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ABSTRACT

The deployment of high-revisit satellite-based radar sensors raises the question of
whether the data collected can provide quantitative information to improve agricultural
productivity. This thesis aims to develop and test mathematical algorithms to describe
the dynamic backscatter of high-resolution Synthetic Aperture Radar (Sentinel-1) in
order to describe the development and productivity of wheat at field-scale. A time series
of the backscatter ratio (VH/VV), collected over a cropping season, could be
characterised by a growth and a senescence logistic curve and related to critical phases
of crop development. The curve parameters, referred to as Crop Productivity Indicators
(CPIs), compared well with the crop production for three years at the Rothamsted
experimental farm. The combination of different parameters (e.g. midpoints of the two
curves) helped to define CPls, such as duration, that significantly (r = 0.61, p = 0.05)
correlated with measured yields. Field observations were used to understand the wheat
evolution by sampling canopy characteristics across the seasons. The correlation
between the samples and the CPls showed that structural changes, like biomass
increase, influence the CPls during the growth phase, and that declining plant water
content was correlated with VH/VV values during maturation. The methodology was
upscaled to other farms in Hertfordshire and Norfolk. The ANOVA identified significant
effects (p<0.001) of farm management, year (weather conditions) and the interaction
between soil type and year on the selected CPIs. Multilinear regression models between
yields and selected CPlIs displayed promising predictive power (R?= 0.5) across different
farms in the same year. However, these models could not explain yield differences within
high-yielding farms across seasons because of the dominant effect of weather patterns
on the CPIs in each year. The potential impact of the research includes estimation of
yield across the landscape, phenology monitoring and indication biophysical parameters.
Future work on SAR-derived CPIs should focus on improving the correlations with
biophysical properties, applying of the methodology in other crops, with different soils
and climates.

Keywords: Crop development, Indicators, remote sensing, Sentinel-1, wheat, temporal

curves, upscale






ACKNOWLEDGEMENTS

First, | like to thank all the practitioners for the crucial yield and management information
(2017- 2020) provided by collaborating farms (Dominic Swan, Catalyst Farming; George
Badger, Cereal Rural) under the project “Advancing EO Applications in Agriculture”
(Innovate-UK Project No: 102682) and St Pauls Warden Estate, East Hall, under the
research programme NE/N018125/1 LTS-M ASSIST—Achieving Sustainable
Agricultural Systems. | also want to acknowledge the funding through the Soil Agricultural
Research Innovation Accelerator (AgRIA) PhD programme, between Cranfield
University and Rothamsted Research.

| would like to thank all my supervisors G. M. Richter as Rothamsted'’s lead scientist of
the Innovate-UK project, and T. W. Waine, J. Meersmans and P. J. Burgess for their
guidance and continuous discussions about the project as well as their encouragement
and motivation. Thanks for the amazing four years of collaboration and discussion that |

will never forget, and | can’t wait for future discussions and collaborations!

| also thank Dr Giacomo Fontanelli, for his support in the beginning of my project, giving
numerous insights into the workings of Synthetic Aperture Radar (SAR), discussions and
his support in the field work and encouragement and Stephen Hayward for setting up the
server-based database within the Innovate-UK project mentioned above. | also thank Dr
lain Cameron (Environment Systems Ltd.; Aberystwyth) for providing pre-processed
satellite images during and beyond the Innovate-UK funded project and having
interesting discussions about satellite data. | am grateful to the Rothamsted statistic team
and especially Andrew Mead for the insightful discussions and Lab Manager Chris Hall
for his support in the lab. It was very nice to also help and collaborate with visiting
students in the “Richter” team: Nico Bosatta, Pierre Laureau, Robin Comte in different
years that assisted me in the fieldwork and also my fellow PhD students Xavier Albano,
Timo Breure, Jonah Prout, Patricia Ortega-Ramos and Hannah McGrath for helping
mentally but also with fieldwork whenever | needed help. Also, numerous other PhD

students and other people that | have fun to be around all these years.

Last but not least, | would like to thank my parents, Angelis and Maria, for their
unconditional support, my wife Eleni Pyloudi (getting married during this period) and now
our baby Sofia-Olga Vavlas for the sacrifice they have taken so | could finish my PhD

thesis with long working days and short weekends, and they are always my strength.






TABLE OF CONTENTS

= E S I 2 N i
ACKNOWLEDGEMENTS ....uuiuiiiittuiuiuttuneunuuneeneenesnsenneeseessssssnnnsnnsnessssssnsnsssnnnnsnnnnnnne il
[ S O o (T8 TSR Vii
LIST OF TABLES ... Xi
LIST OF ABBREVIATIONS AND SYMBOLS .....coo oo 1
I [ oo [ o 1o o TR 3
1.1 Importance of spaceborne remote sensing in agriculture ...........cccccevvvvvvvvvveeennnn. 3
1.2 The potential of Synthetic Aperture Radar (SAR) ........ccovvviiiiiiiiiiiiiiiiiiiiiiiieeeeeee 4
1.3 Use Of SAR IN @QIICUITUIE .....covveeii e e e e 6
1.3.1 Soil moisture content detection with radar..............c.ooevvvviiiiiiiinin e, 6
1.3.2 Radar response t0 VEgETatioN ...........uueiiiieeiiiieiicce e 7
1.3.3 Potential applications of time series Monitoring ...........ccovvvevviiiiieeeeeeeeiiinnnnn. 9
1.4 Hypothesis and ODJECHIVES...........couviiiiiiiiiiiiiiiiiieeeeeee e 10
1.5 HOw t0 read the thesSiS ........oovviiiiiiiiiiiiiiiiiiiiee e 12
2 Deriving wheat crop productivity indicators using Sentinel-1 time series.................. 14
P22 I [ a1 0T [ Tox 1o o TR 15
2.2 Materials and MethodsS .......ccooooiieieieee 17
2.2. 1 STUAY @Ir8a....ccciieeeeee e 17
2.2.2 Site ground measurements of wheat development and yield...................... 18
2.2.3 SAR data to obtain VH/VV time series in each wheat field ......................... 19
2.2.4 SAR pre-processing for field specific VH/VV time series .........cccccceveeeeen... 21
2.2.5 Temporal analysis and wheat development definition...............cccccceeeeeel. 21
2.2.6 LOQISHIC CUIVE fItlING ....cceeeeeeeeeeeeeee e 22
2.2.7 Parameter OptimiSation .............uuciiiiiiiiiiiiicee e 25
2.2.8 Automatic curve extraction and correlation analysis ............ccccceeeeeeeeeeeeeen. 25
A T =] 1 £ S 25
2.3.1 Annual analysis of VH/VV ratio curve parameters, 2017 to 2019................ 25
2.3.2 Relationship between SAR-derived parameters and Yield......................... 31
P B 1Yol B =1 o o TR 33

2.4.1 Technical and statistical process, the goodness of fit, robustness,
UNCEITRINTY ... a e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e eas 34
2.4.2 Environmental and biophysical understanding............cccccooooiiiiiiiiiiiiinneee... 35
2.4.3 Opportunities for agronomic management and modelling........................... 36
ST @0 [od 0153 (o] £ 37

3 Biological interpretation of satellite radar data for Assessing crop development and
YIEI FOMMALION ...ttt 38
G 700 I 111 0T [T £ [ IS 39
3.2 Materials and Methods ...........coooiiiiiiiiii e 41
2.1 STUAY SIE e 41
3.2.2 Field data and 0bServations ..........cccooooiiiiiiiiiiie e 42
3.2.3 Satellite data and tiMe SErIES ......uciiiiieieiieice e 47
G TR B L= 1] 1 £ SR 48
3.3.1 Variability of field measurements............cooovveeiiiie 48



3.3.2 SAR temporal development for the different polarisations and their

response based on key crop development StagesS.........coovvveeiiiiiiieeeeereeiiiiiiee e, 51
3.3.3 Detection of annual differences in vegetation dynamics and yield
formation based on the VH/VV ratio ........cooooeiiiiiiiiie e 53
3.3.4 Dynamics of VH/VV-ratio time series on fields from the same year with
different ProdUCTIVILY ........ouvueiii e e e 55
3.3.5 Relationship between CPIs and biophysical variables..........................o. 57
3.2 DISCUSSION. .. a e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e aaeas 64
3.4.1 Temporal variation of SAR profiles and field observations.......................... 64
3.4.2 CPlIs connection to biophysical properties of wheat.................cccoeeeeeeeeeen. 66
3.4.3 Sampling apProach ... 67
TR 0] o o3 1113 o o 1S 71
4 Effect of management and pedoclimatic conditions on SAR derived crop
ProductiVity INAICATOIS ......ceuiiiiiii e e et e e e e e e e ettt e e e e aeeeeannes 72
o 1 1 o o U T4 1 o] o OSSPSR 73
4.2 Materials and methods ... 74
4.2, 1 STUAY SITES ..eviiiiiiieiiee ettt 74
4.2.2 Selected CPIs for the UPSCAlE .......ccooviiiiiiiiii e 79
4.2.3 Quality assurance for the CPI outlier definition and elimination .................. 81
4.2.4 SensitiVity Of CPIS .....cooiiiiiiiiiiiiii e 82
4.2.5 Analysis of variance (ANOVA) for CPls related to the biophysical
environment and Crop MaNAGEMENT.........coviiiiie i 82
4.2.6 Multiple linear regression analysiS (MLR) ..., 83
A3 RESUILS ... 86
4.3.1 Relationship between SAR-derived CPIs and yield ............ccccccvvvvvvivvnnnnnn. 86
4.3.2 Variation of key CPIs across [0CationS.............ccoouuuiiieiiiieeeiieiiiiicee e 90
4.3.3 Analysis of variance for the selected CPIS.............cceiiiiiiiiiiiiiicii e, 91
4.3.4 Multiple linear regression (MLR) to estimate wheat yield............................ 92
4.4 DISCUSSION.....ce e 100
4.4.1 Landscape and management factors effects on CPIS.........cccccccvvvvvvinnnnn. 100
4.4.2 Combination of the CPlIs to increase yield prediction...............cccceoeeeiinins 101
4.4.3 Applications of SAR-derived CPIS ..........coeiiiiiiiiicicc e, 102
I o] o U] T 1SS 104
S5SYNTHESIS ... 105
5.1 Deriving quantitative CPIs from SAR-backscatter dynamics.............cccccceeo..... 106
5.2 CPlIs and biophysical properties of field and plot scale.................ccoovvvveennnn. 109
5.3 Potential benefits of regional monitoring and agricultural applications............. 111
5.4 RESEAICN IMPACT ... .o 113
5.5 Recommendations for future WOork.............coooiiuiiiii e 115
LIS 0] g o3 113 1o 1P 118
REFERENGCES ... ..ot e e e et e e e e et e e eaaaees 119
N N [ 135

Vi



LIST OF FIGURES

Figure 1-1 Different scattering mechanisms based on the surface structure (European
SPACE AGENCY, 2007) ..uuiieieeieeeiiiiae e e et e e e e e e e e e e e 5

Figure 1-2 Representation of vertical (i.e. VV) (a), horizontal (i.e. HH) (b) and cross-
polarisation (i.e. VH) (c) of the electric field vector of an electromagnetic wave.
(European Space AJENCY, 2007) ......cuuiiiiiiiiiiiiiiiiieeeeeeeee et 5

Figure 1-3 the effect of the crop stage in the field that determines the surface and the
dominant scattering mechanism. Graphic courtesy of Dr Giacomo Fontanelli; Poster
“Satellites in Agriculture” at the 175 Anniversary Exhibition Rothamsted Research.”

