, Objective 3 was to increase
the spatial resolution of the change detection algorithm to achieve field scale
output by using field parcel boundaries and to compare the performance levels
to the 1 km gridded product.

Finally, Objective 4 was to demonstrate an improvement in performance of
the field scale algorithm by correcting for the influence of crop cover and an-
thropogenic change and identify a route to scale this to UK national coverage
with acceptable temporal resolution.

Figure 1.4 sets out the structure of the thesis and how the paper format chapters
(2 to 5) link to the objective and the overall aim. Chapter 2 investigates the signifi-
cance of soil properties to the estimation of soil moisture from C-band synthetic
aperture radar and sets the scene for the choice of change detection algorithm
for focus in the thesis. This addresses Objective 1. Chapter 3 then addresses the
first half of Objective 2 by proposing a new method for assessing the performance
of SAR-derived surface soil moisture products. This methodology will be used
throughout the remaining chapters and builds on the output of the first chapter
by including the effect of soil texture in the assessment, and in the conversion of
relative soil moisture indices to volumetric units. Chapter 3 uses this methodology
to assess the performance of the Copernicus SSM produce in arable fields, partly
satisfying the second part of Objective 2. In Chapter 4, the field scale implementa-
tion of the change detection algorithm is completed and this product is then used to
complete the assessment of performance at arable field, completing Objective 2(b).
The production of a prototype field-scale SM product that was of an improved
noise level satisfied Objective 3. Finally, in Chapter 5, Objective 4 was met by the
proposed method to produce an improved field-scale soil moisture estimate by spa-
tial interpolation that would yield acceptable accuracy at all stages of arable crop
development. Overall, this satisfied the aim of the thesis by demonstrating that it
is, indeed, possible to develop a field-scale soil moisture product from Sentinel-1
C-band SAR data. The final chapters, 6 and 7 discuss the findings in detail, draw
final conclusions and present ideas for future work. The references are listed at
the end of each chapter.
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Figure 1.4: Thesis structure showing how the paper format chapters (2-5) in orange map to the
aim and objectives (in green), and the main outputs (in blue).
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2 Significance of soil properties to C-
bandSARestimation of soilmoisture

This paper format chapter examines the role and significance of soil texture and other
factors in the retrieval of soil moisture from C-band SAR. It concludes that soil texture is
crucially important to the conversion of data supplied in relative, index form to absolute
values, and should be considered holistically as part of the problem. The freezing of soil is
a key issue to be addressed and soil roughness parameters might be predictable, to some
extent, by soil texture where the land is under arable cultivation.

Abstract

Soil Moisture is a key variable in agriculture, hydrology, weather and climate
modelling. Satellite-based remote sensing, particularly C-band SAR (such as Sentinel-
1), has the potential to provide wide area soil moisture estimation at the field scale
that many agricultural applications require. However, many current data products are
aggregated to a spatial resolution of at least 1km and/or provide soil moisture in terms
of soil moisture indices to mitigate the effects of unknowns such as soil roughness,
soil hydrological properties and vegetation. Despite the existence of geospatial data-
sets of soil properties and land use, such data is rarely exploited as the impact of soil
texture on soil moisture retrieval is assumed to be relatively minor. Using a modelling
approach, we demonstrate here that soil properties, and in particular soil texture, can
contribute significantly to the relative permittivity of the soil. This is equivalent to
a 10 to 20 vol.% range in retrieved soil moisture by model inversion, and up to 7.5
vol.% range due to soil organic matter. In the conversion of soil moisture indices to
volumetric soil moisture, soil texture contributes to a range in SM values of between
18 vol.% and 38 vol.%. Additionally, we show that soil texture is correlated with soil
surface roughness for agricultural fields. This could provide a basis for estimating soil
roughness parameters following farming operations such as primary tillage. The change
in relative permittivity of the soil when it freezes leads to a significant underestimate
of the soil moisture. This error is proportional to soil texture could be corrected for
rather than flagging or masking the affected areas. The results of this study show that
soil properties are important to soil moisture retrieval, especially when considering
field-scale resolution over arable agricultural areas.

This paper was submitted for publication as Beale, J., Snapir, B., Waine, T., Evans, J.,
and Corstanje, R.: The significance of soil properties to the estimation of soil moisture
from C-band synthetic aperture radar, Hydrol. Earth Syst. Sci. Discuss. [preprint],
https://doi.org/10.5194/hess-2019-294, 2019.

35

https://doi.org/10.5194/hess-2019-294


36 CHAPTER 2. SIGNIFICANCE OF SOIL PROPERTIES

2.1 Introduction

Soil Moisture (SM) is a key input to decision making in agriculture and a key
variable in hydrology, weather and climate models (Alvarez-Garreton et al., 2014;
Brocca et al., 2017; Dorigo and de Jeu, 2016; Entekhabi et al., 1996). Demand for
regional and national SM estimation is being addressed through a combination
of modelling, in-situ measurement (Andreasen et al., 2017; Evans et al., 2016)
and remote sensing (Petropoulos et al., 2015). For agricultural purposes, such as
control of irrigation (Adeyemi et al., 2017; Molden and James, 2000), knowledge
of SM variability at the field scale is important due to differences in land use, soil
properties, drainage, tillage, vegetation and other factors. Synthetic aperture radar
(SAR) is favoured as a remote sensing solution for its ability to image through
clouds, penetrate vegetation (Doerry, 2004) and for its high spatial resolution.
C-band, 5.4 GHz SAR (Torres et al., 2012) data is now freely available through
the Copernicus Open Access Hub (ESA, 2019) from the European Space Agency’s
Sentinel-1 (S1) satellites.

A common method to retrieve SM from SAR data is to analyse polarised
backscatter, which is also driven by other factors, as illustrated by Fig. 2.1; the S1
backscatter image (σ0

VV ) shows a number of agricultural fields in eastern England,
where the main sources of contrast in backscatter between adjacent fields will be
vegetation (Lang and Sighu, 1983), soil surface roughness (Álvarez-Mozos et al.,
2009; Martinez-Agirre et al., 2017) and soil moisture.

Figure 2.1: Example of Sentinel-1 SAR σ0
VV image (left) of agricultural fields at Morley in East

Anglia, UK contrasted with natural colour imagery from Sentinel-2 (right). Date 11th October
2018. At this scale SM would be assumed to be similar for both bare and vegetated fields and
yet the backscatter contributions are highly contrasting, demonstrating the potential impact of
vegetation, surface roughness after tilling, and soil properties. Copyright European Space Agency -
ESA, produced from ESA remote sensing data.

Unknowns such as the amount and condition of vegetation and the soil surface
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roughness manifest as errors in SM estimation from SAR backscatter; these may be
minimised by spatial averaging (Álvarez-Mozos et al., 2009) and temporal filtering
(Mattia et al., 2009), or a mask may be applied to identify areas where SM is
unreliable due to the land use (such as forested areas) or insensitivity to SM (such
as urban and rocky areas and steep slopes) (Pasolli et al., 2011). Other sources of
error are often not considered, including soil texture (Jackson and O’Neill, 1986),
temperature (Rodionova, 2017) and the presence of man-made objects (Tadono
et al., 2000). The effect of soil properties on soil moisture retrieval from SAR has
not previously been quantified.

Figure 2.2: Process of estimation of soil moisture (SM) by volume (mv) from SAR backscatter
coefficient (σ0) through inversion of models (Dobson et al., 1985; Mironov et al., 2004; Wang and
Schmugge, 1980; Park et al., 2017; Tzong-Dar Wu and Kun-Shan Chen, 2004; Dubois et al., 1995;
Oh, 2004; Attema and Ulaby, 1978; Ulaby et al., 1988; McDonald and Ulaby, 1991)

This study considers two common methods for retrieving soil moisture from
SAR backscatter coefficients. The first of these is model inversion. Figure 2.2
shows examples of semi-empirical models that combine in a forward direction
to predict the radar backscatter (σ0

soil) of the land surface. Going in the reverse
direction, starting with backscatter and fixing the other factors, soil moisture
may be estimated. The models on the left of the Figure 2.2 predict the relative
complex permittivity of the soil (εsoil), as a function of frequency, soil moisture
by volume (mv), texture, composition and surface temperature. Among these
factors, this study looks at the scale of the effect that soil texture and organic
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matter content has, to understand how important accurate information on these
parameters is to the inversion process. Though temperature effects are generally
insignificant, there is a known issue caused by frozen soil (Baghdadi et al., 2018).
The study investigates whether this effect is linked to soil texture. The models in
the middle of Figure 2.2 predict a radar backscatter coefficient (σ0

soil), by adding
in scattering due to the SAR imaging geometry, polarisation and frequency, and
surface topography (quantified by the correlation length and root-mean-square
height difference, Hrms). The surface roughness of the soil is a major unknown,
but it is commonly observed that tillage introduces soil roughness that appears
to depend on soil texture (Zobeck and Onstad, 1987). For example, Figure 2.3
contrasts the cloddy nature of a ploughed clay soil with a ploughed a sandy soil.
Models on the right of the Figure 2.2 are among those used to predict the effects of
a vegetation layer to estimate the radar backscatter coefficient that the SAR actually
measures.

(a) Clay soil (Kent, UK)
Nikki Mahadevan CC BY-SA 2.0

(b) Sandy soil (Suffolk, UK)
Bob Jones CC BY-SA 2.0

Figure 2.3: Contrasting soil surface roughness for two ploughed fields

The determination of empirical parameters for the models of Figure 2.2 is
typically achieved by fitting a sample of satellite observations and ground mea-
surements (for example, by minimising a cost function as described by Bai et al.
(2017)). When analytical model inversion is not possible, it is common to use look
up tables or machine learning approaches. Look-up tables are generated from
forwardmodelling using a range of expected input values, one of which will be soil
moisture. The inversion is performed by selecting the closest set of input values
that would generate the observed output. This method becomes impractical if the
range of possible inputs are not constrained. The alternative is to use a machine
learning approach to invert the model using forward modelled data as a training
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data set (El Hajj et al., 2016). A good example of this was recently published by
Hajj et al. (2017).

The second method of SM retrieval from SAR that we will consider is the use
of temporal processing algorithms which attempt to overcome the difficulty in
choosing realistic soil surface roughness and vegetation parameters. A particular
example of this approach is a change detection algorithm (Wagner et al., 1999;
Hornacek et al., 2012; Pathe et al., 2009) which assumes that the contributions
to radar backscatter due to soil moisture, surface roughness and vegetation have
different temporal characteristics. In particular, on bare to moderately vegetated,
non-arable land, short timescale changes in backscatter coefficient are assumed to
be due to changes in SM. A long time-series of SAR data is initially normalised to
a local incidence angle. Assuming the range of radar backscatter values represents
a complete range of soil moisture conditions, a sensitivity raster is calculated. This
is used to calibrate new SAR backscatter images to provide an estimate of the soil
moisture as an SM index (SMI) value at each pixel. A SMI is a normalised value
relative to local reference wet and dry conditions. SMIs are commonly used in
SM products derived from remote sensing or modelling. Recent examples of SMI
products based in whole or part on change detection algorithms and Sentinel-1
data include the Copernicus SSM (Bauer-Marschallinger and Paulik, 2019) and
Copernicus SWI (Doubkova et al., 2016). For applications requiring volumetric
water content (VWC) or soil moisture deficit (SMD) the SM at the wet and dry
conditions must be independently measured or estimated at each site. The latter
involves estimating soil hydrological properties from soil texture, uncertainty about
which will contribute to the error in retrieving SM from SMIs derived from SAR -
the significance of which has not previously been quantified.

For decades, soil scientists have been collecting information on soil properties
such as texture, density, organic matter content and hydrological properties, much
of which is now readily accessible as geospatial data. This paper seeks to discover
whether this valuable resource could contribute to a reduction of the errors in
soil moisture estimation from C-band SAR satellites. In particular, we address the
following questions:

• How significant is the contribution of (a) soil texture and (b) soil organic
carbon to soil moisture retrieval by model inversion?

• To what extent can soil properties influence soil surface roughness and the
magnitude of roughness change as a result of anthropogenic change in arable
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agriculture?

• How is backscatter change during the freezing of soil influenced by soil
properties?

• What is the magnitude of the error introduced when deriving volumetric
water content without reference to the correct soil properties?

2.2 Materials and methods

2.2.1 Model

To investigate the contribution of soil texture to soil moisture retrieval from SAR
by model inversion, the study investigated the dependence of soil reflectivity on
its texture through a model. Reflectivity is a function of refractive index, which is
linked to the relative permittivity (or dielectric constant) of the soil, εsoil , through
the Fresnel equations (Breon et al., 1995) and Kirchoff’s Law (Kelly, 1965). The soil
relative permittivity is modelled by multi-phase mixing of the relative permittivity
values of the constituent parts of soil, including the solid matter (εsand,clay,silt), air
(εair) and the soil water (εwater). εwater depends on the fraction of water that is
"bound" to the soil particles by Van der Waals or capillary forces (εbound) (Park
et al., 2017; Wang and Schmugge, 1980) rather than "free", within the large soil
pores (ε f ree). Clay particles bind more water molecules than an equivalent mass
of sand particles due mainly to increased surface area.

The soil dielectric mixing model by Park et al. (2017) (hereafter referred to
as the Park model) was selected in preference to its predecessors proposed by
Hallikainen et al. (1985), Dobson et al. (1985) and Mironov et al. (2004) for its
ability to simulate the widest range of soil moisture conditions. Within the shallow
surface soil layer which C-band SAR penetrates (Nolan and Fatland, 2003) and in
high rainfall regions, the soil will routinely saturate with additional water on its
surface. Conversely, in warm and dry weather conditions the surface layer will
attain very low moisture values.

According to the Park model, εsoil is a function of the following parameters:

• Soil moisture by volume, mv

• Soil texture (proportions of sand, silt, clay), vsand,vsilt ,vclay

• Soil permanent wilting point mvwp and porosity, p
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• Soil temperature, T

• Soil water salinity, S

vsand,vsilt ,vclay and p may be obtained from soil texture maps and mvwp is obtained
or derived from soil hydrological data and pedotransfer functions. The model
used in this study does not account for soil organic carbon.

The Park model considers three regimes; the first (equation 2.1) is when the SM
is below the Permanent Wilting Point (PWP), where all of the water is assumed
to be in the bound state, the second (equation 2.2) is when the SM is above PWP
but below saturation level, where there is a mixture of bound and free water, the
third (equation 2.3) when the soil is above saturation point, there is excess free
water that cannot be held by the soil which is generally held on the surface but
cannot immediately drain away. This third regime is a new consideration when
compared to previous models, but one that is important for flood prediction. The
following equations from the Park model were used to calculate the real part of
the relative permittivity of the soil (ε ′soil) as a function of SM (w), porosity (p),
permanent wilting point (wwp), the volume fractions of sand, silt and clay (vsand ,
vsilt , vclay) and the relative permittivities of the soil constituents (ε ′sand , ε ′silt , ε ′clay,
ε ′bound (water), ε ′f ree (water) and ε ′air):

For w≤ wwp :

ε
′
soil = 0.8

(
(1− p)(vsandε

′
sand + vsiltε

′
silt + vclayε

′
clay)+mvε

′
bound +(p−mv)ε

′
air
) (2.1)

For wwp < w≤ p :

ε
′
soil = 0.8

(
(1− p)(vsandε

′
sand + vsiltε

′
silt + vclayε

′
clay)+

mv

(( p−mv

p−mvwp

)
ε
′
bound +

(mv−mvwp

p−mvwp

)
ε
′
f ree

)
+(p−mv)ε

′
air
) (2.2)

For w > p :

ε
′
soil = 0.8

(
(1−mv)(vsandε

′
sand + vsiltε

′
silt + vclayε

′
clay)+mvε

′
f ree
) (2.3)

The values for ε ′f ree and ε ′f ree were determined as a function of radar frequency
( f ), temperature (T) and salinity (S) using the Debye relaxation formula by the
method set out by equations 25-31 in Park et al. (2017), setting both εmin

f ree and εmin
bound
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to the value 4.9. The frequency, f was set to 5.4 GHz, the salinity, S, was set to zero,
and the soil temperature, T set to 10◦C (this is a typical value in the UK).

The Park model was implemented in a Microsoft Excel spreadsheet from equa-
tions in the authors’ published manuscript (Park et al., 2017). In the process of
doing so some minor errors and omissions were identified and resolved by cor-
respondence with the lead author. Having arrived at a model implementation
that replicated the results in the published manuscript, example soil properties
were input, as listed in Table 2.1. The model then was inverted (using the Excel
goal seek feature) to determine soil moisture from relative permittivity (which
may be calculated from SAR backscatter). A number of soil types representing
the full range of the soil textural triangle were modelled to estimate the errors in
volumetric SM estimation due to soil texture.

2.2.2 Data

Soil texture

The soil-related parameters required to run the Park model and determine the soil
texture impact for conversion of SMI to VWC were obtained from the LANDIS
Horizon Hydraulics and Fundamentals data sets (Hallett et al., 2017). LANDIS
covers England andWales and is based around soil series and land use; theHorizon
dataset tabulates soil texture and hydraulic properties for typically observed soil
horizons. Six example soil series were chosen to represent a range of soil texture
types, as listed in Table 2.1. To simulate the surface soil layer in an agricultural
context, the A soil horizon under arable land use was selected. The van Genuchten

Table 2.1: Input parameters used for simulation in the Park et al. (2017) model, plus selected Van
Genuchten model parameters θs and θr used to assess errors in SMI to VWC. Data is from six UK
soil series, representing typical soil characteristics in the upper (A) soil horizon under arable land
use. Source of data is LANDIS (Proctor et al., 1998; Cranfield University, 2017). mvwp is permanent
wilting point, mv f c is field capacity, p porosity, vsand , vsilt and vclay are volume fractions of sand, silt
and clay in the soil. Note that for Wensum θs > p is counter to expectations. θs is derived from
model fitting rather than direct measurement and is more likely to be in error at such high values.

Soil Series Type mvwpvol.% mv f cvol.% pvol.% vsand% vsilt% vclay% θsvol.% θr%

Wensum Clay 35.7 55.5 66.6 3 26 71 73.98 21.51
Sollom Sand 8.5 23.5 57.7 94 5 1 47.04 3.94

Munslow Silt Loam 18.4 39.6 51 4 80 16 35.78 7.19
Grove Clay Loam 24.4 42.8 54.1 32 34 34 41.93 10.25

Stixwould Clay 31.4 50.6 62.2 18 27 55 59.69 16.35
Wyre Clay 29.9 49.5 61.1 20 32 48 57.07 15.10
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(1980) model parameters θs and θr were selected as estimates of the wettest and
driest soil moisture conditions likely to be found at the surface. These were used
to simulate conversion of SMI to VWC values.

Soil organic carbon (SOC)

Previous studies were contradictory, some show that microwave relative permittiv-
ity increases slightly with humus and organic carbon (Jackson, 1987; Chaudhari,
2015), whilst others suggest the opposite trend (Bobrov et al., 2005; Manns et al.,
2015). This apparent conflict is resolved by measurements on 12 soil samples at a
slightly higher frequency than C-band (6.925 GHz) carried out by Liu et al. (2013),
who also explored a range of soil moisture conditions. Two soil samples were
selected that have similar soil texture but very different organic matter content
(4.15% and 17.8%). The PWP, FC and saturation values of SM have been estimated
from the fractions of clay and sand in each soil using the method of Saxton et al.
(1986). The soil properties are shown in Table 2.2.

Table 2.2: Soil properties for the two soils selected from Liu et al. (2013) which have similar clay
content but contrasting levels of SOC. Note that the volume fractions of clay, silt and sand, vclay,
vsilt , and vsand relate to the mineral content excluding SOC. Values of wwp, w f c and p values are
estimated from the soil texture by the method of Saxton et al. (1986).

Property Soil 2 Soil 5

vclay % 17.56 15.87
vsilt % 41.42 29.16
vsand % 41.02 54.97
SOC % 17.84 4.15

wwp vol.% 11.6 11.2
w f c vol.% 25.5 22.7

p vol.% 46.1 44.5

Soil surface roughness

To investigate the potential impact of soil texture on soil surface roughness, work
by Evans (1980) andMartinez-Agirre et al. (2016) explored the step changes in soil
roughness induced by tillage operations such as ploughing, harrowing, drilling
and rolling. Data was also obtained from the review paper by Zobeck and Onstad
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(1987) compared the measurements of soil Random Roughness (RR) (Romkens
and Wang, 1986) as a function of tillage operations and soil texture. These data
sources demonstrate an evolution over time of a series of farming operations in
their study locations.

To complete a regression analysis of soil roughness versus texture, other data
points were extracted from soil surface profiles published by Currence and Lovely
(1970), Evans (1980) and Martinez-Agirre et al. (2016) (where a clay content of
35% has been estimated from the textural triangle for silty clay-loam). The data
points were converted into pairs of random roughness values (in cm) with the
corresponding clay fraction from the soil texture, then categorised according to
the type of tillage operation as Primary, Secondary or No Till.

Soil Freezing

Most approaches to soil moisture estimation from Sentinel-1 do not account for
the effect of soil temperature variations as is assumed insignificant compared to
the other factors discussed earlier. The soil properties and conditions where this
assumption could break down are when the temperature is low enough to freeze
the soil surface.

When soil freezes there is a sharp decrease in the real part of the relative
permittivity (ε ′soil) of the soil, as documented by Zhang et al. (2003), Mironov and
Lukin (2009), and Mironov et al. (2017). This is easily detectable in Sentinel-1
imagery and can be used as a method for mapping of frozen soil (Baghdadi et al.,
2018; Park et al., 2011). The problem for soil moisture estimation is that frozen
soil will appear to have a much lower soil moisture content than it actually has. In
the case of overnight and early morning frost there may be patches of frozen and
unfrozen soil within a field. Correction for this effect would firstly require mapping
of the frozen areas (using a method such as that of Baghdadi et al. (2018)), then
selective application of a correction factor to certain pixels, or masking them out as
frozen and indeterminable.

To investigate the potential impact of soil texture on the change in backscatter
from the soil when it freezes, data was obtained from previously published results
in Zhang et al. (2003). The data was adapted to show, as an example, the variation
of the real part of the relative permittivity with temperature for pure sand, silt and
clay at a fixed SM value of mv=30 vol.%.
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2.2.3 Method for assessing impact of soil texture on SMI to VWC
conversion

The conversion of an SMI value to VWC involves scaling the SMI to the range
of expected VWC values (wet and dry references). For SMIs that purport to
describe soil moisture at depth it is typically suggested that the Field Capacity
(FC) (Veihmeyer and Hendrickson, 1931) and Permanent Wilting Point (PWP)
(Veihmeyer and Hendrickson, 1928) are used. However, for surface soil layers
these references do not define the limits the variability in SM (Koorevaar et al.,
1983). For the purpose of illustration, this study selected the saturated soil-water
content (θs) and residual soil-water content (θr) relating to the van Genuchten
(1980) model. Six example soil properties were chosen, as listed in Table 2.1 above.
The VWC values were calculated, using these references, for each soil series for
the full range of SMI from zero to the maximum.

2.3 Results

2.3.1 Soil texture and relative permittivity

The relationship between soil relative permittivity and SM from the reverse Park
model is shown in Figure 2.4, revealing inflexion points at PWP and FC. The
six plots were generated using the soil series texture and hydraulic properties
from Table 2.1. Of these, the Grove soil series sits approximately in the middle
of the the soil textural triangle and represents a default case. High clay-content
soils are predicted to have a lower relative permittivity than sandy soils. When
using a model inversion approach to retrieve soil moisture from SAR, the relative
permittivity of the soil would be estimated prior to conversion to SM. The range of
potential SM values for a particular relative permittivity is shown by the dashed
line in Figure 2.4, which varies between approximately 20 vol.% near the PWP, and
10 vol.% at saturation.

2.3.2 Soil organic matter and relative permittivity

Microwave measurements at 6.925 GHz for the two soil samples in Table 2.2 (Liu
et al., 2013), were transposed to obtain Figure 2.5, a plot of SM as a function of
relative permittivity. The difference in equivalent SM values between the two soils
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Figure 2.4: Soil moisture, mv, as function of the real part of the relative permittivity, ε ′ at 5.4 GHz,
for six UK soil types, as predicted by inverting the model of Park et al. (2017). The spread of SM
values is shown by the dashed line, which reaches a maximum near the permanent wilting point
of the soil.

is plotted against relative permittivity as a dashed line.

Figure 2.5: Dependence of soil moisture on relative permittivity for two soils with significantly
different organic matter content. This is a simplified version of data presented by Liu et al. (2013)
of measurements on soil samples from Heilongjiang Province, northeast China.

Both soils exhibit similar relationships between SM and relative permittivity
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as predicted by the Park model in Figure 2.4, with the high SOC "Soil 2" (orange
curve) appearing to behave like a higher clay content soil, and the low SOC "Soil
5" behaving as expected according to its soil texture. This suggests that the high
SOC sample has a greater proportion of bound water and a higher soil moisture at
saturation (above 55 vol.%). The dashed line in Figure 2.5 shows that the potential
error in retrieving soil moisture by model inversion is small near the soil PWP and
near saturation. The maximum potential error due to SOC in retrieved mv occurs
between FC and saturation, and is about 7.5 vol.% based on these two soil samples,
which is about half of that attributable to soil texture.

2.3.3 Soil surface roughness

To illustrate the changes in soil surface roughness that occur as a result of tillage
operations, and how this differs between soils of different textural categories,
Figure 2.6 plots several temporal profiles obtained from published results. The
description ofMorgan andNearing (2013) is consistent with this data, which shows
that primary tillage (ploughing) results in a rough, sometimes cloddy surface
with Hrms values of up to 6 cm. Secondary tillage (harrowing) reduces this to
1-3 cm, which is often further reduced by drilling and rolling. There is potential
for roughness changes of up to 5 cm in Hrms between image acquisitions due to
anthropogenic influences, apparent texture dependency.

The results of the regression analysis of random roughness (RR) versus clay
fraction carried out on the extended set of published data is shown in Figure 2.7,
using a best fit linear regression approach. It provides evidence of a correlation
between RR after primary tillage and soil clay content, with an R2 value of 0.32.
There is no apparent correlation between the soil texture and RR after secondary
tillage operations. This is probably because farmers are aiming to achieve the same
tilth in all cases and work the soil with appropriate implements to achieve this. Of
particular interest is the apparent, but weak, correlation for No Till with R2 = 0.37.
Knowledge of the expected sequence of farming operations in conjunction with
soil texture information could, therefore, assists in estimating soil roughness (RR
or Hrms) in the absence of an actual measurement, as follows:

• Hrms ≈ 0.5 - 1.0 cm for all soil types under zero tillage;

• Hrms ≈ 1 - 2 cm for all soil types after secondary tillage and drilling or after
weathering;
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Figure 2.6: Evolution of soil roughness over time and due to tillage for several soil textures. Larger
dots are primary tillage operations, small dots secondary tillage. Data taken from Evans (1980)
and Morgan and Nearing (2013).

• Hrms ≈ 2 - 6 cm depending on % clay content after ploughing;

Figure 2.7: Soil surface roughness (Hrms) as a function of clay content for tillage operations. Data
from Currence and Lovely (1970); Evans (1980); Martinez-Agirre et al. (2016); Zobeck and Onstad
(1987).
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2.3.4 Soil freezing

A typical relationship between soil relative permittivity, ε ′r, and temperature,
through the freezing point, for sand, silt and clay, is shown in Figure 2.8. The
relative magnitudes of ε ′r invert at the freezing point. The decrease in relative
permittivity caused by freezing is shown, in this example, to be equivalent to a
drop in volumetric moisture content from over 30 vol.% to under 15 vol.%.

2.3.5 SMI to VWC conversion

The relationship between SMI and VWC using the Van Genuchten model parame-
ters θs and θr as wet and dry references is shown in Figure 2.9. The various lines
represent surface soil layers (A horizon) for six example UK soil series covering
a range of potential soil texture extremes. Also plotted in this figure is a line
showing the range of VWC values for each value of SMI. This shows that using
an assumed and potentially incorrect soil texture can lead to a maximum error in
VWC estimation of between 18 vol.% and 38 vol.%.

2.4 Discussion

This study set out to quantify the impact of soil properties on the retrieval of SM
from C-band SAR data. The two cases of direct model inversion and temporal
change algorithms were considered, also the conversion of SMI data to VWC.

For model inversion soil texture is a parameter of the models that link the soil
relative permittivity to SM. Using a variety of UK soils as input the Park model has
demonstrated that soil texture contributes to a variability of between 10 vol.% and
20 vol.% in the retrieved soil moisture. The greatest variability occurs at SM values
close to the PWP, when accurate measurement of soil moisture would be most
advantageous. Most soils have significant SOC which has been shown to emulate
the effect to a higher clay fraction. In the cases studied, a further variability of
up to 7.5 vol.% was found due to SOC, with the greatest variation predicted in
wet soils with SM above FC. Other models within the inversion process simulate
the contribution of soil surface roughness. In the absence of knowledge of this
parameter by independent means, the correlations identified between soil surface
roughness and soil texture for ploughed and zero-till soil may be useful in setting
realistic estimates for this parameter. It has also been discovered that secondary
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Figure 2.8: Variation of real part of relative permittivity with temperature for sand, silt and clay at
mv=30 vol.%, adapted from Zhang et al. (2003).

Figure 2.9: Volumetric Water Content (VWC) as a function of Soil Moisture Index (SMI) for surface
soil layers of six UK soil series (arable land use). Also showing the range of potential values for a
given SMI value.
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tillage and seed drilling seems to produce soil of uniform roughness that does
not depend on soil texture. The relative paucity of data suggests that further
experimental studies, perhaps under laboratory conditions, would be needed to
develop an empirical model to predict soil surface roughness as a function of soil
texture across a wide variety of sites and conditions. It may then be possible to
detect tillage events by sudden changes in backscatter and introduce a correction
based on the crop-cycle context and soil texture.

Another factor related to soil roughness is depression storage or ponding of
standing water when the soil is saturated or immediately after heavy rainfall. The
smooth surface of the ponded water will act as a specular reflector for microwaves,
so the backscatter coefficient for any area including ponded water will be sig-
nificantly reduced. Whilst larger areas of standing water may be detected and
masked in a SAR image, small pools of water will be sub-pixel, and contribute to
an underestimated soil moisture. The depression storage capacity of clay soils is
1.6 to 2.3 times that of sandy soils according to Morgan and Nearing (2013), and
is also linked to surface roughness, slope and furrow orientation (Edwards et al.,
1994). This is therefore another soil texture-dependent variable.

Temporal processing, such as the change detection algorithm (Wagner et al.,
1999; Hornacek et al., 2012; Pathe et al., 2009), assumes that factors such as surface
temperature are negligible, and that vegetation and surface roughness effects are
relatively stable over time. Both should be questioned in the context of arable
fields. This study has confirmed that significant step changes in soil roughness are
induced by tillage operations such as ploughing, harrowing, drilling and rolling.
The magnitude of this change can be estimated using soil texture. So, whilst the
algorithm assumptions would not apply to agricultural fields under tillage, it is
conceivable that an improved algorithm could take account of it. Whilst the impact
of vegetation has not been addressed by this study, the growth and ripening of
crops is also quite rapid — over a scale of weeks to months — and harvesting will
cause a step change in vegetation cover over a very short time. For example, wheat
and barley crops can show a change in normalised difference vegetation index
(NDVI) from 0.3 to 0.8 in around 100 days during growth, declining rapidly before
and during harvest (Nasrallah et al., 2018). According to Farrar et al. (1994) and
Demattê et al. (2017) an increase of NDVI over time following rainfall is dependent
on soil texture and chemical composition, with clay soils and aluminium-rich soils
showing the greatest rate of increase in NDVI. Similarly, Dewaele et al. (2017)
found that maximum leaf area index (LAI) observations were correlated with the
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maximum soil water holding capacity for rainfed croplands over France. It may be
possible to exploit these findings in developing a model to correct for vegetation
changes after rainfall.

In most situations, soil temperature has a minor influence on the microwave
dielectric properties of soil (Jackson, 1987) though the effect is observable in
Sentinel-1 data (Rodionova, 2017). Generally, the effect is insignificant compared
to variability introduced by the other factors discussed. This assumption breaks
down when the temperature is low enough for some or all of the soil water to
freeze. When this happens it is accompanied with a sharp decrease in the real part
of the relative permittivity (ε ′r) , as documented by Zhang et al. (2003), Mironov
and Lukin (2009) and Mironov et al. (2017). This is easily detectable in Sentinel-1
imagery and has been used as amethod formapping of frozen soil, as demonstrated
by Baghdadi et al. (2018); Park et al. (2011). When retrieving SM from SAR, areas
of frozen soil will appear to have anomalously low SM content. Mitigation of this
effect often involves detecting and masking the frozen areas (using a method after
Baghdadi et al. (2018)), but selective application of a correction factor that is soil
texture dependent may be a viable and more useful approach.

This study has also considered how users would convert recently published
SM products that are agnostic of soil texture to a usable volumetric water content
(VWC) or soil moisture deficit (SMD) from an SMI. To do the conversion the SM
representing wettest and driest conditions must be independently measured or
estimated. The latter involves estimating soil hydrological properties from soil
texture. For the first time it is now demonstrated that using an assumed and
potentially incorrect soil texture for conversion can lead to a maximum error in
VWC estimation of between 18 vol.% and 38 vol.% . This is unsatisfactory for
practical uses as an accuracy of close to 5 vol.% is likely to be required.

Soil propertiesmay be obtained fromexisting soilmaps anddatabases, chosen to
match the field scale where possible. Whilst the Harmonized World Soil Database
(Fischer et al., 2012) has a resolution of 1km, national and regional maps are often
available at higher resolution, especially in agricultural areas. As a basis on which
to estimate vegetation cover or soil roughness, land cover maps may be useful.
As an example, the Corine land cover map of Europe (European Environment
Agency, 2006) has a minimum feature size of 25 hectares, and limited cover classes,
but higher resolution local maps are often available. For example, the UK Centre
for Ecology and Hydrology (UKCEH) has published its Land Cover plus: Crops
product (Jarvis et al., 2019), which categorises two million land parcels into annual
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crop types for every field in Great Britain. Potential agricultural stakeholders in
soil moisture estimation by remote sensing are likely to have accurate soil type and
land use information for their areas.

2.5 Conclusions

The error contribution of soil texture in soil moisture retrieval from remote sensing
of soil dielectric properties (by model inversion or by conversion of a Soil Moisture
Index) is assessed for the first time. Mineral soil texture contributes a potential error
of 10-20 vol.%, which is greatest when the soil is near its permanent wilting point
and least near saturation. Soil organicmatter adds a further 7.5 vol.% uncertainty, in
the case studied, such that the overall error due to use of inaccurate soil properties
is between 18 vol.% and 38 vol.%.

In arable farming, soil surface roughness following primary tillage operations,
or under no tillage, has been discovered to be correlated to soil texture. Secondary
tillage produces a consistent soil roughness across all soil textures. The conclusion
is that further work could establish a model to predict soil roughness from land
use, soil properties and knowledge of the timing of tillage operations in the field.

As soil freezes, the reduction in relative permittivity manifests as an underesti-
mate of soil moisture by up to 15 vol.%. The magnitude of this error is predictable
from the soil texture and may be corrected for.

Soil properties are important to soil moisture retrieval, especially when con-
sidering field-scale resolution over arable agricultural areas. Any assessment of
remote sensing SM estimation processes should include the use of soil properties
to derive absolute values. The use of accurate soil properties and the correction for
changes in soil roughness and on freezing will inform future algorithm develop-
ment and improve the accuracy of direct SM retrieval through model inversion or
change detection algorithms, especially in agricultural areas. Machine learning
algorithms should always include soil properties as input data.
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3 AMethod toAssess the Performance
of SAR-derivedSurface SoilMoisture
Products

This chapter in paper format introduces a new method to quantitatively assess the
performance of surface soil moisture estimates from C-band Synthetic Aperture Radar.
It solves the problem of depth mismatch in existing validation methods which compare
remotely sensed estimates of SM against in situmeasurements at a greater depth of soil
than the SAR can penetrate. This is important to accurately evaluate, potentially small,
improvements in accuracy as a result of algorithm developments.

Abstract

Synthetic Aperture Radar (SAR) is a remote sensing technique for mapping
of soil moisture with high spatial resolution. C-band SAR can resolve features at
field scale, or better, but responds to moisture only within the top 1 to 2 cm of the
soil. When validating SAR-derived soil moisture products against standard in-situ
measurements at 5 to 10 cm depth, the greater moisture variability at the soil surface
may be inaccurately categorised as measurement error. An alternative method was
developed where the C-band SAR product is validated against soil moisture simulated
at 2 cm depth by the HYDRUS-1D model. This reproduces soil moisture depth profiles
from daily meteorological observations, leaf area index and soil hydraulic parameters.
The model was fitted at 13 COSMOS-UK sites so that the model output at 10 cm depth
closely reproduced the cosmic ray neutron sensor data. At 10 of the sites studied there
was an improvement of up to 8 vol.% in RMSD by validating the Copernicus SSM
product at 2 cm compared to 10 cm. This suggests that Copernicus SSM and other
C-band SAR surface soil moisture algorithms may be more accurate than have hitherto
been acknowledged.