Figure 1-4 Structure of the thesis in terms of objectives and outputs of the different
chapters deriving Crop Productivity Indicators (CPI) from high-frequency
backscatter curves of Synthetic Aperture Radar (SAR-Cross Pol) and assigning
statistics (ANOVA & Multi-Linear Regression) — Place “*” Published in Remote
Sensing (Vavlas et al., 2020) ........uuuuuriiiiiiiieiiiiiiieiiieeiieieireeeeeeee e 12

Figure 2-1 Google Earth image of Rothamsted Research experimental farm, with wheat
field boundaries from 2017, 2018 and 2019 indicated using red lines.................. 17

Figure 2-2 Total monthly rainfall (mm) and mean air temperatures (°C) on the primary
axis (left) and maximum potential soil moisture deficit (PSMD; mm) on the
secondary axis (right) at Rothamsted farm from Sep 2016 to August 2019.......... 18

Figure 2-3 Flow diagram explaining the steps for the temporal analysis of SAR time
series, including the data and ProCESS........cceviiiiiiiiiiiicce e 20

Figure 2-4 a) Mean VH/VV ratio from Sentinel-1 orbit 132 of wheat field (for the
Swayers_4 field in 2018) together with a smoothed curve of the mean (with the date
of the maximum point indicated) and b) first (fx) and second (f’x) derivative (bottom)
of the smoothed field-averaged line. The date of the mid-point of the growth period,
and the date of the start, mid-point and minimum value of the maturation period are
indicated as vertical dotted lines. The secondary y axis in the first graph displays
the VH/VV ratio on a decibel scale for reference...........ccccccevvvveiiiciiiiinvviiiinn, 22

Figure 2-5 Mean SAR VH/VV ratio for a wheat field (Swayers_4 in 2018) with 228 pixels
(1.3 ha), between January and September 2018, showing the standard deviation for
each date (n = 41), and displaying 12 parameters as calculated using a smoothed
line and two logistic curves (see Table 2-2). All calculations were completed using
a linear scale and the secondary y axis displays the decibel scale for reference. 23

Figure 2-6 VH/VV ratio time series (blue dots) with the smoothed curve (dotted green
line) and two logistic curves fitted (black line) for nine fields during 2017, orbit 132.
The vertical dotted lines indicate the dates of G_midP (green), TZmax (red),
inflorescence (purple), and S_midP (yellow) as determined from the VH/VV
backscatter time series analySis ... 26

Figure 2-7 VH/VV ratio time series (blue dots) with the smoothed curve (green dashed
line) and two logistic curves fitted (black line) for five fields during 2018, orbit 132.
The vertical dotted lines indicate the dates of G_midP (green), TZmax (red),
inflorescence (purple), and S_midP (yellow) as determined from the VH/VV
backscatter time series analySis ... 27

Vil



Figure 2-8 VH/VV ratio time series (blue dots) with the smoothed curve (green dashed
line) and two logistic curves fitted (black line) for four fields in 2019, orbit 132. The
vertical dotted lines indicate the dates of G_midP (green), TZmax (red),
inflorescence (purple), and S _midP (yellow) as determined from the VH/VV
backscatter time series analysSis ... 27

Figure 2-9 Correlation matrix with 2017 (green circles), 2018 (red squares) and 2019
(blue diamond) using the 17 fields. r values are colour-coded green when there was
a 95% level of significance for a two-tailed test............cccovvieeiiiiiiiiin e, 32

Figure 2-10 Scatter plot showing the relationship between Yield and a) Duration and b)
the timing of the maximum value of VH/VV (TZmax). The r and best fit linear line for
each relationship, across the three seasons, is ShOWN ...........cccccceeeevi e, 33

Figure 3-1 Google Earth image of Rothamsted Research experimental farm, with wheat
field boundaries from 2018 (red) and 2019 (BIUE)........cccevveeeriiiiiiiiiiiee e, 41

Figure 3-2 Sample collection from Sawyers_3 field creating a W shape across the field
with the total samples (blue) from different dates. The centroid (red) is calculated by
the repeated blue dots assigned in each point (red). This centroid provides the area
with a radius of 15 m creating plots (orange) to extract the SAR polarisations for the
individual points in the field. The field is buffed 10 m to reduce the effect of the field
DOUNAANES IN SAR. ... e e e et e e e e e e aanne 45

Figure 3-3 Key growth stages (GS) observed in the fields considered in this study across
the growing season and the three phases, foundation (red), construction (green)
and production (BIUE) PhaSE. ........ceiiiiiiiicce e 46

Figure 3-4 Mean values and associated variability of a) the LAI at the booting stage and
b) the tiller density at the maturation phase in selected fields across two seasons:
2018 (Sawyers 2, Sawyers_4, Stackyard and West Barnfield) and 2019 (Drapers,
Whitehall, Gknott 2 and 3, Sawyers_3, and West Barnfield) using the five sample
POINES PEF FIEIA. ... e e e e e e e e e earees 49

Figure 3-5 Mean values and associated variability of dry biomass distribution between
different components at a) stem elongation in April and b) before harvest across two
seasons (2018, 2019) using the five sample points per field. ..............cooorvvvnnnnnnnn. 50

Figure 3-6 SAR backscatter polarisations of a) VH/VV, b) VV, ¢) VH) and field
measurements of d) height, e) plant water content (PWC), and f) above ground
biomass (AGB) against growth stages on the BBCH scale for the West Barnfield
field for two periods: 2017-18 and 2018-19..........coovviiiieiiiieeiceceee e, 52

Figure 3-7 images at the ripening stage of wheat between the two seasons of the same
field (West Barnfield) displaying the difference in colour, development stage and ear
maturation level as 2018 matured a week earlier, is more yellow and ear is more
inclined to the ground than 2019...........cooiiiiiiiiiii 53

Figure 3-8 a) Means of SAR backscatter polarisation ratio from Sentinel-1 for 2018 (red)
and 2019 (blue) together with the smoothed lines in West Barnfield and b) field
measurements for AGB (A), c) Canopy Height (0) and d) PWC (x) for the
experimental in relation to the wheat phenological development characterised below
L= o] 1= T T 54

Figure 3-9 Field data and temporal evolution of SAR using the average of two wheat
fields in 2018, West Barnfield (blue) and Sawyers 4 (red), with a significant

viii



difference in biomass. Field measurements for b) above ground biomass (AGB), c)
canopy height, and d) plant water content together with the development stages
(vertical lines), Temporal VH/VV ratio SAR smoothed with the development stages
(o [0 1117 ) USSP 56

Figure 3-10 CPI calculation using the two logistic curve fitting for 2019 harvest season.
Every column represents the same field with its five sample positions and the
parenthesis displays the number of pixel used to average the VH/VV ratio.......... 60

Figure 3-11 The relationship between the SAR VH/VV ratio and the canopy height for
three wheat development periods: stem elongation, booting and ear emergence,
and grain filling. The x and o symbols display two different fields in 2018............ 65

Figure 3-12 Display of the curve signature similarity of field average value of VH/VV
(hatched line) smoothed curve with five individual plots smoothed lines (P6 to P9)
in the same wheat field. ... 69

Figure 3-13 Yield comparison between the combine harvest from the machinery as field
average in t/ha (x-axis) and the hand harvest in each sample point by five points per
field (y-axis) as well as the 1:1 line (black) for the two different years (2018-red,
2009-DIUB) ..t 70

Figure 4-1 Google Earth images from the four farms that display fields available for wheat
cultivation in each area. Rothamsted Farm, Hertfordshire (a), East Hall,
Hertfordshire (b), Hydehall, Norfolk (c) and Salle Farm, Norfolk (d) ..................... 75

Figure 4-2 Monthly mean temperature (a) and monthly total precipitation (b) for
Rothamsted (Roth) in Hertfordshire and Salle in NorfolK..............ccccvvvvviicinnneenn. 78

Figure 4-3 Seasonal variations of the total precipitation across the three growing seasons
in the two regions (a) Rothamsted — AL5 and (b) Reepham/Salle — NR10 using the
local weather stations in the farms...........ooo e 79

Figure 4-4 Presentation of important CPIs derived from the previous chapters that were
used for the statistical analysis in the different farms. ..............cccccviiiiee i, 80

Figure 4-5 Examples of poor curve fitting that the IQR application on the senescence
CPIs flagged up the fields (red circles) that were then excluded from the analysis in
Hydehall farm. ..... oo e 81

Figure 4-6 Correlation matrix for the 2017-2020 season using the two Norfolk farms
displaying the correlation among the CPIs. The correlation values (r) are colour-
coded green when there was a 95% level of significance for a two-tailed test ..... 88

Figure 4-7 Correlation matrix for the 2017 season across the four farms displaying the
correlation among the CPIs. The correlation values (r) are colour-coded green when
there was a 95% level of significance for a two-tailed test .................coeevieiiinnnnnnn. 89

Figure 4-8 Actual (calibration) vs predicted values of yield (t/ha) for the four different
farms in the 2016-17 growing season using the best model yield =f (Gmid, Smid,
Gmax, Smax) based on the AIC criterion. The black line represents the 1:1 line and
the grey is the regression with R?=0.5. The 95% confidence limits are highlighted as
L= 10 [0 I8 €= [0 1S 30PRSI 97

Figure 4-9 Yield prediction for the four different years in Norfolk based on the 2017 four
farm regression model (CS2) and comparison with the 1:1 line (black). The



regression line is displayed as blue and the 95% confidence limits are highlighted
AS TAUEA FEUIONS. ...ttt nennnnes 98

Figure 4-10 Comparison of predicted yields against actual yields for the Norfolk region
using the 2017 growing season as calibration (cyan 1:1 line) for the multiple linear
regression model and the rest of the years for comparison (black lines 1:1) as well
as the regression lines for each year (grey lines). The 95% confidence limits are
highlighted as faded regions. model yield=f(Gmid,Smid,Gmax,Smax).................. 99

Figure 5-1 Example of the VH/VV temporal curves of the same field with the VH/VV ratio
field average points and standard deviation, based on four different orbits (8, 81 for
descending and 59, 132 for ascending) passing from the same farm in Norfolk
displaying differences during the vegetation period. ..............ccoovviiiiiiiii e, 107

Figure 5-2 Example of using NDVI as the base to define areas with similar characteristics
that can be examined using the SAR temporal analysis. The black box shows the
time of the optical image acquisition and the smoothed lines display the SAR VH/VV
ratio temporal evolution on the three zones in 2018...........ccccoeeviiiiiiiiiiiieeeeeeee, 116



LIST OF TABLES

Table 1-1 Microwave bands description commonly used by satellite sensors.
https://earthdata.nasa.gov/learn/backgrounders/what-is-sar ; highlighting C-Band of
7= 1111 o ST 4

Table 2-1 Wheat field names and number of 10 m x 10 m pixels per field on Rothamsted
BB L 18

Table 2-2 Definitions of the VH/VV ratio curve parameters and the anticipated associated
crop development stage (BBCH or Zadoks scale) ........ccooveeevvieeiiiiiiinieeieeciiiinn, 24

Table 2-3 Values of derived parameters (linear scale), yield data, and the root mean
standard error of the growth (RMSEG) and maturation (RMSES) stages, for each of
the winter wheat fields in 2017, 2018 and 2019 .......coviieiiieeieeee et 29

Table 2-4 Mean and standard deviation values of 12 derived parameters (linear scale)
and the wheat yield for each season of the analysis............cccccccvvieeeni e, 30

Table 3-1 Field names and management information from the Rothamsted experimental
farm; *Nitram fertiliser With 34.5%0 N; ....cuniieiiii e 42

Table 3-2 Description of the field observation types the frequency and replicates as well
as the instruments used during the fieldwork ..., 44

Table 3-3 Key crop development stages of winter wheat of “West Barnfield” site in the
two growing seasons and the final yield provided at harvest..............cccccvvvviennnns 55

Table 3-4 Comparisons of the two scales (field and plot) between the CPls derived from
a) 2018 using the mean values of VH/VV for five fields and of VH/VV values for five
plots within five fields, and b) 2019 using the mean values of VH/VV for six fields
and of VH/VV for five plots (15 m radius circle, approximate 7 pixels) within the six
fields , by displaying the mean, standard deviation (SD) and coefficient of variation
(CV). The yield measurement for the field was derived from the combine harvester
and for the within field samples, the yields was derived from the hand harvesting of
individual plants before harvest. N is number of observations and A is the mean
area (ha) of the sampling UNIL. ...........uuiiiiiiiiiiiii e 58

Table 3-5 Levels of significant difference: 0.05<p<0.1(°), 0.01<p<0.05(*), 0.001<p<0.01
(**) and p<0.001 (***) between field and plot scale in each year and between the two
years 0N the SAME SCAIB........ccoo oo 58

Table 3-6 Correlation coefficient (r) between CPls and field observations (50 points in
total) using both growing seasons (2018 & 2019), significant r (P level>0.05)
coloured green and red. details of each indicator definition can be found in Table
2o e e et ———eee e e e e e ————tttaeeeaaaa————ttaaaeeaaaan——rrraaaeeaaaaannranes 63

Table 4-1 Total number of wheat fields provided for each season and farm before quality
assurance. (* no yield data available); proposed boxes mark the subsample in the

ANAIYSIS (TWO CASE STUAIES) .....vvuverriiiiriiiiiiiitiiieiiieeeeeeeeeeeeeeeeseeseeeeaeeeeeeseesneeneenennnnes 75
Table 4-2 Different groups of residual soil N effect
(https://www.fas.scot/downloads/tn731-nitrogen-recommendations-for-cereals-

oilseed-rape-and-POtatoES/ )......uu e 76
Table 4-3 Number of fields for each farm based on the residual soil N group ............. 76

Xi



Table 4-4 Number of fields per farm and soil characteristics (Cranfield University, 2021)
across the four selected farms with wheat as a Crop..............eevvvveiviiiiiiiiiiiieiinnnnns 77

Table 4-5 Soil properties (average) describing the dominant soil series under arable
management in each of the four farms (Cranfield University, 2021)..................... 77

Table 4-6 Selected CPIs definitions that displayed contribution towards biophysical
properties of wheat taken from previous chapters..........cccccccvvviiiiiiiiiiiiiieee, 80

Table 4-7 Information about the different factors considered in the ANOVA based on the
data available from the selected farmsS. ......oeveieei e 83

Table 4-8 Mean and standard deviation (SD) of the important CPIs from the four different
farms during 2017 to compare the regional effects on CPIs* and yield data. ) TZmax
= booting stage, G_midP = midpoint of growth, S_midP = midpoint of senescence,
G_max = biomass proxy at the end of the construction phase, Smax = water proxy
at the start of maturation (See Table 4-6)...........uuuuiuriiiiiiiiiiiiiiiiiiiiiiiiiiiieiees 90

Table 4-9 ANOVA results using three harvest years (2017-2019) for the four selected
farms, testing the influence of annual meteorology (Year), management (Farm),
residual nitrogen (Pr_crop_N), Soil type and the interactions of soil season and
nitrogen residual and soil on the important CPIs at four different levels of
significance: 0.05<p<0.1(°), 0.01<p<0.05(*), 0.001<p<0.01 (**) and p<0.001 (***)
(number of SAMPIES Z210) ... .ccoiiiiiiicee e 92

Table 4-10 Multiple linear regression results for the three main models at four different
levels of significance: 0.05<p<0.1(°), 0.01<p<0.05(*), 0.001<p<0.01 (**) and
p<0.001 (***) for the Norfolk farms in years 2017-2020 ............ccevvveeveriiiieeeneninnnns 93

Table 4-11 Results of multiple linear regression for the three main models at four different
levels of significance: 0.05<p<0.1(0), 0.01<p<0.05(*), 0.001<p<0.01 (**) and
p<0.001 (***) for the four farms during the 2017 growing season (CS2)............... 94

Table 4-12 Adjusted coefficient of determination R2,q; and AIC of the multiple linear
regressions of selected variables relative to wheat yield across four farms in one
season and across four seasons in two farms in Norfolk using the important CPls
(Duration, TZmax=booting stage, Gmid=midpoint of growth, Smid=midpoint of
senescence, Gmax=biomass proxy at the end of the construction phase,
Smax=water proxy at the start of maturation). In bold the best model in each case
............................................................................................................................ 96

Table 4-13 RMSE and Pbias for the different years in Norfolk farm based on re-
calibration of the individual year (different rows) of the best-selected formula. The
calibration data is ShOwNn iN italiC...........cccevveiiiiiiiii e 100

Xii



LIST OF ABBREVIATIONS AND SYMBOLS

AGB
AIC
ANOVA
CPI

Ccv
D_base
D_max
DM
DOY
Duration
EO
ESA
G_base
G_max
G_midP
G_steep
IQR

LAl
MLR
PWC
RMSE
RS

S base
S_max
S _midP
S_steep
SAR
SMC
TDR
TZmax
UAV

o

o

Above Ground Biomass

Akaike information criterion

Analysis of variance

Crop Productivity Indicator

Coefficient of variation

Tillering backscatter

Structure change (Inflorescence)

Dry Matter

Day of the year

Duration of “full” vegetation to maturation
Earth Observation

European Space Agency

Baseline value for the growth stage
Max value for growth stage

Time of midpoint of growth period (to, G)
Steepness of logistic curve for growth period
Inter quartile range

Leaf Area Index

Multi linear regression

Plant water content

Root Mean Square Error

Remote sensing

Baseline value at the end of the season
Value at the start of grain filling

Time of midpoint of maturation (to, S)
Steepness of logistic curve for maturation period
Synthetic Aperture Radar

Soil moisture content

Time domain reflectometry

Time of maximum point

Unmanned aerial vehicles

Backscatter (gamma nought)

Backscatter (sigma nought)






1 INTRODUCTION

1.1 Importance of spaceborne remote sensing in agriculture

The increase of the global population and rising demand for food creates a threat to food
security (FAO, 2011). New strategies are necessary to deal with two important challenges to
sustainable agricultural development: (i) closing the yield gap (difference between attainable
and actual production) (Rayfuse and Weisfelt, 2012) and (ii) avoiding long term soll
degradation (Giannakis et al., 2017). One tool that can enhance our understanding of the
impact of agricultural practices and assist in developing early warning systems of low yield is
the use of remote sensing (RS) to monitor crops (Jin et al., 2018; Veloso et al., 2017). Remote
sensing is the science and the art of acquiring information about an object by observing it from
a distance (Fischer, Hemphill and Kover, 1976). Sensors attached to different platforms, such
as handheld devices, Unmanned Aerial Vehicles (UAVS), and aeroplanes or satellites, can
acquire data remotely (Fischer, Hemphill and Kover, 1976). Satellite data have the potential
to support farming decisions by gathering and displaying environmental variables across the
landscape (Earl et al., 2003). The close connection between mainly optical RS and precision
farming is possible because crops show physical responses to environmental variables, like
water or nitrogen stress (Blaes et al., 2006; Casanova, Judge and Miyoung Jang, 2007; van
Emmerik et al., 2015), influenced by time and location (Vicente-Guijalba, Martinez-Marin and
Lopez-Sanchez, 2014).

The agriculture sector can benefit from spaceborne RS data using different types of satellite-
derived products for different applications (Kansakar and Hossain, 2016; Steele-Dunne et al.,
2017; De Sy et al., 2012). Optical data are commonly used for vegetation analysis, as the
spectral properties of a leaf are determined in large part, by its chemical composition, such as
photosynthetically active pigments (e.g. chlorophyll) (Behrenfeld and Falkowski, 1997; Pinker
and Laszlo, 1992). As leaves senesce, green chlorophyll pigments decrease, and other
pigments dominate, these differences are then exploited for species discrimination or crop
monitoring, but in areas characterised by high cloud cover, radar (microwave) based
observations have the ability to penetrate the clouds and, due to the nature of the signal, are
unaffected by day/night acquisition (Bush and Ulaby, 1978). Synthetic Aperture Radar (SAR)
can contribute to the crop monitoring framework, although its potential has not been fully
established (Friesen, Steele-Dunne and van de Giesen, 2012; Paget, Long and Madsen,
2016; Steele-Dunne et al., 2017). Considering that radar is sensitive to the surface structure
and the dielectric properties, it can be used as a quantification tool for the canopy properties
and moisture. Crop identification and phenological development can be identified by high

temporal frequency SAR backscatter data (Bargiel, 2017) and parameters such as, for



example, the growth duration, an important factor for yield formation (Veloso et al., 2017). The
research is particularly timely because spaceborne data have become easily accessible from
the European Space Agency (ESA) with the Sentinel satellites, (Aschbacher and Milagro-
Pérez, 2012), which has led to an increase of interest in the use of RS applications in

agriculture.

1.2 The potential of Synthetic Aperture Radar (SAR)

SAR is an active sensor operating in the microwave spectrum domain (1 mm <A <1 m), able
to produce an image of a target. Radar and SAR are active devices that provide their energy
source and illumination: they transmit an electromagnetic wave towards a target and then
measure the energy scattered back. The bands are different wavelengths of SAR designated
as K, X, C, L, and P. Table 1-1 notes how the wavelength, frequency and different applications
can vary with eight bands.

Table 1-1 Microwave bands description commonly used by satellite sensors.
https://earthdata.nasa.gov/learn/backgrounders/what-is-sar ; highlighting C-Band of Sentinel-1

Band  Wavelength Frequency Typical Application

Ka 1.1-0.8 cm 27-40 GHz Rarely used for SAR (airport surveillance)

K 1.7-1.1cm 18-27 GHz rarely used (H20 absorption)

Ku 2.4-1.7cm 12-18 GHz rarely used for SAR (satellite altimetry)

X 3.8-2.4cm 8-12 GHz urban monitoring, ice and snow, little penetration into
vegetation cover; fast coherence decay in vegetated
areas

C 7.5-3.8cm 4-8 GHz SAR Workhorse (global mapping; change
detection; monitoring of areas with low to
moderate penetration; higher coherence); ice,
maritime ocean navigation

S 15-7.5cm 2-4 GHz agriculture monitoring (NISAR will carry an S-band
channel; expends C-band applications to higher
vegetation density)

L 30-15cm 1-2 GHz geophysical monitoring; biomass and vegetation
mapping; high penetration, INSAR

P 100-30 cm 0.3-1 GHz Biomass. First p-band spaceborne SAR will be

launched ~2020; vegetation mapping.

When an electromagnetic wave emitted by a transmitter arrives on a rough surface, energy
will be scattered in all directions with different intensities (Figure 1-1). In the case of monostatic
systems (when both the transmitter and receiver antennas are located on the same platform),

the measure of energy scattered back toward the receiver is called backscatter (c°). Imaging


https://earthdata.nasa.gov/learn/backgrounders/what-is-sar

radar can transmit vertical (V) or horizontal (H) electric field vectors and receive either vertical

or horizontal signals or both (European Space Agency, 2007).