A revision of this chapter has been published as: J. Beale, T. Waine, J. Evans and R.
Corstanje, "A Method to Assess the Performance of SAR-Derived Surface Soil Moisture
Products," in IEEE Journal of Selected Topics in Applied Earth Observations and Remote
Sensing, vol. 14, pp. 4504-4516, 2021, doi: 10.1109/JSTARS.2021.3071380..
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3.1 Introduction

Soil moisture remote sensing is of significant interest to agriculture, hydrological
modelling and weather forecasting. Satellite active microwave systems have the
ability to operate over wide areas in almost all weather conditions, with C-band
synthetic aperture radar (SAR) systems being able to achieve field-scale resolu-
tion or better. Soil moisture estimation by SAR exploits the dependence of radar
backscatter on soil water content, but there are other dependencies on factors that
are often unknown. These include soil texture, surface roughness, topography
and the effect of vegetation. A number of advanced algorithms have been and are
being developed to address this problem.

The quantitative assessment, or validation, of SAR-based soil moisture retrieval
algorithms (Gruber et al., 2020) is commonly undertaken by statistical comparison
to in-situ soil moisture measurements. The instruments used include soil moisture
probes (Paulik et al., 2014; Dorigo et al., 2015; Greifeneder et al., 2017; El Hajj et al.,
2018; Al-Yaari et al., 2019) and Cosmic Ray Neutron Sensors (CRNS) (Andreasen
et al., 2017; Montzka et al., 2017; Evans et al., 2016). A review of the International
Soil Monitoring Network (ISMN) (Dorigo et al., 2013) reveals that probes are
generally installed at a nominal depth of at least 5 cm and have a sample volume
extending 5-6 cm in depth. This measurement depth is appropriate for validation
of L-band SAR-derived soil moisture products, where it matches the microwave
penetration depth (Nolan and Fatland, 2003) in bare soil. CRNS have an effective
measurement depth of at least 10 cm (depending on soil moisture). Due to the
practical problems of measuring soil moisture with probes at 1-2 cm (Tsegaye et al.,
2004; Schmutz and Namikas, 2011), there is no established measurement network
that matches the penetration depth of C-band SAR.

Reliable soil moisture measurements very near the surface can be achieved
by soil sampling and laboratory analysis, as in a previous study by Boisvert et al.
(1997). Gravimetric soil moisture was measured at 1 cm depth increments from the
surface to 10 cm depth in various sample plots of bare soil subjected to a range of
irrigation and drying profiles. The statistics of these measurements (converted to
volumetric soil moisture) are summarised in the box plot of Fig. 3.1, annotatedwith
the sample standard deviation, σ . This shows that the variability of soil moisture
decreases significantly with depth. It is very high at the surface where the soil
is subject to rapid wetting and drying due to rainfall, irrigation and evaporation
(Moghadas et al., 2013), whilst drainage to lower layers is a much slower process.
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Figure 3.1: Boxplot of soil moisture variability at shallow depths, in a Dark Brown Chernozemic
soil (41% sand, 34% clay) at Lethbridge, Alberta, Canada over 9 days of various wetting and drying
regimes, analysis of data from Boisvert et al. (1997). The whiskers define the extremes of the
data, the thick bars the median, and the box ends represent the first and third quartile values.
The standard deviation, σ , at each depth is shown on the right, with estimates of Field Capacity
(FC) (Veihmeyer and Hendrickson, 1931) and Permanent Wilting Point (PWP) (Veihmeyer and
Hendrickson, 1928) by the method of Saxton et al. (1986) as vertical, dotted lines

At deeper levels soil moisture varies more slowly and over a smaller range. It
cannot be assumed that soil moisture measured at 5 or 10 cm is similar to that at
1 to 2 cm depth. The consequence of doing so as part of a validation process of
any soil moisture estimates derived from C-band SAR has not previously been
quantified.

The speed and range of movement in soil moisture at the surface also challenges
the interpretation of soil moisture products that are published as a dimension-
less and relative Soil Moisture Index (SMI) (Hunt et al., 2009). An example is
the Copernicus Surface Soil Moisture (SSM) product (Bauer-Marschallinger and
Paulik, 2019), based on C-band Sentinel-1 data. For applications, such as irrigation
scheduling, absolute soil moisture values will be derived by site specific scaling.
The Field Capacity (FC) (Veihmeyer and Hendrickson, 1931) and Permanent Wilt-
ing Point (PWP) (Veihmeyer and Hendrickson, 1928) of the soil are commonly
used for this purpose, to define the range of possible soil moisture values. Fig.
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3.1 shows that, whilst this may be acceptable at 10 cm depth, FC and PWP do not
define the limits of soil moisture at very shallow depths. This issue is overlooked
in the performance assessment of SMI-based products using scale-independent
metrics, such as the coefficient of determination (R2). This study uses, for the
first time, alternative scale-sensitive metrics in an assessment of the Copernicus
SSM product. The SMI values are scaled to VWC, having first identified the van
Genuchten (1980) parameters, Saturated Water Content (θS) and Residual Water
Content (θR), as suitable alternative limits of soil moisture content at the surface.

Modelling is an alternative to in-situ measurement of soil moisture where the
latter is impractical. HYDRUS 1-D (v4.17) (J. Simunek et al., 2012) is a public
domain Windows-based model for analysis of water flow and solute transport in
variably saturated porous media, such as soil. It is available for free download from
PC-Progress (https://www.pc-progress.com/en/Default.aspx?hydrus-1d) and
has been found to be accurate to < 0.12 vol.% in soil moisture prediction Kanzari
et al. (2018). The model has been successfully used in previous work (Negm et al.,
2017; Silva Ursulino et al., 2019) to simulate soil moisture profiles near the surface.
It is a finite element model which simulates the one-dimensional movement of
water in porous media by numerically solving the Richards equation (Richards,
1931) for water flow. Soil hydraulic parameters are key inputs to the model, but
they are not static and vary with soil texture, land use and management. Values
obtained previously by laboratory measurements or indirectly from soil maps
may not reflect contemporary conditions or local heterogeneity. They need to be
optimised by an iterative process using in-situ measurements of soil moisture as
the benchmark.

The aim of this study was to establish, for the first time, a scalable method
for generating soil moisture time-series at 2 cm depth or less, that may be used
for objective assessment of C-band SAR-derived surface soil moisture data. The
study evaluates the impact of this on the apparent performance assessments of
an example product, compared to assessment at a greater depth of measurement.
Having identified new limits on soil moisture variability at the surface, the addi-
tional errors due to scaling were estimated, contrasting the use of the new limits
with the common choice of FC and PWP.

3.2 Study sites and time period

https://www.pc-progress.com/en/Default.aspx?hydrus-1d
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Figure 3.2: Locations of the subset of COSMOS-UK
sites selected for this study. The labels are the site
identifiers

The COSMOS-UK network (Evans
et al., 2016) comprises a total of 50 soil
moisture monitoring stations across
theUK, operated by theUKCentre for
Ecology and Hydrology (UKCEH).
The primary soil moisture sensor at
each site is a Cosmic RayNeutron Sen-
sor (CRNS) (Andreasen et al., 2017),
which has a measurement footprint
of approximately 200 metres in diam-
eter (Köhli et al., 2015a). By miti-
gating against the spatial heterogene-
ity of soil hydraulic properties, CRNS
data is more suited to validation of re-
motely sensed soil moisture products
without having to upscale the mea-
surements from a densely spaced net-
work of point sensors.

The COSMOS-UK sites are also in-
strumented to measure a range of me-
teorological and environmental parameters. COSMOS-UK sites were selected for
this study for their ability to supply high quality daily time-series measurements
of soil moisture from the CRNS sensor, with co-located measurements of potential
evapotranspiration and rainfall. Thirteen sites were selected for this study, as
shown in Fig. 3.2. They represent agricultural sites as opposed to forested sites
where the vegetation canopy would be too dense for C-band SAR to be able to
sense soil moisture. The land uses are permanent grass, ley grass, and arable crops,
where farmers and agronomists would hope that SAR remote sensing would be
of benefit to them in monitoring soil moisture. The chosen sites also vary in soil
textures, as shown by Table 3.1.

During 2018 the UK experienced a very cold and wet spring followed by a
prolonged heatwave and drought. Using this year in the study made it probable
that the soil moisture would vary between the wettest and driest conditions - well
outside the range between FC and PWP - posing the greatest challenge to fit the
model to in-situ data.



70 CHAPTER 3. ASSESSING SURFACE SOIL MOISTURE PRODUCTS

Table 3.1: Subset of COSMOS-UK sites selected for this study

Site identifier Site name Soil type Land cover Dominant soil series

CARDT Cardington Loam to Silt Loam Permanent Grass Efford

CHIMN Chimney Meadows Clay Loam Permanent Grass Kelmscot

CGARW Cwm Garw Peaty Mineral Soil Permanent Grass Hafren

ELMST Elmsett Loam Arable Beccles

EUSTN Euston Sandy loam Permanent Grass Newport

FINCH Fincham Sandy loam, lime-rich Arable Swaffham Prior

HADLW Hadlow Clay Loam Ley Grass Wickham

HYBRY Heytesbury Shallow silt loam, lime-rich Permanent Grass Andover

LODTN Loddington Clay Arable Denchworth

RISEH Riseholme Humose Clay loam Permanent Grass Elmton

ROTHD Rothamsted Silty Loam Arable Batcombe

SPENF Spen Farm Clay loam Arable Aberford

WRTTL Writtle Loam with impeded drainage Arable Hornbeam

3.3 Data

The HYDRUS-1D model requires a number of input parameters and time series
data in order to predict soil moisture profiles over time, and in situ soil moisture
measurements for model fitting:

3.3.1 CRNS soil moisture

CRNS soil moisture measurements were obtained from the COSMOS-UK network
for model fitting. The effective measurement depth of a CRNS sensor is defined
by its 86% cumulative sensitivity depth, D86(θ ,r) (Zreda et al., 2008) where θ is
the soil moisture and r is the radius from the sensor. It may be calculated by the
methods proposed by Köhli et al. (2015b) who also define a sensitivity weighting
as a function of depth

W (d,θ ,r) ∝ e−2d/D86(θ ,r) (3.1)

where d is the soil depth in cm. A cumulative sensitivity depth function S(d,θ ,r)

can be derived by integrating this function and setting the constant value so that
S(d∞,θ ,r) = 1:

S(d,θ ,r) = 1− e−2d/D86(θ ,r) (3.2)

To find the depth equivalent to 50% of the cumulative response, setting S(d50,θ ,r) =

0.5:
d50(θ ,r) =−0.5.D86(θ ,r).ln(0.5) = 0.3466.D86(θ ,r) (3.3)
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Figure 3.3: Boxplot representing the variation in the 50% cumulative sensitivity depth d50 (weighted
by radius) during 2018 at the COSMOS-UK sites used in this study. The whiskers define the
extremes of the data, the thick bars the median, and the box ends represent the first and third
quartile values. The mean for each site is plotted as the white diamond. The box colours represent
the site soil classification for the surface layer. 10cm soil depth, as used for model fitting, is shown
as a dashed line.

Values of d50(θ ,r)were calculated for each daily COSMOS-UKCRNSmeasurement
of 2018 at all thirteen sites for r = 1, 5, 25 and 75 m. They were then weighted
by the factors w = 1.89E5, 2.45E4, 8.22E3 and 4.9E3 respectively, these weightings
used by the COSMOS-UK team based on Köhli et al. (2015b). Fig. 3.3 summarises
the statistics of d50 in the form of a boxplot. For most sites the mean of d50 is close
to 10 cm and the mean across all sites is 10.27 cm. This result agrees with a recent
study in China (Tian and Song, 2019), that found that CRNS measurements were
more highly correlated with soil moisture at 10 cm from the surface than at any
other depth.

A depth of 10 cm is within the uppermineral soil layer (AHorizon) for all of the
sites chosen for this study. According to a recent review (Hartemink et al., 2020),
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the coefficient of variation of clay content in a typical A horizon is low (8%). This
allows us to assume that the soil hydraulic properties are approximately the same
at 10 cm and 2 cm, and to perform the model fitting at 10 cm against COSMOS
UK data using a single layer model. A multi-layer configuration of the model
would have been impractical to optimise due to the number of variables this would
introduce.

3.3.2 Soil hydraulic properties

The soil hydraulic properties required by HYDRUS-1D are the water retention
parameters of the van Genuchten-Mualem model (van Genuchten, 1980; Mualem,
1976); water content at quasi-saturation (θS), residual water content (θR), saturated
hydraulic conductivity (Ks) andmodel fitting parameters (n, α). Initial valueswere
obtained from the National Soil Map of England andWales (NATMAP) (Thomson
et al., 1983) as follows: At each site, the dominant soil series was identified in a
GIS system (ArcMap v10.6) by overlaying a shapefile representing the nominal
200 m radius sensitivity footprint of the CRNS sensor over the vector soil map and
finding the largest intersection. The main land use within the same 200 m radius
was estimated by visual inspection of the COSMOS-UK phenocam images and
other site metadata to be either permanent grass (PG), ley grass (LE), arable (AR)
or other (OT). The depth of the upper soil horizon, its soil texture and bulk density
were looked up in the LANDIS Horizon Fundamentals (Cranfield University,
2021a; Hollis et al., 2015) spreadsheet using the dominant soil series and land use.
In the same way, the soil hydraulic properties were obtained from the LANDIS
Horizon Hydraulics table (Cranfield University, 2021b; Hollis et al., 2015); these
are summarised in Table 3.2. For the Cwm Garw site, which has a very peaty soil,
the LANDIS hydraulic parameters were incomplete. The initial soil hydraulics
parameters were taken from a previous study of a site with peat soil by Fields et al.
(2017).

If the LANDIS or equivalent data were not available, at some new site, outside
the UK, for example, a set of van Genuchten-Mualem model water retention
parameters may be estimated using the Rosetta Lite v1.1 (Schaap et al., 2001)
pedotransfer function provided within the HYDRUS-1D model, by supplying it
with the soil texture and bulk density. If that information is also unavailable, basis
soil texture classes can also be used. In these cases, the parameters predicted may
be further from the actual values and it would take more time to optimise them.
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Table 3.2: HYDRUS-1D initial soil hydraulic properties obtained from LANDISHorizonHydraulics
data (Hollis et al., 2015) for the 13 study sites. These are parameters of the van Genuchten-Mualem
model (van Genuchten, 1980; Mualem, 1976); water content at quasi-saturation (θS), residual water
content (θR), saturated hydraulic conductivity (Ks) and model fitting parameters (n, α).

Site identifier
Soil hydraulic parameters

θS(vol.%) θR(vol.%) α n Ks(cm/day)

CARDT 48.36 9.59 0.0492 1.2438 109.3
CGARW 90.00 9.00 0.1158 1.3830 6540.5
CHIMN 54.56 11.36 0.0540 1.2326 101.4
ELMST 32.50 7.32 0.0591 1.2488 76.4
EUSTN 45.21 7.31 0.0908 1.3480 115.5
FINCH 36.98 7.71 0.0784 1.2984 92.05
HADLW 57.47 12.22 0.0441 1.2229 105.3
HYBRY 69.09 13.47 0.0406 1.2321 117.6
LODTN 44.09 11.35 0.0384 1.2131 71.5
RISEH 72.30 14.59 0.0468 1.2247 107.3
ROTHD 33.90 7.46 0.0406 1.2385 107.3
SPENF 40.33 9.34 0.0510 1.2387 76.4
WRTTL 35.38 7.65 0.0489 1.2483 76.4

The end result should be equally accurate.

3.3.3 Vegetation properties

The dryingmechanisms of the soil near the surface are drainage to a lower soil layer,
direct evaporation, EE , and transpiration through plant roots, ET . The drainage ele-
ment is modelled by HYDRUS-1D, but the aggregate of the other two is dependent
on weather conditions. This is the potential evapotranspiration (E0 = EE +ET ) and
is a standard component of the COSMOS-UK site data. The HYDRUS-1D model
requires E0 to be partitioned into EE and ET ; this is driven by the state of the vege-
tation. A common approximation is to assume that areas of bare soil are subject
only to evaporation and areas covered by vegetation subject only to transpiration.
Leaf Area Index (LAI) is a vegetation parameter that is inversely related to the
proportion of bare soil, so a form of Beer’s Law (Ritchie, 1972; Savabi andWilliams,
1995), may be used for the partitioning: EE = E0e−αLAI where the default extinction
coefficient, α = 0.463. HYDRUS-1D includes the option to perform this calculation
automatically if daily time series of E0 and LAI are supplied.

For this study, LAI estimates were obtained from theMODIS optical instrument
on the Terra and Aqua satellites. This MODIS dataset (MCD15A3H V6 level 4)
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(Myneni et al., 2015) suffers, especially over the UK, from unreliability due to
cloud cover. To minimise the impact of this, the 4-day time series was smoothed
by weighting according to the confidence values ("SCF_QC" bits) provided with
the product, by the following equation,

LAIi+1 = LAIi +∆i+1/(1+Ci+1) (3.4)

where LAIi,LAIi+1 represent the time series of LAI, C is the confidence level
(0 = High to 4 = No Data) and ∆ is the change in the LAI value between the
previous time-step and the MODIS measurement. The data was then aligned to
the COSMOS-UK data time-series by linear interpolation.

HYDRUS 1-D uses rooting depth and the root density profile to calculate the
transpiration profile with depth. For the purposes of this study, these parameters
were set the same for each site, with the root density decreasing linearly with depth
over the upper 15 cm only. This is an estimate typical of many grass species, and
will be suitable for many of the sites used in this study. For others, this assumption
could introduce a small error in the model fitting.

3.3.4 SAR-derived soil moisture

To illustrate the effectiveness of the method through a case study, a remote sensing
soil moisture product based on C-band Sentinel-1 SAR data, Copernicus SSM
(Bauer-Marschallinger and Paulik, 2019), was selected. This product estimates soil
moisture by the change detection method (Hornacek et al., 2012), and presents it
as an SMI value between 0% and 100% relative to the range of historically observed
values at each geospatial location. The spatial resolution of the Copernicus SSM
product is nominally 1km, and the temporal resolution is governed by the orbital
coverage of Sentinel-1, being approximately once every 2-6 days within the UK. A
time series was obtained by averaging the SMI values of the pixels overlapping
the CRNS 200m radius footprint (weighted by their intersection) at each of the
13 monitoring stations selected. For the purposes of comparison to the HYDRUS
model output, the predicted values (Pi) are the remote sensing predictions and
the HYDRUS-1D modelled soil moisture at 2cm are the independent observations
(Oi). Prior to analysis the remotely sensed soil moisture values (Si) were converted
from an SMI to volumetric water content (VWC) by scaling, as shown in Equation
3.5, where θwet and θdry are the selected wet and dry soil moisture references as
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Figure 3.4: Block diagram of the method for Model fitting of HYDRUS-1D and using the fitted
model to generate a time series of soil moisture at 2 cm soil depth.

determined in Section 3.4.2:

Pi = θdry +Si(θwet−θdry) (3.5)

3.4 Methods

3.4.1 Simulating soil moisture at shallow depth

The method for generating a soil moisture time series at 2 cm is depicted in Fig. 3.4.
The HYDRUS-1Dmodel was configured for a single soil layer the same thickness as
the upper horizon using the initial soil hydraulic properties derived from LANDIS
data (Hollis et al., 2015) as described in 3.3.2. Excess water at the surface was set
to run off and free drainage to a lower soil layer was defined at the lower interface.
The daily time series of potential evapotranspiration, rainfall and Leaf Area Index
were imported into the HYDRUS-1D model as time-varying boundary conditions.

The soil hydraulic parameters were optimised by iteration until the model
predictions at 10 cm depth (Pi) matched in situ soil moisture observations, (Oi)
from the COSMOS-UK CRNS, as closely as possible. The approach of Harmel et al.
(2014) was used; selecting an index of agreement based on the Willmott Index
(Willmott, 1981), d, which quantifies the relative co-variability of the predictions
about the mean of the observations. The refined version, dr (Willmott et al., 2012),
is reported to be less sensitive to extreme values and better suited for model
evaluation than R2 (Legates and McCabe, 1999). It is a dimensionless number,
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calculated according to Equations 3.6 and 3.7 that varies between -1 (no fit) and +1
(ideal fit) and is particularly suitable where a 1:1 relationship between prediction
and observation is expected. The mean absolute percentage difference (MAPD),
as defined by Equation 3.8, and the Root Mean Squared Difference (RMSD), as
defined by Equation 3.9, were also calculated. The RMSDwas further decomposed
into bias (b) and unbiased RMSD (ubRMSD) according to equations 3.10 and
3.11. The p-value at 95% confidence intervals was calculated using the two-tailed
Student’s t-distribution, withe the value of t calculated by dividing the regression
slope by its standard error. The recommendation of (Harmel et al., 2014) is that the
model optimisation sought to maximise dr but without allowing RMSD to increase
significantly, so this approach was adopted here.

dr(P,O) = 1−

n

∑
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2
n

∑
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√√√√√ n

∑
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(Pi−Oi)
2

n
(3.9)

b(P,O) =

n

∑
i=1

(Pi−Oi)

n
(3.10)

ubRMSD(P,O) =
√

Var(P,O) =
√

RMSD2(P,O)−b2(P,O) (3.11)

To optimise the fit of the HYDRUS-1D model to CRNS data, dr and RMSD were
calculated as a function of each soil hydraulic parameter (θR, θS, α , n, Ks) to locate
a value close to a maximum in dr and a minimum in RMSD. Some interdependence
between the parameters was evident, so the whole process was repeated several
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times for each study site until no further improvement could be achieved. Having
established an optimum set of values of the soil hydraulic parameters that appear
to describe the local soil properties well, the HYDRUS-1D model output at the
desired simulation depth of 2 cm was then obtained using these values.

3.4.2 Identifying soil moisture limits at the surface

A reviewwas conducted to identify soil moisture parameters that are candidates for
natural limits on the movement of soil moisture due to drying or wetting processes.
These are all related to soil physics or attributes of the drying mechanisms. Starting
at the highest value of soil moisture:

1. Porosity (P) defines the total pore space available to be filled with water and
sets an effective upper limit for soil water content, probably achieved only if
the soil surface is under water for some time.

2. Water Content at Quasi-Saturation (θS) is one of the van Genuchten (1980)
fittedmodel parameters, and is typically 5-15% below P, due to entrapment of

Table 3.3: Candidate wet and dry references for the surface soil layer at COSMOS-UK sites used in
this study, based on LANDIS HORIZON Hydraulics Data. Optimised values of θSX and θRX were
derived from model fitting as shown in Table 3.4. Values are in volumetric water content (vol.%).
In the case of ELMST, FINCH and ROTHD θFC > θS which is not logical. θS is derived from model
fitting and is likely to be in error, and actually much closer to the value of P in these cases.

Site
Label

Wet References Dry References
P θS θFC θPWP θHC θR

CARDT 53.2 48.36 44.2 21.1 17.66 9.59
CGARW >90 90.00 53.0 26.4 6.70 9.00
CHIMN 56.2 54.56 47.0 23.4 19.58 11.36
ELMST 44.2 32.50 36.7 19.9 15.21 7.32
EUSTN 52.9 45.21 41.4 17.1 11.33 7.31
FINCH 47.7 36.98 38.2 19.9 13.61 7.71
HADLW 56.9 57.47 48.2 24.2 21.02 12.22
HYBRY 60.8 69.09 51.4 23.7 21.15 13.47
LODTN 50.7 44.09 44.5 26.1 21.34 11.35
RISEH 62.2 72.33 52.5 25.1 22.18 14.59
ROTHD 44.7 33.86 38.5 19.7 16.17 7.46
SPENF 49.2 40.33 41.6 22.8 17.88 9.34
WRTTL 46.0 35.38 38.8 19.9 15.77 7.65
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air during wetting. Soil is unlikely to wet above this value, excess water will
run off. After wetting to this point, the soil will dry rapidly due to drainage
(mostly) and evapotranspiration.

3. Field Capacity (FC or θFC) (Veihmeyer and Hendrickson, 1931) is the point
below which soil will no longer drain to a lower layer under gravity. Further
drying is by evapotranspiration only.

4. Permanent Wilting Point (PWP or θPWP) (Veihmeyer and Hendrickson, 1928)
is a point at which transpiration by plants falls to zero and evaporation
becomes the only drying mechanism.

5. Hygroscopic Coefficient (θHC), or natural air-dried moisture value, defines
the water content of soil that has dried by evaporation then allowed to reach
equilibrium in a saturated atmosphere. Most of the pore water has been
removed. Further drying is possible in very hot conditions by evaporating
some capillary water, but this requires significantly more energy. When the
temperature falls, the soil moisture will tend to return to this value naturally,
without rainfall, provided there is sufficient humidity in the air.

6. Residual Water Content (θR) is another of the van Genuchten (1980) model
parameters, and is an approximate lower limit of the soil drying process in
natural conditions rather than at the much higher temperature of an oven.

To identify which, if any, of these candidates are suitable as wet or dry reference
points, values of P, θS, θFC, θPWP and θR were obtained from the LANDIS Horizon
data for each of the 13 COSMOS-UK sites, as shown in Table 3.3. θHC was calculated
using the van Genuchten (1980) model, Equation 3.12, where h = 3,100 kPa and n

and m were obtained initially from the LANDIS Horizon Hydraulics data (Hollis
et al., 2015).

θHC = θR +
(θS−θR)

(1+(αh)n)m (3.12)

The HYDRUS-1D model fitting process also generated optimised values for θS

and θR which will be referred to as θSX and θRX respectively.
Pairs of candidate references were evaluated by using them to scale the remotely

sensed SMI time series of the Copernicus SSM product to volumetric water content.
The results were compared to the 2 cm depth soil moisture simulation of the model.
As previously discussed, scale-independent statistical measures of accuracy, such
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as the coefficient of determination (R2), are inappropriate as they are not sensitive
to scaling errors introduced in the conversion of SMI to VWC. Scale-dependent
measures, such as RMSD (Equation 3.9) are also unsuitable because the scaling
process serves to amplify or attenuate any systematic noise in the time-series,
affecting the RMSD value independently of the trend. Alternative metrics were
identified based on range and offset. Linear regression was used to find the best-fit
straight line to describe the relationship between the calibrated volumetric soil
moisture from remote sensing (y) and the model output at 2 cm (x). This line was
expected to be of the form y = a+bx where a is the offset and b is the slope. Since
the ideal scaling has no offset (a = 0) and unity slope (b = 1), metrics in the form
of |a| and |1−b|were used, in addition to dr and RMSD, to find the most effective
combinations of candidate references for each site.

3.5 Case study

To assess the relative benefits of validating a C-band SAR derived surface soil
moisture product against the modelled soil moisture at 2 cm, a limited perfor-
mance assessment of the Copernicus SSM product (Bauer-Marschallinger and
Paulik, 2019) was undertaken. This product is based on data from ESA’s Sentinel-1
satellites (Torres et al., 2012) and processed with a change detection algorithm
(Hornacek et al., 2012). Using the methods described earlier, daily soil moisture
model predictions for 2018 were generated at 2, 5, 10 and 15 cm soil depth for each
of the study sites. SSM-derived volumetric water content estimates were obtained
by calibrating the SMI values against wet and dry soil moisture references, θwet

and θdry respectively. As the SSM data does not provide a daily time series at any
particular location, values for the days within the SSM time series were paired
with the equivalent days in the model output for comparison.

Inspection of the SSM data showed that it was characterised by significant,
apparently random, errors, that were much larger in magnitude than the soil
moisture variation. Tomitigate this, a simple exponential filter, defined by Equation
3.13 was implemented. The decay constant, αi, is a function of the time interval
between measurements in days, ∆T = Ti−Ti−1, according to Equation 3.14. The
values of α0 = 0.8 and λ = 0.1 were chosen to reduce the noise level without
significantly reducing the data sensitivity to short term changes in soil moisture.
The time constant of this filter is λ−1 = 10 days, which is similar to the 12-day
repeat cycle of each Sentinel-1 satellites. A significant component of the noise that
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the filter is attenuating may be artefacts of multiple platforms and overlapping
orbit image footprints that are otherwise beneficial in enabling more frequent
measurements. A full optimisation of such a filter, or an alternative mitigation
strategy is outside the scope of this study, and is not necessary to achieving the
objectives.

P′i = (1−αi)Pi +αiPi−1 (3.13)

αi = α0eλ (1−∆T ) where α0 = 0.8, λ = 0.1 (3.14)

The performance of the SSM derived VWC was assessed against that modelled
by HYDRUS-1D using the refined Wilmott Index of Agreement, dr (Willmott et al.,
2012), RMSD, linear regression slope error (|1−b|) and offset (|a|). For the purpose
of calculating dr, the HYDRUS-1D model output is used in place of the more usual
ground observations (O) against which to test the estimates from the SSM product,
which are ’predictions’ (P) in the context of the Willmott Index. A good level of
performance is characterised by a high value of dr, and low values of RMSD, |1−b|
and |a|.

3.6 Results

3.6.1 Model fitting

Results of the model fitting at 10 cm depth to the CRNS data for all 13 selected
COSMOS-UK sites and the whole of 2018 are presented in Table 3.4. This shows the
final values of the soil hydraulic parameters after optimisation and the values of
dr, RMSD and other metrics achieved. The p-values are very small and show that
the model fits are statistically significant at the 95% confidence level (p� 0.05).
The Cwm Garw site (CGARW) is a slight outlier in terms of dr and RMSD, but
here the soil depth is relatively shallow so the free drainage assumption for the
bottom of the A Horizon may not be valid. The models used may also not work
as well for peat soils with a high organic matter content. Across the other sites
the dr value ranges from 0.774 to 0.862 and the RMSD from 2.52 to 5.78 vol.%. An
example of the time series fit at the Fincham (FINCH) site is shown in Appendix
3.A; the optimisation process is very effective in matching the prediction to the
observations. Remaining variance may be due, to some degree, to the effective
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Table 3.4: Optimised van Genuchten-Mualem soil hydraulic parameters and model fit statistics
(HYDRUS-1D at 10 cm versus CRNS) for 2018 at 13 COSMOS-UK sites. θSX is the water content
at saturation and θRX is the residual water content. α and n are parameters of the water retention
function and Ks is the saturated (vertical) hydraulic conductivity. The model fit statistics are the
Willmott Index (dr), MAPD, RMSD, Bias, ubRMSD and the p value. Where no units are shown,
the metric or parameter is dimensionless.

SITE ID
Optimised Soil Hydraulic Properties

θSX(vol.%) θRX(vol.%) α(cm−1) n Ks(cm.day−1)

CARDT 47.0 5.20 0.0008 1.66 6.0
CGARW 90.0 9.00 0.0990 1.23 8580
CHIMN 61.4 3.50 0.0070 1.27 95.0
ELMST 48.5 0.05 0.0015 1.19 7.0
EUSTN 49.7 0.01 0.0140 1.61 95.0
FINCH 40.4 1.00 0.0120 1.29 38.0
HADLW 64.3 4.50 0.0032 1.49 15.0
HYBRY 61.2 4.30 0.0070 1.42 50.0
LODTN 69.8 10.00 0.0030 1.30 15.0
RISEH 73.0 12.00 0.0235 1.46 265
ROTHD 37.9 2.20 0.0080 1.27 3.0
SPENF 41.1 4.00 0.0010 1.29 10.0
WRTTL 57.5 1.90 0.0020 1.62 1.5

SITE ID
Model Fit Metrics

dr MAPD RMSD Bias ubRMSD p value

(vol.%) (vol.%) (vol.%)

CARDT 0.779 15.90% 4.62% 3.42% 3.11% 6.31E-105
CGARW 0.659 12.72% 7.75% 5.96% 4.96% 1.26E-59
CHIMN 0.827 7.75% 3.68% 2.66% 2.53% 1.16E-139
ELMST 0.829 6.90% 3.17% 2.45% 2.01% 9.58E-156
EUSTN 0.866 60.47% 2.52% 1.89% 1.67% 2.02E-166
FINCH 0.775 9.32% 2.93% 2.22% 1.90% 5.84E-119
HADLW 0.832 9.20% 4.23% 3.19% 2.78% 8.47E-112
HYBRY 0.762 13.02% 5.35% 4.24% 3.26% 3.57E-88
LODTN 0.834 6.95% 4.62% 3.19% 3.34% 8.23E-135
RISEH 0.837 7.85% 3.20% 2.39% 2.14% 1.18E-152
ROTHD 0.774 10.02% 4.30% 2.95% 3.13% 4.13E-100
SPENF 0.855 7.13% 2.76% 1.96% 1.94% 5.25E-128
WRTTL 0.807 14.20% 5.78% 4.52% 3.60% 2.84E-152

measurement depth of the CRNS sensor, which is a function of soil moisture.
Having established an optimised set of soil hydraulic properties for each site, the

candidates for use as reference soil moisture values (θwet and θdry) for converting
SMI’s to volumetric water content may be revised also.
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3.6.2 Predicting soil moisture at 2 cm

The HYDRUS-1D model with its optimised soil hydraulic parameters were used to
simulate soil moisture at each of the 13 selected COSMOS-UK sites, for the whole
of 2018. Observation nodes were set at soil depths of 2, 5, 10 and 15 cm from
the surface. An example of the prediction at the Chimney Meadows (CHIMN)
site is shown in Fig. 3.5, which plots about four months of data in the summer,
which was a drought and heatwave period. In such conditions, the profile of soil
moisture is expected to vary significantly with depth. The modelled time series
demonstrates this, with the simulation at 2 cm depth showing the greatest range of
soil moisture values and the simulation at 15 cm showing the least. The 2 cm time
series demonstrates rapid reaction to short rainfall events and longer dry spells.

Jul Sep

0
.0

0
.1

0
.2

0
.3

0
.4

0
.5

Date (2018)

V
o
lu

m
e
tr

ic
 W

a
te

r 
C

o
n
te

n
t

0

10

20

30

40

D
a
ily

 R
a
in

fa
ll 

(m
m

)

Depth of SM Simulation

2cm 5cm 10cm 15cm

COSMOS SM

RAIN

Figure 3.5: HYDRUS 1-D (Simunek et al., 2008) HYDRUS 1-D modelled soil moisture at the
Chimney Meadows COSMOS-UK site at various depths from the surface from mid-June to mid-
October 2018. The period is selected to include a drought period at the start followed by separated
rainfall events, illustrating that the soil moisture at the surface is much more responsive to drying
and wetting than at greater depths. Shown for comparison is the daily rainfall total (blue) and the
soil moisture estimate (at around 10cm depth) from the CRNS sensor (red).
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Table 3.5: Analysis of wet and dry reference choices for CHIMN site in 2018. First choice combina-
tions are shown in bold, second choice underlined.

Metric RMSD, (vol.frac.) Slope error, |1−b| Offset, |a|, (vol.frac.)
Wet References Wet References Wet References

Dry References P θS θSX FC P θS θSX FC P θS θSX FC

PWP 0.12 0.11 0.14 0.09 0.61 0.63 0.55 0.72 0.25 0.25 0.26 0.25
HC 0.11 0.11 0.13 0.1 0.57 0.58 0.5 0.67 0.22 0.22 0.22 0.21
θR 0.13 0.12 0.14 0.12 0.47 0.49 0.41 0.58 0.14 0.14 0.14 0.13
θRX 0.15 0.15 0.16 0.16 0.37 0.39 0.31 0.48 0.07 0.07 0.07 0.06

3.6.3 Identifyingwet anddry reference values for convertingSMI
to absolute VWC

At each of the 13 selected COSMOS-UK sites, the 2018 time-series of SSM-derived
volumetric SM, yi, was determined by the intersection-weighted average of the
pixels overlapping the 200 m CRNS sensitivity footprint. The volumetric soil
moisture was calculated from the published soil moisture index values using four
each wet and dry references. The wet references chosen were P, θSX , θS and FC.
The dry references were θRX , θR, HC and PWP. θSX and θRX were the optimised
values established in the HYDRUS-1D model fitting process, all the others were
taken from LANDIS Horizon Hydraulics data. For the same acquisition dates, the
fitted HYDRUS-1D model predictions of soil moisture at 2 cm were used as the
best available proxy for a daily soil moisture measurement, xi. A linear relationship
of the form yi = a+bxi was expected, where, ideally, a = 0 and b = 0. For each of
the sixteen combinations of references, the regression coefficients a and b were
found by linear regression analysis in R, and the slope error (|1−b|) and offset (|a|)
calculated, along with the RMSD. An example of these results for the Chimney
Meadows (CHIMN) site is shown in Table 3.5. For each site, first and second choice
wet and dry references were identified by inspection of these tables, the primary
focus being to achieve a low value of RMSD, slope error and offset.

A summary of these recommendations for all 13 sites given by Table 3.6. The
additional error estimate for using second choice over first choice reference recom-
mendations was calculated as the mean of the differences between the first and
second choice references at each site. In most cases this is less than 5 vol.% except
for LOTDN, HYBRY and SPENF sites where the error is up to 10 vol.%. A similar
estimate was calculated for using the common choice of FC and PWP as references
compared to the first choice recommendations. The error in this case is generally
larger. It should be noted that these are estimates of the average error, the actual
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error will be soil moisture dependents and will be greatest towards the extremes
of the range, where the error could be up to 20 vol.%.