T/J

Reflection off a smooth surface Scattering off a rough surface

The angle of incidence, 1'_, equals the TTEEVEELE_IUD? m;?glzﬁsmghtn;? gn
angle of reflection. Double Bounce wavelongth g sig
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Yolumetric Scatlering
Exarnple scattering in a tree

Figure 1-1 Different scattering mechanisms based on the surface structure (European Space Agency,
2007)

In Europe, Sentinel 1 C-band (5.405 GHz) SAR instruments operate in dual polarisation
(VV+VH), implemented through one vertical transmit V polarised and two parallel receive
vectors for H and V polarisation over the land (Figure 1-2) (European Space Agency, 2007;
@stergaard et al., 2011). Thanks to the two satellites orbiting in near-polar, sun-synchronous
orbits, itis possible to benefit from the 6-days return time of satellites on the same orbit, leading
to a widespread observation of vegetation growth (Torres et al., 2012).

VV: vertical plane transmitted and received (like-polarized)

VH: vertical plane transmitted, and horizontal plane received (cross-polarized)

i a

Figure 1-2 Representation of vertical (i.e. VV) (a), horizontal (i.e. HH) (b) and cross-polarisation (i.e.
VH) (c) of the electric field vector of an electromagnetic wave with red arrows as direction of transmitting
downwards and receiving upwards signal. (European Space Agency, 2007)

The radar backscatter carries the information about the surface of the object. This reflection
is driven by radar parameters (wavelength or frequency, Incidence angle) and surface
parameters (Dielectric constant, Surface roughness). The high frequency in data acquisition,
the improved spatial resolution of Sentinel-1, the ability to penetrate clouds, and the free
availability from the ESA are the main reasons these SAR data have been selected as a focus

for this thesis.



The physical process responsible for the VV is direct surface reflection and surface or volume
scattering. The VH is associated with multiple scattering because of volume scattering or
surface roughness and is usually weaker (Figure 1-1). When the electromagnetic wave
scatters from a object, the way the wave is polarised can change. The scattering mechanism
and the returns from different surfaces vary with the incidence angle of the electromagnetic
ray (Brown et al., 2003; Huang et al., 2015; Mladenova et al., 2013).

The amplitude component of the SAR signal is affected by speckle, which is commonly and
incorrectly considered a noise that inherently exists in the backscatter and reduces the quality
of the radar. Speckle in SAR is caused by coherent processing of the signals from multiple
distributed objects, which is generally severe, causing difficulties for image interpretation.
Several different methods are used to reduce the effect of speckle, based on different models
describing the phenomenon (Kanevsky, 2008). For example, the multiple-look processing
averages out the speckle (incoherent average) using several "looks" at the object in a single
radar sweep (Franceschetti and Lanari, 1999).

1.3 Use of SAR in agriculture

1.3.1 Soil moisture content detection with radar

Soil moisture content (SMC) is an important variable affecting land surface atmospheric
interactions in fields such as hydrology and agronomy. The microwave region is especially
attractive for the remote sensing of SMC since the presence of water in soil strongly affects
the microwave return, and at the same time, the return is not directly influenced by the
chemical and mineralogical properties of the soil material (Ulaby et al., 1978; Lundien, 1971,
Edgerton et al., 1971).

The sensitivity of microwave signals to the SMC is dependent on the effect of water on the
dielectric constant, as has been established in multiple studies (Ulaby et al., 1986; Wang et
al., 1980; Jackson et al., 1997). Scattering of the radar signal from a surface, however,
depends on its overall physical nature. For example, on bare agricultural soil, the backscatter
mainly depends on soil moisture and surface roughness (Figure 1-3) in addition to the sensor
configuration as electromagnetic wavelength, incidence angle and polarisation (Zribi et al.,
2007; Baghdadi et al., 2007: Pasolli et al., 2011). The soil moisture spatial variability has been
investigated using ground observations and remote sensing measurements. Reynolds (1970)
classified the source of moisture variability into static (e.g., soil characteristics and local
topography) and dynamic (e.g., weather patterns and vegetation development) components.

The water sensitivity of microwave signal is examined for different applications as research



has been done on soil moisture (Alexakis et al., 2017; Choker et al., 2017; Gherboudj et al.,
2011) and irrigation applications at the field (Bastiaanssen, Molden and Makin, 2000; Gao et
al., 2018) and landscape scale (Petropoulos et al., 2018).

Soil roughness (irregularities of the surfaces) is caused by various factors, such as land
management, rock fragments, as well as soil texture and aggregates. Soil surface roughness
affects the water retention, infiltration, overland flow and ultimately erosion and sediment
transport (Amoah, Amatya and Nnaji, 2013). It is also relevant for measuring SMC using SAR
0° data, as it affects the scattering mechanisms (Alvarez-Mozos et al., 2006; Bousbih et al.,
2017; Rahman et al., 2008; Sahebi, Bonn and Gwyn, 2003; Srivastava et al., 2003). It is
important for the development of a methodology that aims to describe vegetation dynamics to
understand the effect of soil moisture and roughness in the scattering mechanism. It is crucial
to consider this effect when low vegetation covers the field's surface, and the signal variation
is strongly affected by changes in moisture and soil roughness (Harfenmeister, Spengler and
Weltzien, 2019).

1.3.2 Radar response to vegetation

In the microwave region of the electromagnetic spectrum, the wavelength affects the intensity
of the penetrating energy and scattering by the vegetation together with the canopy
architecture and plant water content (Table 1-1). Backscatter is affected by the orientation,
size and shape of vegetation components (leaves, stalks, fruit), the crop dielectric properties
(Alexakis et al., 2017; Steele-Dunne et al., 2017; Vreugdenhil et al., 2018), and the cropping
characteristics (Harfenmeister, Spengler and Weltzien, 2019; Mattia et al., 2003), such as
plant density and biomass. A crop canopy will interact as a group of volume scatterers. At the
same time, soil contributes on the surface scattering of the energy that penetrated the crop
(Figure 1-1,Figure 1-3). The main scattering mechanisms in vegetation displayed in Figure 1-1
are a) Single bounce, b) double-bounce and c) volume scattering (European Space Agency,
2007).

Vegetation geometry includes both the macrostructure and microstructure of a canopy. The
first describes the canopy's height and the number of plants per unit area, and the latter refers
to the stem and leaves. Canopy components with similar size or larger that the radar
wavelength are expected to affect the scattering in contrast to the smaller in size that attenuate
the energy (McNairn et al., 2009a). The physical variables that affect 0° are the structure of
the plants, plant density, row orientation and the plant water content (PWC), which is linked to
the dielectric constant. PWC changes with crop phenology stage and impacts on the mixture

of direct and volumetric backscattering mechanisms. It is expected that the lower PWC and



reduced canopy would allow greater penetration once senescence begins and the soil will

interact more with the backscatter (Figure 1-3).

Among the polarisations, cross-polarisations (both HV and VH) have been found to be efficient
for crop and soil conditions monitoring and most affected by changes in structure with the
crop life cycle (Moran et al., 2012; Inoue et al., 2014). The backscatter ratio VH/VV that is
calculated based on the two polarisations could be used to assess the dynamics of crops
because the value is relatively insensitive to soil moisture (Fieuzal, Baup and Marais-Sicre,
2013; Khabbazan et al., 2019; Veloso et al., 2017; Vreugdenhil et al., 2018). In the literature
so far, there is lack of quantitative analyses using the VH/VV ratio to quantify changes in the
crop dynamics. Veloso et al. (2017) displayed the importance of using the VH/VV ratio for
biophysical parameter retrieval such as biomass and identifying changes in canopy structure
that can be connected with the development stages and need further investigation as it
showed great potential. Similar conclusions were derived about the use of the ratio and time
series analysis relationship with biomass, canopy height and plant water content in different
crop growth stages on wheat, canola, corn and oilseed rape (Canisius et al., 2018;

Harfenmeister, Spengler and Weltzien, 2019; Vreugdenhil et al., 2018)

Soil roughness and moisture Canopy Structure/height Crop water content - Harvest
High return Low return
- - - ”f =% ’f
‘\::' \\ “\“‘~ \\:‘{'A \\ k\‘\ ‘\ ‘A‘\
‘, ‘\‘ ‘-"_' } \‘, o N
Rough Smooth Increasing vegetation Senescing vegetation

Figure 1-3 the effect of the crop stage in the field that determines the surface and the dominant
scattering mechanism. Graphic courtesy of Dr Giacomo Fontanelli; Poster “Satellites in Agriculture” at
the 175 Anniversary Exhibition Rothamsted Research.”

SAR can therefore be used to assess the biophysical changes of the agricultural landscape
(Ndikumana et al., 2018) through the whole growing season, as it is sensitive to the structure
and biomass of the crop (Harfenmeister, Spengler and Weltzien, 2019; Mattia et al., 2003). In
combination with the sensitivity of radar to the water in the surface (Alexakis et al., 2017;
Steele-Dunne et al., 2017; Vreugdenhil et al., 2018), SAR can be used to quantify the moisture
and roughness of the field surface (Betbeder, Fieuzal and Baup, 2016; Dobson et al., 1985;
Mironov et al., 2004; Snapir et al., 2018). These properties will vary due to crop type that have
been used in agriculture applications like crop identification (Bargiel, 2017; McNairn et al.,
2009a; Van Tricht et al., 2018). In literature, there are cases of using both SAR and optical

images to increase the accuracy of crop recognition (De Bernardis et al., 2016; Fieuzal, Baup



and Marais-Sicre, 2013; McNairn et al., 2009a; Zhou et al., 2017). In other cases, remote
sensing time series were used to derive statistics (e.g. variance, average) to identify irrigation
in the landscape (Gao et al., 2018) or models to simulate the backscatter penetration with crop
and soil conditions (Attema and Ulaby, 1978; Baghdadi et al., 2017; Bériaux et al., 2015; Li
and Wang, 2018). Different microwave bands (L- C- and X-band) have also been studied to
assess vegetation dynamics (Brown et al., 2003; Huang et al., 2015; Snapir et al., 2018). The
availability of high-frequency SAR data through Sentinel-1 mean that there is the potential to
apply it to derive development stages of the crop (Bargiel, 2017; De Bernardis et al., 2016).
Together with crop modelling, such information can be used under a data assimilation scheme
to improve crop development simulations (Huang et al., 2019; Jin et al., 2018; Lahoz and
Schneider, 2014). In conclusion, the question arises whether the form, e.g. the timing of the
rise and fall and the height or intensity of the monitoring curves (VH/VV) has a quantitative

meaning.
For our indicator crop, winter wheat, AR can recognise the following field characteristics:

e Soil surface roughness and soil water content
e Crop development, type and biomass

e Crop water status, drought stress and onset of maturation

Some questions arise about the importance and relevance of crop density and height, the

latter having a generally negative effect on grain yield (as it lowers the harvest index).

The open questions from state of the art at the beginning of this project were firstly whether
the dynamics of the SAR backscatter and especially the VH/VV, would result in a consistent
and robust parameter set that related to the productivity (yield) of our indicator crop, winter
wheat. The second question was whether these mathematical curve parameters could be
consistently related to the phenological and biophysical properties of the crop, and the third
guestion was whether this methodology could be transferred to other areas with different pedo-

climatic conditions and crop management.

1.3.3 Potential applications of time series monitoring

Time series analysis of satellite-based high-frequency SAR can provide early warnings of low
yields as images allows detailed crop life cycle monitoring, contributing to an improved
understanding of the impact of agricultural practices, and (Jin et al., 2018; Veloso et al., 2017).
There is a wide range of remote sensing data and associate products (Kansakar and Hossain,
2016; De Sy et al., 2012), and the most appropriate form will depend on the challenge such
as understanding water dynamics (stress and irrigation) use for crop classification and

vegetation modelling (Steele-Dunne et al., 2017).



Data can also support decisions in farms due to gathering and displaying environmental
variables across large areas, providing spatial information (Kasampalis et al., 2018; Steele-
Dunne et al., 2017). Crop modelling is affected positively with the increase of frequency and
availability of satellite data that can support landscape simulations (Betbeder, Fieuzal and
Baup, 2016; Huang et al., 2019; Kasampalis et al., 2018) to improve regional production
estimates. However, in most cases, the use of satellite-based data is constrained by the
correlation of RS and vegetation growth that varies with the environment (Blaes et al., 2006;
Casanova, Judge and Miyoung Jang, 2007; van Emmerik et al., 2015), and with time and

location (Vicente-Guijalba, Martinez-Marin and Lopez-Sanchez, 2014).

Water status and plant development are two yield formation components, which are be
detectable using SAR. Therefore, it is vital to relate the dynamic rise and fall of the backscatter
components, particularly the cross-polarisation backscatter ratio (VH/VV), to the phenological

development and plant water status measured in ground measurements.

1.4 Hypothesis and objectives

In summary, this short review points to a clear relationship between SAR and crop
development, which is used to identify crops, and the water status of the soil and the crop.
The recent release of high-frequency SAR data presents the unique opportunity to explore the
guantitative potential of those data. The apparent knowledge gap beyond the crop
identification based on phenology is the linkage between phenology-related biomass and the

water status of the crop with the process of yield formation.

Therefore, this research aims to use these new high-frequency, high-resolution satellites to
derive quantitative parameters from SAR cross-polarisation backscatter data to evaluate crop

productivity across different agricultural landscapes.
This thesis, therefore, test the overall hypotheses that:

Firstly, vegetation growth and water dynamics can be monitored using SAR backscatter and
secondly, the parameters derived from the VH/VV backscatter ratio curve are significantly

related to crop performance.

Specifically, the hypothesis is that the combination of crop establishment and early biomass
growth and the onset of senescence and maturation can be related to detailed field

observations and upscaled to regional yield monitoring.

The above aim and hypotheses are addressed through the following objectives
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Develop a robust quantitative approach using SAR remote sensing data to define Crop

productivity Indicators (CPI) for winter wheat. (Chapter 2)

Explain how SAR-derived crop productivity indicators relate to field measurements at

the field and plot scale across two different seasons. (Chapter 3)

Explain how SAR-derived crop productivity indicators relate to inter-regional and inter-

annual variability in yield. (Chapter 4)

Synthesise how crop productivity indicators can be used across scales (plot-field-farm)
to improve our understanding of regional crop monitoring. (Chapter 5)

11



1.5 How to read the thesis

In my PhD project, based on the above presented current state of the art (Chapter 1), | used
the high temporal frequency SAR backscatter data from Sentinel-1, to test the overall
hypothesis that the dynamic of the SAR smoothed VH/VV curve is indicative for the state of
crop development and water status, and eventually its productivity. Figure 1-4 below displays
the thesis structure with all the steps taken to complete the objectives.

Chapters

Objectives

Outputs

Overall Aim: Extracting CPIs from SAR-Backscatter Dynamics

1. Introduction &
Overview

*2. Methodology
Development &
Validation

Background Knowledge Gaps
State of the Art Objectives
Establish Backscatter Quantitative
Processing Algorithms

Validate SAR-derived CPls

CPlIs definitions

'y

h 4

T

v

3. Bio-physical &
Agronomical
Meaning of SAR

SAR CPlIs relate to field
measurements
Difference between two
seasons

Relationship
between Crop
State Variables
SAR-derived CPls

v

h 4

4. Validate SAR-
derived CPIsto

Upscale SAR-derived CPls
to other Farms & Regions

CPI-Statistics
(Weather, Soil &
Management)
Increase yield
predictive power

Predict Yield * Seasonal effect on CPIs
5. Overall * Relevance of SAR-CPIs
Discussion & for Farming
Synthesis *  Decision Making

T

4

Conclusions &
Recommendations

Figure 1-4 Structure of the thesis in terms of objectives and outputs of the different chapters deriving
Crop Productivity Indicators (CPI) from high-frequency backscatter curves of Synthetic Aperture Radar
(SAR-Cross Pol) and assigning statistics (ANOVA & Multi-Linear Regression) — Place “*” Published in
Remote Sensing (Vavlas et al., 2020)
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Chapter 2 described the first step, the parameterisation of the dynamic SAR backscatter data
using a quantitative curve-fitting approach to characterise unique features of the temporal
evolution of the SAR backscatter and how this relates to the wheat crop; the specific crop
selected for this research. The temporal analysis of the dynamic curve using logistic curve
fitting is at the core of the CPIs extraction procedure to define the timing and magnitude of the
signal response for every field included in the analysis. Statistical analysis will be essential to
describe the influence of the noise coming from the satellite observation as well as the different
conditions of individual fields that may affect the temporal evolution of the SAR curve
(drought).

The next step (Chapter 3) is the analysis of the SAR sensitivity to the crop development and
biophysical properties, correlating the satellite-derived parameters with in situ measurements.
Fieldwork was completed for 2018 and 2019 on the Rothamsted Research farm that shows
sensitivity with the satellite products. Fieldwork data collected include canopy height, Leaf
area index (LAI), soil moisture content (SMC%) (using TDR), and biomass (Fresh and Dry)

with plant water content (PWC%) also calculated.

The objective of the fourth part of the thesis (Chapter 4) is the correlation of yield with the CPIs
calculated using the methodology on Chapter 2 to observe the SAR parameter sensitivity to
field production in other areas. At the same time, soil properties such as soil type are provided
by soil maps. A multilinear regression approach will be examined to increase the predictive
power of the yield using the important CPls defined.

In the overall discussion (Chapter 5), | analyse the practical relevance of SAR-derived CPls
for farm-scale decision-making compared to their potential usage in regional yield monitoring.
We also discuss whether the proposed method could be turned into an operational tool to give

early and near-harvest productivity projections.
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2 DERIVING WHEAT CROP PRODUCTIVITY INDICATORS
USING SENTINEL-1 TIME SERIES

Published paper:

Vavlas, N., Waine, T.W., Meersmans, J., Burgess, P.J., Fontanelli, G. and Richter, G.M.
(2020) ‘Deriving Wheat Crop Productivity Indicators Using Sentinel-1 Time Series’, Remote
Sensing, 12(15), p. 2385

Author Contributions: Conceptualization, N.-C.Vavlas., T. W. Waine., J. Meersmans, and G.M.
Richter.; methodology, N.-C. Vavlas; software, N.-C. Vavlas; formal analysis, N.-C. Vavlas;
data curation, N.-C. Vavlas and G. Fontanelli.; writing original draft preparation, N.-C. Vavlas;
reviewing, T.W. Waine., J. Meersmans, P.J. Burgess., G. Fontanelli, and G.M. Richter;
visualization, N.-C. Vavlas. All authors have read and agreed to the published version of the

manuscript.
Summary

High-frequency Earth observation (EO) data have been shown to be effective in identifying
crops and monitoring their development. The purpose of this paper is to derive quantitative
indicators of crop productivity using synthetic aperture radar (SAR). This study shows that the
field-specific SAR time series can be used to characterise growth and maturation periods and
to estimate the performance of cereals. Winter wheat fields on the Rothamsted Research farm
in Harpenden (UK) were selected for the analysis during three cropping seasons (2017 to
2019). Average SAR backscatter from Sentinel-1 satellites was extracted for each field and
temporal analysis was applied to the backscatter cross-polarisation ratio (VH/VV). The
calculation of the different curve parameters during the growing period involves (i) fitting of
two logistic curves to the dynamics of the SAR time series, which describe timing and intensity
of growth and maturation, respectively; (ii) plotting the associated first and second derivative
in order to assist the determination of key stages in the crop development; and (iii) exploring
the correlation matrix for the derived indicators and their predictive power for yield. The results
show that the day of the year of the maximum VH/VV value was negatively correlated with
yield (r = —0.56), and the duration of “full” vegetation was positively correlated with yield (r =
0.61). Significant seasonal variation in the timing of peak vegetation (p = 0.042), the midpoint
of growth (p = 0.037), the duration of the growing season (p = 0.039) and yield (p = 0.016)
were observed and were consistent with observations of crop phenology. Further research is
required to obtain a more detailed picture of the uncertainty of the presented novel

methodology, as well as its validity across a wider range of agroecosystems.
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2.1 Introduction

Time series analysis of satellite remote sensing (RS) images allows detailed crop monitoring,
an enhanced understanding of the impact of agricultural practices, and can provide early
warnings of low yields (Jin et al., 2018; Veloso et al., 2017). There is a wide range of RS data
and associate products (Kansakar and Hossain, 2016; De Sy et al., 2012), and the most
appropriate form will depend on the challenge such as crop classification, vegetation
modelling, and understanding water dynamics such as drought stress and irrigation (Steele-
Dunne et al., 2017). Data can also support farming decisions due to the ability to gather and
display environmental variables across large areas, providing spatial information (Kasampalis
et al., 2018; Steele-Dunne et al., 2017). The increasing availability and frequency of satellite
data also support the application of RS in the context of crop modelling (Betbeder, Fieuzal and
Baup, 2016; Huang et al., 2019; Kasampalis et al., 2018) to improve regional production
estimates. However, in most cases, the use of RS for crop management remains limited as
the relationship between the data and crop development and growth varies with the
environment (Blaes et al., 2006; Casanova, Judge and Miyoung Jang, 2007; van Emmerik et
al., 2015), and with time and location (Vicente-Guijalba, Martinez-Marin and Lopez-Sanchez,
2014).

Synthetic Aperture Radar (SAR) data have become freely available from the European Space
Agency (ESA) with the Sentinel-1 (S1) constellation under the Copernicus program
(Aschbacher and Milagro-Pérez, 2012). The data comprise high-temporal resolution images,
which can be used for RS applications in agriculture (Harfenmeister, Spengler and Weltzien,
2019; Steele-Dunne et al., 2017; Veloso et al., 2017), although its potential has not been fully
established (Friesen, Steele-Dunne and van de Giesen, 2012; Paget, Long and Madsen,
2016; Steele-Dunne et al., 2017). The main advantages of SAR over optical sensors are the
ability to penetrate the clouds and independence from sun illumination. For these reasons,
SAR can provide high-density time series (every 5-6 days). In addition, SAR can be used to
monitor the biophysical properties of agricultural fields (Ndikumana et al., 2018), as it is
sensitive to changes in the canopy structure and biomass (Harfenmeister, Spengler and
Weltzien, 2019; Mattia et al., 2003). As radar is also sensitive to the water content in the
observed surface (Alexakis et al., 2017; Steele-Dunne et al., 2017; Vreugdenhil et al., 2018),
it can be used to quantify the moisture and structural change in fields (Betbeder, Fieuzal and
Baup, 2016; Dobson et al., 1985; Mironov et al., 2004; Snapir et al., 2018).