Table 3.6: Recommended choices of wet and dry reference parameters for conversion of Copernicus
SSM SMI to VWC at 13 COSMOS-UK sites, based on 2018 data, and comparison with HYDRUS-1D
modelled soil moisture at 2 cm depth. The additional error estimate for using 2nd choice over 1st
choice or FC/PWP is the mean of the differences between the pairs of wet/dry references references
at each site.

Site Wet Reference Dry Reference Error Est. vol.%
identifier 1st Choice 2nd Choice 1st Choice 2nd Choice 1st vs. 2nd 1st vs. FC/PWP

CARDT θSX θS θRX θR 2.9 6.6
CGARW θSX θS θRX θR 0 9.8
CHIMN θSX P θRX θR 1.3 2.8
ELMST θSX P θRX θR 1.5 4
EUSTN P θSX θRX θR 2.1 2.8
FINCH θSX θS θRX θR 1.6 8.4
HADLW θSX θS θRX θR 0.4 1.8
HYBRY θSX θS θRX θR 8.5 4.8
LODTN θSX P θR θRX 10.2 5.3
RISEH P FC θRX θR 3.6 1.7
ROTHD P FC θRX θR 0.5 5.7
SPENF θSX P θRX θR 6.7 9.7
WRTTL θSX P θRX θR 2.9 0.4

3.6.4 Case study - assessment of the Copernicus SSM derived
VWC

Fig. 3.6 illustrates, for one site, the beneficial impact of the exponential smoothing
filter that was applied to the Copernicus SSM derived soil moisture data. Similar
benefits were seen at all other sites. In this example, the remotely-sensed time
series in Fig. 3.6(b) is much better matched to the HYDRUS-1D model output, but
retains a similar dynamic range and responsiveness to soil moisture changes. The
maximum deviation is between May and July, which may be due to vegetation
effects in the remotely sensed data, and is currently subject to further study by the
authors.

Appendix 3.B summarises the performance metrics for the SSM-derived volu-
metric soil moisture assessed against modelled soil moisture at 2 and 10 cm, at all
13 of the selected COSMOS-UK sites. The assessment was repeated for SSM data
with and without the smoothing by exponential filter.
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Figure 3.6: HYDRUS 1-D (Simunek et al., 2008) Copernicus SSM derived VWC time series for
2018 compared to the HYDRUS-1D model output at 2 cm and 10 cm depths. The site is Chimney
Meadows (CHIMN).
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3.7 Discussion

3.7.1 Model fitting

The optimised soil hydraulic properties model fit in Table 3.4 is characterised
by an RMSD value of less than 5 vol.% in almost all cases, which is a significant
achievement in light of the fact that the CRNS sensor has a variable depth sensitivity.
The results provided enough confidence in the model to use it at a shallower soil
depth.

Comparing the optimised to initial soil hydraulic properties (Tables 3.4 and 3.2),
the deviation is quite large at some sites. Generally, the fitted values of θR are lower
than the initial values from the soilmaps, in some cases very close to 0 vol.% SM. For
some sites the value of θS is much higher than the starting value (CHIMN, ELMST,
LODTN, WRTTL) which might suggest that the soil texture is not as expected
from the soil map. Some of the optimised values of Ks were very different to that
expected from the LANDIS Horizon Hydraulics data (CARDT, ELMST, FINCH,
HADLW, HYBRY, LODTN, RISEH ROTHD, SPENF, andWRTTL). Possible reasons
for this include; local heterogeneity not represented in the soil map, localised soil
compaction, tillage operations, and fissures and other drainage channels that have
developed.

Where there is an appreciable organic layer overlying themineral soil, the single
layer model may not be ideal. HYDRUS-1D may be configured for two or more
layers, but the optimisation of additional soil hydraulic parameters may not be
practical.

The method developed here is dependent only on the soil hydraulic proper-
ties, of which it is assumed there is no seasonal variation. The model has been
deliberately fitted to a whole year’s length of observations to achieve a fitted set of
parameters valid all year. It is acknowledged that soil hydraulic properties can be
changed by anthropomorphic changes and this could introduce some uncertainty
in the model.

The methods could be used with alternative soil moisture sensors where no
CRNS is available, provided that measurements of rainfall and PE can be made.
The soil hydraulic parameters could also be determined direct by soil sampling
and laboratory analysis, but this an expensive and resource intensive process. It is
more scalable to start with values derived from existing soil maps and adjust them
empirically to match field observations.
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3.7.2 Wet and dry references for converting SMIs to VWC

The results of this study, summarised in Table 3.6, confirm that FC and PWP are
not the appropriate references to use when converting Copernicus SSM SMI values
to VWC. For none of the 13 sites does PWP appear appropriate as a dry reference,
and in only two cases does FC seem an acceptable choice as a wet reference. In
most cases the Van Genuchten model parameters θS and θR are an appropriate
choice for the wet and dry reference. Where optimised values are available from
model fitting, these give even better results in most cases, as expected. In regions
where values of θS and θR may not be readily available, the saturation value, P,
which may be approximately estimated by the porosity of the soil, would be a
better estimate of wet reference than FC. For the dry reference a value of 0 to 5
vol.% could be used, as the values of θRX are generally very low.

This finding may also be relevant to the calibration of other products presented
as SMIs, where the sensing technology is only sensitive to a shallow surface layer
of less than 5cm. This may include all products based solely on C- and X-band
SAR or optical remote sensing.

3.7.3 Application of the method

The HYDRUS-1D model has been fitted to the COSMOS-UK CRNS sensor with a
foot print of around 400 m diameter, using MODIS LAI data at 500 m resolution
to partition evapotranspiration into evaporation and transpiration. There will be
some uncertainty due to the difference in scale. TheHYDRUS-1D predictions of soil
moisture at 2 cm and 10 cm depth are derived from, and therefore at the same scale
as COSMOS-UK. When using these predictions to validate the Copernicus SSM
1km product, a representativeness error (Gruber et al., 2020) may be introduced.
For the purpose of this study, the magnitude of this error is assumed to be the
same when validating at 2 cm and 10 cm soil depth.

The depth of penetration of C-band SAR depends on the dielectric constant of
the soil, which is a function of soil moisture, and is in the range of 1-5 cm (Nolan
and Fatland, 2003). This appears as a source of noise when comparing the SAR-
derived soil moisture to any fixed depth measurement. A depth of 2 cm is close to
the average penetration depth and will minimise the noise compared to 5 cm or 10
cm where validation is typically undertaken.

In validation of satellite soil moisture products, another potential uncertainty
introduced by this method is caused by the satellite acquisition occurring at a fixed
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time during the day. The HYDRUS-1D modelled soil moisture is a a result of the
rainfall and potential evapotranspiration during that day, potentially equivalent to
the expected conditions at midnight. This uncertainty is likely to be random and
relatively small.

The method of validation presented here should also be applicable to validation
of SAR-based soil moisture products at, for example, X-band, which has an even
shallower depth (Nolan and Fatland, 2003) of penetration than C-band.

3.7.4 Case study assessment of Copernicus SSM soil moisture

Figure 3.6a compares the time series of volumetric soil moisture derived from
remote sensing and the HYDRUS-1D model output at 2 and 10 cm depth. As
anticipated, the overall trends of the remote sensing output and the model simula-
tion match reasonably well, especially at 2 cm depth, but the SSM-derived data
appears to have a significant noise element. This varies so rapidly that it cannot
be explained by variations in soil moisture, surface roughness or vegetation. The
source is likely to be a combination of random noise (speckle), heavy rain, frozen
soil or the occasional presence of scattering sources such as vehicles. Alternatively
it may be systematic in nature, due to time of day or orbit geometry. This was the
motivation for implementing the exponential filter in the course of this study. In
implementing such a filter, some caution must be advised, as a similar approach
may be used to estimate soil moisture at greater depths from surface soil mea-
surements (Wagner et al., 1999). Soil moisture below the surface is dependent on
the history of rainfall events and evaporation at the surface, with a time constant
dependent on infiltration rates. When implementing an exponential filter for noise
reduction, care must be taken to avoid damping the signal too much, and by doing
so unwittingly predict soil moisture at a greater depth than the observations. Other
types of filters will be the subject of further research.

Appendix 3.B shows that, for 10 out of the 13 selected COSMOS-UK sites,
the assessment of the SSM derived soil moisture was more favourable overall
when compared to HYDRUS-1D model output at 2 cm depth than they were
compared to HYDRUS-1D simulations at 10 cm depth. This is based mainly on
dr values. At seven sites CHIMN, ELMST, FINCH, LODTN, RISEH, ROTHD and
SPENF the benefit of assessing at 2 cm is unambiguous, with improvements in
almost all metrics. At CARDT, HADLW and WRTTL the results are a little mixed.
The anomalous sites include CGARW and HYBRY. These are reported to have a
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relatively shallow overall soil depth over rock and chalk, so the CRNS data may
be more strongly correlated to surface soil moisture at these sites. The results at
RISEH are generally poor, which appears to be due errors in setting the wet and/or
dry references at this site (indicated by a large value of |1−b|). At EUSTN, the
performance metrics are similar at 2 cm and 10 cm. It is likely that the exceptionally
high sand content >73 vol.%, has led to rapid drainage of water from the 2 cm to
10 cm layer.

The practical implication of the results just presented is that previous assess-
ments of products such as Copernicus SSM may have overestimated the error in
these products due to validation at an inconsistent depth and that future analyses
should take account of this by adopting a similar method to that reported here.

The RMSD values associated with the Copernicus SSM-derived soil moisture
compared to HYDRUS-1D 2 cm model output, is in the range 8.9 to 19.8 vol.%
(unsmoothed data) or 7.6 to 18.3 vol.% (exponentially smoothed). The noise
reduced by filtering will be partly random, but also seems to have a periodic
component, which may be due to satellite orbit geometry, that should be further
investigated.

3.8 Conclusions

This study has highlighted the importance of assessing the performance of surface
soil moisture products against in-situ observations that are consistent with the
penetration depth of the frequency of SAR being used. In the case of C-band SAR,
this is at no greater depth than 2 cm, where instrumented soil moisture measure-
ments appear to be rare. The new method proposed in this chapter offers a means
to achieve this by simulating in situ soil measurements at 2 cm or any other depth,
by fitting the HYDRUS-1D model to in situ observations at a much greater depth.
The data required to achieve this is a time series of soil moisture measurements at
(for example) 10 cm, leaf area index and potential evapotranspiration. A demon-
strable improvement has been shown in the apparent performance of soil moisture
derived from Copernicus-SSM between assessment at 2 cm and 10 cm in 10 out of
13 COSMOS-UK sites studied.

For many applications, the soil moisture indices (SMI) often used in remote
sensing products, would be much more useful converted into absolute values of
volumetric water content (VWC), or plant available water. This study has shown
that, for the Copernicus-SSM product, to convert SMI to VWC, the wet and dry



90 CHAPTER 3. ASSESSING SURFACE SOIL MOISTURE PRODUCTS

references should ideally be the Van Genuchten model parameters θS and θR and
not θFC and θPWP as commonly used. The potential error in using the latter is in
the range 2 to 10 vol.% on average but increases up to as much as 20 vol.% at high
or low soil moisture values for some sites. It has further been shown that use of
Van Genuchten model parameters θS and θR derived from the HYDRUS-1D model
optimisation can further improve accuracy over those obtained from soil maps,
but this is site dependent and is generally less than a 10 vol.% improvement in
average accuracy.
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Appendices

3.A Model fitting results

An example of the time series fit at the Fincham (FINCH) site is given in Fig.
3.7 (before optimisation) and Fig. 3.8 (after optimisation). Before optimisation
the model prediction is a little low in the winter and spring (January to May), a
little high in the driest conditions during July, but the shape is very close to the
COSMOS-UK data. This the optimisation process has been very effective in closing
these gaps and matching the prediction to the observations. The remaining errors
may be due, to some degree, to the effective measurement depth of the CRNS
sensor, which varies with soil moisture.
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(a) Time series of predicted volumetric water content (VWC) at 10 cm and COSMOS-UK CRNS measurements
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(b) Scatter plot of predicted versus observed values with model fit statistics including Pearson’s r, Spearman’s ρ , RMSD,
Willmott Index dr and Coefficient of Determination R2. RMSD is in units of volumetric water fraction (0.0355 = 3.55vol.%),
all other metrics are dimensionless.

Figure 3.7: HYDRUS 1-D model fit at the Fincham COSMOS-UK site, before optimisation, for 2018
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(b) Scatter plot of predicted versus observed values with model fit statistics including Pearson’s r, Spearman’s ρ , RMSD,
Willmott Index dr and Coefficient of Determination R2. RMSD is in units of volumetric water fraction (0.0293 = 2.93vol.%),
all other metrics are dimensionless.

Figure 3.8: HYDRUS 1-D model fit at the Fincham COSMOS-UK site, after optimisation, for 2018
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3.B Depth influence on assessment of Copernicus
SSM soil moisture

Table 3.7 summarises the performance metrics for the SSM-derived volumetric soil
moisture assessed against simulated soil moisture at 2 and 10 cm, at all 13 of the
selected COSMOS-UK sites. The assessment was repeated for SSM data with and
without the smoothing by exponential filter.

Table 3.7: SSM Performance Metrics assessed against HYDRUS-1D simulations of soil moisture at
2 and 10cm soil depths at 13 COSMOS-UK sites in 2018. Best values are shown in bold. RMSD and
|a| are in units of percentage volumetric water (vol.%), dr and |1−b| are dimensionless.

Site identifier Depth (cm)
SSM not smoothed SSM Exponentially Smoothed

dr RMSD |a| |1−b| dr RMSD |a| |1−b|

CARDT
2 0.525 9.807 3.809 0.002 0.593 7.670 4.819 0.020
10 0.501 9.737 2.478 0.043 0.587 7.509 3.432 0.027

CGARW
2 0.024 18.843 18.746 0.414 0.355 12.876 4.204 0.103
10 0.026 19.149 15.409 0.348 0.371 12.775 4.209 0.105

CHIMN
2 0.381 13.069 1.899 0.006 0.629 8.343 0.535 0.043
10 0.304 13.359 4.863 0.067 0.594 8.354 4.769 0.069

ELMST
2 0.245 13.677 12.217 0.054 0.306 12.170 9.311 0.024
10 0.112 14.377 16.642 0.159 0.181 12.659 15.143 0.121

EUSTN
2 0.246 14.574 10.915 0.119 0.359 11.530 11.981 0.147
10 0.211 14.572 10.652 0.119 0.346 11.218 11.077 0.102

FINCH
2 0.406 9.369 5.325 0.118 0.478 7.827 3.523 0.052
10 0.216 10.030 9.756 0.268 0.329 8.294 8.739 0.237

HADLW
2 0.510 13.586 3.639 0.123 0.618 11.041 2.721 0.093
10 0.437 14.008 1.859 0.089 0.573 11.249 0.313 0.023

HYBRY
2 0.477 13.219 1.048 0.169 0.667 8.506 1.777 0.170
10 0.455 13.323 0.037 0.141 0.665 8.447 0.220 0.127

LODTN
2 0.539 12.431 14.766 0.233 0.658 9.416 14.056 0.202
10 0.458 13.272 19.505 0.321 0.591 10.160 19.953 0.318

RISEH
2 0.046 19.926 1.443 0.513 0.079 18.340 0.390 0.494
10 -0.026 20.110 4.282 0.590 0.035 18.194 5.577 0.646

ROTHD
2 0.510 9.356 1.277 0.166 0.567 8.119 0.365 0.226
10 0.346 10.127 6.520 0.011 0.407 8.720 5.287 0.053

SPENF
2 0.525 8.932 4.714 0.013 0.558 8.043 3.132 0.075
10 0.492 9.117 6.395 0.037 0.534 8.109 5.158 0.012

WRTTL
2 0.580 13.820 10.794 0.240 0.653 11.170 11.120 0.247
10 0.522 14.277 10.147 0.238 0.628 11.018 9.059 0.195



4 Field-scale implementation of the
SAR change detection algorithm for
surface soil moisture estimation, in
Google Earth Engine

This chapter in paper format describes a novel implementation of a change detection
algorithm for SAR soil moisture retrieval at field scale in Google Earth Engine. The results
are compared to published map products and found to be equivalent at the 1 km pixel
level. Spatial aggregation is then carried out at field scale using field boundary definitions.
The performance is analysed across a range of crop types and as a function of crop stage
and field tillage state.

Abstract

Synthetic Aperture Radar (SAR) is a remote sensing technique that may be used
for mapping of soil moisture with high spatial resolution. Whilst C-band SAR can
resolve features at field scale, or better, derived data sets such as Copernicus SSM are
published at a lower resolution of about 1 km. This partly mitigates the problem that
the assumptions of the underpinning change detection algorithm do not hold for arable
fields. A new implementation of change detection at full sensor resolution in Google
Earth Engine is presented and shown to create a field scale soil moisture estimate that
is highly sensitive to the crop state. Almost no soil moisture monitoring capability
exists when crops such as winter wheat, are in their key growth phase, with mean
differences of around 20 vol.%. By contrast, the performance is good when the fields
are mostly of bare soil or of short, grazed grass, with mean differences from 4 to 10
vol.%. This information can guide users on the validity of the data, and will inspire
solutions to retrieve soil moisture estimates in the more challenging situations.

The contents of this chapter have not yet been included in a manuscript submitted for
publication.
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4.1 Introduction

Soil Moisture (SM) is essential information to assist farmers, agronomists and
horticulturalists in decisionmaking for irrigation (Adeyemi et al., 2017;Molden and
James, 2000) trafficability and workability (Earl, 1997). SM varies at field scale due
to land use, soil properties, irrigation, drainage, tillage, vegetation and other factors,
but data at this resolution is not readily available. Synthetic aperture radar (SAR)
is favoured as a remote sensing solution for its ability to image through clouds,
partially penetrate vegetation (Doerry, 2004) and for its high spatial resolution.
C-band, 5.4 GHz SAR (Torres et al., 2012) data from the European Space Agency’s
two Sentinel-1 (S1) satellites available through the Copernicus Open Access Hub
(ESA, 2019) has an effective resolution on the ground of 20 metres 1, yet field-scale
SM products based on this are not yet available due to the complexity of the SM
retrieval problem.

The moisture of the soil is one of many factors contributing to the magnitude
of the SAR backscatter coefficient, σ0. The incidence angle of the radar beam, its
frequency, soil surface roughness, soil texture, soil organic matter content (Liu
et al., 2013), vegetation (Romshoo et al., 2002) and temperature (Jackson, 1987;
Zhang et al., 2003; Mironov and Lukin, 2009; Mironov et al., 2017) all have an
effect. Machine learning approaches have been successful at handling this complex
problem to retrieve SM (Hajj et al., 2017; Zappa et al., 2019), but require extensive
training. Limited coverage of dense networks of soil moisture monitoring stations
limits the scalability of such methods. By contrast, the change detection (CD)
algorithm (Wagner et al., 1999b; Hornacek et al., 2012; Pathe et al., 2009) is a tem-
poral processing solution that requires no training and no additional information
other that topography. Though inherently scalable, it has not previously been
used to create a field scale product that is usable for arable agriculture. This is a
consequence of the underlying assumptions and approximations; that the vege-
tation component of SAR backscatter has a predictable seasonal variation whose
timescale is relatively long compared to fluctuations in soil moisture, and that the
effect of soil surface roughness is slowly changing compared to soil moisture

These assumptions are reasonable for land that comprises mostly bare soil or
sparse vegetation, where short timescale changes in backscatter coefficient will

1Level-1, Ground Range Detected (GRD), Interferometric Wide (IW) swath mode
product - https://sentinel.esa.int/web/sentinel/user-guides/sentinel-1-sar/resolutions/
level-1-ground-range-detected

https://sentinel.esa.int/web/sentinel/user-guides/sentinel-1-sar/resolutions/level-1-ground-range-detected
https://sentinel.esa.int/web/sentinel/user-guides/sentinel-1-sar/resolutions/level-1-ground-range-detected
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be correlated to changes in SM. However, land cultivated for arable crops sees
anthropogenic change on much shorter timescales, down to hours and days, due to
tillage and harvesting. Crops also grow very quickly in the main growing season
and are not typical of the slow, seasonal variation assumed. Vegetation adds further
backscatter and attenuates the soil response. Where it is dense and covers the
soil completely the SAR may be insensitive to SM (Romshoo et al., 2002). Spatial
averaging can mitigate these effects by mixing cultivated and non-cultivated areas
and including multiple fields within a pixel. Any anthropogenic activity in one
field has less overall impact on the result. Random noise to due to image speckle,
characteristic of SAR systems, is also reduced.

The Copernicus Surface Soil Moisture (SSM) (Bauer-Marschallinger and Paulik,
2019) product is derived from Sentinel-1 C-band SAR data, and is now available
from the Copernicus Global Land Surface Portal (https://land.copernicus.vgt.vito.
be/) as a daily netCDF format files. This is published at a nominal 1 km spatial
resolution, which maps to a pixel size of around 0.6 km by 1 km in the UK as
shown in Fig. 4.1a. The low spatial resolution relative to field size is clear in this
example. It is also evident in Fig. 4.1b that each pixel includes man-made objects in
the landscape that are often referred to as clutter sources because they can reflect
the SAR strongly due to multiple reflections. Because these reflections are highly
non-isotropic, they cause periodic noise in any backscatter time series compiled
from multiple orbits. This will appear as periodic noise in the SM estimates. The
pixels also include large areas of non-cultivated land. These include areas of trees,
hedges, roads and small ponds where there will be no SM response causing an
loss of sensitivity at pixel level.

An alternative approach is proposed by which spatial aggregation is performed
within non-rectilinear field boundaries. By this means speckle noise is still reduced
somewhat, but the majority of clutter sources, field boundaries, trees, roads and
small ponds are excluded. The method leverages the capabilities of Geographical
Information Systems (GIS) including cloud-based geoprocessing engines such as
Google Earth Engine (GEE) (Gorelick et al., 2017), to calculate spatial statistics
within arbitrary shapes. The output is an object or feature level SM associated with
each field parcel. Field boundary information is now readily available for the UK,
for example, that may be used for this purpose. By this approach, a decrease in
periodic noise and an increase in SM sensitivity was expected. Increases in random
noise due to averaging speckle due over a smaller area were also anticipated. The
trade-off between sensitivity and noise is unknown and is key to determine the

https://land.copernicus.vgt.vito.be/
https://land.copernicus.vgt.vito.be/
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(a)Overlap between Copernicus SSM 1 km pixels and fields at Writtle, showing locations of potential scatter sources. The
sensitivity footprint of the COSMOS-UK soil moisture sensor (CRNS) of approximately 200 m radius, is also shown.

(b) The same Copernicus SSM pixels overlaid on a Sentinel-1 σ0
vv image taken on 29th June 2018, showing how the scatter

sources appear and the general noise level due to speckle.

Figure 4.1: Relationship of Copernicus SSM 1 km width pixels to field sizes, COSMOS-UK sensor
footprint, locations of clutter sources whose intensity varies with satellite orbit. The location is the
Writtle COSMOS-UK site
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feasibility of creating usable field-scale SM products from Sentinel-1 using the CD
approach.

The initial objective addressed in this chapter was, therefore, to create a new
implementation of the CD algorithm in Google Earth Engine (GEE), which would
preserve sensor resolution through the processing chain. This new implementation
would then be validated as equivalent to the published Copernicus SSM data
by comparison of outputs at 1 km pixel resolution. The next objectives were to
demonstrate the feasibility of creating object-level SM estimates for field parcels
by aggregating to their boundaries and to compare the accuracy of this to deriving
a field parcel estimate from a 1 km resolution raster output.

After establishing and verifying the capability to produce field-scale soil mois-
ture estimates, the study developed two further objectives that explore the perfor-
mance of the product. These were to assess the performance of the field-scale SM
estimate as a function of time of year or crop stage, and to explore compensation
measures for additional random noise levels due to averaging over reduced areas.

The study will lead to a better understanding of the capabilities of the CD
algorithm for estimating surface soil moisture from Sentinel-1 C-band data in
agricultural areas and lay foundations for future enhancements or mitigation
measures to improve the usefulness of the data for end users.

4.2 Study sites and time period

In total, seven UK test sites were selected for this study, as shown in Fig. 4.2.
Compared to the previous chapter, two of these sites are new, selected for specific
purposes as described below. Only five of the previous thirteen COSMOS were
included as this part of the study was focused on areas of cultivated land divided
into field parcels, andwhere the crop types could be easily identified frommetadata.
The sites were used for three purposes:

1. To test the GEE implementation of terrain processing (slope and offset) and
calculation of Local Incidence Angle (LIA), a 3 km area around Silbury Hill
site in Wiltshire was chosen. Silbury Hill (Fig. 4.3) itself is a man-made
conical shaped mound, providing a convenient visual verification for this
calculation. This is not a COSMOS-UK site and was not used for soil moisture
analysis.
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North Wyke

Silbury Hill

Elmsett

FinchamLoddington

Spen Farm

Writtle

0 75 15037.5 Kilometers

STUDY SITES

COSMOS-UK SITE UNDER ARABLE CULTIVATION

COSMOS-UK PASTURE SITE WITH IN-FIELD SM MEASUREMENT

TERRAIN TEST SITE

Figure 4.2: Locations of the sites selected for this study

2. To compare the performances of the field parcel and 1 km gridded SM esti-
mates, a site at North Wyke in Devon, was selected. This is a 350 ha beef and
sheep farm which hosts the North Wyke Farm Platform National Capability
(NWFP) (Orr et al., 2011), a facility of Rothamsted Research. At this site,
15 individual fields are instrumented for 15 minute monitoring of soil mois-
ture at 10, 20 and 30 cm depth and soil temperature at 15 cm depth using
Adcon SM1 capacitance probes. Additionally, the soil moisture is monitored
at the COSMOS-UK station (Evans et al., 2016) (see below) and three Eddy
Co-variance towers. The field parcels, soil series (Harrod and Hogan, 2008)
and locations of the soil moisture sensors at North Wyke are shown in the
map of Fig 4.4. The soil series are defined according to the classification
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scheme of the Soil Survey of England and Wales (Thomson et al., 1983). The
dominant soil series for the majority of fields with SMmonitoring is Halstow;
only two (NW001 and NW011) are dominated by soil series Hallsworth,
this demonstrates that soil texture variation across the site is not of great
significance to this study.

3. To assess the performance of the field scale SM estimates in arable fields, five
further sites were selected. In four of these a range of crops were being grown,
including wheat, barley, sugar or feed beet and oil-seed rape. One site had a
mixed use of grass and arable with the grass being cut in June, and grazed by
sheep at other times. These sites are also part of the COSMOS-UK network
(Evans et al., 2016) of a total of 50 soil moisture monitoring stations across the
UK, operated by the UK Centre for Ecology and Hydrology (UKCEH). The
prime sensor at each site is a Cosmic RayNeutron Sensor (CRNS) (Andreasen
et al., 2017) with has a measurement footprint of approximately 200 metres
in diameter (Köhli et al., 2015). Four of the COSMOS-UK locations were
arable sites.

The COSMOS-UK stations at all of the sites, excluding Silbury Hill, were also
instrumented to measure, amongst several meteorological and environmental pa-
rameters, potential evapotranspiration and rainfall. This data was used to simulate
soil moisture at a shallower depth for validation of the SAR-derived SM. The chosen
sites also vary in soil texture, as shown by Table 4.1.

Table 4.1: Subset of COSMOS-UK sites selected for this study

Site
identi-
fier

Site name Soil type Land
cover

Dominant
soil series

ELMST Elmsett Loam and clay Arable Beccles
FINCH Fincham Freely draining lime-rich

loamy soil
Arable Swaffham

Prior
LODTN Loddington Loam to clay Arable Denchworth
NWYKE North

Wyke
Loam to Silty Loam Grass

Pasture
Halstow

SPENF Spen
Farm

Clayey loam to silty loam Arable Aberford

WRTTL Writtle Loamy and clayey soil with
impeded drainage

Arable Hornbeam
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Figure 4.3: Silbury Hill, Wiltshire - a monumental Neolithic mound of conical shape, the slop of
the sides is approximately 30◦. This was useful for testing of local incidence angle correction for
SAR processing. Image credit: LizzRoe, licence CC BY-SA 4.0, via Wikimedia Commons

During 2018 the UK experienced a very cold and wet spring followed by a
prolonged heatwave and drought. Using this year in the study made it probable
that the soil moisture would vary between the wettest and driest conditions.

The SM retrievals generated by the bespoke algorithm inGEE and the published
Copernicus SSM product were both derived from Sentinel-1 data, so there was
no time difference between this measurements, though the actual time of image
acquisition dependent onwhether the satellites were in an ascending or descending
orbit and would either be around 6am or 6pm. By contrast the COSMOS-UK SM
estimates and its associated meteorological data were averages or totals for the
day. The difference in timing between the satellite and the ground measurement is
acknowledged as a source of uncertainty.

https://creativecommons.org/licenses/by-sa/4.0
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Figure 4.4: North Wyke Farm Platform showing field boundaries, soil series (Harrod and Hogan,
2008), the footprint of the COSMOS-UK station, and locations of the soil moisture sensors including
those associated with the Eddy co-variance towers (Orr et al., 2011).
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4.3 Materials and methods

To enable the creation of a SAR-derived surface soil moisture product at field scale,
the CD algorithm was first implemented within GEE at the Sentinel-1 SAR spatial
resolution. The rasterised output was spatially aggregated in two ways; to the
same nominal 1 km pixel grid of the published Copernicus SSM product, and to
field boundaries. Time series of the 1 km output and the Copernicus SSM product
were then compared to independently derived predictions of soil moisture at the
COSMOS-UK sensor locations using the method developed in Chapter 3. Having
established broad equivalence between the products, the field-level output was
compared to in-field soil moisture measurements for grass fields at the NorthWyke
site. To explore the performance within arable crops, a range of fields neighbouring
the other five COSMOS-UK sites was selected offering a diversity of crop types.

4.3.1 Data

C-band SAR data

To generate high spatial resolution soil moisture estimates for this study, Ground
Range Detected (GRD) Level 1 Interferometric Wide Swath (IW) C-band SAR
data from the Sentinel-1 (S1) satellites (Torres et al., 2012) were obtained through
the data catalogue of GEE. Each S1 platform has a 12-day orbit repeat cycle; there
were two platforms (A and B) in service during 2018, so a 6-day repeat cycle was
achievable. Overlapping orbit coverage resulted in images being available for the
test sites every 1-3 days. The published data had been pre-processed (European
SpaceAgency, 2021), including orbit file application, thermal noise removal, border
noise removal, radiometric calibration, initial terrain correction and conversion of
the backscatter coefficient to decibels via log scaling (σ0

dB = 10∗ log10(σ
0)). The

VV (co-polarised) image band (only) was selected, as it is more sensitive to soil
moisture. Soil backscatter tends to be co-polarised whereas volume scattering
from vegetation tends to change the plane of polarisation. The number of images
processed, between December 2017 to January 2019 inclusive, ranged from 176 to
314 according to the site (as shown in Table 4.2), due to the effect of variable orbit
coverage.
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Table 4.2: Number of Sentinel-1 SAR images processed for this study, for the period 1st December
2017 to 31st January 2019.

Site identifier ELMST FINCH LODTN NWYKE SPENF WRTTL
Number of SAR Images 266 265 314 176 291 268

Copernicus SSM data

To benchmark the soil moisture estimates against an existing product, a time series
of Copernicus Surface Soil Moisture (SSM) (Bauer-Marschallinger and Paulik,
2019) was obtained for the whole of 2018. This product is also derived from
Sentinel-1 data using the CD algorithm, and is published as a Soil Moisture Index
at a nominal resolution of 1 km (Fig. 4.1). Geographically clipped images were
uploaded as private assets to GEE for processing alongside the S1 data.

Ground slope and aspect

The local incidence angle (LIA) of the radar to the normal to the ground surface
is one of the factors that determines the level of backscatter received. The angle
supplied with the SAR data is relative to a locally flat ground surface, and does
not take into account the slope and aspect at each pixel location, which had to
be found independently. The NASA Shuttle Radar Topography Mission (SRTM)
(Farr et al., 2007) (V3 – SRTM Plus) digital elevation map (DEM) was obtained via
the GEE data catalogue. The spatial resolution of approximately 30 m was slightly
less than the effective SAR resolution of 20 m, but in most areas of agriculture the
topography is relatively flat and slowly varying with distance, so no scale error
was anticipated. The intention was to create a raster image with slope and offset
as individual bands, at the maximum spatial resolution the DEM would permit.
However this proved to be more complex than anticipated.

Whilst native functions are provided in GEE for slope and aspect calculation,
artefacts were observed in their output that would have propagated into the calcu-
lation of local incidence angle (LIA) and, potentially, as spatial noise in the soil
moisture product. This was investigated by plotting histograms of the slope and
aspect values within a 3 km zone around the Silbury Hill test site. With undulating
terrain, a continuous frequency distribution was expected, but a level of quanti-
sation in both slope and aspect were seen, as shown by the upper histograms of
Figs. 4.5a and 4.5b. The quantisation is particularly noticeable at low slope values,
which would typify the level ground suitable for arable crops. Some aspect values
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0.1 0.9 1.7 2.5 3.3 4.1 4.9 5.7 6.5 7.3 8.1 8.9 9.7 10.7 11.7 12.7 13.7 14.7 15.7 16.7

GEE SLOPE

0.1 0.9 1.7 2.5 3.3 4.1 4.9 5.7 6.5 7.3 8.1 8.9 9.7 10.7 11.7 12.7 13.7 14.7 15.7 16.7

SLOPE ALT. METHOD

(a) Slope

1 12 25 38 51 64 77 90 104 120 136 152 168 184 200 216 232 248 264 280 296 312

GEE ASPECT

1 12 25 38 51 64 77 90 104 120 136 152 168 184 200 216 232 248 264 280 296 312

ASPECT ALT. METHOD

(b) Aspect

Figure 4.5: Silbury Hill test site, histogram comparison of slope (a) and aspect (b) calculated by
the Google Earth Engine terrain functions (top) and by a bespoke method based on (Ritter, 1987),
all within a 3 km zone around the centre of Silbury Hill itself.
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are also favoured, especially at dueNorth and South. To determine if these artefacts
were a feature of the DEM data or the native functions, bespoke slope and aspect
calculation functions were developed in GEE based on the vector method of Ritter
(Ritter, 1987). By this method, elevation data at the pixels locations either side of
the one of interest are used to calculate slopes in orthogonal x and y directions. The
aspect was derived from these slopes and they were combined by Pythagoras’s
Law (root mean square) to find the overall slope. An efficient method of finding
orthogonal slopes in GEE was implemented where the x and y directions aligned
with the DEM raster axes. This comprised a convolution of the elevation data with
the following Sobel filter kernels:

Gx =

[
1 0 −1

]
, Gy =


1

0

−1

 (4.1)

The bespoke function was found to reduce the quantisation of slope compared to
the native function, indicating that the issue was more likely to be in the calculation
rather than the DEM data. After further experimentation, the smoothness of the
histogram distribution was further improved by alternative kernels that averaged
the elevation across a trio of adjoining pixels from the column or row next to the
pixel of interest:

Gx =


1/3 0 −1/3

1/3 0 −1/3

1/3 0 −1/3

 , Gy =


1/3 1/3 1/3

0 0 0

1/3 1/3 1/3

 (4.2)

The results of this new method using the kernels of Eqn. 4.2 are shown in the
lower histograms of Figs. 4.5a and 4.5b. These show that the bespoke function has
reduced the quantisation of slope data significantly and has generated a greater
range of possible values for aspect. This alternative function was subsequently
used for slope and aspect generation.
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Historical backscatter statistics

The CD algorithm calibrates each new observation of SAR backscatter relative
to the range of values previously observed at the same location. Assuming the
latter includes measurements over the full range of possible soil moisture values, a
relative soilmoisture index (SMI) is estimatedwithout knowledge of soil properties.
Backscatter statistics were collected from all available S1 VV backscatter coefficient
(σ0

VV ) images from first launch in 2015 to the end of 2019. The images were clipped
to circular regions of 5 km radius centred on each study site to provide a safe
margin around the 3 km analysis zone. The statistics were calculated per SAR pixel
and stored in multi-band images as assets in GEE for later use. An example of the
mean VV backscatter σ̄0

VV image is shown in Fig. 4.6.

Figure 4.6: Grey-scale Image of mean σ0
VV for an area around North Wyke COSMOS-UK site

(footprint denoted by red circle) for S1 data from 2015-2019 inclusive. The black area in the middle,
left is a small lake or pond, the white areas are consistently high backscatter values from buildings
and hard surfaces. A railway line is seen (left tor right) as well as roads, hedges and wooded areas.
Relative to these, most fields have a relatively low average backscatter value.