Another important application of SAR data in agriculture is crop identification (Bargiel, 2017,
McNairn et al., 2009a; Van Tricht et al., 2018). In many cases, the SAR time series were

combined with optical images to increase the accuracy of crop identification (De Bernardis et
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al., 2016; Fieuzal, Baup and Marais-Sicre, 2013; McNairn et al., 2009a; Zhou et al., 2017). In
some instances, SAR time series were used to derive metrics (e.g. mean, variance) for
identifying irrigated fields (Gao et al., 2018) or models to simulate the backscatter interaction
with vegetation and soil conditions (Baghdadi et al., 2017; Bériaux et al., 2015; Li and Wang,
2018) This is well implemented in the water cloud model (Attema and Ulaby, 1978; Baghdadi
et al.,, 2017; Li and Wang, 2018).Some studies used backscatter to describe vegetation
dynamics, taking into consideration L- C- and X-microwave bands (Brown et al., 2003; Huang
et al.,, 2015; Snapir et al., 2018) and there is the potential to use SAR to identify crop
development stages in the field (Bargiel, 2017; De Bernardis et al., 2016). Such information
could be used in combination with crop modelling using different data assimilation techniques
(Huang et al., 2019; Jin et al., 2018; Lahoz and Schneider, 2014). The use of time series and
logistic based methods to simulate development and growth stages of vegetation can improve
the accuracy of the crop development simulations (Che et al., 2014; Klosterman et al., 2014;
Son et al., 2016).

In Europe, S1 C-band (5.405 GHz) SAR instruments support operation in dual polarisation
(VV+VH), implemented through one vertical transmit chain (V) and two parallel receive chains
for H and V polarisation (horizontal and vertical, respectively) over the land (Jdstergaard et al.,
2011). Thanks to the constellation, made by two satellites orbiting in near-polar, sun-
synchronous orbits it is possible to benefit of 6-days return time of satellites on the same orbit,
leading to a very frequent description of vegetation growth. The VH/VV ratio, which is derived
from the two polarisations, shows great potential to describe the dynamics of crop
development because it is relatively insensitive to changes in soil moisture (Fieuzal, Baup and
Marais-Sicre, 2013; Khabbazan et al., 2019; Veloso et al., 2017; Vreugdenhil et al., 2018).
However, so far, there are few quantitative analyses of the dynamic changes of the SAR cross-

polarisation ratio (VH/VV) in the literature.

This study is focused on the comparison of VH/VV ratio time series among wheat fields on an
experimental farm (Rothamsted Research, UK) across three different years to understand and
identify changes in backscatter values that can be related to crop growth and development.
The assumption is that the SAR VH/VV ratio can be used to derive indicators that are related
to vegetation dynamics, and that the indicators can be used to improve crop management.
The objective of the paper is to identify new SAR-derived indicators of wheat crop

development and productivity that can provide insights for crop yield formation at field scale.
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2.2 Materials and Methods

2.2.1 Study area

In total, 18 winter wheat fields were selected for the analysis of S1 backscatter interaction with
vegetation during the 2017 to 2019 agronomic seasons (nine fields were selected in 2017, five
fields in 2018, and four fields in 2019 (Figure 2-1). The fields belong to the Rothamsted
Research experimental farm in Harpenden, UK (51°48'37.3"N 0°22'36.0"W), located 35 km
north of London. The site comprises slightly acid loamy and clayey soils with restricted
drainage (Cranfield University, 2021) and the main soil series at Rothamsted is the Batcombe
series (Avery and Catt, 1995). Meteorological information about the area on the years of the

analysis are displayed on Figure 2-2.

Great_Knott_2A

Figure 2-1 Google Earth image of Rothamsted Research experimental farm, with wheat field
boundaries from 2017, 2018 and 2019 indicated using red lines
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Figure 2-2 Total monthly rainfall (mm) and mean air temperatures (°C) on the primary axis (left) and
maximum potential soil moisture deficit (PSMD; mm) on the secondary axis (right) at Rothamsted farm
from Sep 2016 to August 2019.

2.2.2 Site ground measurements of wheat development and yield

In situ measurements were made weekly during the growing season to monitor the wheat
development and growth stages. In each field (Table 2-1), measurements of grain yield were
also taken at the end of each season. These data were used as reference points in the
methodology to describe the response of the VH/VV ratio to the dynamics of the winter wheat
development and growth and explore the different parameters of the segments with respect
to their contribution to yield.

Table 2-1 Wheat field names and number of 10 m x 10 m pixels per field on Rothamsted farm

Field name No. of S1 Perimeter Area Ground data
Pixels per field (m) (ha) collected
Great_Knott_1 333 805 3.37 2017
Great_Knott_2A 146 555 1.46 2017
Great_Knott_3A 112 457 1.12 2017
Little_Knott_1 122 482 1.22 2017
Osier 1 2 3 479 1046 4.75 2017
Sawyers_3 228 645 2.27 2017, 2019
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Whitehorse 2B 191 649 1.90 2017, 2019

Bones_Close 437 810 4.39 2018
Sawyers_2 116 469 1.16 2018
Sawyers_4 131 465 1.30 2017, 2018
Stackyard 276 739 2.77 2017, 2018
West_Barnfield_ 1 2 365 910 3.62 2018, 2019
Drapers 399 839 3.93 2019

2.2.3 SAR data to obtain VH/VV time series in each wheat field

The Sentinel-1 SAR data acquired for the Rothamsted Research farm, over the 3-year study
period were derived from orbit 132 (ascending) with a temporal resolution of 6 days. One of
the reasons for selecting a single orbit is the orientation of the view of the satellite, which plays
a significant role in the direction of the emitted beam from the SAR antenna (Mladenova et al.,
2013; Vaudour, Baghdadi and Gilliot, 2014). Using the same orbit also had the advantage of
a similar incidence angle (range of 5°) for adjacent fields on even terrain (Mladenova et al.,
2013). The ascending orbit 132, instead of descending 81, was also used to avoid early
morning measurements when dew may become a confounding factor (Harfenmeister,
Spengler and Weltzien, 2019; Khabbazan et al., 2019). Temporal profiles of the S1 VH/VV
backscatter ratio were plotted on each field to define the curves’ shapes and amplitude, which
were related to ground observations of wheat at key growth stages, assisting in the definition

of periods defined by the calculated parameters (Table 2-2).
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2.2.4 SAR pre-processing for field specific VH/VV time series

The SAR data were derived from the Level-1 Ground Range Detected Interferometric Wide
Swath (GRD-IW) product from Sentinel-1 satellite. The data have been pre-processed by

Environment Systems Ltd. (www.envsys.co.uk) and delivered on the cloud-based Amazon

platform. The Sentinel-1 toolbox was used to pre-process the data, including border and
thermal noise removal, slice assembly, radiometric calibration, terrain flattening, speckle
filtering using refined Lee filter with a 3X3 window and terrain correction to produce gamma
naught (y°) data in VH and VV polarisations. Lastly, each scene was clipped, the y° VH/VV
ratio was calculated. Based on the scale selected for the analysis, a mean value for the whole
field (Table 2-1) was used to minimise the speckle effect, and the area of each field was
buffered to minimise the influence of surrounding fields. All of the calculations were conducted
using untransformed data in a linear form. In the presentation of the results, the initial graphs
were developed to allow the reading of both linear and decibel (dB) values, and the final results
were presented on decibel axes. In addition, temporal filtering (in the form of smoothing,
Savitzky—Golay filter) was used to reduce localised weather patterns, such as heavy rainfall,
ice or snow, that can temporarily lower the SAR backscatter. This step avoided the use of
additional data (e.g. rainfall used to clean the data) for automation.

2.2.5 Temporal analysis and wheat development definition

The curve of the VH/VV ratio time series was used to produce indicators that could describe
wheat crop growth and development across the season. Smoothing approaches for time
series of SAR (Canisius et al., 2018; Molijn et al., 2014) and optical data (Klosterman et al.,
2014; Zimmermann and Kohler, 2013) have been used in various studies to reduce noise or
fill the gaps of the datasets. Here, the Savitzky—Golay filter was applied over the whole period
with a moving window of two months and using a second-order polynomial function (Savitzky
and Golay, 1964). Then the associated first and second derivatives were calculated to define
additional wheat growth stages, linked to the SAR temporal characteristics. Key periods of
these three curves were identified, as shown as vertical lines in Figure 2-4, and matched with

crop development observed in the field.

The next stage was to further parameterise and automate the extraction of these dates and
test if they were linked to wheat development. The smoothed VH/VV curve was divided into
two periods: i) growth and ii) maturation and senescence to address an observed change in
maximum values in the middle of the season. The splitting of the analysis into two periods has
also been used by Che et al. (2014), who analysed the temporal evolution of the leaf area
index (LAI) of vegetation during development and senescence in Shandong Province in China.

The breakpoint of two curves occurs during the flowering period (anthesis) when the wheat
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has reached its full height. The calculation of the breakpoint specifies the start for the VH/VV

ratio stabilisation period close to the end of spring.
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Figure 2-4 a) Mean VH/VV ratio from Sentinel-1 orbit 132 of wheat field (for the Swayers_4 field in 2018)
together with a smoothed curve (Savitzky—Golay filter) of the mean (with the date of the maximum point
indicated) and b) first (fx) and second (f"x) derivative (bottom) of the smoothed field-averaged line. The
date of the mid-point of the growth period, and the date of the start, mid-point and minimum value of
the maturation period are indicated as vertical dotted lines. The secondary y axis in the first graph
displays the VH/VV ratio on a decibel scale for reference.

2.2.6 Logistic curve fitting

In order to quantify the characteristics of the temporal curve of VH/VV ratio for winter wheat,
we assumed a logistic pattern during both the growth and maturation phases. Two separate
curves, rather than a single double logistic curve, was chosen because the starting value of
the VH/VV ratio of the maturation phase (which coincided with flowering) tended to be lower
than the finishing point of the growth stage (which coincided with booting) in Figure 2-5. In
addition, the baseline at the beginning of the season can differ from the end. The two sigmoid
logistic curves describing the VH/VV ratio in relation to time t, for each stage was characterised
by four parameters (2-1):

Max (2-1)

f(t) = base + m
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where base is the minimum VH/VV ratio value, Max is the maximum VH/VV ratio value, b is
the steepness of the logistic curve and to is the x-value of the sigmoid inflexion point. The
calculated values are sensitive to a clear definition of the period represented by each sigmoid
curve (Figure 2-5). The growth period curve was defined from the beginning of the season
(Parameter 1 in Figure 2-5) up to the time of maximum value of the smoothed curve (Figure
2-5). The maturation period curve was defined as the period after flowering to the minimum

value in the maturation period of the temporally smoothed curve.
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Figure 2-5 Mean SAR VH/VV ratio for a wheat field (Swayers_4 in 2018) with 228 pixels (1.3 ha),
between January and September 2018, showing the standard deviation for each date (n = 41), and
displaying 12 parameters as calculated using a smoothed line (Savitzky—Golay filter) and two logistic
curves (see Table 2-2). All calculations were completed using a linear scale and the secondary y axis
displays the decibel scale for reference.