The 5th and 95th percentile values of σ0
VV were used as the minimum and maxi-

mum values to prevent small numbers outlying data points biasing the statistics. In
CD the difference between these values is taken as a measure of sensitivity to soil
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moisture: S = σ0
VV 95−σ0

VV 5. For normalisation of the backscatter to a single LIA of
40◦, as discussed later in this section, a surrogate, βr, for the linear regression slope
of σ0

VV as a function LIA, θi, was calculated. The method of Bauer-Marschallinger
et al. (2019) was used, as given by Eqn. 4.3:

βr = aS+Bσ̄
0
VV + c (4.3)

Where a =−0.01725, b = 0.00553 and c = 0.02546 and σ̄0
VV is the mean VV backscat-

ter, and S is the sensitivity.
To further reduce the effect of outliers, the study followed the practice of Bauer-

Marschallinger et al. (2019) to extrapolate reference backscatter values, represent-
ing the driest (σ0

VV,dry) and wettest (σ0
VV,wet) conditions at each pixel, from nor-

malised values of the 10th and 90th percentiles of σ0
VV . The n10th and 90th percentile

values were therefore collected and normalised to an LIA of 40◦ (σ0
VV 40_10,VV 40_90)

by Eqn. 4.16 and the wet and dry references were calculated by linear extrapolation:
σ

0
VV,dry = σ

0
VV 10−10u (4.4)

σ
0
VV,wet = σ

0
VV 90 +10u (4.5)

where u =
σ0

VV 90−σ0
VV 10

80
(4.6)

Field boundaries, land use and crop information

The field boundaries at the study sites were extracted from the UKCEH Land
Cover Plus:Crops 2018 (LCPC) data-set (Morton et al., 2020). This data also
included crop information assessed retrospectively for 2018. The shapefile data
was reduced in spatial extent to include only fields within approximately 3 km
of the COSMOS-UK station. For the North Wyke site (NWYKE), alternative and
more accurate geospatial data were obtained from the North Wyke Farm Platform
(NWFP) (Harris et al., 2016) and combined with the LCPC data. At all sites the
field boundaries were eroded by 20 metres to ensure that field margins, hedges
and buildings would be excluded as far as possible. An example of the alignment
between the eroded and non-eroded field boundaries at North Wyke is shown in
Fig. 4.7.

The nature of edge effects at field boundaries was investigated by inspecting
the raster image of sensitivity, S, at the North Wyke site (Fig. 4.8). Hedges, fences
and roads appeared dark, indicating low sensitivity. The bright spots are parts of
buildings, mainly, that caused intense reflections from some satellite orbits. Such
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large swings in intensity result in a very high sensitivity value, which is erroneous.
It was important to ensure that all of these dark and bright areas were excluded
by the field boundaries. The 20 m eroded boundaries, shown in red, appeared
effective at achieving this.

Also seen in Fig. 4.8 were some narrow, bright strips, 10 to 20 m wide, either
side of some of the field boundaries that run North to South. This was assumed
to be due to SAR layover of tall hedges. The viewing direction of Sentinel-1 is
about ± 83◦ from the meridian, depending on whether it is in an ascending or
descending orbit. Tall objects will appear to be extended in the ± 83◦ direction
for a distance proportional to their height, as demonstrated in Fig. 4.9. Pixels
within this distance of a tall hedge will see backscatter from either grass or hedge
depending on whether the orbit is ascending or descending. This alternation also
appears as a zone of abnormally high sensitivity that should be excluded from
calculations. The dimension varies with the hedge height so a simple erosion of
field boundaries would not be sufficient. The historical statistics, discussed above,
were therefore calculated separately for ascending and descending orbit geometries.
In the creation of the field-scale SM estimate, the erosion of field boundaries by
20 m appeared to be sufficient in the case of case to exclude these layover areas.
Failure to achieve this would add further temporal noise to the SM estimate of
affected fields. This could be mitigated by boundary erosion to a greater distance
than 20 m, or by confining the time series to ascending or descending orbits only.

Soil properties

Soil hydraulic properties were required to provide a starting point for the optimisa-
tion of the HYDRUS-1D model (following the method of Chapter 3 prior to its use
for simulating volumetric water content at 2 cm soil depth from meteorological
measurements at the COSMOS-UK CRNS sites. The soil hydraulic properties re-
quired were the water retention parameters of the van Genuchten-Mualem model
(van Genuchten, 1980; Mualem, 1976); water content at quasi-saturation (θS),
residual water content (θR), saturated hydraulic conductivity (Ks) and model
fitting parameters (n, α). Initial values were obtained from the National Soil Map
of England and Wales (NATMAP) (Thomson et al., 1983). At each site, the dom-
inant soil series was identified by overlaying the 200 m radius footprint of the
CRNS sensor over the soil map. The main land use within the 200 m radius was
categorised by inspection of COSMOS-UK phenocam images, site metadata, and
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Figure 4.7: North Wyke Farm Platform showing the eroded boundaries of the fields with soil
moisture sensors, selected for spatial averaging to field scale soil moisture
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Figure 4.8: Grey-scale image of sensitivity, S calculated for both ascending and descending orbits
from 2015-2019 for Sentinel-1 images over the area of North Wyke. The effect of the layover on
sensitivity can be seen as bright fringes of abnormally high values of S close to high hedges and the
edges of wooded areas. This is particularly noticeable where these boundaries run approximately
North/South. Soil moisture estimation in these zones requires special measures to be taken. The
eroded field boundaries (in red) appear to exclude most of these areas.
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Figure 4.9: Principle of layover in SAR images. In this example, a tree line appears wider by 0.84
times its height in the direction away from the satellite, in addition to its proper width.

the LCPC data as either permanent grass (PG), grass that is cut for hay or silage
(includes ley grass) (LE), arable (AR) or other (OT). The depth of the upper soil
horizon, its texture and bulk density were obtained from the LANDIS Horizon
Fundamentals (Cranfield University, 2021a; Hollis et al., 2015) table, by looking
up the appropriate soil series and land use. In the same way, the soil hydraulic
properties were obtained from the LANDIS Horizon Hydraulics table (Cranfield
University, 2021b; Hollis et al., 2015).

Both the soil moisture estimate produced in GEE by the CD algorithm, and
that published as the Copernicus SSM product, are in the form of a soil moisture
index. To express them in units of volumetric water content for comparison with
ground measurements, the recommendations of Chapter 3 were followed. This
called for estimates of the values of two soil hydraulic parameters; water content at
quasi-saturation (θS), and residual water content (θR). Though these parameters
would have been obtainable from NATMAP, the values that resulted from fitting
the HYDRUS-1D model to COSMOS-UK sites CRNS data were assumed to be
more accurate and were used for this purpose.
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In-situ soil moisture and meteorological data

S1C-band SARpenetrates only 1 to 2 cm into soil surface. So reference SMdatawere
provided by simulations of soil moisture at 2 cm depth by the method described
in Chapter 3. For each site, the HYDRUS-1D model was fitted, at 10 cm depth,
to CRNS soil moisture data from the COSMOS-UK stations (Evans et al., 2016).
The revised set of soil hydraulic parameters were then used to generate the 2 cm
soil moisture time series from inputs of rainfall and potential evapotranspiration,
E0, which are routinely provided with COSMOS-UK site data. The COSMOS-UK
rainfall gauge at North Wyke was not working for part of 2018, so equivalent data
was obtained from an alternative rain gauge located in the same area, part of the
North Wyke Farm Platform (NWFP).

To evaluate the performance of the field-scale SM retrieval required field-scale
ground truth SM data. This was provided by the North Wyke Farm Platform
(NWFP) in-field soil moisture probes at a depth of 10 cm. These probes did
not record any soil moisture values over 40 vol.%, appearing to saturate at this
value. This made it impossible to fit the HYDRUS-1D model to this data and
obtain a 2 cm depth soil moisture simulation for each field. The probe data was,
instead, used directly, accepting that the depth mismatch with the SAR and would
add uncertainty analysis. Nevertheless, this provided useful insights into the
relative performance of the two spatial resolutions of the same product from field
to field. For other analyses at North Wyke, the average value of two 10 cm deep
soil moisture probes installed as part of the COSMOS-UK station sensor suite, is
used for qualitative comparisons in time series plots.

Vegetation properties

The HYDRUS-1D model being used to generate reference soil moisture time series
required E0 to be partitioned into evaporation (EE) and transpiration (ET). Leaf
Area Index (LAI) was used for this, following the method described in Chapter 3:
EE = E0e−αLAI (where the default extinction coefficient α = 0.463). LAI data were
obtained from the MODIS (MCD15A3H V6 level 4) (Myneni et al., 2015). The
4-day time series was smoothed according to the method outlined in Chapter 3,
and aligned to the COSMOS-UK data time-series by linear interpolation.

HYDRUS 1-D uses rooting depth and the root density profile to calculate the
transpiration profile with depth. For the purposes of this study, these parameters
were set the same for each site, with the root density decreasing linearly with depth
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over the upper 15 cm only. This assumption could introduce a small error in the
model fitting.

Figure 4.10: Phenocam photographs from the Fincham site taken on 15th July 2018 at 10:49 am.
This shows the wheat crop ripening in the surrounding fields. Image courtesy of the COSMOS-UK
project.

To understand the impact of canopy closure, bare soil, harvesting and tillage,
the performance of the CD algorithm at field-scale was analysed separately within
periods defined by the tillage state of the field and the crop stage. These periods
were determined by consulting daily phenocam images from each of the COSMOS-
UK stations. A pair of cameras are installed, each with wide-angle lenses that,
together, provide a complete panorama around the site location. An example image
pair is shown in Fig. 4.10. From these images it was possible to assess the crop type,
and estimate the dates of crop growth, ripening, harvesting and tillage. In some
cases, NDVI data from MODIS was used to confirm periods of rapid vegetative
growth where this was not clear from the photographs. The classification stages
used comprised:

• Winter dormancy - the field had vegetation on it (whether crop or not) but it
appeared to be static or very slow growing. This would also apply to autumn
sown cereals after germination.

• Rapid growth - the crop appeared to be developing rapidly as indicated by
the photograph sequence or rapid increase in NDVI

• Ripening - the crop appeared to cease growing and was turning yellow or
brown but still standing

• Harvested - the crop has been harvested but there is residue remaining
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• Tilled - the soil has been ploughed, including minimal tilling, exposing bare
soil.

• Planted (potatoes only) - potatoes are planted in Spring into bare soil, forming
ridges.

• Snow covered - dates when the ground was covered by ice and snow were
noted, but there were too few contemporary satellite images to warrant a
separate analysis.

4.3.2 Time series data processing

The processing of time series SAR data to estimate field-scale surface soil moisture
followed the principles of the Change Detection (CD) algorithm developed by TU
Wien (Hornacek et al., 2012) as implemented in the creation of the Copernicus
SSM Product (Bauer-Marschallinger and Paulik, 2019; Bauer-Marschallinger et al.,
2019). This approach was modified for use in this study and implemented in GEE.
The data processing steps are shown in Fig. 4.11:

The pre-processing steps that should need only to be repeated infrequently,
and discussed earlier in this section, are shown on the left of Fig. 4.11 as brown
and green boxes. The steps on the right of the figure were implemented in GEE to
process a time series of SAR data to produce a time profile of soil moisture. These
are the processes that would be updated in near real-time, and were carried out
on each SAR image in the sequence. These will now be discussed in detail.

SAR image preparation

Time series of SAR data were acquired by filtering the S1 data catalogue by date
range and location, the latter being achieved on the basis of an intersection between
the image footprint and the 5 km region of interest (ROI) around each study site.
The processing only required the VV waveband of the S1 SAR image, so the other
backscatter bands were discarded. An image mask was then applied to each
image that excluded any pixels that had very high (> -5.0 dB) or low (< -20 dB)
backscatter value. High backscatter is the result of strong reflections, usually
from corners of man-made objects (such as buildings and vehicles). Very low
backscatter is caused by specular reflection of the radar beam by mirror-like flat
surfaces, usually areas of water, such as rivers and lakes. Examples of both can be
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Figure 4.11: Implementation of a change detection algorithm to produce a Soil Moisture Index
(SMI) and Volumetric Water Content (VWC) for surface soil moisture with averaging to field scale,
and (for testing) to the 1 km pixel grid of the Copernicus SSM product. The box on the top, left
contains the pre-processing steps comprising the slope and aspect calculation and compilation of
historical backscatter statistics.
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Figure 4.12: Geometry of Local Incidence Angle Calculation θi from Sentinel-1 supplied viewing
angle θ and surface slope β and aspect γ derived from a Digital Elevation Map

seen in the composite SAR image of Fig. 4.6. Such pixels would severely affect the
statistics of spatially aggregated data and reduce the sensitivity to soil moisture.

Local incidence angle (LIA) calculation

The S1 SAR images include a waveband labelled "angle", which provides, at each
pixel location, the approximate viewing angle of the radar. This is the incidence
angle between the radar beam and the normal to the flat Earth, ~n. It is denoted
as angle θ in Fig. 4.12. For soil moisture determination the local incidence angle
(LIA), θi is required, which takes into account the slope and aspect of the ground
as previously calculated in Section 4.3.1. Whilst the Sentinel-1 toolbox (European
Space Agency, 2021) provides tools to perform the LIA calculation, similar func-
tions had to be developed for use in GEE. The geometry of the calculation is shown
in Fig 4.12, where the incoming radar beam is represented by vector ~a, and the
normal to the local surface by vector~b, such that the LIA, θi, is the angle between
them.

The angle β is the slope of the ground, γ is the aspect and α is the heading of
the incoming radar beam. α and γ are defined relative to North in a clockwise
direction. α ≈ 7◦, is calculated as the aspect of the gradient of change of the angle
band in the S1 image, minus 90◦. Vectors~a and~b may then be written as functions
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of α , β , γ and θ as follows:

~a =


ax

ay

az

= a


sin(θ)cos(α)

sin(θ)sin(α)

cos(θ)

 (4.7)

~b =


bx

by

bz

= b


sin(β )cos(γ)

sin(β )sin(γ)

cos(β )

 (4.8)

where a and b are arbitrary constants. The LIA, θi is related to vectors~a and~b by
the cosine rule:

cos(θi) =
~a ·~b
|a||b|

(4.9)

Solving for θi gives:

θi = arccos
(

sin(θ)sin(β )cos(α− γ)+ cos(α)cos(β )
) (4.10)

Whilst this method worked well it was found to be computationally slow. A
more efficient method for calculating LIA in GEE was derived by the EURAC
Research Institute for Earth Observation, Bolzano, Italy in their PYthon Sentinel-1
soil-Moisture Mapping Toolbox (PYSMM) (Greifeneder, 2018). This code was
adapted and converted to Javascript for use in GEE, which computes LIA by the
following equation:

θi = θ −β cos
(

π(270−α− γ)

180

)
(4.11)

In PYSMM ascending orbits only were considered. For descending orbits 4.9 has
to be modified:

θi = θ −β cos
(

π(90+α− γ)

180

)
(4.12)

The mathematical equivalence of Eqn. 4.10 and Eqns. 4.11 or 4.12 could not
be established analytically and the derivation has not been published at time of
writing. It was assumed to be an approximation, the validity of which required
testing by comparing it, alongside the calculation of Eqn. 4.10, to control data. The
control data was an independent LIA calculation using the S1 Toolbox. for two
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(a) By S1 Toolbox (SNAP)

(b) By Equation 4.10 (c) By Equations 4.11

Figure 4.13: Visual comparison of LIA created by (a) the S1 Toolbox and (b), (c) in Google Earth
Engine using the modified slope and aspect calculation after Ritter (Ritter, 1987). The grey-scale
indicates the value of the LIA of radar beam relative to the normal to the land surface and varies
between 30◦ and 50◦. Data are contemporary with the S1 image taken in an ascending orbit at 17:57
on 24 July 2018 of the area around Silbury Hill, Wiltshire. Silbury Hill itself is marked by the red
pin.

example S1 SAR images of the Silbury Hill study site. The image taken on 24 July
2018 is an ascending orbit at 17:57. Fig. 4.13 is a trio of grey-scale representations of
LIA; Fig. 4.13a being calculated by the S1 Toolbox (SNAP), Fig. 4.13b by Eqn. 4.10
and Fig. 4.13c by Eqn. 4.11. Unexpectedly it was the control data from the S1
Toolbox that displays some structured noise in the form of vertical banding. This
pattern noise that does not appear in the results of the two other methods.

A quantitative comparison was then made, represented by the scatter plots
of Fig. 4.14 and Table 4.3. In this analysis the LIA was calculated at 500 points

Table 4.3: LIA calculated by two methods in GEE compared to the same in Sentinel-1 Toolkit at
500 random sample points around Silbury Hill. The metrics for comparison are the Coefficient of
Determination, R2 (dimensionless) and Root Mean Squared difference (RMSD) (in ◦ LIA)

Ascending Orbit Descending Orbit
Method Equation R2 RMSD R2 RMSD

Rigorous calculation 4.10 0.90 0.69 0.90 0.68
EURAC 4.11 0.86 0.70 – –

EURAC (modified) 4.12 – – 0.86 0.71
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randomly selected in area of Fig.4.13, for both the ascending orbit image previously
introduced and a descending orbit image at 06:22 on 21 July 2018. There is a very
good fit between both GEE methods and the Sentinel-1 toolkit. The small amount
of residual noise is less than 1◦ in LIA value and may be attributable to the pattern
noise seen in the control LIA - Fig. 4.13a. There was also negligible little additional
difference (< 0.1◦ in LIA) by using the EURAC Research LIA method of Eqn. 4.11
and (as modified for descending orbits) Eqn. 4.12. For the implementation of the
CD algorithm in GEE, this method was selected for the LIA calculation.
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(a) By Equation 4.10 (Exact calculation)
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(c) By Equation 4.11 (EURAC method)
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(d) By Equation 4.12 (EURAC method, adapted)

Figure 4.14: Scatter plot comparisons of LIA calculations in GEE (y-axis) and S1 Toolbox (x-axis).
The GEE method of sub-figures (a) and (b) uses Eqn. 4.10 and the method of (c) and (d) uses
Eqns. 4.11 and4.12. Both methods process a slope and aspect calculated by a bespoke function
after Ritter (Ritter, 1987) based on SRTM-30 DEM. Data are contemporary with the following S1
images taken of the area around Silbury Hill, Wiltshire; sub-figures (a) and (c) an ascending orbit
at 17:57 on 24 July 2018 and sub-figures (b) and (d) a descending orbit at 06:22 on 21 July 2018.
Approximately 500 points were randomly sampled from the area of Fig. 4.13
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Normalisation of backscatter to a fixed LIA

The example of Fig. 4.14 shows that, even in a relatively small area, the LIA varies
between 30◦ and 50◦. This is due to variations in both the local slope and aspect
of the ground surface, and the viewing angle of the satellites. The latter varies
continuously in a lateral direction across the satellite image swath, and each point
on the ground is will be seen at different relative locations in multiple swaths due
to overlapping orbits. Ascending and descending orbits also have very different
viewing directions. The angular dependence of backscatter on LIA may be demon-
strated by considering a simple case in which the backscatter is re-radiated into a
hemisphere according to a cosine law (Lambert’s Law for optics).The intensity of
the radar beam is also cosine dependent, so factoring these together we can show
that the backscatter is a function of the cosine square of the LIA, θi:

σ
0
θi
= σ

0
0 cos2(θi) (4.13)

where σ0
0 is a scaling factor describing the backscatter independent of incidence an-

gle. In practice the relationship is even more complex due to enhanced backscatter
in certain directions due to surface roughness and vegetation.

A crucial part of the process, therefore, was to correct for this angular depen-
dence by normalising the backscatter data to a single value of LIA. Assuming
this were possible, according to the established linear regression method (Bauer-
Marschallinger et al., 2019), σ0

θi
is measured for each pixel as a function of θi over a

long time period. The assumption is that the variation in σ0
0 caused by vegetation

and changes in soil roughness will manifest as a noise signal about a mean value.
The slope of the linear regression best-fit line through this data is therefore an esti-
mate of δσ0

θi
/δθi. To normalise to a reference angle θre f for any daily measurement

at time t:
σ

0
θre f ,t = σ

0
θ ,t− (θi−θre f )

δσ0
θi

δθi
(4.14)

The reference angle was set as θre f = 40◦ to minimise the seasonal impact of
vegetation on the backscatter signal. According to (Wagner et al., 1999a), 40◦

angle minimises the seasonal variation in backscatter due to vegetation. It is noted,
though, that this finding is based on a limited range of vegetation types (grassland,
parkland, boreal and perialpine forest) in an area of Canada studied in 1992/3.
The validity of this angle for arable crops if, for example, the UK, is a potential
source of error.
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The issue with this method of normalisation as it relates to S1 data, is that
it relies on each pixel being imaged over a range of values of θi to calculate a
satisfactory regression slope, δσ0

θi
/δθi . But with S1, θi has a limited range of

possible values determined by the orbit geometry and the position of the ground
location within the swath width. Within the UK, in the worst case, a given location
might only be imaged by two orbits, one in an ascending direction, and one in
the descending direction. Over time, there will be a spread of σ0 values at each
angle, but nevertheless the regression statistics will be of questionable quality. At
other locations, there may be several more overlapping orbits and the statistics will
be more reliable. In the example from North Wyke site in Fig. 4.15, the selected
point on the ground is imaged from four values of LIA. The inconsistency of the
normalisation from location to location could give rise to fixed pattern noise in the
SM estimation. An alternative solution has been implemented according to the
method of Bauer-Marschallinger et al. (2019):

δσ0
θi

δθi
≈ βr = aS+Bσ̄

0
VV + c (4.15)

Where a =−0.01725, b = 0.00553 and c = 0.02546. Values of βr having been calcu-
lated as part of the pre-processing activity, normalised backscatter was calculated:

σ
0
θ40,t = σ

0
θ ,t−βr(θi−40) (4.16)
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Figure 4.15: Results of normalisation Process for two image pixels in different fields near the North
Wyke COSMOS-UK station. The blue dots are the values of backscatter plotted against LIA, the
red dots are backscatter after normalisation to θre f = 40◦ by Eqn. 4.16. The straight lines are best fit
lines in each case, showing that the dependence on LIA has been minimised in one case (a) very
effectively, but has been over compensated in the other case (b). The data is for the whole of 2018.
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An example of the significance of the normalisation process is illustrated by the
analysis of the backscatter from two single points on the ground (pixels) located in
the vicinity of the COSMOS-UK station on theNorthWyke site as shown in Fig. 4.15.
Every value of backscatter is plotted for 2018 as red dots, prior to normalisation.
The trend line (in red) provides an indication of the dependence of backscatter
on LIA at these locations. The blue dots represent the backscatter values after
normalisation to an LIA of 40◦ using Eqn. 4.16. The associated blue trend line
shows that this dependency has been virtually eliminated in one case (Fig. 4.15a)
but not the other (Fig. 4.15b). The trend lines cross at 40◦ as this is the invariant
point of the transformation. The clusters of LIA seen in these two plots differ,
despite the point being close to each other, because of the slope of the land varying
between them. This example shows that the method of normalisation is not always
successful and is a potential weakness in the change detection algorithm that
should be further investigated in future work.

Spatial averaging

The calculations performed up until this point were carried out at the full resolution
of the SAR data, on a 10 m pixel grid (though the effective resolution is 20 m). All
of the parameters necessary for the SM estimation were collected and stored in
GEE as a multi-band image, also known as an image stack, with one multi-band
image or stack per measurement day, assembled into a GEE ImageCollection. The
bands of, or derived from, SAR backscatter were expressed in logarithmic (dB)
units as per convention. If this information is used at this resolution to obtain an
estimate of soil moisture by the CD algorithm, the result is typified by the example
of Figure 4.16, which is dominated by spatial noise, including speckle, which must
be mitigated by spatial averaging. Before doing this, logarithmic data must be
converted to linear units that relate directly to the physical quantity of reflected
energy. Then all bands of each image were spatially averaged in different ways to
provide two products.

To obtain a field scale output, the backscatter coefficients and reference values
were spatially averagedwithin the erodedfield boundaries provided by theUKCEH
Land Cover Plus:Crops data-set. This is achieved by using the GEE function
ee.Image.reduceRegions()with theweightedmean reducer, ee.Reducer.mean(),
where pixels are included in the mean if more than 0.5% of the pixel area is inside
the field, weighted by the fraction of the pixel area inside the field. The output of
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Figure 4.16: Sensor resolution SAR soil moisture example at North Wyke Farm for 28th May 2018.
The colour scale represents volumetric soil moisture (vol.%). No spatial averaging has been applied
at this stage.

Figure 4.17: Field scale SAR soil moisture example at North Wyke Farm for 28th May 2018. The
colour scale represents volumetric soil moisture (vol.%). Spatial averaging is to 20m eroded field
parcel boundaries, avoiding most water bodies, roads, hedges, buildings and stands of trees.
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this process is no longer an image, but geographical object level representations
(features in GEE) of each field, replicated for each SAR image date. The averaged
values of each waveband are stored as properties, referred to in some GIS systems
as attributes. The properties that described backscatter and backscatter calibration
references were converted back to logarithmic units (dB) to follow the convention
for SAR data that is followed by the CD algorithm. The proprieties of each feature

contained all of the parameters needed to calculate an SMI value for its geometry
and date combination. An image representation of the result, after calibration
to volumetric soil moisture units as described in the next section, is shown in
Figure 4.17.

To simulate a nominal 1 km pixel product and for direct comparison to the
published Copernicus SSM data, themulti-band images were reduced in resolution
to match exactly the pixel footprints of the Copernicus SSM product. This was
achieved by the GEE function ee.Image.reduceResolution with the weighted
mean reducer, ee.Reducer.mean(), as above. The bands that described backscatter
and related calibration references were converted back to logarithmic units (dB)
to follow the convention for SAR data that is followed by the CD algorithm. The
output of this process was a GEE ImageCollection with each image representing
a single day of SAR image collection but covering all fields in the region of interest.
The bands of each image contained all of the parameters needed to calculate an
SMI value.

Calculation of soil moisture index (SMI) and surface soil moisture (SSM)

For the purposes of this study, the Soil Moisture Index (SMI) was defined a di-
mensionless quantity that varies between 0 and 1 to describe the soil moisture
state relative to its range based on historical observations. A value of 0 signified
that the observed backscatter was less than or equal to the dry reference, which
was previously calculated as an estimate of the backscatter of the soil in its driest
historically-observed state. A value of 1 meant that the observed backscatter was
greater than or equal to the wet reference, which is the equivalent for soil in its
wettest historically-observed state. This may be expressed as:

SMI =
σ0

VV −σ0
VV,dry

σ0
VV,wet−σ0

VV,dry
(4.17)
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According to the recommendations of Chapter 3, the soil hydraulic properties
obtained for each test site were used to calibrate the SMI values to Surface Soil
Moisture (SSM) in units of Volumetric Water Content (VWC). Specifically these
properties were the Van Genuchten model parameters of water content at quasi-
saturation (θS) and residual water content (θR). The values used for these param-
eters were the optimised values obtained from fitting the HYDRUS-1D model to
CRNS data.

SSM = θR +SMI(θS−θR) (4.18)

The SMI and SSM calculations for the field-scale SM product were based on
the parameter values stored as properties of the time series features in GEE, with
the SMI and SSM values being and stored as additional properties. For the 1 km
raster data, the calculations were performed using band arithmetic to derive new
"SMI" and "SSM" wavebands for each image.

Filtering of the soil moisture estimates

In Chapter 3 the issue of filtering of satellite derived SSMdatawas briefly discussed,
resulting in the successful implementation of a simple exponential filter to reduce
the noise that was seen in the data. It was assumed that the noisewas a combination
of random noise and some that might be systematic in nature, perhaps due to
orbit geometry. This was investigated further for data at North Wyke, as shown in
Fig. 4.18a. In this example, from field NW002, the soil moisture predicted from
ascending orbits seems consistently higher than that predicted by descending orbit
observations. There is a lower level of noise between measurements within either
class, than between the different orbit geometries. The causes of inter-orbit SSM
variation may be one or more of the following:

• The presence of scattering centres in a field that causes enhance backscatter
preferentially at certain orbit geometries.

• Soil surface roughness that has a pattern that enhances backscatter preferen-
tially into certain directions

• Normalisation of the backscatter data has being more effective in some orbit
geometries compared to others

• The apparent soil moisture being genuinely different at the different times of
day that the ascending and descending orbits capture data. At this test site,
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the imaging times are close to 6am and 6pm.

• Layover affects that might be changing the average soil moisture statistics
withing the boundary of the field by including different objects or vegetation
in the scene, depending on geometry.

Pending further refinements in the method to eliminate these noise factors a
Savitzky-Golay filter (Savitzky andGolay, 1964)was selected as an interim solution.
It has the ability to average the results from all possible orbits, whilst preserving,
as far as possible, the sensitivity to rapidly varying soil moisture conditions. The
filter used a sliding window of adjustable time period, within which a nth order
model was fitted by least-squares regression. This model was then used to predict
the value of the centre of that time window. A 3rd order polynomial was chosen to
allow the filter to pass rapid changes in soil moisture. Thewindow sizewas selected
as 7, which was the smallest odd number that would ensure that all potential orbit
geometries would be included at least once in the window. This was a trade-off,
a large window would have produced a smoother output at the risk of loss of
information. The results of applying this filter to the satellite derived surface soil
moisture data is shown in Fig. 4.18b, showing complete elimination of the periodic
noise which has a magnitude of around 20 vol.% in this example.
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(b) The same data having been smoothed by a Savitzky-
Golay filter with a window of 7 measurements and using a
þ3 order polynomial fit

Figure 4.18: Time series of volumetricwater content by theGEE implementation of theCDalgorithm
for field NW002 at North Wyke. The black line combines satellite observations from all orbits.
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4.3.3 Performance assessment

The various satellite soil moisture estimates, E, were analysed with respect to ref-
erence soil moisture data, R, which were either probe/CRNS soil moisture data or
the 2 cm soil moisture predictions derived from them by the HYDRUS-1D Model.
The comparisons were made through scatter plots and a number of statistical
measures commonly used for the assessment of retrieved soil moisture, similar to
the approach of van der Velde et al. (2015), Eweys et al. (2017) and El Hajj et al.
(2018). These comprised the coefficient of determination R2 (Eqn. 4.19), Mean Ab-
solute Difference MAD (Eqn. 4.20), Mean Percentage difference MAPD (Eqn. 4.21),
Root Mean Squared Difference RMSD (Eqn. 4.22, bias, b (Eqn. 4.23) and unbiased
RMSD ubRMSD (Eqn. 4.24). A good level of performance is characterised by a
high value of R2 and low values of MAD and RMSD. Bias (b) and ubRMSD provide
an indication of the magnitude of systematic and random errors, respectively. In
some analyses the slope of the best-fit linear trend line through the scatter plot
was used as measure of sensitivity of the algorithm to soil moisture. The ideal
sensitivity value is represented by a slope of 1. To test for statistical significance the
p-value at 95% confidence intervals was calculated using the two-tailed Student’s
t-distribution, with the value of t calculated by dividing the regression slope by its
standard error.

R2 =

n

∑
i=1

(Ei− Ēi)
2

n

∑
i=1

(Ri− R̄i)
2

(4.19)

MAD =

n

∑
i=1
|Ei−Ri|

n
(4.20)

MAPD =
100
n
∗

n

∑
i=1

|Ei−Ri|
Ri

(4.21)

RMSD =

√√√√√ n

∑
i=1

(Ei−Ri)
2

n
(4.22)
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b =

n

∑
i=1

(Ei−Ri)

n
(4.23)

ubRMSD =
√

RMSD2−b2 (4.24)

For the assessment of the field-scale product the assumption was made that the
soil hydraulic properties were sufficiently consistent within a field parcel to permit
any 2 cm soil moisture predictions from the HYDRUS-1D Model to be taken as
representative of the whole field. To obtain a comparable satellite estimate of soil
moisture from 1 km resolution data, field-scale values were calculated as the mean
of the pixels overlapping the eroded field boundaries, weighted proportionally to
the area of intersection.

4.4 Results

The results of this study are presented in three subsections. The first presents
results on the assessment of the validity of the GEE implementation by comparing
to the published Copernicus results at 1 km resolution. The second part examines
how the field-scale spatial aggregation performs by comparing it alongside the 1
km product to the reference SM. These results were all obtained at the North Wyke
site, which consists only of grass fields. The final subsection looks at how well the
field-scale algorithm performs in agricultural fields as a function of crop stage and
tillage state, by looking at a diversity of field at the other five test sites.

4.4.1 Comparison of 1 km SM estimates from GEE with
Copernicus SSM

The 1 km resolution output from the GEE implementation of the change detection
algorithm was intentionally aligned on a pixel by pixel basis to the published 1 km
Copernicus SSM product, so that a direct comparison could be made (see 4.19).
For each product, the SM for each of the fields at North Wyke were obtained by
the weighted mean of the pixels overlapping the eroded field boundaries, with
the weighting factors proportional to the area of intersection. These estimates
were quantitatively assessed against the in-field soil moisture measurements of
the NWFP using the metrics of Equations 4.19 to 4.24, as shown in Table 4.4
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Figure 4.19: Comparing the SMI images of 1 km gridded Sentinel-1 derived surface soil moisture
estimates for the area around the North Wyke on 28th May 2018. Left is processed in Google Earth
Engine, middle is the published Copernicus SSM result, right is the difference image. In each image
black = SMI of 0, white is SMI of 0.75. The 200m nominal footprint of the COSMOS-UK CRNS
sensor is shown as the hatched area.

Figure 4.20: Performance of 1 km gridded Sentinel-1 derived surface soil moisture estimates
processed in Google Earth Engine for fields at North Wyke for the whole of 2018. The ground
reference values are the in-field soil moisture probe measurements at 10 cm depth. The bar plots
contrast the relative performance of the 1 km resolution gridded GEE product, with the Copernicus
SSM 1 km product published on the same pixel grid.
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and a selection of these are shown as bar plots in Fig. 4.20. These results show
that there is broad equivalence between the two products; some differences can
be expected as there were significant variations in the method. Overall the GEE
implementation has more bias than the Copernicus SSM product, but less random
variation as measured by ubRMSD, In terms of the goodness of fit indicators, dr and
R2 the bespoke calculation in GEE did not appear to be performing much better or
worse that previously published results in these grassed fields.

4.4.2 Assessment of the field-scale soil moisture estimate

The performance of the field scale, satellite-derived, soil moisture estimate was
assessed in two stages. Firstly the product was validated in North Wyke field
NW002 site against 2 cm soil moisture simulations. Secondly the performance was
compared to that of the 1 km resolution product at all other fields in the North
Wyke test site.

Validation against 2 cm reference SM modelled by HYDRUS-1D

Field NW002 was chosen because it contained the majority of the footprint of
the COSMOS-UK CRNS sensor. Figure 4.21 is a time series plot which compares,
primarily, the field-scale soil moisture derived from the S1 SAR satellite through
the CD algorithm implemented in GEE (in black) with HYDRUS-1D simulations
of soil moisture at 2 cm soil depth (in red). Also shown are the average of soil
moisture measurements by two in-field soil moisture probes at 10 cm depth, in
green. Daily rainfall totals (in mm) are also shown, in blue. The first observation
is that the HYDRUS-1D predictions at 2 cm are more variable and responsive to
drying and rainfall events than the soil moisture probe data at 10cm, but this is
exactly as expected. The changes in the 2 cm simulation are ahead of the probe
response in both drying and wetting phases. This provides additional confidence
in the simulated 2 cm data.

Looking at the field-scale satellite estimate of soil moisture, this is close to the 2
cm prediction in the summer period and in January and February, but this is not
the case in the spring, autumn and early winter. The quantitative comparison for
the whole year is shown in Fig.4.22. The value of the metrics are shown in Table 4.5.
The overall results are impacted by the periods of especially poor performance in
the Spring, and Autumn. As this was a year with a dry summer, it was observed
that these periods coincide with time when the grass would have been growing
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Table 4.4: Comparison of performance of 1 km gridded volumetric soil moisture derived from S1
SAR for fields at North Wyke. The products compared were the results of processing developed in
this study in Google Earth Engine (GEE) and the Copernicus SSM (C SSM) published data. In
each case the performance was assessed relative to measurements of soil moisture from probes
in each field. The metrics for comparison are the improved Willmott index of agreement (dr),
the coefficient of determination (R2), the mean absolute difference (MAD), the mean absolute
percentage difference (MAPD), bias (b) and unbiased RSMD (ubRMSD). The p-value for the
regression between the retrieved SM and the probe values is also shown, in every case these values
are very close to zero.

Field Area SM 1km Source dr R2 MAD MAPD RMSD b ubRMSD p

m2 vol.% % vol.% vol.% vol.%

NW001 8026 GEE 0.29 0.54 9.19 30.12 10.36 8.99 5.15 6.51E-30
C SSM 0.1 0.59 11.65 35.94 13.56 -4.7 12.72 1.46E-34

NW002 31315 GEE 0.27 0.7 12.58 50.17 13.61 12.58 5.19 3.44E-46
C SSM 0.49 0.75 8.73 30 10.58 -1.13 10.52 1.11E-53

NW004 3844 GEE 0.3 0.58 11.26 42.48 12.54 11.25 5.54 2.39E-34
C SSM 0.38 0.66 9.88 32.21 11.87 -2.46 11.61 7.27E-42

NW006 28424 GEE 0.28 0.66 12.22 48.52 13.37 12.22 5.42 1.31E-41
C SSM 0.46 0.72 9.05 30.53 11.01 -1.64 10.89 1.81E-49

NW009 11945 GEE -0.07 0.69 13.26 42.71 13.86 13.26 4.03 8.98E-46
C SSM 0.01 0.75 12.16 38.65 13.64 -2.46 13.42 5.8E-54

NW011 6545 GEE -0.06 0.83 12.34 39.6 12.8 12.33 3.44 1.59E-67
C SSM 0.01 0.82 11.5 37.79 13.14 -0.57 13.13 2.95E-66

NW012 5273 GEE 0.19 0.73 15.93 69.52 16.8 15.92 5.37 5.36E-51
C SSM 0.51 0.74 9.64 36.14 11.39 3.02 10.98 1.41E-52

NW013 29552 GEE 0.07 0.8 12.42 41.56 12.91 12.41 3.56 2.11E-61
C SSM 0.18 0.78 10.94 36.39 12.6 -0.49 12.59 3.58E-59

NW014 2358 GEE -0.02 0.65 13.19 46.43 13.82 13.19 4.13 7.06E-41
C SSM 0.23 0.62 10.03 32.44 12.16 -0.92 12.13 1.52E-37

NW015 2987 GEE 0.04 0.74 10.7 33.23 11.25 10.69 3.51 3.46E-52
C SSM 0 0.71 11.19 34.87 12.93 -2.9 12.6 1.64E-48

NW016 2695 GEE -0.11 0.62 9.4 28.25 10.47 9.39 4.63 5.59E-35
C SSM -0.23 0.6 10.74 31.98 12.92 -2.84 12.6 6.38E-33

NW017 1561 GEE 0.34 0.59 11.59 47.81 13.16 11.58 6.25 6.66E-35
C SSM 0.48 0.66 9.07 30.06 11.17 -2.18 10.96 2.42E-41

NW018 1278 GEE 0.32 0.65 13.08 57.43 14.52 13.08 6.3 1.63E-40
C SSM 0.56 0.71 8.4 29.18 10.41 -0.63 10.39 4.93E-48

NW019 1749 GEE 0.09 0.65 14.87 64.79 15.88 14.87 5.57 3.43E-41
C SSM 0.47 0.7 8.68 30.38 10.97 1.13 10.91 5.24E-47

NW045 1644 GEE 0.14 0.62 13.76 48.59 14.74 13.75 5.31 1.13E-37
C SSM 0.31 0.72 10.91 35.35 12.52 -2.15 12.33 9.36E-49

NW046 10021 GEE 0.14 0.62 13.76 48.59 14.74 13.75 5.31 1.13E-37
C SSM 0.31 0.72 10.91 35.35 12.52 -2.15 12.33 9.36E-49
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Figure 4.21: North Wyke field NW002, which contains the COSMOS-UK CRNS soil moisture
sensor. 2018 Time series comparison of the volumetric soil moisture estimated by the field scale
CD algorithm against the 2 cm modelled soil moisture from the fitted HYDRUS-1D model, driven
by in-field measurements of potential evaporation (not shown) and rainfall (shown). Also plotted
is the soil moisture at 10 cm as measured by the point probes installed alongside the CRNS sensor.

quickly.
Table 4.5: Performance metrics for field scale GEE CD SM at North Wyke field NW002

Field dr R2 MAD MAPD RMSD Bias, b ubRMSD p

vol.% % vol.% vol.% vol.%

NW002 0.43 0.25 11.93 27.0 14.01 -8.82 10.89 6.6E-16

Comparison of field-scale and 1 km resolution output

To compare the effect of spatial aggregation to field scale and to a 1 km pixel, the
field scale SM estimate was compared to the 1 km SM estimate in all of the selected
fields (Fig. 4.7) at North Wyke. Both sets of data were quantitatively assessed
against the in-field soil moisture probes are presented in Table 4.6. The relative
performance of the field scale estimate compared to the 1 km resolution product
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Figure 4.22: North Wyke field NW002, 2018 scatter plot analysis of the volumetric soil moisture
estimated by the field scale CD algorithm against the 2 cm modelled soil moisture from the fitted
HYDRUS-1D model, with performance metrics shown in the legend.

was of principle interest as there was a possibility that the reduces area of spatial
aggregation for the field scale product would introduce additional random noise
that might not be compensated for by reduced clutter. The second column of
Table 4.6 shows the area within the eroded field boundaries for each field, which
is of the order of 103m2 to 104m2. The area of a nominal 1 km pixel is of the order
of 106m2, which is two to three orders of magnitude larger. The MAD and RMSD
were similar between these two resolutions, and in a few cases significantly lower.
However, the coefficient of determination was slightly lower in all but three fields
where the values are comparable. The field-scale product appears to have a higher
bias but lower random noise (ubRMSD) than the 1 km product. MAD is a better
indicator of the overall performance that a user would experience, so these results
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suggest that there was not any significant penalty in aggregating to field scale for
the North Wyke site.

Table 4.6: Comparison of performance results at field-scale and 1 km grid for S1 SAR derived
surface soil moisture estimates in fields at North Wyke. The reference soil moisture for these
calculations are the measurements of soil moisture from probes in each field. The metrics for
comparison are the improved Willmott index of agreement (dr), the coefficient of determination
(R2), the mean absolute difference (MAD), the mean absolute percentage difference (MAPD), bias
(b) and unbiased RSMD (ubRMSD). The p-value for the regression between the retrieved SM and
the probe values is also shown, in every case these values are very close to zero.

Field Area Spatial Resolution dr R2 MAD MAPD RMSD b ubRMSD p

m2 vol.% % vol.% vol.% vol.%

NW001 8026 Field parcel 0.49 0.7 6.61 19.65 8.37 4.91 6.78 1.69E-45
1 km grid 0.29 0.54 9.19 30.12 10.36 8.99 5.15 6.51E-30

NW002 31315 Field parcel 0.51 0.45 8.36 33.1 9.56 6.53 6.98 5.86E-24
1 km grid 0.27 0.7 12.58 50.17 13.61 12.58 5.19 3.44E-46

NW004 3844 Field parcel 0.44 0.49 9.05 30.87 10.36 6.18 8.31 1.41E-26
1 km grid 0.3 0.58 11.26 42.48 12.54 11.25 5.54 2.39E-34

NW006 28424 Field parcel 0.31 0.12 11.7 48.09 13.9 10.04 9.61 3.15E-6
1 km grid 0.28 0.66 12.22 48.52 13.37 12.22 5.42 1.31E-41

NW009 11945 Field parcel 0.07 0.33 11.44 36.43 13.69 10.78 8.44 1.11E-16
1 km grid -0.07 0.69 13.26 42.71 13.86 13.26 4.03 8.98E-46

NW011 6545 Field parcel 0.24 0.34 8.85 28.5 10.3 7.12 7.44 2.97E-17
1 km grid -0.06 0.83 12.34 39.6 12.8 12.33 3.44 1.59E-67

NW012 5273 Field parcel 0.36 0.43 12.7 55.18 14.59 11.85 8.51 8.01E-23
1 km grid 0.19 0.73 15.93 69.52 16.8 15.92 5.37 5.36E-51

NW013 29552 Field parcel 0.16 0.27 11.27 36.81 13.05 7.22 10.87 3.68E-13
1 km grid 0.07 0.8 12.42 41.56 12.91 12.41 3.56 2.11E-61

NW014 2358 Field parcel 0.41 0.31 7.65 26.65 10.69 6.47 8.51 2.11E-15
1 km grid -0.02 0.65 13.19 46.43 13.82 13.19 4.13 7.06E-41

NW015 2987 Field parcel 0.11 0.13 9.98 30.46 12.1 1.81 11.96 6.34E-7
1 km grid 0.04 0.74 10.7 33.23 11.25 10.69 3.51 3.46E-52

NW016 2695 Field parcel -0.3 0.28 11.88 34.43 14.89 7.65 12.77 4.37E-13
1 km grid -0.11 0.62 9.4 28.25 10.47 9.39 4.63 5.59E-35

NW017 1561 Field parcel 0.24 0.28 13.18 57.24 16.23 6.74 14.76 8.8E-14
1 km grid 0.34 0.59 11.59 47.81 13.16 11.58 6.25 6.66E-35

NW018 1278 Field parcel 0.23 0.29 14.74 65.48 16.95 14.52 8.74 2.32E-14
1 km grid 0.32 0.65 13.08 57.43 14.52 13.08 6.3 1.63E-40

NW019 1749 Field parcel 0.28 0.16 11.85 55.8 14.15 10.97 8.94 7.85E-08
1 km grid 0.09 0.65 14.87 64.79 15.88 14.87 5.57 3.43E-41

NW045 1644 Field parcel 0.25 0.36 11.94 39.91 14.57 9.83 10.75 2.75E-18
1 km grid 0.14 0.62 13.76 48.59 14.74 13.75 5.31 1.13E-37

NW046 10021 Field parcel 0.21 0.4 12.59 40.62 15.34 10.9 10.79 1.68E-20
1 km grid 0.14 0.62 13.76 48.59 14.74 13.75 5.31 1.13E-37
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4.4.3 Field scale product performance by crop stage and tillage
state

The field scale satellite soil moisture estimate was assessed in more detail at the
remaining five test sites: Fincham, Elmsett, Loddington, Spen Farm and Writtle.
At each site, the fields that significantly intersect with the 200 m radius footprint of
the COSMOS-UK CRNS were selected. It was anticipated that the performance of
the change detection algorithm would depend on crop cover and soil roughness.
To evaluate the magnitude of this effect, the study year 2018 was subdivided
into shorter time periods defined by observed crop and tillage activity in each
field, using the evidence from the phenocam images. The UKCEH Land Cover
Plus:Crops data set was also used to confirm any ambiguities in the phenocam
evidence. Four of the sites were observed growing crops that included winter
wheat (or oats), oil-seed rape and potatoes. There were also two fields of grass. At
the last site, Writtle, the grass fields were cut for silage or hay, but at other times
were grazed by sheep. Maps of the field locations at each of the sites are presented
in Appendix 4.A.

The performance metrics, also broken down by field activity, are set out in
tables in Appendix 4.B and summarised here by crop type. Also presented here,
for each field, are time series plots comparing the output of the field scale CD
algorithm to the HYDRUS-1D simulation at 2 cm soil depth. The dates at which
activities related to the crop and tillage state were observed are shown on these
plots by vertical, dashed, green lines. Scatter plots are also shown where linear
regression lines have been added to indicate the trend between the data sets. These
have been sub-divided into sets according to crop stage or field tillage state, and
these are differentiated by colour. For the regression lines the best case is a gradient
of 1 and an offset of zero. A gradient less than this indicates a reduced sensitivity
of the satellite product to soil moisture. Anomalous gradients with large positive
or negative values are, most likely, the result of regression through an insufficient
number of sample points being sampled.

Winter wheat

The time series plots of SM in Fig. 4.23 reveal that the satellite estimate deviated
below the reference SM in the spring and early summer, dipping below 0 vol.% at
times. Outside this period, especially after ploughing, there was better agreement.
The scatter plots of Fig. 4.24 confirm that, during the wheat growing season, there
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was a weak and often negative relationship between the SAR estimate and refer-
ence SM. During the winter dormancy phase, whilst the satellite estimates were
clustered in the expected area, there was insufficient diversity in soil moisture to
comment on the degree of correlation. The period after harvesting showed good
sensitivity to SM, and was maximised when the soil was bare, after ploughing.

Turning to Table 4.7, the worst performance was detected in the growth phase,
with an average mean difference about 19 vol.%. Overall the assessment is that the
capability of the satellite estimate with winter wheat varies from nil in the growth
phase to medium when the soil is bare, but in the latter case the differences is
relatively small at around 6 vol.%. It appears that the bare soil performance is much
better in fields 161407 and 2303484, so this could be the result of poor classification
at the other field between bare soil and winter dormancy. The apparent period of
high performance for the ripening of the crop cannot be relied upon due to the
small number of observations in this class. The average performance all year is
assessed as medium due to the low R2 value.
Table 4.7: Performance metrics for S1 SAR derived surface soil moisture estimates for 4 winter
wheat fields in 2018, relative to the HYDRUS-1D simulation of soil moisture at 2 cm depth at the
appropriate COSMOS-UK site location.

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

All Year 0.26 0.26 9.39 38.86 11.92 -6.89 9.73 1.68E-61 0.74 MEDIUM
Dormant -0.4 0.12 9.16 29.02 10.67 -9.15 5.49 1.52E-08 0.56 NONE
Growth -0.52 0.18 18.82 86.58 20.43 -18.82 7.95 1.81E-09 -0.27 NONE
Ripening 0.69 0.69 2.08 16.42 2.64 -0.13 2.64 5.94E-15 0.9 HIGH
Harvested 0.1 0.19 7.84 37.22 9.04 -7.59 4.91 5.29E-04 0.34 POOR
Bare Soil 0.51 0.21 5.96 25.35 7.12 0.73 7.08 4.63E-18 0.4 MEDIUM
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Figure 4.23: Winter wheat fields: time series plots of estimated soil moisture by the CD field scale
algorithm (black) compared to the HYDRUS-1D simulations at 2 cm depth (red). The dates of
crop and tillage activities are shown as vertical, dotted, green lines. The blue dots represent days of
snow or ice that make the SAR data potentially invalid.
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Figure 4.24: Winter wheat fields: scatter plots and trend lines of estimated soil moisture by the CD
field scale algorithm compared to the HYDRUS-1D simulations at 2 cm depth. The time periods
are restricted to periods between dates of crop and tillage activities shown in different colours as
shown by the key.
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Spring barley

There was only one spring barley field studied, at Loddington, which was under
conservation tillage. The behaviour is very similar to that seen in winter wheat,
with the SAR estimate of soil moisture falling below the expected value in the
spring and early summer (Fig. 4.25a) , but not by quite as much as winter wheat.
This may be due to the later development of the crop, being spring sown. In
this case the field was not ploughed but subject to conservation tillage, which
probably involved some sub-surface de-compaction and direct drilling. This has
had a similar effect to ploughing, but with the mean difference higher at over 9
vol.%. As shown in Fig. 4.25b and Table 4.8 the performance level is relatively good
after tillage.
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Figure 4.25: Spring barley field 1573704 at Loddington

Table 4.8: Performancemetrics for S1 SAR derived surface soil moisture estimates for a spring barley
field, relative to the HYDRUS-1D simulation of soil moisture at 2 cm depth for the COSMOS-UK
site location.

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

All Year 0.58 0.44 8.66 22.52 11.62 -0.62 11.60 4.89E-31 0.87 MEDIUM
Dormant 0.56 0.44 3.43 6.57 4.14 -0.49 4.11 8.75E-11 0.65 MEDIUM
Growth -0.27 0.11 19.10 48.98 20.89 -19.10 8.46 2.94E-02 0.27 POOR
Ripening 0.25 0.58 3.97 15.25 5.24 0.78 5.18 1.56E-03 1.46 MEDIUM
Harvested 0.19 0.09 6.13 21.40 7.83 4.79 6.19 1.28E-01 0.37 NONE

Conservation Tilled 0.49 0.68 9.45 25.23 10.94 8.80 6.50 6.96E-19 0.82 HIGH
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Oil-seed rape

Time series plots for the two oil-seed rape fields that were both located at Elmsett
are shown in Fig. 4.26. By contrast to wheat, this shows that the satellite estimate of
SM is higher than reference SM in the early to mid summer. When the crop ripens,
it drops suddenly to a very low value but recovers a little when the crop is harvested.
After ploughing it is close to the reference SM. These trends are reflected in the
scatter plots and trend lines of Fig. 4.27 and the performance metrics in Table 4.9.
During the growing season, there is strong, slightly negative relationship between
SAR estimated of SM and actual SM. In the winter dormant phase, the small range
of variation in SM prevents the trend being analysed confidently. In this crop, the
period after harvest gave the best sensitivity, but the bare soil period produced
the lowest values of MAD and RMSD being between 4 and 5 vol.% Overall the
performance of the CD algorithm for oil-seed rape is limited, with no capability in
the main growth period of the crop.

Table 4.9: Performance metrics for S1 SAR derived surface soil moisture estimates for 2 oil-seed
rape fields in 2018, relative to the HYDRUS-1D simulation of soil moisture at 2 cm depth at the
appropriate COSMOS-UK site location.

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

All 0.39 0.19 8.60 24.38 9.98 -5.69 8.20 8.21E-23 0.39 LOW
Dormant -0.64 0.02 10.26 23.59 11.03 -10.23 4.12 1.04E-01 0.20 NONE
Growth 0.11 0.38 7.72 26.35 9.31 3.58 8.59 4.25E-11 -0.41 NONE
Ripening -0.92 0.94 7.43 36.09 7.97 -1.76 7.77 4.56E-11 22.30 NONE
Harvested 0.19 0.63 11.56 38.47 12.42 -11.56 4.54 2.69E-09 0.61 LOW
Bare Soil 0.50 0.30 4.22 14.08 5.13 -2.75 4.33 5.88E-10 0.39 MEDIUM

Potatoes

There was only one potato field studied, at Spen Farm. The potato cropwas planted
late relative to the other crops, and the Winter dormant phase appeared to extend
well into May. In this period, the time series (Fig. 4.28a shows there was good
match between the satellite estimate and reference SM, but with negative bias
of around 8.49 vol.% - the apparent soil moisture was consistently lower than
expected. This may have been due to vegetation covering some of the soil, which
may have been weeds or a cover crop. On planting of the potatoes, the proportion
of bare soil was observed on camera to increase, and the apparent soil moisture rose
to the expected level, briefly. Then, as the vegetation canopy grew, the apparent
soil moisture continued to rise above the reference SM level. This may have been
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Figure 4.26: Oil-seed rape fields: time series plots of estimated soil moisture by the CD field scale
algorithm (black) compared to the HYDRUS-1D simulations at 2 cm depth (red). The dates of
crop and tillage activities are shown as vertical, dotted, green lines. The blue dots represent days of
snow or ice that make the SAR data potentially invalid.
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Figure 4.27: Oil-seed rape fields: scatter plots and trend regression lines of estimated soil moisture
by the CD field scale algorithm compared to the HYDRUS-1D simulations at 2 cm depth. The time
periods are restricted to periods between dates of crop and tillage activities in different colours as
shown by the key.



152 CHAPTER 4. FIELD-SCALE SOIL MOISTURE

caused by irrigation, commonly applied to potato crops in dry seasons, such as was
experienced in 2018. After harvesting, with a significant fraction of the soil now
bare, the apparent soil moisture matched very closely the expected level, except
for one dip. As shown in Fig. 4.28b and Table 4.10 the performance level is good
when there was significant bare soil present.
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Figure 4.28: Potato field 1359276 at Spen Farm

Table 4.10: Performance metrics for S1 SAR derived surface soil moisture estimates for a potato
field, relative to the HYDRUS-1D simulation of soil moisture at 2 cm depth for the COSMOS-UK
site location.

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

All Year 0.46 0.02 7.05 30.77 8.51 -0.30 8.50 4.70E-02 0.09 NONE
Dormant -0.37 0.58 8.49 26.16 8.87 -8.49 2.57 1.28E-16 0.82 MEDIUM

Potatoes Planted 0.27 0.06 3.04 15.76 4.02 2.75 2.93 2.59E-01 0.22 NONE
Growth -0.23 0.15 10.93 65.35 11.92 10.90 4.82 2.24E-03 0.17 POOR

Harvested 0.20 0.28 4.02 14.85 5.34 4.02 3.51 6.46E-01 -0.25 NONE
Bare Soil 0.48 0.45 2.25 6.84 3.47 -1.05 3.31 4.63E-08 1.18 HIGH
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Grass

The time series plots of estimated soil moisture for the fields of grass are shown
in Fig. 4.29. The observed behaviours split into two categories; fields 2578949
at Elmsett and 1462873 at Loddington showed no significant movement in soil
moisture that were not reflected in the reference SM data. This suggests that the
grass in these fields was likely to have been grazed all year. The mean difference
for these fields was still significant, at around 8 vol.% in volumetric water content,
due to a consistent offset where the satellite estimate was less than reference SM
(bias of -3.6 vol.%).

The other type of behaviour was seen in fields at Writtle, where there was
seasonal variation in performance due to the grass being grown for cutting for
silage and/or hay. During the winter, dormant phase, the satellite estimate was
close to the expected level. It then started to deviate as the grass grew, akin to
the trend observed in wheat. When the grass was cut, the apparent moisture rose
very significantly and above the expected level. Whilst this positive offset was
maintained through the Summer and into theAutumn, therewas a good correlation
between the apparent and simulated SM. By the early winter the satellite estimate
was in good agreement with the simulated soil moisture at 2 cm. This was reflected
in the regression plots of Fig. 4.30, and in Table 4.11. The grazed periods produced
the best combination of high R2 and sensitivity. The performance level is assessed
as high in these periods. The R2 value was close to zero and p > 0.5 during the
rapid growth phase, so it is reasonable to conclude that the CD algorithm has no
capability in this period.

Table 4.11: Performance metrics for S1 SAR derived surface soil moisture estimates for grass fields
relative to the HYDRUS-1D simulation of soil moisture at 2 cm depth for the COSMOS-UK site
location. 2 fields were grazed all year ("grazed") and 2 were grazed part of the year but the grass
was also grown long and cut for hay or silage ("cut").

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

All Year (cut) 0.57 0.24 10.71 63.50 12.87 4.02 12.23 2.38E-29 0.33 MEDIUM
Dormant (cut) -0.15 0.15 6.86 15.95 9.12 -2.42 8.79 8.13E-06 -0.70 NONE
Growth (cut) -0.60 0.00 15.31 39.97 16.28 -11.65 11.37 5.86E-01 0.20 NONE
Grazed (cut) 0.43 0.56 11.78 95.86 13.71 11.28 7.79 1.45E-47 0.50 HIGH

All Year (grazed) 0.54 0.52 8.12 22.59 9.67 -3.55 8.99 3.43E-76 0.87 HIGH
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Figure 4.29: Fields of grass: time series plots of estimated soil moisture by the CD field scale
algorithm (black) compared to the HYDRUS-1D simulations at 2 cm depth (red). The dates of
crop activities are shown as vertical, dotted, green lines. The blue dots represent days of snow or
ice that make the SAR data invalid.
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(d) Field 1462873 at Loddington

Figure 4.30: Fields of grass: scatter plots and linear regression lines of estimated soil moisture by
the CD field scale algorithm compared to the HYDRUS-1D simulations at 2 cm depth. The time
periods are restricted to periods between dates of crop activities shown in different colours as
shown by the key.
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4.5 Discussion

4.5.1 Implementation of the changedetection algorithm inGoogle
Earth Engine

The study chose to implement the same change detection algorithm that is behind
the published data of the Copernicus SSM product. To reach a depth of under-
standing of the algorithm, and to make the process scalable, Google Earth Engine
was chosen as a platform for development. This threw up some unexpected issues
in the calculation of slope and offset, which demonstrated that the default calcula-
tions performed in GEE and in the Sentinel-1 toolkit, should not be blindly trusted
to be accurate and warrant further investigation. Significant quantisation was
observed in both slope and aspect that might have an impact on the normalisation
process. The study created its own method for creating a smoother slope and
offset calculation that created less quantisation for later use. This was not the only
potential difference in the processing chain compared to the Copernicus product;
the image statistics were calculated separately for ascending and descending orbits,
as the statistics seemed significantly different. The processing was also carried out
at full sensor resolution up until the point of spatial averaging to field scale. The
normalisation of radar backscatter to a fixed angle of LIA using previously pub-
lished methods was found to vary in its effectiveness, based on a very small sample
of test points. This is a potential problems that warrants further investigation in
any future work.

4.5.2 Equivalence of the Google Earth Engine output and
Copernicus SSM

Having implemented the algorithm at sensor resolution the soil moisture esti-
mates were then spatially aggregated to the same, nominal 1 km, pixel grid that
the Copernicus SSM product used. The results of the quantitative comparison
between the two products showed that there was broad equivalence between the
two products in terms of overall noise. The GEE implementation has more bias
but less random noise than the Copernicus product. The cause of this bias is
unknown. Some differences can be expected as there were significant variations
in the method. For example, the published data used the LIA calculation in the
Sentinel-1 Toolbox, which was shown to have observable differences to the chosen
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GEE implementation. The historic data pre-processing used by Copernicus SSM
at time of download did not include the 2019 data. Finally, in the published data,
the spatial averaging was accomplished in two stages, with an intermediate 500 m
resolution being used. Overall the results showed that the GEE implementation
has a similar performance to previously published results in these grass areas.

4.5.3 Progress towards field scale soil moisture estimation

The sensor resolution the soil moisture estimates were spatially aggregated to
field boundaries derived from from the UKCEH Land Cover Plus:Crops data-set.
The boundaries were eroded by 20 m to minimise the impact of field boundaries
themselves in the backscatter statistic, to eliminate as much as possible of the
layover effects of the SAR image from tall hedges, and to mitigate against errors
in the boundary definitions. This was found to work very well in Google Earth
Engine, and it was possible to create time series of soil moisture at the field level.

4.5.4 Filtering as mitigation for higher noise levels at field scale

Both the soil moisture output of the GEE implementation and the published Coper-
nicus SSM product was found to include some periodic noise that appeared to
be orbit related. A review of smoothing filters led to the Savitzky-Golay filter
being adopted, it having a good reputation in the smoothing of optical index data,
which is affected by variable cloud cover. It was found that a third order filter
using a window of 7 measurements could eliminate most of this periodic noise
whilst having a minimal impact on the sensitivity of the technique to rainfall events.
This filter was then used in all analysis, including (where used) to smooth the
Copernicus SSM product. The use of this filter would also mitigate some of the
additional random speckle noise that was expected to be a more significant source
of noise at field Scale compared to 1 km resolution.

4.5.5 Field-scale and 1 km resolution SM compared

A number of fields at the North Wyke site, where in-field soil moisture measure-
ments were available, were used to make the comparisons between the 1 km
products and the field scale product. In this case the soil moisture measurement
was at 10 cm which is much deeper that the SAR can penetrate, but the data is still
reasonable for use for relative comparisons. It was shown that the 1 km product
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produced in GEE was comparable to the 1 km Copernicus SSM product in these
fields. The R2 values were all between 0.5 and 0.8 depending on the field, and
the absolute differences were similar, in the range 8 to 15 vol.%. The comparison
between the 1 km product and field scale did revealed that, in some cases, the field
scale product performed less well in some cases and as well in others. However,
the differences not being so much worse is a good indication that the random noise
increase in averaging over a smaller area is balanced, in many cases, by a stronger
signal. This gave confidence to proceed to the next stage.

4.5.6 Performance of the field-scale SM estimate in arable fields

The study then looked at arable sites and investigated how well the CD algorithm
performed for several arable crops, looking at different stages of the crop devel-
opment and the tillage state of the fields. The results, summarised in Table 4.12,
confirmed earlier hypotheses that the algorithm did not, overall, perform well
for arable fields. The differences that were found were about 20 vol.%, and this
difference occurred at the most critical time for farmers, the time when the crop is
growing fastest in the spring and early summer months. This problem was partic-
ularly severe in winter wheat and oil-seed rape crops when there is no capability
at this time of year. It is likely that the crop canopy is so dense that very little, if
any, of the SAR backscatter signal is actually from the soil. What signal there is
may be more likely to be from the crop itself. By contrast, it was found that a very
good performance could be achieved when the soil was bare, for several months
after ploughing. Mean differences in the range of 4 to 10 vol.% were then possible.
It was interesting to discover that the minimum tillage fields gave a slightly higher
performance in the more challenging periods than traditional tillage, but more
data would be needed to confirm this. Oil-seed rape is also interesting to compare
to wheat; in the high growth period, the wheat fields produced a SAR soil estimate
that was much drier than it should be, whereas for the rape it was higher. This
difference is probably due to the highly ordered structure of the wheat stalks,
which might be causing enhanced scattering in certain directions only, whereas
the more random orientation of the rape might be scattering more diffusely. Potato
crops were found to give a quite good CD soil moisture performance for more
months of the year. It is believed that the method of growing potatoes involved
a significant amount of soil to remain bare, even during the rapid growth stage,
compared to the other crops. The performance of the CD algorithm on grass fields
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was found to be high when the grass was grazed but low if the grass was allowed
to grow tall for cutting.
Table 4.12: Summary of performance levels for field Scale SM estimates from the CD algorithm as
a function of crop type and stage

Crop Type Year Round Winter Dormancy Growth Phase Ripening Post-harvest/Cut Bare Soil

Winter Wheat (Trad. Till) LOW LOW NONE LOW MEDIUM HIGH
Winter Wheat (Min. Till) MEDIUM MEDIUM LOW MEDIUM MEDIUM HIGH

Oil-seed Rape MEDIUM LOW NONE NONE MEDIUM MEDIUM
Grass (Grazed) HIGH

Grass (Harvested) LOW HIGH LOW HIGH
Potatoes LOW HIGH LOW LOW HIGH

Overall, the results demonstrate that C-band Sentinel-1 SAR data, processed by
the change detection algorithm, has no capability to estimate soil moisture in many
crops when the vegetation canopy closes, at a crucial time of crop development
when the information is most valuable to farmers. An alternative strategy must be
found to provide a soil moisture capability during these periods.

4.5.7 Insights

This study set out to explore the potential for creating a field-scale soil moisture
estimate using the change detection algorithm to process SAR backscatter from
ESA’s Sentinel-1 satellites. The change detection algorithm is one of several ap-
proaches to this problem, but one of the first to have regular data published as a
service, due to its ability to operate with minimal a priori information and without
training data. The algorithm is, however, based on several assumptions; the contri-
bution of vegetation follows a slow, seasonal variation that can be minimised by
normalisation to a fixed angle, and that soil surface roughness is approximately
constant. All short-term variations in backscatter are attributed to changes in
soil moisture. These assumptions are demonstrably untrue in the case of arable
agriculture, where anthropogenic intervention causes rapid changes in vegetation
biomass over a scale of days to weeks, and soil roughness can be altered in hours
due to tillage operations. The mitigation of these issue is achieved, to some degree,
by spatial averaging to lower resolution, for example a 1 km product that may
include around ten fields in each pixel. The short-term changes that might occur in
one small area are balanced by the relatively static situation elsewhere in the pixel.
The larger pixels also include many areas that may not be under cultivation, such
as field boundaries, gardens, road verges and similar. However, these areas also
have the potential to add additional noise, especially where they cause enhanced



160 CHAPTER 4. FIELD-SCALE SOIL MOISTURE

or depressed backscatter due to man-made objects or bodies of water. To achieve a
field scale product from the change detection algorithm, it was necessary first to
understand the nature of the problem, where the algorithm could performwell and
where it cannot, and understand the trade-off between increased spatial resolution
and noise levels, both due to random effects and the inclusion or not of scattering
sources in the image.

The results of the study showed that it was feasible to create a field scale SM
product from Sentinel-1 SAR data using the change detection algorithm with only
a small penalty in terms of additional noise. However, the performance of the field
scale product is more dependent on the diversity of the land cover, and this has a
major impact in fields under arable cultivation. There are periods related to the crop
phase when good performance can be achieved, but at other times the product has
no use to the farmer. A solution to resolve this problem should be a focus for future
study. In addition, a number of weaknesses in the change detection algorithm
and into implementation have emerged, in particular the effects of layover and
the potential problems with normalisation of backscatter. There may be other
issues that contribute to a significant periodic noise in the output which should be
investigated.

4.6 Conclusions and recommendations

The main conclusion of this study is that it is feasible to produce a soil moisture
estimate at the field scale from Sentinel-1 C-band SAR by spatial aggregation
to boundaries defined in to publicly available field boundary data sets. It has
been shown to be possible to adapt a change detection algorithm to estimate soil
moisture at the field scale, without incurring a significant noise penalty, provided
that field boundaries are eroded to avoid edges and man-made scattering objects.

The field scale product was shown to suffer from a slightly higher noise level
compared to the 1 km resolution product. However this was smaller than the
periodic noise that was observed at both scales that appeared to be orbit related.
This noise is also seen in published data, but it can be reduced effectively by the
use of a Savitzky-Golay filter. It is suspected that the periodic noise could be the
result of ineffective normalisation of the backscatter data, issues relating to layover
in SAR imagery, geometry effects related to surface roughness or slope, or the
presence of persistent scattering objects in the scene. Though there may be other
issues, these factors require further investigation to mitigate this noise at source, if
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possible.
The performance of the change detection algorithm in arable fields has been

shown to be highly dependent on the stage of the crop and the tillage state of
the field. In particular, the SAR soil moisture estimate is completely unusable
when most crops are at their main growth stage. In operational terms this means
that farmers, for example, cannot use this type of SAR-derived SM product at this
crucial stage of their crops. An alternative approach is needed to provide a better
estimate of SM in this period, one potential solution is investigated in the next
chapter. Another significant finding is that the change detection algorithm does
not always perform as well on grass fields as expected, unless the grass is grazed
short by animals. Grass that is allowed to grow long and is then cut for silage or
hay has some similarity to wheat for losing SM retrieval capability at key growth
stages. It is recommended that means of in-filling periods of poor performance
with more reliable data is key to user acceptance of such a product. For example,
two dimensional interpolation of soil moisture between values of soil moisture
reported for neighbouring fields where performance is much higher, may be of
benefit. Such interpolation techniques could include kriging, or inverse distance
weighting. To enable such an interpolation approach to be implemented, a method
needs to be found to independently assess the crop stage of development, and, in
particular, when a field has bare soil in it. As a minimum this would also allow a
confidence level to be communicated alongside soil moisture estimates.

The output of this study provides a much more detailed understanding of the
performance levels of the change detection algorithm for the estimation of soil
moisture over arable field from Sentinel-1 C-band SAR data. At the very least
this allows users to better understand the limitations of the product, but it also
paves the way to developing new methods for mitigating poor performance and
developing a product that is, eventually, much more usable.
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Appendices

4.A Site field maps

This appendix presents maps of the fields at each of the five COSMOS-UK sites
that were used for the analysis of the field scale product as a function of the crop
stage and tillage state of the fields. The maps show the eroded field boundaries
(defined by the shaded areas) and the crop type as assessed by the UKCEH Land
Cover Plus:Crops 2018 data-set. The fields are labelled by their GID number from
that data-set. The footprint of the COSMOS-UK CRNS sensor is also shown in
each case.

4.A.1 Elmsett

Three fields at the Elmsett site intersect the footprint of the COSMOS-UK CRNS
sensor, as shown in Fig. 4.31. Two of these, 599120 and 445882, were visible in the
phenocam images and were planted with oil-seed rape. A third field, 2578949, was
not visible in the phenocam but was classified as "other crops" - it is speculated
that this was a field of grass in 2018.

Figure 4.31: Fields surrounding the Elmsett site, showing the 200 m footprint (red circle) of the
COSMOS-UK CRNS sensor (black triangle). The surrounding fields are labeled by GID, with
coloured fill defining the eroded field boundaries used for spatial averaging and the crops that
were grown in 2018.
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4.A.2 Fincham

The footprint of the COSMOS-UK CRNS sensor at Fincham overlaps two fields,
161407 and 2303484, that could be observed by the phenocams, as shown in Fig. 4.32.
These were both planted with winter wheat or winter oats and were subjected to
the same management timetable, with there being no more that 1-2 days between
activities, such as ploughing, between them. These fields appeared to be subject
to traditional tillage practices, with the land being ploughed some time after
harvesting, when the soil would have been bare for some weeks or months.

Figure 4.32: Fields surrounding the Fincham site, showing the 200 m footprint (red circle) of the
COSMOS-UK CRNS sensor (black triangle), The surrounding fields are labeled by GID, with
coloured fill defining the eroded field boundaries used for spatial averaging and the crops that
were grown in 2018.
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4.A.3 Loddington

Two fields at Loddington, covered by the footprint of the COSMOS-UK CRNS
sensor, as shown in Fig. 4.33, were visible in the phenocam images. Field 1462873
was a field of grass. Field 1573704 was planted with winter wheat or winter oats
and was under conservation tillage. It was not ploughed in the traditional way
after harvesting, but machinery did pass over the field to loosen the soil and later
to sow seed. These operations which exposed some bare soil, the earlier date has
been taken as a tillage date.

Figure 4.33: Fields surrounding the Loddington site, showing the 200 m footprint (red circle) of
the COSMOS-UK CRNS sensor (black triangle). The surrounding fields are labeled by GID, with
coloured fill defining the eroded field boundaries used for spatial averaging and the crops that
were grown in 2018.
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4.A.4 Spen Farm

Three fields at Spen Farm are covered by the footprint of the COSMOS-UK CRNS
sensor, and could be monitored by phenocam, as shown in Fig. 4.34. Fields 150919
and 1278948 were being used to grow winter wheat or winter oats, whilst field
1359276 was growing potatoes. The latter were planted quite late in the season so
there were more times during the year when this field was of mostly bare soil.

Figure 4.34: Fields surrounding the Spen Farm site, showing the 200 m footprint (red circle) of
the COSMOS-UK CRNS sensor (black triangle). The surrounding fields are labeled by GID, with
coloured fill defining the eroded field boundaries used for spatial averaging and the crops that
were grown in 2018.
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4.A.5 Writtle

Two fields at Writtle, 2637110 and 239399, intersect the footprint of the COSMOS-
UK CRNS sensor, as shown in Fig. 4.35, and were visible in the phenocam images.
Though normally an arable farm, in 2018 both fields were used for grazing by
sheep and a crop of grass was grown and cut in early summer. There were no
periods of bare soil, but extensive periods of short grass where the CD algorithm
should also work well.