Combining parameters extracted from the two logistic curves allowed us to derive three
additional vegetation development-related parameters (10, 11 and 12 in Figure 2-5). The
period between the two midpoints of the logistic curves (Parameter 10 in Figure 2-5) was
defined as the duration of “full” vegetation which starts with stem elongation and ends with the
reduction of the green canopy and translocation of carbohydrates into the grain during
maturation. The difference in baselines is related to the backscatter from the biomass of the
crop during tillering. The summary of the extracted parameters and their definitions as well as

the associated crop development stage is given in Table 2-2.
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Table 2-2 Definitions of the VH/VV ratio curve parameters and the anticipated associated crop development stage (BBCH or Zadoks scale)

No. Symbol Parameter name Definition Derived from Associated crop development stage
1 G_base Baseline value for the growth  VH/VV ratio at the beginning of the Logistic curve Tillering (GS20)
stage season
2 G_steep Steepness of logistic curve Rate of coefficientin eq. 1 (b G) Logistic curve Stem elongation
for growth period
3 G_midP  Time of midpoint of growth DOY when the midpoint of the logistic Logistic curve Stem elongation
period (to, G) curve occurs in the growth period
4 G_max  Max value for growth stage Maximum VH/VV ratio value for the full Logistic curve End of stem elongation (GS39) and
season booting (GS49)
5 TZmax Time of maximum point DOY of maximum smoothed value of Smoothed Time of booting, flag leaf unrolled
VH/VV curve
6 S_max Value at the start of grain Period of backscatter stabilisation Logistic curve Post anthesis: start of grain filling
filling (GS71)
7 S steep Steepness of logistic curve Rate of coefficientineq. 1 (b S) Logistic curve Maturation rate
for maturation period
8 S midP  Time of midpoint of DOY when the midpoint of the logistic Logistic curve Ripening (GS 85-89)
maturation (to, S) curve occurs in the maturation period
9 S base Baseline value at the end of  Background value of the VH/VV ratio Logistic curve After harvest
the season Period with soil exposed
10  Duration Duration of “full” vegetation Time difference between midpoints (3, 8) Combination Period of most of the photosynthate
to maturation accumulation and translocation
11 D_max  Structure change VH/VV ratio value differences between Combination Backscatter change during the
(Inflorescence) booting and grain filling periods (4-6) period when the ear emerges
12 D_base Tillering backscatter VH/VV ratio value differences between Combination Tillering with reduced impact of soil

tillering and bare soil (1-9)
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2.2.7 Parameter optimisation

The calculation of the logistic curve fitting parameters in Table 2-2 was based on a
weighted least squares (WLS) estimator, which considers the uncertainty of each point
by minimising the sum of the squared difference divided by the respected standard
deviation (o) in each point (2-2). The incorporation of the standard deviation in the
estimator was used to minimise the outlier effects. The VH/VV ratio points were selected

as the observation values in each defined period.

3 ()
min e
O-l

i

(2-2)

2.2.8 Automatic curve extraction and correlation analysis

By scripting the SAR processing using Python, it was possible to automatically derive a
smoothed VH/VV ratio curve and two logistic curves. Then the 12 parameters were
derived for each field site across 3 years. A Pearson correlation coefficient (r) was
calculated for each pair in a matrix. This approach allows the illustration of the
interactions between the parameters as well as the direct effect on final crop yield. A
significant test of the r was performed and highlighted in the plots.

2.3 Results

2.3.1 Annual analysis of VH/VV ratio curve parameters, 2017 to 2019

Two logistic curves for the nine fields selected in 2017 (Figure 2-6), the five fields
selected in 2018 (Figure 2-7), and the four fields selected in 2019 (Figure 2-8), were
plotted. The smoothed time series were used to identify the start and end of (i) the growth
(start of the year to red line) and (ii) the maturation periods (purple to min senescence
value). Then the midpoints were calculated by fitting the logistic curves in these periods,

creating the time parameters shown in Figure 2-6 to Figure 2-8.
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Figure 2-6 VH/VV ratio time series (blue dots) with the smoothed curve (dotted green line) and
two logistic curves fitted (black line) for nine fields during 2017, orbit 132. The vertical dotted lines
indicate the dates of G_midP (green), TZmax (red), inflorescence (purple), and S_midP (yellow)
as determined from the VH/VV backscatter time series analysis
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Figure 2-7 VH/VV ratio time series (blue dots) with the smoothed curve (green dashed line) and
two logistic curves fitted (black line) for five fields during 2018, orbit 132. The vertical dotted lines
indicate the dates of G_midP (green), TZmax (red), inflorescence (purple), and S_midP (yellow)
as determined from the VH/VV backscatter time series analysis
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Figure 2-8 VH/VV ratio time series (blue dots) with the smoothed curve (green dashed line) and
two logistic curves fitted (black line) for four fields in 2019, orbit 132. The vertical dotted lines
indicate the dates of G_midP (green), TZmax (red), inflorescence (purple), and S_midP (yellow)
as determined from the VH/VV backscatter time series analysis
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The timing of the mean maximum VH/VV ratio (TZmax) was relatively consistent varying
from day-of-year (DOY) 129 in 2017, to DOY 140 in 2018, and DOY 131 in 2019 (Table
2-3). The mean values (Table 2-4) of the three parameters of the logistic curve for the
growth period were also relatively consistent from year to year: G_base (range 0.13-
0.15), G_steep (range: 0.08-0.11), and G_midP (range: DOY 99 to 109). There was a
greater variation in G_max which ranged from a mean of 0.31 in 2017 to 0.40 in 2019.
The mean values of two of the parameters of the logistic curve for the maturation period
were also relatively similar across the three years: S_base (range: 0.10-0.13), and
S_midP (range: DOY 199 to DOY 208). By contrast the mean values of S_max (range:
0.23-0.30) and S_steep (range: -0.12 to -0.21) showed greater inter-annual variation
(Table 2-4).

The root mean square error (RMSE) of the growth (G) and maturation (S) logistic curves
are shown in Table 2-3 for the seasons 2017, 2018 and 2019. Statistical comparison
between the parameters of different years showed that TZmax (p = 0.042), the G_midP
(p = 0.037), S_base (p = 0.030) are significantly different at 95% confidence using
ANOVA or the Kruskal-Wallis H-test if there was a non-normal distribution. There was

also a significant inter-annual variation in the Duration (p = 0.039) and yield (p = 0.016).
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Table 2-3 Values of derived parameters (linear scale), yield data, and the root mean standard error of the growth (RMSEG) and maturation (RMSES)
stages, for each of the winter wheat fields in 2017, 2018 and 2019

Field Season RMSEc RMSEs G_base G_steep G_max S_max S_steep S_base G_midP S_midP TZmax Duration D_max D_base Yield
DoY DoY DoY days t/ha
Great Knott_1 2017 0.051 0.004 0.16 0.077 036 0.25 -0.05 0.14 85 194 114 109 0.11 0.020 8.67
Great_Knott_2A 2017 0.092 0.022 0.16 0.115 0.28 0.17 -0.29 0.15 93 196 129 103 0.12 0.010 6.43
Great_Knott_3A 2017 0.020 0.047 0.13 0.11 024 037 -013 013 99 190 135 91 -0.13 0.000 9.26
Little_Knott_1 2017 0.090 0.033 0.14 0.108 031 0.28 -0.07 0.10 106 184 127 78 0.02 0.040 6.17
Osier_1_2 3 2017 0.054 0.004 0.10 0.072 034 0.20 -0.08 0.10 93 190 130 97 0.14 0.000 6.63
Sawyers_3 2017 0.070 0.012 0.14 0.066 045 0.07 -0.11 0.12 108 228 128 120 0.38 0.020 6.36
Sawyers_4 2017 0.047 0.004 0.18 0.115 033 0.26 -0.12 0.14 108 199 136 90 0.07 0.040 6.85
Stackyard 2017 0.037 0.002 0.16 0.159 0.22 030 -0.08 0.13 103 191 139 88 -0.08 0.030 5.04
Whitehorse_2B 2017 0.061 0.035 0.14 0.143 030 0.18 -0.11 0.11 93 215 127 122 0.12 0.030 9.59
Bones_Close 2018 0.021 0.017 0.08 0.098 0.28 0.33 -0.11 0.07 117 194 150 78 -0.05 0.010 4.09
Sawyers_2 2018 0.118 0.035 0.13 0.102 031 0.23 -0.45 0.10 104 196 141 91 0.08 0.030 6.58
Sawyers_4 2018 0.051 0.069 0.18 0.12 040 0.29 -0.18 0.10 111 195 132 84 0.11 0.080 5.49
Stackyard 2018 0.044 0.009 0.13 0.072 049 039 -0.12 0.11 121 187 143 66 0.10 0.020 4.1
W_Barnfield_ 1 2 2018 0.057 0.012 0.17 0.094 043 0.28 -0.20 0.11 101 189 132 88 0.15 0.060 7.90
Drapers 2019 0.018 0.047 0.15 0.079 032 0.26 -0.08 0.13 97 207 129 110 0.06 0.018 9.65
Sawyers_3 2019 0.007 0.026 0.14 0.065 041 024 -0.26 0.12 108 205 128 97 0.17 0.012 7.99
W_Barnfield_1 2 2019 0.030 0.036 0.14 0.114 040 0.23 -0.34 0.15 113 209 133 96 0.17 -0.008 8.28
Whitehorse_2B 2019 0.021 0.029 0.11 0.053 047 023 -0.12 0.11 112 211 132 99 0.23 -0.002 10.17
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Table 2-4 Mean and standard deviation values of 12 derived parameters (linear scale) and the wheat yield for each season of the analysis

Season G base G_steep G _max S max S steep S base G midP S midP TZmax Duration D _max D_base Yield
DoY DoY DoY days t/ha

2017 Mean 0.15 0.11 0.31 0.23 -0.12 0.12 99 199 129 100 0.08 0.02 7.22
Std dev  0.02 0.03 0.07 0.09 0.07 0.02 8 14 7 15 0.14 0.02 1.56

2018 Mean 0.14 0.10 0.38 0.30 -0.21 0.10 111 192 140 81 0.08 0.04 5.77
Std dev 0.04 0.02 0.09 0.06 0.14 0.02 8 4 8 10 0.08 0.03 1.50

2019 Mean 0.13 0.08 0.40 0.24 -0.20 0.13 107 208 131 101 0.16 0.01 9.02
Std dev  0.02 0.03 0.06 0.01 0.12 0.01 7 3 2 7 0.07 0.01 1.00
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2.3.2 Relationship between SAR-derived parameters and Yield

The interactions between each of the parameters and yield were further displayed using
a correlation matrix (Figure 2-9). There were various significant correlations between
parameters. As would be expected, the inflorescence indicator (D_max = G_max —
S _max) was correlated with the two parameters used in the calculation (G_max and
S _max) with r values of 0.76 and -0.75 respectively. At the same time, significant
correlations were found between D_max and G_steep (r =-0.54), S_midP (r = 0.68) and
Duration (r = 0.49). By contrast, D_base displayed no significant correlations with the
other parameters with the exception of G_base (r = 0.65) that was used for its calculation.
The definition of D_base is G_base minus S_base, where S_base represents the VH/VV
ratio value on bare soil (that should remain relatively consistent) and the value of G_base
is determined by the combination of soil and low vegetation during the tillering period.

Starting from the first row in Figure 2-9, the baseline of growth (G_base) shows a
significant positive correlation (r = 0.58) with the baseline of maturation (S_base). This
is because G_base depends on the shift of the VH/VV ratio during the initial
bare/sparse/small vegetation period and the soil background (S_base). In the second
row, the slope of the midpoint of growth (G_steep) has a negative correlation with the
VH/VV ratio at G_max value (r = -0.68). In the third row, the mid-point of growth (G_midP)
is highly correlated with the timing of the max (TZmax) smoothed VH/VV ratio value (r =
0.69) highlighting the interaction of stem elongation and booting stage. G_midP was also
correlated with the calculated Duration (r = -0.68) and the maturation mid-point (S_midP;
r = 0.78). This is because the Duration value is defined by the difference between these
two time-indicators. The value of TZmax, the timing of the maximum value of VH/VV,
was positively correlated with S_max (r = 0.50), but negatively correlated with low

Duration values (r = -0.64).