Figure 4.35: Fields surrounding the Writtle site, showing the 200 m footprint (red circle) of the
COSMOS-UK CRNS sensor (black triangle). The surrounding fields are labeled by GID, with
coloured fill defining the eroded field boundaries used for spatial averaging and the crops that
were grown in 2018.
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4.B SM performance for individual fields

This appendix presents, by crop type and crop stage, tables of performance metrics
for S1 SAR derived surface soil moisture estimates for individual fields in 2018.
They are calculated relative to the HYDRUS-1D simulation of soil moisture at
2 cm depth at the appropriate COSMOS-UK site location. The metrics are the
Willmott index of agreement (dr), the coefficient of determination (R2), mean
absolute difference (MAD), mean absolute percentage difference (MAPD), root
mean squared difference (RMSD), bias (b), unbiased RMSD (ubRMSD), the p-
value (p < 5.0E−2 indicates statistical significance) and regression slope (S). The
final column of each table is a subjective assessment of how capable the field-scale
satellite SM product is in the retrieval of soil moisture at each crop stage.In these
tables, the individual fields will be referred to by their "GID" number in the UKCEH
Land Cover Plus:Crops data set.

Table 4.13: Performance metrics for winter wheat fields in 2018

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

Field 161407 at Fincham
All 0.14 0.18 9.76 44.90 12.28 -5.48 10.99 1.40E-11 0.75 MEDIUM

Dormant -0.57 0.00 7.71 26.46 9.16 -7.68 4.99 8.92E-01 0.04 NONE
Growth -0.47 0.25 19.42 93.74 21.19 -19.42 8.48 2.81E-04 -0.27 POOR
Ripening -0.95 0.11 2.05 23.77 2.82 -0.25 2.81 3.43E-01 -15.63 NONE
Harvested 0.04 0.33 8.06 38.25 9.19 -8.06 4.42 2.62E-03 0.50 MEDIUM

Bare 0.40 0.70 6.62 33.88 7.35 6.49 3.45 2.64E-20 0.69 HIGH

Field 2303484 at Fincham
ALL 0.15 0.16 9.70 43.58 11.99 -5.05 10.87 4.63E-10 0.67 MEDIUM

Dormant -0.59 0.00 8.15 27.91 9.76 -8.14 5.38 7.36E-01 -0.10 NONE
Growth -0.41 0.44 17.66 82.59 19.67 -17.66 8.66 1.74E-07 -0.33 POOR
Ripening -0.92 0.03 1.28 14.81 1.77 0.16 1.76 6.29E-01 -5.11 NONE
Harvested -0.06 0.08 8.95 42.02 9.94 -8.40 5.31 1.66E-01 0.20 NONE

Bare 0.35 0.68 7.12 36.27 7.88 7.01 3.60 4.79E-19 0.69 HIGH

Field 150919 at Spen Farm
All 0.32 0.39 8.93 33.13 11.62 -8.31 8.12 8.26E-26 0.85 LOW

Dormant -0.59 0.18 10.39 31.02 11.71 -10.39 5.40 3.15E-04 0.97 LOW
Growth -0.60 0.22 19.12 84.38 20.44 -19.12 7.23 1.60E-03 -0.38 POOR
Ripening 0.47 0.50 2.32 14.73 2.80 0.00 2.80 1.62E-03 0.79 HIGH
Harvested 0.55 0.77 3.78 19.99 4.55 -3.78 2.53 1.25E-01 0.58 NONE
Bare Soil 0.58 0.49 4.79 16.18 6.20 -3.62 5.03 2.69E-14 0.66 HIGH

Field 127948 at Spen Farm
ALL 0.30 0.40 9.17 33.86 11.77 -8.70 7.93 7.22E-27 0.85 MEDIUM

Dormant -0.58 0.17 10.14 30.30 11.58 -10.14 5.59 4.45E-04 0.98 LOW
Growth -0.60 0.14 19.19 85.09 20.41 -19.19 6.95 1.30E-02 -0.30 POOR
Ripening 0.47 0.47 2.32 14.73 2.78 -0.36 2.76 2.22E-03 0.73 HIGH
Harvested 0.58 0.75 3.51 18.07 4.39 -3.44 2.73 1.32E-01 0.52 NONE
Bare Soil 0.51 0.45 5.63 18.56 7.12 -4.79 5.27 7.70E-13 0.63 HIGH
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Table 4.14: Performance metrics for oil-seed rape fields in 2018

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

Field 599120 at Elmsett
All 0.40 0.19 8.41 23.90 9.80 -5.37 8.20 5.61E-12 0.38 LOW

Dormant -0.63 0.02 9.98 22.93 10.78 -9.94 4.17 2.17E-01 0.22 NONE
Growth 0.10 0.39 7.82 26.77 9.47 3.79 8.68 2.67E-06 -0.43 NONE
Ripening -0.92 0.94 7.31 35.48 7.90 -1.29 7.79 1.55E-05 22.38 NONE
Harvested 0.22 0.63 11.10 36.95 11.99 -11.10 4.53 4.57E-05 0.63 LOW
Bare Soil 0.52 0.30 4.06 13.62 4.96 -2.37 4.36 2.17E-05 0.37 MEDIUM

Field 445882 at Elmsett
All 0.38 0.19 8.80 24.87 10.16 -6.02 8.18 2.70E-12 0.39 LOW

Dormant -0.65 0.01 10.55 24.25 11.27 -10.52 4.04 2.94E-01 0.18 NONE
Growth 0.12 0.37 7.61 25.93 9.16 3.37 8.52 6.10E-06 -0.40 NONE
Ripening -0.92 0.94 7.55 36.70 8.04 -2.23 7.72 1.44E-05 22.22 NONE
Harvested 0.15 0.64 12.03 39.99 12.85 -12.03 4.52 4.22E-05 0.60 LOW
Bare Soil 0.49 0.32 4.37 14.55 5.30 -3.12 4.28 7.98E-06 0.40 MEDIUM

Table 4.15: Performance metrics for potato fields in 2018.

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

Field 1359276 at Spen Farm
All 0.46 0.02 7.05 30.77 8.51 -0.30 8.50 4.70E-02 0.09 NONE

Dormant -0.37 0.58 8.49 26.16 8.87 -8.49 2.57 1.28E-16 0.82 MEDIUM
Potatoes Planted 0.27 0.06 3.04 15.76 4.02 2.75 2.93 2.59E-01 0.22 NONE

Growth -0.23 0.15 10.93 65.35 11.92 10.90 4.82 2.24E-03 0.17 POOR
Harvested 0.20 0.28 4.02 14.85 5.34 4.02 3.51 6.46E-01 -0.25 NONE
Bare Soil 0.48 0.45 2.25 6.84 3.47 -1.05 3.31 4.63E-08 1.18 HIGH

Table 4.16: Performance metrics for grass fields in 2018.

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

Field 2578949 at Elmsett
All 0.27 0.58 10.29 28.75 11.37 -9.99 5.43 2.05E-44 0.69 MEDIUM

Field 1462873 at Loddington
All 0.71 0.62 6.02 16.64 7.68 2.66 7.20 5.31E-51 0.62 HIGH

Field 2637110 at Writtle
All 0.52 0.12 11.99 74.28 14.21 4.94 13.32 5.21E-08 0.21 LOW

Dormant -0.11 0.09 6.55 15.14 8.57 -3.39 7.87 2.12E-02 -0.47 NONE
Growth -0.61 0.03 15.68 41.22 16.59 -12.87 10.47 3.12E-01 0.49 NONE
Grazed 0.31 0.55 14.10 115.30 15.97 13.70 8.21 1.70E-23 0.40 MEDIUM

Field 239399 at Writtle
All 0.62 0.38 9.44 52.72 11.38 3.10 10.95 1.94E-25 0.46 MEDIUM

Dormant -0.19 0.23 7.17 16.76 9.64 -1.45 9.53 8.03E-05 -0.92 NONE
Growth -0.59 0.00 14.93 38.71 15.97 -10.43 12.09 8.46E-01 -0.10 NONE
Grazed 0.54 0.71 9.46 76.41 11.00 8.87 6.51 2.37E-35 0.60 HIGH
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Table 4.17: Performance metrics for spring barley fields in 2018.

Crop state dr R2 MAD MAPD RMSD b ubRMSD p S Capability
vol.% vol.% % vol.% vol.% vol.%

Field 1573704 at Loddington (conservation tillage)
ALL 0.58 0.44 8.66 22.52 11.62 -0.62 11.60 4.89E-31 0.87 MEDIUM

Dormant 0.56 0.44 3.43 6.57 4.14 -0.49 4.11 8.75E-11 0.65 MEDIUM
Growth -0.27 0.11 19.10 48.98 20.89 -19.10 8.46 2.94E-02 0.27 POOR
Ripening 0.25 0.58 3.97 15.25 5.24 0.78 5.18 1.56E-03 1.46 MEDIUM
Harvested 0.19 0.09 6.13 21.40 7.83 4.79 6.19 1.28E-01 0.37 NONE

Tilled 0.49 0.68 9.45 25.23 10.94 8.80 6.50 6.96E-19 0.82 HIGH



5 Field-scale soil moisture estimation
with Sentinel-1 SAR for cropped
arable land

This chapter, in paper format, describes an approach to retrieve a useful field-scale soil
moisture estimate from Sentinel-1 C-band SAR at times when the vegetation in the field
is growing so rapidly that the radar does not directly measure soil moisture as it cannot
penetrate the canopy. The approach is a two-dimensional interpolation solution, which
gives good results. This plugs a significant gap in the capability for remote sensing of soil
moisture in the main growing season, for the benefit of farmers and agronomists.

Abstract

The change detection method of multi-temporal analysis is often used to estimate
surface soil moisture from Sentinel-1 SAR data. The underlying assumptions - that
vegetation cover and soil surface roughness vary significantly more slowly with time
than soil moisture - are problematic in areas under crop cultivation. These are charac-
terised by seasonal cycles of rapid crop growth, senescence, harvesting and tillage. The
issue becomes more acute when data is processed at the field scale as there is no spatial
averaging to mitigate these effects. Areas where the vegetation cover is persistently
high, are known to exhibit poor sensitivity of SAR backscatter to soil moisture. More
generally, the performance is related to the relative cover fractions of vegetation and
bare soil. We propose a new method based on optical indices derived from Sentinel-2
combined with spectral unmixing to estimate these fractions as time series at field
scale. Combined with knowledge of land use, confidence levels may be assigned to each
field. The soil moisture may then be estimated by two dimensional interpolation using
inverse distance squared weighting across a range of neighbouring fields within a local
zone. During the peak growing season, the mean absolute error in the soil moisture
estimate for wheat fields is significantly reduced, in one example from around 20%
volumetric water content to less than 5%. This will benefit users of such products in
agriculture, for example, in determining soil moisture deficit in the growing season,
for crop modeling, decision support or trafficability assessment.

This paper is intended for publication in a peer-reviewed journal. It is due to be
presented at the EGU General Assembly 19-30 April 2021 as "Improved soil moisture
estimation with Sentinel-1 for arable land at the field scale", by John Beale, Toby Waine,
Ronald Corstanje, Jonathan Evans
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5.1 Introduction

SAR data from satellites, such as ESA’s Sentinel-1, are being exploited to estimate
surface soil moisture at scale, which has potential benefit to farmers, agronomists
and horticulturalists who need to understand the level of soilmoisture (SM) in their
fields (Adeyemi et al., 2017; Molden and James, 2000; Earl, 1997). It has potential
for areas such as the UK which suffer from regular cloud cover, making optical
remote sensing impractical for regular SM monitoring. High spatial resolution,
C-band, 5.4 GHz SAR (Torres et al., 2012) data is now freely available through
the Copernicus Open Access Hub (ESA, 2019). The challenge is that SM is one of
many factors contributing to SAR backscatter, including soil surface roughness
and vegetation.

Change detection (CD) algorithms, exemplified by SMOSAR (Mattia et al.,
2018) and theCopernicus SSMProduct (Hornacek et al., 2012; Bauer-Marschallinger
and Paulik, 2019; Bauer-Marschallinger et al., 2019), use temporal processing with-
out need for extensive a priori information or model training. In assuming that soil
moisture is the main cause of short term changes in SAR backscatter, CD performs
less well over areas of arable cultivation, especially at field-scale (Benbrahim et al.,
2020; Mattia et al., 2020; El Hajj et al., 2018a). These areas are characterised by
short timescale variations in crop biomass and soil surface roughness caused by
crop cycles and tillage operations. In Chapter 4, the errors in CD SM estimation
were found to be up to 20 vol.% in volumetric water content (VWC) during the
main growth period of the crops, but only between 4 and 10 vol.% when the soil
was bare. Such unreliable performance is of limited benefit to agriculture, where a
5 vol.% accuracy is required (Chapter 1). To address this issue, the periods of low
accuracy must first be identified at field-scale, by an automated, unsupervised and
scalable method.

The crop canopy has its own backscatter signal, σ0
veg, and acts as an attenuating

medium for both the microwave beam and backscatter from the soil (Bindlish and
Barros, 2001), such that the received backscatter is approximately given by

σ
0 = σ

0
veg + τ

2
σ

0
soil (5.1)

where τ2 is the vegetation transmission in two directions. Both τ2 and σ0
veg are

functions of themoisture in the canopy, its density and the amount of soil covered by
the vegetation. The periods of low CD accuracy for SM estimation will correspond
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to high values of σ0
veg and/or low values of τ2. Periods of high σ0

veg may be identified
by the Normalised Difference Vegetation Index (NDVI) (Mattia et al., 2020; El Hajj
et al., 2018a), but in Chapter 4 it was found a usable, if degraded, sensitivity to
SM occurring after harvesting, when NDVI would also be low. In these situations
both σ0

veg and τ2 may be low due to a thick layer of crop residue being present.
A three level performance classification is proposed based the relative fractional
land cover of bare soil (BS), photosynthetically active vegetation (PV) and non-
photosynthetically active vegetation (NPV).

Tomitigate periods of low accuracy, crop rotation, typical ofmost arable systems
of farming, offers an opportunity. Patchwork distributions of fields of different
crops are commonly observed within relatively small areas. Levels of CD SM
uncertainty will vary across an area on any given date, opening up the potential to
interpolate values spatially, weighting higher confidence estimates more heavily.

The aim of this studywas to demonstrate an improvement in the accuracy of SM
estimation from Sentinel-1 SAR by correcting for the influence of crop cover and
anthropogenic change and identify a route to scale this to UK national coverage.
We propose a newmethod of applying the change detection algorithm at field-scale
that is effective for arable crops at all times of year, and lay foundations for future
enhancements or mitigation measures to improve the usefulness of soil moisture
data for end users.

5.2 Materials and methods

The key feature of the proposed new method is to use spatial interpolation to
improve the accuracy of field-scale satellite soil moisture retrieval when the per-
formance of the change detection algorithm is poor, as dictated by the growth
stage of the crops. Ordinary kriging has a reputation for giving good results in
spatial interpolation and is based on weightings derived by by prior observations
of co-variances, usually by computing semi-variograms - in this case of soil mois-
ture with distance. This would typically be base on the statistical analysis of high
resolution rasterised data. However, the field-scale implementation of the CD
algorithm produced one SM value per field parcel, distributed in an irregular
pattern. This would generate insufficient data-points within the expected scale of
the factors that effect soil moisture (soil texture, aspect and rainfall) to construct a
usable semi-variogram, leading to large potential uncertainty. For this reason, the
simpler method of inverse distance weighting was selected, as it could be applied
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simply and effectively to sparse data that is not on a regular grid.
The method is summarised in the flow chart of Fig. 5.1. The boxes edged in

black were pre-processing steps that were carried out once, to calculate eroded
field boundaries, field centroid locations and the distances between all fields in
the area of interest. This task would need to be repeated after an update in the
field boundary information. The red-edged boxes identify the following steps that
were carried out for each Sentinel-1 SAR image date. Starting on the left, with the
Sentinel-1 backscatter data, the CD algorithm was used to estimate the relative soil
moisture index (SMI) at field-scale within a 3 km processing region around each
test site. This was scaled to volumetric SM by application the van Genuchtenmodel
parameters θS and θR as wet and dry references, following the recommendation
of Chapter 3. These reference values had been calculated for each COSMOS-UK
site as part of the HYDRUS1-D model fitting in Chapter 3, but, in general, could
have been obtained from a soil hydraulics properties database, such as LANDIS
Horizon (Cranfield University, 2021). On the right of the flow chart, Sentinel-2
data was used to classify every field into one of three categories by the expected
level of accuracy of the CD SM estimate. This a method will be described, in detail,
below. The confidence level and the field centroid separation distances were then
used to calculate, for each field, an improved SM estimate by Inverse Distance and
Confidence Weighting (IDCW).

For analysis, a subset of fields were selected to represent a diversity of crops for
which to compare the relative performance of CD SMestimatewith andwithout the
IDCW spatial interpolation. The remainder of this section explores the proposed
method in more detail, including all data sources used and the test sites used to
assess the effectiveness of the proposed solution.

5.2.1 Study sites and time period

Five test sites were selected, as shown in the map of Fig. 5.2, where the soil
hydraulic parameters and 2 cm soilmoisture profiles for 2018were already available
from earlier work (Chapter 4, (Beale et al., 2021)). The sites are all subject to
arable farming, and are part the COSMOS-UK network (Evans et al., 2016) of
SM monitoring stations operated by the UK Centre for Ecology and Hydrology
(UKCEH).

The choice of 3 km as the spatial extent of the IDCW interpolation was to limit
the interpolation to a distance within which soil moisture is likely to be correlated.
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Figure 5.1: Flowchart of the implementation of Inverse Distance and ConfidenceWeighting (IDCW)
spatial interpolation function to derive an more reliable estimate of soil moisture SMx for field
x through the change detection algorithm from Sentinel-1 data. The data sources are shown in
the circles. The boxes edged in black are steps that need to performed just once per season, the
red edged boxes are time series steps that must be performed at each S1 measurement date. The
pink-shaded boxes are tasks performed in@, all others used Google Earth Engine. n is the total
number of fields i that contribute to the IDCW interpolation. Cover fraction abbreviations are: BS -
Bare Soil, PV - photosynthetically active vegetation, NPV - non-photosynthetically active vegetation.
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The limiting factors are soil texture, rainfall, and potential evapotranspiration. To-
pography would also be a factor in some areas, but the study sites all had low relief,
which is typical or arable farming in England. Published semi-variograms char-
acterising the spatial auto-correlation of soil texture indicated ranges that varied
widely from approximately 100 m for a hilly area in Austria (Delbari et al., 2011) to
over 13 km in the plains of Oklahoma (Dong and Ochsner, 2018). Other studies in
various parts of the World (Paterson et al., 2018; Mondejar and Tongco, 2019; Del-
bari et al., 2019) report ranges between 600 m and 10 km. The pattern within these
results is not unexpected; soil texture is correlated over longer distances in low
relief areas typical of arable agriculture. Studies of the spatial auto-correlation of
rainfall (Jewell and Gaussiat, 2015; Schuurmans et al., 2007; Ly et al., 2011) reported
a large diversity of ranges from under 10 km to several hundreds of kilometers.
Potential evapotranspiration is likely to have a similar or greater range as rainfall,
as it is also a function of weather patterns, though no specific data could be found.
For the sites in this study it was assumed that soil texture, rainfall and potential
evapotranspiration would be correlated within 3 km.

The circular zone of 3 km radius from the COSMOS-UK station included the
centroids of over 100 fields at each test site, as shown in Table 5.1). All the main
arable crop types grown in the UK were represented. For purposes of selection
and interpolation, the field locations were described by their centroid co-ordinates.
Fields whose centroids were close to 3 km from the COSMOS-UK site extended
beyond this range, so an outer limit of 5 km radius was set for the processing of

Figure 5.2: Locations of the sites selected for this study
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Sentinel-1 and Sentinel-2 data.
Between 8 and 10 fields were identified at each test site to test the benefit of

IDCW for a diversity of crops. They were chosen for proximity to the COSMOS-UK
location so that the soil hydraulic parameters and 2 cm soil moisture profiles from
earlier work (Chapter 4, (Beale et al., 2021)) would be valid. Details of the crops
grown in these fields are listed in Table 5.1. Maps showing their locations and
some of the fields included in the IDCW are provided in Appendix 5.A.

The calendar year of 2018 was selected as the period of the study because, in
that year, the UK experienced a very cold and wet spring followed by a prolonged
heatwave and drought. This meant that the soil moisture would vary more widely
between the historically-observed wettest and driest conditions. For example, the
range of SM at Writtle was from 9 vol.% to 48 vol.%, a large change of 39 vol.%
over the year.

Table 5.1: Crop details within the 3 km interpolation zone at each of the sites selected for this study.
n is the total number of fields used for IDCW, x is the number of test case fields. Data is derived
from the UKCEH land Cover Plus:crops data-set, which does not separately identify grass that is
permanently grazed from that that is allowed to grow to be cut as a crop. The latter fields at Writtle
were identified visually from phenocam images, at Fincham and Spen Farm they were identified
by the time profile of the cover fraction of photosynthetically active vegetation (PV).

Site name Elmsett Fincham Loddington Spen Farm Writtle Total

Crop n x n x n x n x n x n x

Oil-seed rape 11 2 9 1 3 1 13 1 3 0 39 5
Winter wheat 34 2 27 2 10 2 25 2 41 2 137 10
Spring wheat 13 0 2 1 2 1 8 0 2 1 27 3
Winter barley 8 0 6 0 14 1 7 1 9 1 44 3
Spring barley 4 1 13 1 3 1 12 1 2 0 34 4
Field Beans 4 0 3 0 65 1 5 0 11 2 88 3
Potatoes 0 0 1 1 0 0 5 1 0 0 6 2
Maize 0 0 8 2 21 0 1 0 0 0 30 2
Beet, Sugar/Feed 8 1 12 1 8 0 2 0 0 0 30 2
Cut/Ley grass - 0 - 1 - 0 - 2 - 3 - 6
Permanently grazed grass 23 2 24 0 6 2 31 1 50 0 134 5
Other 7 0 6 0 0 0 11 0 1 0 25 0

Total 112 8 111 10 132 9 120 9 119 9 594 45

5.2.2 Data

Field scale SAR-derived soil moisture

For the 5 km processing zone at each test site, all available C-band Sentinel-1 (S1)
(Torres et al., 2012) Ground Range Detected (GRD Level 1 Interferometric Wide
Swath (IW) were obtained for 2018. The VV backscatter images were processed at
sensor resolution using a Change Detection (CD) algorithm (Bauer-Marschallinger
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and Paulik, 2019; Bauer-Marschallinger et al., 2019) implemented on the Google
Earth Engine (GEE) platform(Gorelick et al., 2017). The resulting relative SM
(soil moisture index) was then scaled to volumetric SM by application the van
Genuchten model parameters θS and θR as wet and dry references, following the
recommendation of Chapter 3. These reference values had been calculated for each
COSMOS-UK site as part of the HYDRUS1-D model fitting in Chapter 3, but, in
general, could have been obtained from a soil hydraulics properties database, such
as LANDIS Horizon (Cranfield University, 2021). The rasterised data of estimated
surface soil moisture was aggregated to eroded field parcel boundaries to obtain a
time series of estimated soil moisture for each field in the 3 km region of interest at
each site. Smoothing was applied using a Savitzky-Golay filter of the third order
with a window of 7 observations, to reduce the orbit-related and random noise on
the data. This method was described in detail in Chapter 4.

Field boundaries and crop information

The UKCEH Land Cover Plus:Crops 2018 (Morton et al., 2020) (LCPC) data-set
was used to define field boundaries surrounding the study sites. This data included
crop information assessed retrospectively for 2018. The shape-file data was clipped
in spatial extent to include only fields within 5 km of the COSMOS-UK station. The
field boundaries were eroded by 20 metres to ensure that field margins, hedges
and buildings would be excluded, as far as possible, from the SM estimates. The
centroid of each field was calculated and those fields whose centroids were within
the 3 km region of interest were retained for analysis.

Modelled soil moisture at 2 cm depth

The prime SM sensor at each site is a Cosmic Ray Neutron Sensor (CRNS) (An-
dreasen et al., 2017) with a measurement footprint of approximately 200 metres in
diameter (Köhli et al., 2015). The average sensitivity depth of 10 cm (Beale et al.,
2021) does not match the SAR penetration depth of around 2 cm. By the method
developed in Chapter 3 (Beale et al., 2021) the HYDRUS-1D model was fitted
to CRNS data at each of the test sites and used to generate a 2 cm soil moisture
time series for the purpose of validation of the interpolated soil moisture. On-site
measurements of potential evapotranspiration and rainfall, and estimates of Leaf
Area Index from MODIS (MCD15A3H V6 level 4) (Myneni et al., 2015) were also
used as inputs to the HYDRUS-1D model.
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5.2.3 Field-scale confidence level classification

The level of confidence in the performance of the CD algorithm (based on expected
uncertainty) is important to understand whether the SM estimate is of value to
the end user. It was also to be used as a weighting factor in the IDCW spatial
interpolation. The automated process of classifying each field by confidence on
each measurement date is represented by the three boxes on the right of Fig. 5.1.
These will be described below.

Collecting field-scale vegetation indices

Vegetation spectral indices, derived from Sentinel-2 data, were used to estimate the
cover fractions of PV, NPV and BS. Following the recommendation of Daughtry
et al. (Daughtry et al., 2005), a combination of Normalised Difference Vegetation
Index (NDVI) and Cellulose Absorption Index (CAI) (Nagler et al., 2003) was
used. NDVIwas calculated from from Sentinel-2 bands B4 (red) and band B8 (near-
infrared, NIR) in Google Earth Engine (GEE) using built-in functions according to
Eqn. 5.2;

NDV I =
(NIR− red)
(NIR+ red)

=
(B8−B4)
(B8+B4)

(5.2)

CAI could not be obtained from Sentinel-2 data, it being a narrow band, hy-
perspectral index originally calculated from three SWIR bands of the AVIRIS
instrument (Nagler et al., 2003), This is shown in Eqn. 5.3 where R2.0, R2.1, and R2.2

are the AVIRIS reflectance bands at 2.00 – 2.05 µm, 2.08 – 2.13 µm, and 2.19 – 2.24
µm, respectively:

CAI = 0.5(R2.0 +R2.2)−R2.1 (5.3)

A surrogate of CAI (Guerschman et al., 2009) proposed for calculation with
MODIS spectral bands was recently extended to Sentinel-2 spectral bands(Solano-
Correa et al., 2019) as defined by Eqn. 5.4.

CAI∗ =
B12
B11

(5.4)

Sentinel-2 Level 2 MSI instrument data was obtained for every acquisition
date in 2018. The images were filtered to select only those that, according to the
the accompanying metadata, contained fewer than 25% cloudy pixels to reduce
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the potential impact of cloud on the calculation of the indices. At each pixel, the
value of NDV I and CAI∗ were calculated, then averaged within each of the field
boundaries, to produce a field-scale NDVI and CAI time series. The time series
data was noisy due to some cloud-affected pixels remaining after the initial filtering.
The data was smoothed using a Savitzky-Golay filter (Savitzky and Golay, 1964)
of 3rd order with a window size of 7. The NDVI and CAI time series were then
aligned to Sentinel-1 image acquisition dates by linear interpolation.

Estimating the fractions of BS, NPV and PV

When CAI is plotted against NDVI for a large number of observations, the points
are distributed within triangular envelope (Fig. 5.3). The vertices of the triangle
represent 100% cover of BS, NPV and PV. By analogy to multispectral spectral
analysis, the values of NDVI and CAI can be considered as the intensity of spectral
lines, and the triangle vertices as class end-members. For any measured combi-
nation of NDVI and CAI, the values of PV, NPV and BS may be estimated by a
spectral unmixing technique. The principle of the triangular space method (Yue
and Tian, 2020), is illustrated in Fig. 5.3.

Figure 5.3: Triangle Space Method for estimating BS, PV and NPV from measurements of NDVI
and CAI, adapted from Yue and Tian (2020).

End-member values of NDVI and CAI were derived empirically for the whole
of 2018 at each of the five test sites. The process involved producing scatter-plots
of CAI versus NDVI including measurements from every field in the 3 km search
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area. For each site, a triangle was drawn on the plot, manually, to enclose the vast
majority of points. A few outliers were tolerated due to noise in the data. The
intersections of the lines defined the spectral end-members for 100% BS, 100% PV
and 100% NPV. Little variability was found in their values between adjacent fields
within a local area, but there were differences between sites, which may be due
to differences in soil spectral properties. The triangle plots for the five sites are
shown in Fig. 5.4 and the spectral end-members are listed in Table 5.2.

Table 5.2: End-members in terms of NDVI and CAI for cover fractions of Bare Soil (BS), non-
photosynthetically active vegetation (NPV) and photosynthetically active vegetation (PV).

BS NPV PV

Site NDVI CAI NDVI CAI NDVI CAI

Fincham 0.03 0.60 0.11 0.92 0.93 0.35

Elmsett 0.16 0.57 0.02 0.92 0.97 0.36

Loddington 0.05 0.62 0.10 0.81 1.00 0.32

Spen Farm 0.00 0.58 0.00 1.00 0.90 0.37

Writtle 0.00 0.59 0.12 0.91 1.00 0.35

The processing up to the point of collecting vegetation indices had been accom-
plished in Google Earth Engine. However, this part of the process, and all later
stages of analysis were carried out in@ (R Core Team, 2019) to take advantage
of existing packages. These included readxl (Wickham and Bryan, 2019), dplyr
(Wickham et al., 2020) and raster (Hijmans, 2020) for data manipulation and
the mesma function of the RSToolbox package (Leutner et al., 2019) for spectral
unmixing. The latter outputted relative values of cover fractions, which were
normalised to ensure that BS+NPV +PV = 1.

Classification scheme

The final stage was to classify each field on each Sentinel-2 measurement date into
one of three levels confidence, c, in the CD SM retrieval according to the scheme
shown in Table 5.3.

5.2.4 Spatial interpolation algorithm

The proposed inverse distance and confidence (IDCW)method of spatial interpola-
tion algorithm is a natural extension of inverse distance weighting (Shepard, 1968).
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(a) Fincham

(b) Elmsett (c) Loddington

(d) Spen Farm (e)Writtle

Figure 5.4: Scatter plots of CAI* vs. NDVI for every field in 3 km search area for every valid
Sentinel-2 measurement date. Showing the land cover fraction triangles and spectral end-members
estimated for 100% BS, PV and NPV.
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Table 5.3: Three level classification scheme for expected confidence in the CD SAR soil moisture
estimate, expressed as cover fractions of Bare Soil (BS), non-photosynthetically active vegetation
(NPV) and photosynthetically active vegetation (PV). The final column shows how the conditions
are combined.

Class, c Confidence Level BS NPV PV Logic

1 HIGH > 0.6 < 0.2 < 0.3 AND

2 MEDIUM > 0.4 < 0.2 < 0.5 AND

3 LOW 6 0.4 > 0.2 > 0.5 OR

This was selected for ease of implementation and for ease of inclusion of additional
weighting terms related to the degree of confidence in the satellite-derived soil
moisture estimate. The proposed calculation for IDCW is given by Eqn. 5.5:

SMx =
∑

n
i=1

SMi
|di→x|p∗c

q
i

∑
n
i=1

1
|di→x|p∗c

q
i

(5.5)

where SMx is the IDCW estimate of soil moisture for the field x being analysed, SMi

is the satellite estimate of soil moisture at a neighbouring field i (see section 5.2.2),
di→x is the great circle distance separating their centroids (in metres) and ci is the
confidence level for the field, i (see section 5.2.3). p = 2 is a factor that ensures that
fields close to x are weighted significantly higher, to compensate for the number of
fields available for IDCW increasingwith range. For two-dimensional interpolation
the minimum value of p is 2, as used in this study. In areas where SM correlation
over a distance might be low, such as in a high relief area, the value of p could be
increased. Parameter qmay be used to increase the relative impact of the confidence
level on the weighting. This was also set to 2, but finding an optimum value could
be explored in future work.

Figure 5.5 illustrates the process on 1st July 2018 for the Fincham study site. The
fields used to test the IDCW process are edged in black, with one example labelled
x. Another is labelled i, being one of the fields being used for IDCW interpolation.
The distance between the field centroids is shown by the black double-ended arrow,
di→x, as used in Eqn. 5.5. The figure also shows the confidence levels on that date,
c, by the colour of the round symbols at the field centroid locations.
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Figure 5.5: Illustration of the eroded field boundaries with the associated crops and CD soil
moisture retrieval confidence levels. Also showing the locations of the field centroids used for
distance calculations in the spatial interpolation of soil moisture by IDCW. The confidence levels
shown are as assessed by land cover fractions on 1st July 2018.

5.2.5 Method of performance assessment

The performance was compared of the field-scale SM estimates before and after
IDCW at each of the five test sites. These soil moisture estimates, E, were anal-
ysed with respect to reference soil moisture data, R, which were the 2 cm soil
moisture predictions derived from them by the HYDRUS-1D Model. Quantita-
tive comparisons were made through scatter plots and a number of statistical
measures commonly used for the assessment of retrieved soil moisture, similar
to the approach of van der Velde et al. (2015), Eweys et al. (2017) and El Hajj
et al. (2018b). These comprised the coefficient of determination, R2 (Eqn. 5.6), and
Mean Absolute Difference (MAD) (Eqn. 5.7), Mean Percentage Difference MAPD

(Eqn. 5.8), Root Mean Squared Difference RMSD (Eqn. 5.9), bias, b (Eqn. 5.10)
and unbiased RMSD, ubRMSD (Eqn. 5.11). An improvement in performance as a
result of IDCW would result in an increase in the coefficient of determination, R2

(Eqn. 5.6), and/or a decrease in mean absolute error, MAD (Eqn. 5.7). Qualitative
comparisons of SM estimates before and after IDCW were made by plotting time
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series of the SM estimates against the 2 cm soil moisture simulation, at each site.
In some analyses the slope of the best-fit linear trend line through the scatter plot
was used as measure of sensitivity of the algorithm to soil moisture. The ideal
sensitivity value is represented by a slope of 1. To test for statistical significance the
p-value at 95% confidence intervals was calculated using the two-tailed Student’s
t-distribution, with the value of t calculated by dividing the regression slope by its
standard error.

R2 =

n

∑
i=1

(Ei− Ēi)
2

n

∑
i=1

(Ri− R̄i)
2

(5.6)

MAD =

n

∑
i=1
|Ei−Ri|

n
(5.7)

MAPD =
100
n
∗

n

∑
i=1

|Ei−Ri|
Ri

(5.8)

RMSD =

√√√√√ n

∑
i=1

(Ei−Ri)
2

n
(5.9)

b =

n

∑
i=1

(Ei−Ri)

n
(5.10)

ubRMSD =
√

RMSD2−b2 (5.11)

5.3 Results

5.3.1 Unsupervised classification of fields by confidence in the
SAR SM estimate

Using the example of one of thewinter wheat fields at Fincham, Figure. 5.6 presents
time series plots of the results of the classification process described in Section 5.2.3
(dotted line) and its intermediate estimations of cover fractions of bare soil (BS),
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Figure 5.6: Cover fraction and confidence level time series for winter wheat field (GID: 2303484) at
Fincham in 2018.

non-photosynthetically active vegetation (NPV) and photosynthetically active
vegetation (PV). To test the validity of the classification, the dates on which the
confidence level changed were compared to the dates of crop and field activities
that had been determined (as reported in Chapter 4 by visual examination of daily
COSMOS-UK site camera (phenocam) images.

Table 5.4 shows that the classification process has correctly identified the dates
of several events to within a few days accuracy, even including the onset of cold
weather accompanied by snow and ice in March 2018. The harvesting of the crop
is anticipated perhaps too early, accompanied by a rapid change from low to high
confidence. The early date may be a result of extremely dry conditions immediately
before harvest, and the move to high confidence suggests that the harvesting pro-
cess revealed more bare soil than would normally be expected. Similar agreement
was found at the other locations. It was concluded that the classification process
was working well enough within the limitations of the temporal resolution of
cloud-free imagery from the Sentinel-2 satellite.
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5.3.2 Benefits of IDCW in periods of low confidence

The analysis initially combined the results for all 45 fields in this study, then
combined fields of the same crop type. The grass fields were split into two groups
after different behaviours were observed, confirmed by ground observations of
field activity. In some fields the grass was allowed to grow long in the spring and
then cut for hay or silage, which was designated "cut grass" which includes ley
grass. In other grass fields there was regular grazing which kept the grass relatively
short all year. The analysis was further sub-divided into time periods defined by
the confidence level of the test fields. These are fully listed in Appendix 5.B, but
are presented here grouped into three periods; low confidence only, low and
medium confidence and low, medium and high confidence (the whole year).
To better highlight the differences between crops, changes in R2, MAD, bias (b)
and ubRMSD after use of IDCW are shown as bar charts in Fig. 5.7. The study
aimed to demonstrate beneficial impacts for IDCW at least in the low confidence
period. It can be seen that the R2 value increases for all crops and periods except for
spring wheat and permanently grazed grass. The measurements of error, MAD and
ubRMSD show similar improvements with the same exceptions. Bias shows amixed
picture, with an overall improvement, but a number of crops where additional bias
is introduced (spring wheat, oil-seed rape, beet and grass). Success against these
criteria is summarised in Table 5.5.

Where the IDCW process was of most benefit was during the peak of the crop

Table 5.4: Comparing dates of crop and tillage events as observed in the COSMOS-UK phenocams
with dates of transition between confidence levels calculated by the unsupervised classification
process

Phenocam Observations Classification Algorithm

Date Activity Date Confidence Level Change

1-Jan-18 Dormant winter conditions 1-Jan-18 MEDIUM

21-Jan-18 Snow Events start 23-Jan-18 MEDIUM→ LOW

17-Feb-18 LOW→MEDIUM

18-Apr-18 Rapid growth starts 30-Apr-18 MEDIUM→ LOW

10-Jul-18 Ripening 8-Jul-18 LOW→MEDIUM

16-Jul-18 MEDIUM→ HIGH

27-Jul-18 Harvesting

6-Sep-18 Ploughing
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(a) Change in the coefficient of determination, R2

(b) Change in the mean absolute difference, MAD, in volumetric water content (vol.%)
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(c) Change in the magnitude of bias, |b|, in volumetric water content (vol.%)

(d) Change in the unbiased RMSD, ubRMSD, in volumetric water content (vol.%)

Figure 5.7: Impact of IDCW on performance of SAR-derived SM in 2018 broken down by crop type.
The crop codes are: ALL - all crops, WW - winter wheat, SW - Spring wheat, OR - oil-seed rape,
WB - winter barley, SB -spring barley, FB - field beans, PO - potatoes, BE - beet, GRL - cut/ley grass
and GR - grass (permanently grazed). R2 and MAE were calculated over the low confidence period
(green bars), over the low plus medium confidence periods (yellow bars), and over the whole year
(grey bars).
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Table 5.5: Summary of findings, by crop type, of the benefits of Inverse Distance and Confidence
Weighting (IDCW) to the accuracy of SAR-derived surface soil moisture estimates by the change
detection algorithm at field scale.

Period of confidence level:

Crop All Year Low Low/Medium Headline

All N N N

Oil-Seed Rape N � N MAE down from 7.42 vol.% to 6.01 vol.% over the whole year

Winter Wheat N NN NN For LOW confidence MAE down from 16.1 vol.% to 7.39 vol.%

Spring Wheat � O O Reduction in R2

Winter Barley N NN NN MAE down from 20.5 vol.% to 10 vol.% in low conf.

Spring Barley N N N R2 up from 0.39 to 0.53 in low conf.

Field Beans � � � No benefit

Potatoes NN NN NN MAE down from 15 vol.% to 4.7 vol.% in low conf.

Maize NN NN NN MAE down from 11.5 vol.% to 4.5 vol.% in low conf.

Beet N N NN R2 up from 0.09 to 0.62 in low conf.

Cut/Ley Grass � N N MAE down from 10 vol.% to 8 vol.% in low conf.

Permanently Grazed Grass � � � No benefit

NN = Large benefit, N = Small benefit, � = No benefit, O = Small disbenefit.

growing season (see Fig. 5.8). The non-IDCW SM estimate had deviated from
the reference SM in the period, the onset and duration of which varied by crop.
The direction of the deviation also differed, with three types of behaviour seen.
The SAR SM estimate rose in absolute terms (despite falling soil moisture) for
oil-seed rape (Fig. 5.8a), potatoes (Fig. 5.8b), maize and beet. For cereals, such as
winter wheat (Fig. 5.8c), winter and spring barley, the opposite was seen; the SAR
estimate dropped to very low, or negative values, well below realistic SM values.
This was also seen in cut/ley grass and in one field of spring wheat. Finally, for
field beans (Fig. 5.8d), grass that was grazed and the remaining fields of spring
wheat, the SAR SM followed the trend in reference SM but appeared to dry much
more slowly.

Further detailed analysis results are contained in the appendices. Appendix 5.B
presents more detailed results by crop type, including the performance impacts in
the high andmedium confidence periods. Further example time series are included,
one for each crop, This appendix also includes, for each crop, an array of scatter
plots of Sentinel-1 SAR derived soil moisture (with and without IDCW) versus the
modelled soil moisture at 2 cm depth using HYDRUS-1D. These are repeated by
periods ofHIGH,MEDIUM, LOWandALL confidence levels. Appendix 5.C breaks
down the results even further to individual field parcels, in Tables 5.20 to 5.28.
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(a) Oil-seed rape field 694503 at Loddington
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(b) Potato field 572608 at Fincham
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(c) Winter wheat field 161407 at Fincham
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(d) Field beans crop in field 347608 at Writtle

Figure 5.8: Example time series of field-scale SAR-derived surface soil moisture (red lines) for four
fields in 2018, contrasting the nature of the deviations seen in the growing season compared to the
ground SM simulation (black lines). The green lines show the result of IDCW interpolation.
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5.4 Discussion

The overall aim of this study was to develop a better understanding of the capa-
bilities of the CD algorithm for estimating surface soil moisture from Sentinel-1
C-band data in agricultural areas and to lay foundations for future enhancements or
mitigation measures to improve the usefulness of the data for end users. Progress
against the specific objectives will now be considered.

5.4.1 Unsupervised classification of fields according to
confidence in the SAR SM estimate

To this aim the classification scheme described in Section 5.2.3 was implemented,
fulfilling the need to assign, without supervision, a level of confidence in the SAR-
derived SM estimate for each field on every date of Sentinel-1 image acquisition.
This novel, remote sensing method utilised multispectral data from the Sentinel-2
satellite to derive two spectral vegetation indices that could be used withing the
triangular space method to determine the relative cover fractions of bare soil and
of photosynthetically active and inactive vegetation, by spectral unmixing. A three-
level classification scheme was developed, to assign a confidence level to each field
on each SAR image date, which would describe the expected reliability of the SAR
soil moisture estimate by the change detection algorithm. It was found that the
change in confidence level was consistent, within a few days, with the observations
of crop stage and tillage events on the ground. Demonstrating a proposed method
to define periods of low confidence in the CD SM estimate, in a scalable and
unsupervised way, is a key contribution of this study towards improving the
overall usefulness of SAR-derived SM products. The dates that bound phases of
poor performance will be critical to the deployment of any mitigation measures.

There are a number of potential improvements that should be investigated in
future studies. For example, in the spectral unmixing process the end-members of
each cover type were determined empirically on the assumption that these values
would be a function only of soil texture and, therefore, only site-specific. The
factors determining the end-member values should be further investigated so that
they can be automatically and accurately determined. The threshold levels for
cover fractions in the classification scheme were also preliminary choices, and fine
tuning of these may produce better results.

It is recognised that a major disadvantage of using any optical satellite for
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time series processing is that large gaps in the record will occur due to images
affected by cloud cover in areas such as the United Kingdom. This means that
there may be a delay between, for example, a tillage event and this being picked up
by the classification process. Smoothing or interpolation can reduce the temporal
inaccuracy, as was used in this study, but future work should examine classifying
the fields by using the SAR data itself. The ratio of cross-polarised backscatter to
co-polarised backscatter (Vreugdenhil et al., 2020; Vavlas et al., 2020) is known
to be sensitive to vegetation biomass, and there are various vegetation indices
(Szigarski et al., 2018) proposed for SAR systems that could also be investigated.

5.4.2 Inverse distance and confidence weighting to improve the
accuracy of SAR SM estimation

An IDCW solution was successfully implemented as a mitigation measure to
provide a more accurate soil moisture estimate in low confidence periods. Given
the extent of crop rotation and heterogeneity in arable farming areas in the United
Kingdom, there was a good prospect of finding neighbouring fields that would,
on any particular date, have a higher confidence of providing a good soil moisture
estimate. IDCW is an extension of two dimensional spatial interpolation that was
attractive because of its simplicity, and its ability to easily incorporate an addition
weighting factor related to the level of confidence in each of the field in the search
area. Other approaches, such as this based on kriging (Zhang et al., 2017) or
linear mixed effects modelling (Cafarelli et al., 2015) could have been used and
should be investigated in future. In using IDCW an assumption was made that
the rainfall, soil texture and potential evapotranspiration would be correlated over
an area of approximately 3 km. This assumption probably is reasonable in many
agricultural areas, but there may be areas such as fertile valleys, where significant
heterogeneity exists in all of these factors, plus slope may also have an impact.
Spatial interpolation may still be a solution in these areas, but may require a more
sophisticated treatment.

Alternative methods of spatial interpolation might be used, including ordinary
kriging, but the performance level of this is notoriously hard to predict. It it
were possible to generate a semi-variogram at each location (which would be
challenging) then the kriging approach might give better results in areas of greater
spatial heterogeneity in soil moisture due to soil texture, relief and local weather
variations. A different approach would be to substitute lower spatial resolution
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data in low confidence periods, for example, by substituting the SM estimate from
the 1 km aggregated rasterised CD product (Mattia et al., 2020). By doing this,
however, the field-scale factors that affect the accuracy of the SAR estimate will be
diluted by contributions from other field and non-cultivated areas. This would
also be the case if even coarser resolution SM products were down-scaled (Zappa
et al., 2019; Eweys et al., 2017; Rudiger et al., 2016; Peng et al., 2017). The IDCW
approach is not simply a more complex way of averaging over a larger area. Its
major benefit of the proposed approach is that extraneous sources of backscatter,
such as field boundaries, buildings, roads and structures are excluded, whereas
a spatial aggregation to a larger pixel size would include them as contaminating
features. Spatial interpolation also takes account of spatial trends. A quantitative
comparison of IDCW with some of these other proposals should be undertaken in
future work.

A major limitation of the proposed IDCW method is that the output cannot re-
spond to any field-specific natural or anthropogenic change in SM due to irrigation
or flooding. The alternative approaches would also be largely unresponsive due to
spatial resolution. For this reason, future work could investigate how to combine
the IDCW and non-IDCW estimates in a hybrid solution that would retain some
sensitivity to such events.

5.4.3 Crop influences on SARSMestimation and related benefits
of IDCW

The results summarised in Table 5.5 showed that the impact of IDCW was highly
dependent on crop type. The crops in which it provided the greatest benefit were
potatoes and maize, where this applied throughout the whole year in addition to
the low confidence periods. IDCWalso benefitedwinter cereal crops, such as barley
and wheat, and beet crops. In these crops the benefit was seen mainly in the low
to medium confidence periods. By contrast, spring barley only showed a marginal
gainwith IDCWand therewas a small disbenefit in springwheat. Oil-seed rape and
cut/ley grass were other cropswhere therewere small performance gains in the low
and medium confidence periods. IDCW produced no performance improvement
for non-ley grass fields, which is to be expected as these fields represent best match
to the standard assumptions behind the CD algorithm (no short term changes in
vegetation and soil surface roughness).

In summary, with the exception of spring wheat and grazed grass fields only,
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IDCW has been shown to generally produce an improvement in performance
compared to the SAR-derived field-scale SM without IDCW. IDCW could also be
applied all year in most crops, without performance penalty, or with slight overall
improvement. The study did not investigate combining the IDCW and non-IDCW
outputs whichmight provide an improved performance still further, and this could
be the topic of further investigation. The IDCW algorithm itself may be able to be
improved further by determining optimum values of the parameters p and q that
affect the severity of the weightings for distance and confidence level.

The time series plots of the SAR-derived SM that were presented in Fig. 5.8 and
Appendix 5.B reveals interesting and contrasting behaviours during the periods of
low confidence. In wheat, barley and cut/ley grass fields the satellite estimate of
soil moisture is always lower than the ground truth as the canopy develops. Often
the apparent soil moisture falls to around zero. Mattia et al. (2015) reported that
wheat crops displayed soil attenuated scattering, which means that the vegetation
is acting purely as a attenuation medium and not a scattering medium. The results
of this study are consistent with this, but the levels of attenuation must have been
too high for any soil moisture to be measurable, as found by El Hajj et al. (2018a).
The canopy may be more dense or there was enhanced anistropic scattering of the
microwaves by canopy structure, due to the tall, slender stalks oriented vertically.
This is supported by Brown et al. (2003) who noted such phenomena, especially
at VV band and incidence angles over 40◦. In the case of autumn sown cereal
crops the period of poor CD SM estimation extended from mid-winter through to
harvest. For spring sown crops this period was shorter between spring and early
summer.

By contrast, the CD estimate behaved very differently in the growing period of
broad-leaved crops such as oil-seed rape, beet, potatoes, field beans and maize. In
these examples, the apparent soil moisture was higher than expected. The SARwas
receiving an enhanced level of backscatter from the vegetation canopy, greater than
that from the soil. The canopy was likely to be scattering isotropically, like a cloud
of water vapour. The structure of the canopy is less ordered that the cereal crops
with more random orientation of leaves and stalks, which explains this difference
to cereal crops. This contrasting behaviour as also noted by El Hajj et al. (2018a).
Despite these contrasting behaviours it was, nevertheless, observed that the IDCW
approach is of benefit in both cases.
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5.5 Conclusions and recommendations

The results obtained from the proposed newmethod are the first that are encourag-
ing for estimating field-scale SM from Sentinel-1 SAR. The demonstrate a capability
that is effective for arable crops at all times of year, meeting the accuracy require-
ments of 5 vol.% for agricultural use. Prior to the application of this method, during
the peak growth period errors of 20 vol.% were commonly seen. This achievement
lays the foundations for future enhancements or mitigation measures to further
improve the usefulness of the data for end users.

The field-scale arable crop performance of CD for SM estimation from Sentinel-1
SAR data is a function of crop canopy development and the tillage state of the field.
By classifying fields by an automated process based on spectral vegetation indices,
mitigation of the periods of poor performance is achieved by the implementation
of the proposed inverse distance and confidence weighting (IDCW) algorithm.
This spatial interpolation approach can even be applied all year to all crops, with
exception of grazed grass. The benefit is greatest in the case of autumn-sown
cereal crops, where the mean error in the growing season can be as much as 20
vol.%. With IDCW the mean error can be reduced to around 5 vol.%. This level of
performance will allow farmers to make informed decision to manage their crops
at the most crucial time of the year (Moran, 2000).

The proposed method is capable of further refinement and enhancements, such
as adaptation to cope with landscape heterogeneity, where more sophisticated spa-
tial interpolation could be developed. The SAR data itself might be used to classify
the performance level of each field to remove the dependency on multispectral
data, which is subject to cloud cover limitations, Other information, such as soil
maps and rainfall radar, could be incorporated to improve the sophistication of
the spatial interpolation. Efficient means should be developed to identify grazed
grass fields separately from cut or ley grass, as the method is not effective against
them. The residual noise level in the satellite retrievals, and the effect of the IDCW
method on this, could be further explored using time-series analysis. This might
indicate the likely sources of uncertainty due to orbit geometry, time of day or
other factors that could inform future algorithm refinement.

Based on the change detection algorithm, this approach has benefits over other
field-scale products in that it requires no model training or a-priori knowledge
of land use and crop type. The processing can be carried out on near real-time
data as it does not rely on retrospective processing to arrive at crop types. It is,
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therefore, easily transferable to other locations and sites. Its performance may,
however, be limitedwhere the landscape, soil texture, evapotranspiration or rainfall
intensity is subject to high spatial heterogeneity, such as on steep slopes and in
narrow valleys or terraces. Other problematic would be irrigated fields where
neighbouring field are subject to differing water inputs. In these locations the
assumptions in the inverse distance weighting would break down and a bespoke
form of weighting may be required. Nevertheless, the output from this study is a
step towards providing a useful and reliable field-scale soil moisture product that
works as well on arable fields as it does for other land uses.
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5.A Site field maps

Figure 5.9: Fields surrounding the COSMOS-UK sites at Writtle. The fields with coloured fills are
within the 3 km zone and used in the interpolation. The field boundaries are show eroded by 20
m as used in the field-scale SM calculation. The colours show the crops that were grown in 2018.
Case study fields selected for spatial interpolation are edged in blue and labeled by GID.

204
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(a) Elmsett Site

(b) Fincham Site

Figure 5.10: Fields surrounding the COSMOS-UK sites at Elmsett and Fincham. The fields with
coloured fills are within the 3 km zone and used in the interpolation. The field boundaries are show
eroded by 20 m as used in the field-scale SM calculation. The colours show the crops that were
grown in 2018. Case study fields selected for spatial interpolation are edged in blue and labeled by
GID.
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(a) Loddington Site

(b) Spen Farm Site

Figure 5.11: Fields surrounding the COSMOS-UK sites at Loddington and Spen Farm. The fields
with coloured fills are within the 3 km zone and used in the interpolation. The field boundaries
are show eroded by 20 m as used in the field-scale SM calculation. The colours show the crops
that were grown in 2018. Case study fields selected for spatial interpolation are edged in blue and
labeled by GID.
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5.B IDCW performance by crop type.

This appendix presents detailed results broken down by crop type, and includes
three parts:

Section 5.B.1 contains summary performance tables by crop type, listing the
key metrics, R2 and MAE, calculated for each period defined by confidence levels,
plus the whole year.

Example time series for a field of each crop type are presented in section 5.B.2.
These contrast the behaviour of the SAR-derived estimate of soil moisture and
IDCW outputs compared to the HYDRUS-1D simulations of soil moisture at 2 cm
depth.

The final section 5.B.3 comprises a series of 2 by 4 arrays of scatter plots. These
compare Sentinel-1 SAR derived soil moisture (y-axis), with or without IDCW, to
(on the x-axis) the simulation of soil moisture at 2 cm depth using HYDRUS-1D.
Each row, from top to bottom, represents periods of HIGH, MEDIUM, LOW and
ANY confidence in the performance of the change detection algorithm used. The
solid lines are the best fit trend lines, the gradient of which indicates sensitivity,
and the degree of fit is measured by R2. The dashed lines represent the expected
1:1 relationship against which the Mean Absolute Error was calculated.
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5.B.1 Summary performance tables

The following tables present performancemetrics for satellite-derived soil moisture,
with and without Inverse Distance and Confidence Weighting (IDCW), with each
table aggregating the results for one crop, across all 5 analysis sites, for the year
2018. The results are broken down by periods of different confidence levels. The
performance metrics displayed in each table are listed below in Table 5.6.

Table 5.6: Performance metrics for comparison of field-scale satellite soil moisture retrieval with
and without IDCW

Symbol Metric Units Ideal Value

R2 Coefficient of Determination Dimensionless 1

MAD Mean Absolute Difference vol.% 0

MAPD Mean Absolute Percentage Difference % 0

RMSD Root Mean Square Difference vol.% 0

b Bias vol.% 0

ubRMSD Unbiased RMSD & vol.% 0

p p-value Dimensionless < 0.05

S Slope (sensitivity) of regression Dimensionless 1

Table 5.7: ALL CROPS (45 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.32 8.28 36.87 11.24 -0.25 11.23 0.00E+00 0.61

HIGH 0.53 7.58 36.35 9.54 2.23 9.28 0.00E+00 0.75

MEDIUM 0.33 8.95 39.72 11.21 -1.23 11.14 2.09E-161 0.53

LOW 0.14 11.19 46.05 14.65 -3.28 14.28 1.31E-83 0.46

LOW/MED 0.20 10.24 43.37 13.31 -2.41 13.09 5.69E-220 0.50

With IDCW

ALL 0.43 6.67 32.34 9.08 0.69 9.05 0.00E+00 0.59

HIGH 0.49 6.44 34.45 9.02 1.94 8.81 0.00E+00 0.64

MEDIUM 0.41 7.11 35.48 9.56 1.56 9.43 1.09E-203 0.54

LOW 0.34 7.41 31.49 9.62 -1.05 9.56 1.94E-226 0.53

LOW/MED 0.37 7.28 33.18 9.60 0.05 9.60 0.00E+00 0.54
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Table 5.8: OIL-SEED RAPE (5 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.37 7.42 26.55 9.97 -0.19 9.97 3.15E-93 0.68

HIGH 0.66 6.94 26.69 8.36 -0.55 8.35 7.59E-81 0.84

MEDIUM 0.17 9.80 33.48 12.12 -2.70 11.81 2.52E-12 0.46

LOW 0.17 7.83 27.34 10.82 2.39 10.55 4.53E-14 0.58

LOW/MED 0.15 8.76 30.23 11.45 0.00 11.45 2.13E-22 0.47

With IDCW

ALL 0.55 6.01 20.05 7.79 -3.08 7.15 2.72E-158 0.68

HIGH 0.74 4.63 18.01 6.18 -0.36 6.17 5.20E-86 0.80

MEDIUM 0.46 6.46 19.03 7.93 -3.21 7.25 1.57E-36 0.56

LOW 0.31 7.63 24.06 9.61 -6.36 7.20 6.55E-26 0.54

LOW/MED 0.42 7.08 21.70 8.86 -4.87 7.40 2.87E-67 0.61

Table 5.9: WINTER WHEAT (10 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.32 9.44 37.97 12.99 -3.34 12.55 4.00E-153 0.72

HIGH 0.59 7.84 39.32 9.71 3.19 9.18 3.32E-181 0.75

MEDIUM 0.53 8.31 28.13 10.75 -6.46 8.59 1.12E-57 0.84

LOW 0.21 16.10 53.91 19.87 -14.43 13.66 3.05E-28 0.74

LOW/MED 0.31 12.97 43.56 16.81 -11.23 12.51 5.75E-71 0.84

With IDCW

ALL 0.43 6.76 31.84 8.99 0.38 8.98 4.25E-230 0.60

HIGH 0.53 7.20 41.27 9.84 3.45 9.21 3.53E-141 0.64

MEDIUM 0.53 5.80 22.73 7.49 -0.10 7.49 6.63E-56 0.72

LOW 0.31 7.39 25.31 9.16 -4.24 8.12 4.46E-42 0.46

LOW/MED 0.40 6.75 24.27 8.53 -2.58 8.13 1.93E-94 0.60
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Table 5.10: SPRINGWHEAT (3 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.64 7.20 32.05 8.84 2.05 8.60 1.74E-141 0.79

HIGH 0.63 6.90 28.47 8.51 3.68 7.67 2.98E-97 0.81

MEDIUM 0.81 7.87 45.61 9.47 0.94 9.42 8.74E-40 0.65

LOW 0.49 7.95 33.95 9.77 -5.81 7.85 1.03E-12 0.75

LOW/MED 0.71 7.91 40.73 9.60 -1.89 9.41 3.54E-51 0.76

With IDCW

ALL 0.54 6.82 40.48 9.81 4.48 8.72 5.21E-97 0.60

HIGH 0.54 6.04 31.19 8.63 3.89 7.71 6.03E-70 0.64

MEDIUM 0.66 8.85 70.83 13.16 6.50 11.44 7.70E-22 0.52

LOW 0.27 8.50 52.14 10.69 5.07 9.41 2.83E-06 0.52

LOW/MED 0.56 8.70 63.01 12.19 5.90 10.66 9.59E-30 0.57

Table 5.11: WINTER BARLEY (3 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.15 10.65 46.22 15.55 -1.47 15.48 1.20E-19 0.46

HIGH 0.67 7.90 42.95 10.40 5.08 9.07 2.35E-51 0.74

MEDIUM 0.22 9.44 35.62 13.03 -4.51 12.22 5.62E-09 0.50

LOW 0.04 20.48 82.36 24.35 -7.97 23.01 1.62E-02 -0.32

LOW/MED 0.03 15.41 60.91 19.97 -6.38 18.92 5.49E-03 0.23

With IDCW

ALL 0.38 7.49 41.60 10.56 3.75 9.87 2.75E-54 0.49

HIGH 0.62 7.74 52.53 11.10 6.24 9.19 3.76E-35 0.52

MEDIUM 0.50 5.72 26.00 8.24 1.73 8.05 3.81E-20 0.66

LOW 0.05 10.15 52.49 13.14 4.98 12.16 5.28E-03 0.18

LOW/MED 0.25 8.12 40.33 11.16 3.49 10.60 8.04E-19 0.42
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Table 5.12: SPRING BARLEY (4 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.55 6.72 22.61 9.81 -3.28 9.25 2.28E-120 0.96

HIGH 0.73 6.02 20.62 7.87 -0.37 7.87 9.17E-105 1.06

MEDIUM 0.57 9.67 29.92 11.96 -9.08 7.78 5.02E-17 1.02

LOW 0.39 9.14 31.21 13.07 -7.10 10.97 8.19E-26 0.79

LOW/MED 0.42 9.29 30.84 12.76 -7.67 10.20 2.06E-38 0.83

With IDCW

ALL 0.60 5.63 19.30 7.57 -2.58 7.12 3.42E-141 0.78

HIGH 0.74 4.60 16.25 6.67 -0.91 6.61 7.54E-98 1.00

MEDIUM 0.46 7.82 23.57 10.04 -6.60 7.56 2.02E-12 0.82

LOW 0.53 7.03 23.97 8.50 -4.00 7.50 3.26E-37 0.48

LOW/MED 0.46 7.26 23.85 8.97 -4.75 7.61 1.23E-41 0.54

Table 5.13: FIELD BEANS (3 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.53 10.24 62.61 12.87 8.15 9.96 5.18E-104 0.44

HIGH 0.55 10.41 63.92 13.11 8.22 10.21 9.64E-79 0.47

MEDIUM 0.61 10.13 68.77 12.83 8.46 9.65 1.47E-21 0.34

LOW 0.31 9.29 45.69 11.28 7.29 8.60 4.40E-07 0.19

LOW/MED 0.53 9.78 59.03 12.20 7.97 9.24 4.94E-29 0.30

With IDCW

ALL 0.50 9.09 57.05 12.12 6.79 10.04 7.88E-88 0.42

HIGH 0.49 8.96 58.74 12.24 6.21 10.55 2.10E-61 0.41

MEDIUM 0.60 9.64 58.19 11.99 8.44 8.51 5.68E-20 0.52

LOW 0.42 9.19 44.59 11.52 8.32 7.97 2.06E-09 0.33

LOW/MED 0.55 9.45 52.45 11.79 8.39 8.29 1.84E-29 0.47
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Table 5.14: POTATOES (2 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.01 6.63 39.74 9.40 4.25 8.39 1.19E-01 0.08

HIGH 0.31 4.75 19.06 6.05 2.18 5.64 8.52E-15 0.81

MEDIUM 0.01 9.64 39.82 10.21 -4.77 9.02 7.19E-01 -0.07

LOW 0.01 14.96 110.83 15.91 13.80 7.92 4.09E-01 0.04

LOW/MED 0.09 13.92 96.99 14.97 10.18 10.98 1.12E-03 -0.19

With IDCW

ALL 0.51 4.15 20.36 5.24 -0.82 5.18 2.21E-55 0.57

HIGH 0.44 3.45 13.03 4.31 -0.90 4.22 2.63E-22 0.79

MEDIUM 0.39 7.03 25.93 7.84 -5.90 5.16 1.38E-03 0.49

LOW 0.41 4.74 35.93 5.91 1.55 5.70 3.91E-12 0.42

LOW/MED 0.41 5.19 33.98 6.33 0.10 6.33 8.79E-15 0.39

Table 5.15: MAIZE (2 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.13 7.30 44.85 8.80 4.46 7.59 3.50E-14 0.34

HIGH 0.24 6.90 39.22 8.17 3.58 7.34 3.54E-16 0.56

MEDIUM 0.11 4.16 25.61 5.95 0.75 5.90 4.26E-03 0.17

LOW 0.12 11.38 79.45 12.19 10.53 6.14 1.59E-03 0.20

LOW/MED 0.02 7.91 53.55 9.70 5.82 7.76 1.01E-01 0.07

With IDCW

ALL 0.56 4.03 23.24 4.97 0.96 4.88 7.69E-74 0.73

HIGH 0.51 4.18 23.34 5.10 0.96 5.00 9.45E-40 0.70

MEDIUM 0.66 3.04 15.93 4.05 1.89 3.58 5.63E-19 0.71

LOW 0.32 4.51 29.70 5.36 0.08 5.36 2.47E-08 0.44

LOW/MED 0.62 3.81 23.08 4.78 0.95 4.68 7.28E-35 0.76
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Table 5.16: BEET (2 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.13 8.55 39.69 10.56 2.95 10.14 5.47E-14 0.27

HIGH 0.30 5.11 22.12 6.01 2.30 5.56 3.30E-09 0.66

MEDIUM 0.36 9.96 55.54 11.70 9.83 6.34 1.55E-09 0.51

LOW 0.09 9.52 41.40 11.61 0.69 11.59 4.27E-06 0.21

LOW/MED 0.09 9.64 45.23 11.63 3.16 11.20 3.02E-08 0.21

With IDCW

ALL 0.51 6.12 23.00 7.65 -3.10 6.99 2.04E-65 0.51

HIGH 0.35 4.31 18.59 5.21 -1.30 5.04 1.07E-10 0.66

MEDIUM 0.39 5.11 29.05 6.22 1.76 5.97 1.40E-10 0.48

LOW 0.62 7.27 22.66 8.91 -5.69 6.87 3.64E-50 0.57

LOW/MED 0.54 6.69 24.39 8.27 -3.67 7.41 3.20E-54 0.50

Table 5.17: CUT/LEY GRASS (4 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.20 7.19 37.36 10.03 -1.42 9.93 1.31E-29 0.47

HIGH 0.20 6.48 32.31 8.21 -3.37 7.48 1.62E-05 0.27

MEDIUM 0.20 9.32 49.65 10.87 -0.45 10.86 1.09E-09 0.54

LOW 0.18 9.87 50.97 12.28 -2.08 12.10 1.24E-15 0.44

LOW/MED 0.19 9.68 50.53 11.82 -1.53 11.72 5.71E-24 0.46

With IDCW

ALL 0.31 6.56 37.61 9.11 1.91 8.91 6.29E-59 0.52

HIGH 0.43 4.74 31.16 6.46 1.63 6.25 4.00E-12 0.50

MEDIUM 0.33 6.92 45.08 9.64 4.96 8.26 5.77E-16 0.52

LOW 0.28 8.14 46.56 10.81 2.37 10.55 4.38E-25 0.51

LOW/MED 0.29 7.73 46.06 10.43 3.25 9.91 2.21E-38 0.51
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Table 5.18: GRASS (7 FIELDS)

R2 MAD MAPD RMSD b ubRMSD p Slope

Confidence Period vol.% % vol.% vol.% vol.%

No IDCW

ALL 0.37 7.93 33.07 9.92 -1.33 9.84 9.13E-132 0.52

HIGH 0.33 8.71 35.50 10.14 -4.93 8.86 1.28E-35 0.53

MEDIUM 0.34 9.08 43.38 10.99 1.02 10.95 3.61E-43 0.40

LOW 0.37 7.47 26.27 9.44 -0.91 9.40 3.03E-46 0.48

LOW/MED 0.35 8.28 34.86 10.25 0.06 10.25 5.08E-88 0.43

With IDCW

ALL 0.32 7.69 35.84 10.16 0.63 10.14 8.65E-109 0.49

HIGH 0.20 8.28 35.66 10.22 -3.80 9.48 2.36E-20 0.35

MEDIUM 0.30 8.83 47.79 11.45 3.50 10.90 2.25E-35 0.38

LOW 0.33 6.65 27.32 9.31 1.87 9.12 4.70E-37 0.43

LOW/MED 0.32 7.75 37.59 10.44 2.69 10.09 7.43E-72 0.40
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5.B.2 Example time series

The following plots present 2018 time series for satellite-derived soil moisture,
with and without Inverse Distance and Confidence Weighting (IDCW), and the
HYDRUS-1D simulation of soil moisture at 2 cm soil depth for comparison. The
periods of different confidence confidence levels are shown by the coloured bar at
the bottom of each plot.
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Figure 5.12: IDCW 2018 time series: oil-seed rape field 694503 at Loddington
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Figure 5.13: IDCW 2018 time series: winter wheat field 161407 at Fincham
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Figure 5.14: IDCW 2018 time series: spring wheat field 1579879 at Fincham
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Figure 5.15: IDCW 2018 time series: winter barley field 2473119 at Loddington

Jan Mar May Jul Sep Nov Jan

0
1

0
2

0
3

0
4

0
5

0

Date (2018)

V
o

lu
m

e
tr

ic
 S

M
, 

vo
l.
%

SAR SSM

SAR IDW

HYDRUS−1D SM @ 2cm 

HIGH CONF.

MEDIUM CONF.

LOW CONF.

Figure 5.16: IDCW 2018 time series: spring barley field 2216304 at Fincham
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Figure 5.17: IDCW 2018 time series: field beans field 347608 at Writtle
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Figure 5.18: IDCW 2018 time series: potatoes field 572608 at Fincham
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Figure 5.19: IDCW 2018 time series: maize field 1130061 at Fincham
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Figure 5.20: IDCW 2018 time series: beet field 513051 at Fincham



220 CHAPTER 5. SPATIAL INTERPOLATION

Jan Mar May Jul Sep Nov Jan

0
1

0
2

0
3

0
4

0
5

0

Date (2018)

V
o

lu
m

e
tr

ic
 S

M
, 

vo
l.
%

SAR SSM

SAR IDW

HYDRUS−1D SM @ 2cm 

HIGH CONF.

MEDIUM CONF.

LOW CONF.

Figure 5.21: IDCW 2018 time series: cut/ley grass field 2544447 at Fincham
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Figure 5.22: IDCW 2018 time series: grass field 1462873 at Loddington
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5.B.3 Scatter plots

This section presents a number of 2 by 4 arrays of scatter plots of Sentinel-1 SAR
derived soil moisture (y-axis) in volumetric water content vol.% (left column)
with the same after IDCW (right column). On the x-axis, in each case, is the
modelled soil moisture at 2 cm depth using HYDRUS-1D. Each row, from top to
bottom, represents periods of HIGH, MEDIUM, LOW and ANY confidence in the
performance of the change detection algorithm used. The solid lines are the best
fit trend lines, the gradient of which indicates sensitivity, and the degree of fit is
measured by R2. The dashed lines represent the expected 1:1 relationship against
which the Mean Absolute Error was calculated.
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Figure 5.23: IDCW 2018 scatter plots: all crops
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Figure 5.24: IDCW 2018 scatter plots: oil-seed rape
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Figure 5.25: IDCW 2018 scatter plots: winter wheat
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Figure 5.26: IDCW 2018 scatter plots: spring wheat
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Figure 5.27: IDCW 2018 scatter plots: winter barley
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Figure 5.28: IDCW 2018 scatter plots: spring barley
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Figure 5.29: IDCW 2018 scatter plots: field beans
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Figure 5.30: IDCW 2018 scatter plots: potatoes
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Figure 5.31: IDCW 2018 scatter plots: maize
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Figure 5.32: IDCW 2018 scatter plots: beet
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Figure 5.33: IDCW 2018 scatter plots: cut/ley grass
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Figure 5.34: IDCW 2018 scatter plots: grass
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5.C IDCW performance by site and individual field
parcel.

This appendix comprises a series of tables that present the qualitative metrics
of the coefficient of determination, R2, and Mean Absolute Error, MAE for the
SAR-derived soil moisture, and the IDCW output. These metrics were calculated
for each individual field for the whole year and, separately, for periods of high,
medium and low confidence in the Change Detection algorithm, based on the
classification scheme used by this study. The key to the sites in each table are E -
Elmsett, F - Fincham, L - Loddington, S - Spen Farm and W - Writtle.

Table 5.19: IDCW Impact on individual fields of Oil-seed rape

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

445882 E 0.22 0.53 0.08 0.14 0.48 0.75 0.55 0.12 0.46 0.66 0.55 0.12

599120 E 0.21 0.31 0.06 0.26 0.49 0.67 0.69 0.25 0.47 0.50 0.69 0.25

2774481 F 0.07 0.15 0.21 0.08 0.58 0.57 0.64 0.35 0.55 0.39 0.64 0.35

694503 L 0.26 0.63 0.07 0.03 0.62 0.78 0.36 0.01 0.59 0.73 0.36 0.01

496150 S 0.00 0.07 0.45 0.15 0.48 0.51 0.70 0.51 0.42 0.30 0.70 0.51

Mean absolute error, MAE vol.%:

445882 E 8.41 9.29 9.99 6.56 8.52 7.27 8.22 9.55 8.78 8.28 8.22 9.55

599120 E 8.05 7.76 11.81 5.66 8.34 5.25 8.90 9.03 8.55 6.48 8.90 9.03

2774481 F 6.43 5.82 6.53 7.32 4.19 3.88 3.97 5.10 4.20 3.90 3.97 5.10

694503 L 10.00 6.48 12.76 23.33 5.96 5.96 6.25 5.59 5.97 5.97 6.25 5.59

496150 S 6.93 7.43 8.98 5.93 5.27 5.42 5.78 5.24 5.48 6.37 5.78 5.24
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Table 5.20: IDCW Impact on individual fields of Winter Wheat

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

413885 E 0.13 0.48 0.72 0.04 0.44 0.73 0.53 0.22 0.42 0.64 0.53 0.22

1403205 E 0.22 0.66 - 0.10 0.48 0.74 - 0.28 0.48 0.72 - 0.28

161407 F 0.17 0.47 0.32 0.07 0.53 0.62 0.53 0.23 0.47 0.54 0.53 0.23

2303484 F 0.15 0.42 0.20 0.09 0.42 0.55 0.44 0.34 0.38 0.48 0.44 0.34

2605750 L 0.36 0.72 0.61 0.00 0.56 0.80 0.71 0.00 0.57 0.80 0.71 0.00

1743268 L 0.38 0.74 0.08 0.79 0.61 0.78 0.38 0.05 0.61 0.78 0.38 0.05

150919 S 0.34 0.75 0.48 0.50 0.48 0.71 0.33 0.25 0.49 0.74 0.33 0.25

1278948 S 0.34 0.66 0.51 0.53 0.51 0.79 0.42 0.25 0.51 0.73 0.42 0.25

2134643 W 0.35 0.85 0.48 0.02 0.52 0.77 0.26 0.00 0.60 0.86 0.26 0.00

1791653 W 0.26 0.83 0.52 0.13 0.47 0.72 0.41 0.05 0.58 0.84 0.41 0.05

Mean absolute error, MAE vol.%:

413885 E 12.85 10.12 8.39 15.31 8.04 7.84 5.95 8.66 8.30 8.79 5.95 8.66

1403205 E 11.63 8.32 - 13.94 8.58 7.81 - 9.12 8.61 7.87 - 9.12

161407 F 10.09 6.76 9.75 18.55 4.13 3.92 3.84 5.00 4.78 5.18 3.84 5.00

2303484 F 10.03 7.26 10.49 15.67 5.18 5.30 5.07 5.03 5.66 6.23 5.07 5.03

2605750 L 8.19 5.29 6.87 17.81 6.47 5.78 5.81 8.61 6.12 5.20 5.81 8.61

1743268 L 8.29 5.30 16.52 17.54 6.16 5.43 7.01 9.00 5.93 5.11 7.01 9.00

150919 S 9.85 3.24 7.12 20.74 5.15 4.34 5.37 6.41 4.94 3.45 5.37 6.41

1278948 S 10.05 3.84 6.42 20.55 5.00 3.99 4.51 6.93 4.95 3.73 4.51 6.93

2134643 W 11.50 12.8 6.20 16.43 11.36 13.85 8.26 7.24 11.00 13.24 8.26 7.24

1791653 W 12.50 12.91 6.85 19.38 11.53 14.25 8.12 6.05 11.06 13.48 8.12 6.05

Table 5.21: IDCW Impact on individual fields of Spring Wheat

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

1579879 F 0.56 0.69 0.68 0.09 0.58 0.7 0.35 0.15 0.59 0.72 0.35 0.15

66982 L 0.45 0.38 0.54 0.02 0.57 0.37 0.76 0.03 0.60 0.47 0.76 0.03

312978 W 0.52 0.53 0.10 0.61 0.37 0.38 0.12 0.18 0.42 0.53 0.12 0.18

Mean absolute error, MAE vol.%:

1579879 F 5.22 4.46 4.27 9.47 4.1 3.44 5.52 6.85 4.4 3.82 5.52 6.85

66982 L 7.03 7.74 6.05 5.70 6.60 7.18 3.63 9.70 6.37 6.79 3.63 9.70

312978 W 9.20 8.63 11.94 8.68 11.70 9.72 19.92 12.55 10.88 8.61 19.92 12.55

Table 5.22: IDCW Impact on individual fields of Winter Barley

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

2473119 L 0.33 0.67 0.38 0.40 0.48 0.68 0.58 0.62 0.51 0.70 0.58 0.62

1235870 S 0.40 0.67 0.31 0.50 0.45 0.59 0.38 0.62 0.48 0.72 0.38 0.62

2256950 W 0.00 0.26 0.04 0.05 0.39 0.76 0.52 0.07 0.39 0.49 0.52 0.07

Mean absolute error, MAE vol.%:

2473119 L 9.36 6.57 10.42 19.64 6.93 6.61 5.17 12.56 6.63 6.04 5.17 12.56

1235870 S 6.24 3.51 5.31 9.71 5.23 3.84 5.53 5.65 5.14 3.23 5.53 5.65

2256950 W 17.86 12.26 11.51 23.60 12.52 16.60 8.65 11.72 11.64 13.58 8.65 11.72
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Table 5.23: IDCW Impact on individual fields of Spring Barley

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

1700954 E 0.32 0.00 0.24 0.35 0.41 0.11 0.02 0.50 0.40 0.05 0.02 0.50

2216304 F 0.53 0.7 0.37 0.28 0.56 0.66 0.33 0.63 0.59 0.7 0.33 0.63

1573704 L 0.43 0.69 0.49 0.00 0.50 0.71 0.34 0.29 0.50 0.69 0.34 0.29

1945379 S 0.61 0.68 0.90 0.95 0.51 0.62 0.67 0.71 0.51 0.67 0.67 0.71

Mean absolute error, MAE vol.%:

1700954 E 9.35 12.02 15.05 7.87 8.77 10.33 12.93 7.80 8.90 11.01 12.93 7.80

2216304 F 5.69 4.5 7.54 8.76 3.89 3.31 6.91 4.74 4.06 3.55 6.91 4.74

1573704 L 9.08 6.94 9.77 20.59 7.54 6.68 8.73 10.28 7.65 6.84 8.73 10.28

1945379 S 6.66 6.13 8.10 7.85 5.09 5.07 5.42 6.42 5.24 5.43 5.42 6.42

Table 5.24: IDCW Impact on individual fields of Field Beans

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

28667 L 0.67 0.69 0.72 0.08 0.61 0.70 0.66 0.51 0.61 0.70 0.66 0.51

1454954 W 0.37 0.43 0.23 0.38 0.43 0.45 0.07 0.69 0.44 0.45 0.07 0.69

347608 W 0.45 0.45 0.65 1.00 0.37 0.26 0.78 1.00 0.46 0.36 0.78 1.00

Mean absolute error, MAE vol.%:

28667 L 6.83 6.44 6.94 9.38 6.31 5.63 7.19 9.86 6.51 5.87 7.19 9.86

1454954 W 12.99 14.21 12.89 9.21 11.23 11.54 12.76 9.52 12.11 12.83 12.76 9.52

347608 W 11.70 12.22 10.15 19.44 11.74 12.42 9.82 18.03 11.63 12.26 9.82 18.03

Table 5.25: IDCW Impact on individual fields of Potatoes

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

572608 F 0.03 0.47 - 0.35 0.57 0.55 - 0.08 0.56 0.52 - 0.08

1359276 S 0.03 0.25 0.01 0.47 0.51 0.59 0.39 0.81 0.47 0.47 0.39 0.81

Mean absolute error, MAE vol.%:

572608 F 9.49 5.1 - 16.26 3.85 3.02 - 5.13 4.39 3.91 - 5.13

1359276 S 6.74 4.31 9.64 9.08 5.08 5.11 7.03 3.02 4.81 4.15 7.03 3.02

Table 5.26: IDCW Impact on individual fields of Maize

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

1130061 F 0.01 0.07 0.02 0.08 0.58 0.58 0.64 0.43 0.42 0.34 0.64 0.43

42877 F 0.34 0.53 0.72 0.4 0.55 0.48 0.83 0.2 0.56 0.52 0.83 0.2

Mean absolute error, MAE vol.%:

1130061 F 8.52 8.14 5.83 12.28 3.8 3.9 3.25 4 4.79 5.5 3.25 4

42877 F 6.08 5.6 2.58 10.57 4.26 4.47 2.84 4.98 4.57 4.99 2.84 4.98

Table 5.27: IDCW Impact on individual fields of Beet

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

556470 E 0.00 0.16 0.34 0.04 0.38 0.07 0.14 0.32 0.37 0.12 0.14 0.32

513051 F 0.18 0.4 0.72 0.07 0.52 0.36 0.92 0.54 0.58 0.43 0.92 0.54

Mean absolute error, MAE vol.%:

556470 E 9.60 5.46 13.19 8.88 7.91 5.06 4.68 9.12 7.92 5.26 4.68 9.12

513051 F 7.44 5.05 6.14 10.8 4.23 4.2 5.61 3.57 4.18 4.07 5.61 3.57
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Table 5.28: IDCW Impact on individual fields of grass and other - fields with an ∗ were believed to
be cut or ley grass, as the evolution of soil moisture follows a similar trend to wheat, in contrast to
the other grass fields. Fields with a † were classified by UKCEH Land Cover Plus:Crops as crop
type "other", but look similar to grass pasture fields.

Field GID Site No IDCW Pure IDCW Hybrid

Confidence ALL HIGH MED LOW ALL HIGH MED LOW ALL HIGH MED LOW

Coefficient of determination, R2:

1782851 E 0.63 0.42 0.47 0.79 0.43 0.09 0.52 0.68 0.53 0.27 0.52 0.68

2578949† E 0.61 0.63 0.49 0.73 0.49 0.58 0.33 0.78 0.52 0.62 0.33 0.78

2545557∗ F 0.28 0.74 0.62 0.07 0.56 0.67 0.69 0.03 0.51 0.78 0.69 0.03

1462873 L 0.60 0.01 0.57 0.63 0.57 0.42 0.67 0.51 0.57 0.11 0.67 0.51

275951 L 0.70 0.66 0.77 0.60 0.53 0.71 0.80 0.43 0.55 0.72 0.80 0.43

971697∗ S 0.39 0.86 0.66 0.76 0.52 0.36 0.86 0.55 0.55 0.78 0.86 0.55

1386865∗ S 0.37 0.25 0.75 0.36 0.52 0.19 0.51 0.49 0.51 0.23 0.51 0.49

2312837† S 0.48 0.48 - - 0.51 0.52 - - 0.50 0.53 - -

2637110∗ W 0.12 0.27 0.76 0.05 0.37 0.60 0.70 0.27 0.37 0.49 0.70 0.27

2548153 W 0.52 0.92 0.81 0.31 0.47 0.90 0.76 0.22 0.47 0.91 0.76 0.22

273322 W 0.62 0.55 0.72 0.23 0.53 0.48 0.56 0.12 0.53 0.52 0.56 0.12

Mean absolute error, MAE vol.%:

1782851 E 9.70 9.12 11.10 7.80 8.35 7.85 10.01 5.34 8.62 8.39 10.01 5.34

2578949† E 9.81 10.08 10.67 8.40 8.58 10.11 8.00 4.64 8.55 10.06 8.00 4.64

2545557∗ F 8.55 7.07 8.58 9.94 4.15 4.05 3.73 4.76 4.22 4.29 3.73 4.76

1462873 L 6.23 8.29 7.37 5.71 6.17 1.87 6.63 6.18 6.26 5.08 6.63 6.18

275951 L 7.60 3.72 7.16 9.04 6.47 5.93 5.79 7.25 6.17 3.15 5.79 7.25

971697∗ S 6.84 2.81 6.00 8.59 4.83 4.90 3.54 5.42 4.70 3.76 3.54 5.42

1386865∗ S 5.95 3.66 5.96 6.19 4.92 2.81 5.00 5.30 4.93 3.24 5.00 5.30

2312837† S 5.95 5.95 - - 4.86 4.81 - - 5.06 5.19 - -

2637110∗ W 12.36 20.57 13.16 11.89 12.26 19.90 13.62 11.60 12.26 20.23 13.62 11.60

2548153 W 11.14 12.21 12.72 10.22 11.79 12.26 12.80 11.26 11.79 12.24 12.80 11.26

273322 W 8.87 12.02 9.05 6.00 11.50 14.57 11.83 8.00 11.37 13.27 11.83 8.00
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6 Synthesis and Discussion

6.1 Introduction

This chapter provides a synthesis of the preceding paper format chapters contained
within this thesis anddiscusses the key findings, contribution to knowledge insights
gained, and impact of the work in terms of improved soil moisture estimation at
field scale for agricultural use. In Section 6.2 the outputs of Chapters 2 to 5 are
assessed against the four thesis objectives related to the initial hypotheses followed
by the overall progress towards the aims of the thesis and its potential impact of
this work are reviewed in Section 6.3.

6.2 Synthesis of objectives

The aim of this thesis was to establish that C-band synthetic aperture radar data
from satellites can be used to map soil moisture (SM) at the field scale. To address
this aim, four objectives were set, which will be discussed in terms of the key
findings.

6.2.1 Objective 1 - Evaluate and select from state of the art SAR
satellite SM retrieval algorithms for their potential to create
field-scale resolution products.

The attraction of SAR, compared to other techniques, is its ability to operate through
cloud cover, which is a major issue in northern latitudes. Of the available SAR satel-
lite platforms, C band SAR systems provide a compromise between soil moisture
sensitivity, penetration of vegetation and sufficient spatial resolution (~20m) from
which to develop field-scale soil moisture products. The European Space Agency’s
Sentinel-1 satellite was first launched in 2015 and has since been joined by a second
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in constellation. There is now a freely available resource of high-quality, C-band
SAR data, with global coverage, offering a 1 to 6 day repeat cycle over the UK.

Chapter 2 includes a detailed review of the algorithms for retrieving soil mois-
ture from C-band SAR data. The factors that contribute uncertainty include soil
surface roughness, the overlying vegetation, the structure of the surface, soil tex-
ture, organic matter content, temperature and radar incidence angle. The factors of
major concern being the contributions from vegetation and soil surface roughness,
which are particularly relevant in agricultural areas. A key finding was that soil
texture, often neglected in the published literature, makes a significant contribution
to uncertainty, at about 10-20 vol.% in retrieved soil moisture. Whilst machine
learning solutions could be effective, they required many datasets and extensive
training data, presenting a challenge when scaling up to national or global contexts.

Temporal processing techniques such as the Change Detection (CD) algorithm
(Bauer-Marschallinger and Paulik, 2019; Mattia et al., 2018), were attractive in
requiring no model training and only needed a set of SAR backscatter statistics
based on the historical record of previous observations. In late 2018 the Copernicus
SSM (Surface Soil Moisture) product (Bauer-Marschallinger and Paulik, 2019) was
released and became the first freely available soil moisture product on a global scale
based on Sentinel-1 data. It is based on the CD algorithm, and as the new "state
of the art", its performance was evaluated for agricultural use at field scale. Two
issues were immediately obvious, the resolution for the published product was 1
km, whichmay contain around 11 average-sized arable fields in the UK. The spatial
resolution is an order of magnitude lower than UK field scale requirements, with
each pixel also including non-cultivated areas such as hedges, trees, buildings and
roads. Key assumptions, that soil surface roughness and vegetation vary slowly
relative to soil moisture, contradict farming practice. Tillage and crop harvesting
break these assumptions where arable crops are grown.

6.2.2 Objective 2 - Assess the performance of existing Coperni-
cus SSM product for agricultural fields

Objective 2a - Develop a validation method for C-band SAR derived surface
soil moisture products at COSMOS-UK ground stations

Key to developing any SM data product is the ability to assess its performance
against independent observations of SM on the ground. The COSMOS-UK net-
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work of 50 soil monitoring stations within the UK operated by the UK Centre
for Ecology and Hydrology (UKCEH), was established, in part, to satisfy this
need. By using the Cosmic Ray Neutron Sensing (CRNS) method to measure soil
moisture averaged over a large area of 200 m radius, the scale is almost ideal to
validate the performance of a field-scale satellite product. However, the mismatch
in measurement depth represented a significant research gap that had not been
investigated before, as discussed in Chapter 3. Existing best practice, as described
by Gruber et al. (2020), was to compare C-band SAR-derived SM estimates against
probes installed at 5-10 cm depth. With the penetration depth of the SAR only 2
cm, Chapter 3 demonstrated that validations carried out in this way would have
significantly underestimated the performance of the satellite products.

To address this problem a novel method was proposed to generate soil moisture
simulations at 2 cm soil depth, based on measurements of rainfall and potential
evapotranspiration that were available at the COSMOS-UK sites. The simulations
were carried out using an established hydrological model, HYDRUS-1D, fitting
the soil hydraulic parameters to COSMOS-UK CRNS measurements. To achieve
this, the equivalent, or mean measurement depth of the CRNS sensor had first to
be determined. It is standard practice to accompany each CRNS SM measurement
with its effective measurement depth, D86 (Köhli et al., 2015). This is defined as
the soil depth above which 86% of the cumulative sensitivity is predicted. But
Tian and Song (2019) found that CRNS SM is strongly correlated with 10 cm soil
moisture, even though D86 is usually much deeper, due to an exponential decrease
in sensitivity with soil depth. Chapter 3 describes a new method to calculate a
mean sensitivity depth, D50. Its average value over the 13 study sites was almost
exactly 10 cm in 2018 confirming the findings of Tian and Song (2019).The model
fitting used the point measurements of rainfall and potential evapotranspiration at
the centre of the COSMOS-UK sites, which were assumed to be constant over the
radius of sensitivity of the CRNS sensor. This radius, though assumed to be 200 m,
is also slightly dependent on soil moisture. The uncertainties introduced in the
model fit due to these assumptions are likely to be small as the spatial variation
of rainfall and evapotranspiration are on a much larger scale. A greater source of
uncertainty would arise from the assumption that the same model parameters are
valid across one or more overlapping fields, this is a function of soil heterogeneity
and is almost impossible to predict.

The selection of HYDRUS-1D as the model to fit was based on its reputation in
the published literature for accuracy in predicting soil moisture at shallow depths.
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Many soil moisture models were designed with the sole objective of predicting root
zone soil moisture for drought prediction and irrigation scheduling. For example,
the WASIM model (Hess, 2019) was considered but found to be unsuitable for 2
cm depth simulation without significant modification which would have required
further validation. The HYDRUS-1D model was found to be able to reproduce the
soil moisture observed at 10 cmwhilst also predicting a surface soil moisture profile
that was consistent with the temporal characteristics of the satellite backscatter
signal. The potential use of alternative models could be considered in future
studies.

The simulated soil moisture at 2 cm is based on daily totals of measurements of
rainfall and evapotranspiration and therefore represents the expected soil moisture
at midnight on the day in question. The Sentinel-1 acquisition times are, in the
case of the UK, typically 6 or 18 hours either side of this, and this will be the source
of further uncertainty, especially whether there are extreme changes in rainfall,
temperature or wind. In further work, the possibility of generating simulated
soil moisture at 6 or 12 hourly intervals could be considered. It should also be
recognised that the proposed technique uses a modelled output as its reference
as a best estimate of the actual conditions in the soil. This modelled output itself
may be in error, which will propagate into the final assessment and gives a slightly
pessimistic view of the accuracy of SM retrieved from remote sensing. However,
similar considerations should bemade for comparisons against in-situ soil moisture
probes or CRNS sensors. In these cases, the measurements are also the output of
models that convert measurements of electrical parameters or neutron counts into
soil moisture. As discussed in Chapter 1, these errors can be as high as 3-5%.

Amajor advantage of the proposed assessment technique is that it is not limited
to sites in any geographical location, in principle. All that is required is a set of in-
situ soil moisture measurements with contemporary and co-located measurements
of rainfall and potential evapotranspiration. The soil hydraulic parameters can be
set at initial values by soil textural class that does not require an extensive database,
that latter only serving to reduce the time it should take to reach an acceptable
model fit. The limitations are more likely to come from soil types that are hard
to model in HYDRUS-1D, which might be due to shallow soil depth, very high
organic matter content, or extreme relief. Otherwise, the technique should be
applicable worldwide.

Having fitted the HYDRUS-1D model at 10cm, it was used to generate soil
moisture time series at 2 cm and 10 cm from site meteorological data and MODIS
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measurements of LAI. The performance of the Copernicus SSM soil moisture was
assessed against these two sets of reference data. In 10 out of the 13 COSMOS-UK
sites (chosen to represent a range of lowland sites with an equal mix of arable
and pastureland), the Copernicus SSM estimate appeared more accurate when
compared to 2 cm soil moisture than when compared to 10 cm soil moisture.
This new method for SAR SM validation at 2 cm soil depth was adopted for all
subsequent assessments in this thesis, rather than use the 10 cm depth SM probes
installed at the COSMOS-UK sites. The other reason for not using the probes was
that the simulated 2 cm reference soil moisture is modelled at the spatial scale of
the CRNS sensor footprint (around 200 m radius). This is a much closer match
to the spatial scale of the field-scale SM retrieval than that represented by a point
measurement, which would have added extra uncertainty.

Chapter 3 also investigated the error in the conversion of relative SM, or soil
moisture index (SMI) values, to volumetric soil moisture. The output of the
Copernicus SSM product is an SMI, leaving the end user to make the conversion.
The choice ofwet and dry reference values should be based on themost accurate soil
hydraulic parameters available and take account of the wider range of potential SM
within the top 2cm of soil. Chapter 3 concluded that the best calibration references
to use were the van Genuchten model parameters θS and θR. The potential error in
using θFC and θPWP, as commonly recommended, was shown to be as high as 20
vol.% under some conditions. These references were used in all future analysis.

Objective 2b - Use thismethod to quantify the performance of Copernicus SSM
in the context of agricultural land uses

This objective was addressed partially in Chapter 3, when the Copernicus SSM
product was assessed at the 13 COSMOS-UK sites using the validation method that
was developed previously. At least half of these sites were under arable cultivation,
where the performance seemed particularly poor with errors of around 10% to
20% in volumetric soil moisture (vol.%). However, with a 1 km product it was not
possible to gain further insights until a field-scale equivalent had been developed.
This is reported in Chapter 4, where further analysis is presented for individual
fields, where the crops and dates of key farming activities (such as harvesting or
tillage) were identified by daily observations of the COSMOS-UK phenocams. A
key finding from this analysis was that the performance of the CD algorithm was
highly dependent on the crop type and stage. Good performance was observed
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when the soil was bare, usually after tillage, with errors of around 4 vol.% to 7
vol.%, whereas in the peak growing season of most crops, there was no apparent
SM measurement capability with errors around 20 vol.% being typical.

This is consistent with the lack of a published, reliable field-scale soil moisture
product below 1 km resolution, which has only been explicitly addressed relatively
recently (El Hajj et al., 2018; Mattia et al., 2020). The correlation between radar
backscatter and NDVI is well established and incorporated in some algorithms
(Bazzi et al., 2019; Mattia et al., 2018), but the mitigation of the complete loss
of capability appears to have been a major barrier to the creation of field-scale
products on a large scale.

Another key finding was that the SM derived by the CD algorithm was very
noisy, with much of that noise having a periodic element. An exponential filter was
found to be useful in reducing this noise but with some loss of temporal response
to rainfall events. However, there remains a question of how to resolve this issue
at source. The results of this thesis suggest that the problem may be a mixture of
clutter effects (Tadono et al., 2000), SAR layover issues, and interactions between
the SAR and the structure of the crop canopy (Joseph et al., 2010).

6.2.3 Objective 3 - Increase the spatial resolution of the algorithm
to achieve field scale output by using field parcel bound-
aries and compare the performance levels to the 1km grid-
ded product

The completion of this objective was reported in Chapter 4. The implementation of
a change detection algorithm in Google Earth Engine (GEE) (Gorelick et al., 2017)
was a necessary first step towards field-scale soil moisture estimation that became
one of the major challenges of the thesis. It was necessary in order to gain control
of the spatial resolution of the output and preserve the processing of data at the
sensor resolution so that the later aggregation to the arbitrary shape of agricultural
fields would contain asmany pixels as possible. On theway, issues were discovered
with the detail of the implementation such as the calculation of local incidence
angle (LIA) (both in GEE and the Sentinel-1 toolbox (European Space Agency,
2021)) and the normalisation of SAR backscatter to a fixed angle of 40◦ to minimise
vegetation effects (according to the method of Bauer-Marschallinger et al. (2019)).
The LIA issues were improved by devising a bespoke slope and aspect calculation,
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treating the ascending and descending orbits separately, eroding field boundaries
and temporally smoothing the soil moisture estimates with a Savitzky-Golay filter.

A 20 m resolution soil moisture output was created that could then be spatially
aggregated to field scale and to the same 1 kmpixel grid allowing direct comparison
with the published Copernicus SSM product. In a small majority of grass fields,
the 1 km gridded product produced slightly lower errors than the field-scale, but
the opposite was true in some other fields. Where observed, the small amount of
additional noise in the field-scale estimate was believed to be a result of averaging
speckle noise over a smaller area. This had been anticipated, but the magnitude
was less than expected, suggesting that noise from other sources had been reduced
in compensation. Clutter from objects such as buildings, hedges and roads would
have contributed to noise in the SAR backscatter for the 1 km pixel product. The
conclusion of the work in Chapter 4 was that it was feasible to create a field scale
SM product from Sentinel-1 SAR data using the change detection algorithm.

As the implementation of the Change Detection algorithm on GEE is based on
the published methods of Bauer-Marschallinger et al. (2019), it is subject to the
same geographical limitations of the Copernicus SSM product, which is Europe.
To extend the capability beyond this will require the development of s suitable
backscatter normalisation process for the region in question. There would be poten-
tial to develop the GEE code further and offer it as a resource to other developers
or even develop from it a soil moisture application for public access.

6.2.4 Objective 4 - Demonstrate an improvement in performance
of the field scale algorithmby correcting for the influence of
crop cover and anthropogenic change and identify a route
to scale this to UK national coverage.

Chapter 5 addressed the poor performance of the change detection SM estimates at
field-scale for arable fields that was concluded in earlier chapters. Such a product
would be of limited benefit to agriculture if the loss of performance during the key
growing season of these crops is not resolved. The solution was proposed in two
stages. Firstly, a scalable, automated method was developed and demonstrated to
classify fields with a confidence level to predict the expected performance level
of the field-scale SM estimate on a particular date. This method used a spectral
unmixing approach (Yue and Tian, 2020) with vegetation indices (NDVI and
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CAI) derived from Sentinel-2 data to estimate relative land cover fractions of bare
soil and photosynthetically active and inactive vegetation. The second stage was
the successful implementation of an inverse distance and confidence weighting
(IDCW) algorithm to provide a more accurate estimate of SM at field scale, based
on neighbouring fields.

The automated confidence classification and IDCW mitigation was found to be
suitable for use, not onlywithin the low confidence periods, but over thewhole year.
The only exception was grass pasture, where it was of no benefit. The benefits were
greatest for autumn-sown cereal crops, where themean error in the growing season
was reduced from almost 20 vol.% to around 5 vol.%. The level of performance
now achieved matches the requirements of farmers for a 5 vol.% accuracy with an
update of once to twice per week. This is a very significant improvement during
the growing season when farmers need this information for key decision making
related to the management of their crops. The output is also very close to the
performance requirements of 4 vol.% of the research community and is likely to
achieve that with modest future improvements.

This achievement in performance compares favourably to assessments of other
field-scale algorithms using Sentinel-1 C-band SAR data, reported in recent studies.
For example, Benbrahim et al. (2020) reported an RMSD over agricultural fields
of no less than 9.3 vol.%, whilst Mattia et al. (2018) and Mattia et al. (2020) have
reported a RMSD of 6 vol.% for their short term change detection (STCD) technique
- though this probably excludesmasked out fields that have recently been harvested,
for example. The earlier SMOSAR approach (Mattia et al., 2017) reported an
RMSD of 6.6 vol.%. Neural network approaches, such as that behind the S2MP
product have achieved RMSD values between 4.0 and 5.1 vol.% (Hajj et al., 2017; ?).
However, the latter technique has the disadvantage of requiring training datasets,
which the approach developed here does not, being based entirely on change
detection and contemporary remote sensing data. A downscaling approach (Zappa
et al., 2019) to retrieve field-scale SM output from coarser resolution SAR-derived
SM products was also reported as having an RMSD of 5.6 vol.%.

6.3 Summary

The improvedprototype field-scale soilmoisture product, based onC-band Sentinel-
1 data, meets the performance requirements of farmers and agriculturalists who
need a 5 vol.% accuracy estimate of in-field surface soil moisture, every 1-6 days
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Moran (2000); Moran et al. (1997). It will be possible, in the near future, to publish
a regularly updated product for farmers and agriculturalists that would give them
an estimate of in-field surface soil moisture, every 1-6 days (in the UK). The latency
should be no more than 1-2 days and could be delivered by value-added web
or mobile apps. Such data would be of immediate benefit for decision making
in managing crops, especially in avoiding pollution when spraying or spreading
fertilizer and for workability assessment and livestock welfare. Whilst farmers
also require estimation of root zone soil moisture in the management of crops this
should be achievable as a next step.

The prototype SM estimation capability is very close to meeting the needs of
the research community for data to support land surface models and numerical
weather prediction. The required accuracy of 4 vol.% as specified for the SMOS
satellite sensor (European Space Agency, 2017) is almost met. The field-scale
product offers the considerable benefit of the exclusion of low SM sensitivity areas
and most clutter sources. The data could be used to inform scientists, engineers,
infrastructure engineers and environmentalists on potential issues such as the
potential for flooding, soil erosion, ground movement and landslip. The field-scale
soil moisture could be assimilated into products being developed by the Hydro-
JULES project (UK Centre for Ecology and Hydrology, 2018), made available as
a dataset in Google Earth Engine, or through the Copernicus programme as an
enhancement to their SSM product.
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7 Conclusions and Recommendations

7.1 Conclusions

Objective 1: Evaluate and select from state of the art SAR satellite SM retrieval
algorithms and their suitability for potential field-scale resolution products.

This study concludes that change detection algorithms have the greatest poten-
tial for scalability in remote sensing of soil moisture. They have low demands,
compared to other methods, for model training and other sources of data. The
main disadvantages of poor performance in agricultural areas and at field-scale
have been demonstrated but have potential solutions, including those developed
in thesis.

Through its implementation of a change detection (CD) algorithm in Google
Earth Engine this thesis exposed a number of issues and weaknesses in the algo-
rithm. These include artefacts in the calculation of local incidence angle (LIA), and
unreliable normalisation of backscatter to a fixed LIA. These issues contribute to
orbit-related dependencies that manifest as periodic noise (up to 20 vol.% in mag-
nitude) in the time series of soil moisture. The study identified other causes, such
as clutter sources, SAR layover and interactions between the SAR beam and the
structure of the crop canopy and soil roughness. Pending an algorithmic solution
to this problem, the study has demonstrated that use of exponential or Savitzky-
Golay filters may be effective in the reduction of this noise and improving the
performance of the algorithm output and the published Copernicus SSM product.

Objective 2: Assess the performance of existing Copernicus SSM product for
agricultural fields

257
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(a) Develop a validation method for C-band SAR derived surface soil moisture
products at COSMOS-UK ground stations

The soil texture and depth of SAR penetration are important to the conversion
of relative surface SM to volumetric units. The estimation of wet and dry refer-
ences is a source of uncertainty in this process. This study has shown that the
van Genuchten soil hydraulic parameters θS and θR are a better choice than field
capacity and permanent wilting point to define the range of SM at the surface.
Here rainfall and evaporation are more significant drying and wetting mechanisms
than at lower levels. By following this recommendation, the errors are reduced by
up to 20 vol.%.

When validating SAR-derived surface SM estimates the C-band depth of pene-
tration also must be taken into account, but it is near impossible to measure soil
moisture at 1-2 cm depth reliably. This study has developed an alternative new
method which simulates soil moisture at 2 cm depth of soil using a model fitted
to in situ SM observations of the COSMOS-UK ground stations, and using the
proposed calibration references. Current validation methods (Gruber et al., 2020),
using soil moisture probes, were shown to underestimate the performance of C-
band soil moisture products in 10 out of 13 test sites evaluated. The limitation
here is likely to be the additional uncertainty introduced by the model sitting error,
which varied between sites.

.

(b) Use this method to quantify the performance of Copernicus SSM in the context
of agricultural land uses

The estimation of SM by the change detection method from C-band SAR data
suffers a loss of capability in most crops at the peak of the growing season (RMSD
of up to 20 vol.%), but good performance where the soil is bare (RMSD 4 to 7
vol.%). In cereal crops and ley grass CD underestimated SM, but overestimated
SM in other crops (such as oil-seed rape and potatoes). The field scale output
reveals the true performance of the CD processing of SAR imagery in fields of
arable crops.
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Objective 3: Increase the spatial resolution of the algorithm to achieve field scale
output by using field parcel boundaries and compare the performance levels to
the 1 km gridded SM estimates

The study has demonstrated that by use of eroded field parcel boundaries for
spatial aggregation of the results of the CD algorithm produces field-scale SM
estimates with little or no additional uncertainty compared to a 1 km gridded
output (both with 8-16 vol.% RMSD). The increase in random error introduced by
averaging radar speckle over a smaller area is balanced by the elimination of areas
of low sensitivity and sources of clutter outside the cultivated areas. The erosion
of field boundaries by 20 m is sufficient to achieve this in the examples studied.

Objective 4: Demonstrate an improvement in performance of the field scale algo-
rithm by correcting for the influence of crop cover and anthropogenic change and
identify a route to scale this to UK national coverage.

A novel method of applying the CD algorithm at field-scale is proposed, using
spatial interpolation. The first stage is the date-wise classification of arable fields
into categories of low, medium and high confidence in the accuracy of the CD
algorithm. The SM estimate for each field is then determined by inverse distance
and confidence weighting (IDCW). This is shown to be effective for arable crops at
all times of year, but is most beneficial for autumn-sown cereal crops. For example,
implementation of the proposed method demonstrated an accuracy improvement
from mean absolute errors of >16 vol.% to 7.4 vol.% (p < 1041) when used in the
main growing season of winter wheat crops. Against all crops studied and in
all seasons the mean absolute error improved from 8.3 vol.% to 6.7 vol.% (p = 0)
This is much closer to the 4 vol.% target accuracy of respected low resolution
passive microwave satellite sensors such as SMOS. Further improvements should
be possible following the recommendations of this study.

Thesis Aim: To establish that C-band synthetic aperture radar data from satellites
can be used to map soil moisture (SM) at the field scale.

Overall the thesis has established that C-band synthetic aperture radar data
from satellites can be used to map soil moisture at the field scale using the CD
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algorithm. Needing no model training or a-priori knowledge of land use and crop
type, the approach is scalable to UK national coverage and beyond. The thesis has
developed a novel way to spatially interpolate the field-scale soil moisture estimates
to enable good performance in agricultural fields to be achieved even when crops
are at a fast growing stage. For the first time a usable SM retrieval process, which
is actionable for farmers, has been demonstrated using a SAR remote sensing
approach that does not require extensive model training. With further research
and refinement to overcome the orbit-related uncertainties, the SM estimates are
likely to become even more accurate as a result of the recommendations for further
work, below, and eventually lead to a root zone soil moisture product. The output
from this study is therefore a major step towards providing a useful and reliable
field-scale soil moisture product that works as well on arable fields as it does for
other land uses.

7.2 Recommendations

Figure 7.1: Prototype field scale soil moisture map for a selection of fields around the Fincham
COSMOS-UK site, on 1st July 2018. The soil moisture values were derived from Sentinel-1 C-band
SAR by change detection followed by Inverse Distance Confidence Weighting
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For crop management and irrigation, root zone soil moisture is of much greater
importance to the farmer. A significant research gap still exists in converting
surface soil moisture estimates to the root zone, and how the sparse time series of
the satellite observations can be managed. The methods of Wagner et al. (1999)
using the surface soil moisture estimate as a surrogate for rainfall and propagating
this water to deeper soil levels may be a solution, but the gaps in measurement by
the satellite risk missing rainfall events altogether. This remains an area of concern
until the frequency of satellite measurements is increased to daily. It should be
possible to make further use of the HYDRUS-1Dmodel, fitting it to satellite surface
SM estimates to deduce rainfall amounts. From this the model may then be used
to simulate the soil moisture at any depth required.

In the proposed method, Sentinel-2 data is used for field classification. This
optical data is prone to missing observations due to cloud cover. The use of the
radar backscatter itself to estimate the vegetation status would be a significant step
forward if it can be done effectively.

The weaknesses discovered during the implementation of the change detection
algorithm in Google Earth Engine, should be investigated in further. The main
issue was that the TU Wien normalisation process for Sentinel-1 data was not
reliable for the sites studied. The reasons for this require further investigation, or
alternative approaches should be developed. This may be a major contributor to
the temporal noise that appeared to be related to orbit geometry, but other causes
such as layover and crop structure could also be examined. A statistical analysis of
temporal trends and frequency components should be undertaken as a first stage
to inform this investigation.

The soil moisture retrieval process includes comparison to historical records of
backscatter observations at each scene location. In the case of arable fields, these
statistics include periods when it is now known that the soil moisture sensitivity is
very low. It would be beneficial to discover if excluding the periods of rapid crop
growth in this historical record would increase the accuracy of the estimation still
further.

Despite the use of field boundaries to eliminate non-cultivated areas from the
field scale product, some clutter sources remain in the calculation. These include
electricity pylons, wind turbines, small structures and small areas of compacted
soil and hard-standing. An automated method of masking these areas may have
a beneficial impact on the accuracy of the product. Similarly, automated feature
extraction could be used to define the field boundaries and eliminate dependence
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on third party data which may be out of date or inaccurate.
Refinements that could be made to the IDCW method, starting with the op-

timisation of the relative weighting powers for distance and confidence. Other
two-dimensional spatial interpolation methods could also be explored, including
kriging and linear effects modelling. The IDCW technique does not currently take
account of the direct soil moisture estimate from the satellite without interpolation,
an obvious step is to explore how to combine these two results statistically to get
the best overall accuracy and sensitivity to in-field changes in soil moisture due to
irrigation or flooding, for example.

Finally, the results of this thesis could be used to create a mapping product
for use by farmers and agronomists using Google Earth or other GIS tool. An
illustration of what is already achieved is shown in Fig.7.1, which is based on
actual results of the IDCW SM estimate for the 1st July 2018 in a number of field
surrounding the Fincham study site.
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