During the maturation period, S_max was negatively correlated with the mid-point
S_midP (r =-0.72) and Duration (r = -0.80). The only correlation shown by the steepness
of the curve in this period was with the yield. The value of S_midP was positively
correlated with Duration (r = 0.76) and D_max (r = 0.68). The value of S_base was not

significantly correlated with any of the indicators except G-base.
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Figure 2-9 Correlation matrix with 2017 (green circles), 2018 (red squares) and 2019 (blue diamond) using the 17 fields. r values are colour-coded green
when there was a 95% level of significance for a two-tailed test.
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As illustrated by the matrix (Figure 2-9), multiple correlations exist among the individual
parameters and between individual parameters and yield (last column). The results
suggest that the two parameters, G_midP and TZmax (which are correlated), had the
strongest association with grain yield, i.e. r = -0.45 and r = -0.56, respectively, after
Duration (r = 0.61). The negative correlation suggests that earlier growth, i.e. lower
values of G_midP and TZmax, was associated with higher end of season grain yields.
Figure 2-10 displays the two most significant parameters which are sensitive to yield.
yield X 52017 A s2018 52019 = =Linear (yield) yield X 52017 A 52018 ¢ 52019 = ~Linear (yield)
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Figure 2-10 Scatter plot showing the relationship between Yield and a) Duration and b) the timing
of the maximum value of VH/VV (TZmax). The r and best fit linear line for each relationship, across
the three seasons, is shown

2.4 Discussion

Using the example of winter wheat, we showed for data over three growing seasons that
it was possible to derive field-specific annual coefficients of a generalised two-
component empirical model of crop productivity from the SAR VH/VV ratio. Due to the
ubiquitous and high-frequency availability of S1 data, this approach could offer new
opportunities for monitoring and predicting productivity in areas affected by frequent
cloud cover. The characterisation of VH/VV response over a season used three stages:
i) the creation of a smooth VH/VV time series for each field, ii) the definition of the timing
of the maximum value using temporal characteristics of the time series and growth and
maturation period using first and second derivatives and iii) the creation of two logistic
curves using the observation in the predefined periods of growth and maturation (Che et
al., 2014). The results are discussed in terms of the robustness of our mathematical
method over three seasons to consider multiple factors of variation, second, the gain of
biophysical understanding using this method and finally, the agronomic potential of our

results.
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2.4.1 Technical and statistical process, the goodness of fit,
robustness, uncertainty

Since 2016, SAR data from Sentinel-1 have become twice as frequent as data used in
previous studies (Veloso et al., 2017; Vreugdenhil et al., 2018), which improves the
robustness of the possible analysis. However, to reduce the variability of SAR data we
chose to use imagery from only the ascending satellite passing as images from the
descending orbit were often affected by morning dew. Similar observations have been
made in other studies (Harfenmeister, Spengler and Weltzien, 2019; Khabbazan et al.,
2019), indicating greater certainty when using the ascending rather the descending
phase of the satellite for predicting crop state variables in this area. Even so, the results
demonstrate substantial variation of SAR backscatter, which can be due to differences
in topography affecting the incidence angle or changes in canopy architecture
(Mladenova et al., 2013; Vaudour, Baghdadi and Gilliot, 2014)

As pointed out in an earlier review (Steele-Dunne et al., 2017) SAR variability is also
connected to diurnal variation in plant-soil-water relations, which can affect the erectness
of the crop canopy and the dielectric properties of the system. To reduce the effect of
such fluctuations in the SAR time series, our approach used a step of smoothing the
data, which resulted in a set of relatively consistent dynamic curves for winter cereals
(Vreugdenhil et al., 2018), and limited the extreme values of the VH/VV (Figure 2-6). The
subsequent logistic fitting approach enabled the calculation of a specific backscatter
value and time-specific parameters from the VH/VV ratio data (Figure 2-5). Accounting
for the standard deviation during the fitting of the logistic curves, made it possible to give
lower weight to data with high uncertainty and improved the precision of the derived
curves. The average RMSE values of the logistic curve fitting in growth (G) and

senescence/maturation (S) periods were 0.05 and 0.07 respectively.

The creation of the fitted curves allowed the derivation of 12 parameters which can be
related to the development, growth and yield of winter wheat. Two temporal parameters
from the analysis (TZmax and Duration) were significantly correlated with yield (Figure
2-9). Further analysis could focus on the opportunity of using a combination of
parameters or a combination of VV and VH/VV values. The approach was effective in
each of three years which were characterised by different environmental conditions and
yields. In 2018, there was minimal rainfall in June and July and the grain yields obtained
in 2018 (4.09-7.01 t ha) were substantially lower than in 2017 (5.04-9.59 t ha?) and
2019 (7.99-10.17 t ha'l).
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2.4.2 Environmental and biophysical understanding

The sensitivity of SAR backscatter to surface changes in the structure and the soil and
crop water content means that SAR can be an effective tool to monitor crop development
(Bargiel, 2017; Steele-Dunne et al., 2017) starting from early growth, to the increase in
the water volume of the crop through stem elongation, and its decrease during maturity.
In this paper, we assigned two separate logistic curves during the cropping season to
examine whether the resulting parameters were correlated with observations in the field.
A specific feature of creating two curves is the derivation of the D_max value, which
would not be captured by assuming a single curve. Our interpretation is that the change
in the VH/VV value at flowering is a real effect, that equates to a change in the structure
of the crop (Figure 2-6) during the inflorescence period as mentioned by other authors
(Harfenmeister, Spengler and Weltzien, 2019; Mattia et al., 2003; Veloso et al., 2017).
Even so the value of D_max was variable, ranging from -0.13 to 0.38 for an individual
field and year (Table 3). Additional research, including perhaps data focused on
structure, is required to understand this variability further.

The correlation analysis (Figure 2-9) was able to identify two time-based parameters,
one derived from the growth period (G_midP) and one derived from the smoothed VH/VV
curve (TZmax), which were negatively associated with the final grain yield (r = -0.45 and
-0.56, respectively). This means that a delayed occurrence of the mid-point of the growth
curve and the timing of the maximum VH/VV ratio was associated with lower grain yields.
The late or slow growth of the crop canopy is likely to result in a reduced capacity of the
crop to intercept solar radiation and use photosynthesis to produce the assimilates
required for final yield. For example, in 2018, the late occurrence of G_midP and TZmax
was associated with an unusually dry period in June and July 2018 (Figure 2-2) which
reduced canopy growth and photosynthesis and resulted in substantially lower grain

yields than in the other two years.

The analysis also showed that the duration of the period of “full” vegetation (Duration)
was positively related to grain yield (r = 0.61). This can be explained by the yield
benefitting from a longer period of photosynthesis and a longer grain-filling period when
assimilates are transferred from green tissue to the grain (Biscoe and Willington, 1984;
Monteith, 2007). The above results suggest that using the VH/VV ratio to identify the
timing of specific crop periods, which are related to the structural change of the wheat
canopy [2, 14], may be a more useful determinant of yield than the actual values of the
VH/VV ratio per se.
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2.4.3 Opportunities for agronomic management and modelling

The analysis raises two questions for crop management: the first is what can be learnt
about crop dynamics from monitoring satellite-based SAR data, dynamics and
amplitude? The second is whether there is potential for a farmer or agronomist to use
SAR-derived indicators for spatially varying crop management and inputs between
fields? The growth and development of a wheat crop depends on the interaction between
the weather (e.g. solar radiation, rainfall, and temperature), crop genetics, field
characteristics (e.g. aspect and soil type), and field management (e.g. previous cropping
history and the timing and type of cultivation and drilling). The results from analysing the
SAR data indicate that it is possible to identify seasonal differences in the timing of crop
growth, and this may be useful in identifying the most appropriate schedule of fertilizer
and agrochemical application between fields. The analysis also suggests that it may be
possible to improve the prediction of the eventual crop yield from an analysis of SAR
characteristics.

A potential limitation with the method is that some of the parameters are determined
retrospectively from a full temporal dataset, for example the calculation of TZmax, the
timing of the maximum value of VV/VH, requires data that occurs after TZmax. Likewise,
the value of S_steep, which occurs during the maturation of the crop, requires data that
occurs after that point. Developing a really effective predictive tool that can be used to
modify field management instantaneously will require parameters that can be estimated
in real-time. Further work is needed to improve the estimation of parameters as well as
the application of the methodology on other farms to examine the validity and
usefulnessof the method. The correlation of the productivity indicators with field
measurements also has the potential to assist in better model simulations of crop
development and growth. At the same time, temporal characteristics, as well as
connection with the biophysical properties of the field, could be examined to improve the
calibration and its incorporation in a data assimilation framework to estimate more
efficiently the field production (Betbeder, Fieuzal and Baup, 2016; Huang et al., 2019;
Jin et al., 2018).
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2.5 Conclusions

This paper describes a new methodology to derive wheat productivity indicators from
Sentinel-1 VH/VV time series. The temporal curves, their 15t and 2" derivatives, and
logistic curve fitting for growth and maturation periods were used to define 12 pheno-
morphological parameters. These provide information about the growth, development
and yield of wheat crop at field scale, offering an alternative approach to ground survey

or yield estimation.

The analysis of the VH/VV ratio time-series and the correlation matrix indicates that the
time-based parameters appear to be related to biophysical changes in the field. In
particular the time period of “full” vegetation (Duration) was positively correlated with
yield (r=0.61), and a delay in the timing of the maximum VH/VV value (TZmax) was
negatively correlated with yield (r=-0.56).

Automation of the SAR image analysis was possible, as the only inputs required were
backscatter data from VH and VV polarisations. Future work will explore the use of this
method to estimate commercial wheat production in other farming landscapes in the UK.
It could also be adapted to monitor growth and development as well as yield prediction
for other arable crops, potentially allowing the remote quantitative assessment of

environment and management impacts.
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3 BIOLOGICAL INTERPRETATION OF SATELLITE
RADAR DATA FOR ASSESSING CROP
DEVELOPMENT AND YIELD FORMATION

Summary

Plant phenological development and biophysical (water) status are strongly related to
backscatter values measured by radar satellite. The overall objective of this chapter is to
validate these relationships with field measurements and explore the quantitative
relationship between Sentinel-1 SAR and yield formation, by relating sub-field time series
of Sentinel-1 backscatter (VV, VH and VH/VV) to field observations. Nine winter wheat
fields were sampled in the 2017-2018 and 2018-2019 seasons to determine structural
information (canopy height, tiller density, leaf area, biomass) and plant water content
(PWC%).

The SAR temporal backscatter curves responded clearly to the volume increase and
water content changes during the growth and maturation phases, respectively. The crop
development stages were clearly related to the dynamics of the SAR backscatter curves.
The temporal evolution of the backscatter for the polarisations and the ratio displayed
similar seasonal trend, confirming other studies. The development shift towards earlier
maturation during the drought in 2018 compared to 2019 was recognised in an earlier
decline of VH/VV ratio.

Observations at plot scale within fields were more variable (CV %) than at field scale but
it was still possible to fit the logistic curves and determine the CPIs. Due to some erratic
and overall variable VH/VVV-curves within most fields, the derivation of the CPIs and their
relationship with the observations within fields was more difficult than at field scale. The
resulting CPIs from the plots showed no clear relation between yield and crop
performance indicators (CPIs). The direct comparison of CPIs with in situ data at plot
scale showed significant correlations (p<0.05,n=50) between G_max and the above
ground biomass (AGB) in the growth phase (r=0.32), G max and the tiller density
(r=0.39), and S_max with the plant water content (r=0.39). The effect of plant water
content (PWC) and early maturation was also displayed as a negative correlation
between S_midP and PWC (r=-0.76) that varied significantly across the seasons
(p<0.001).
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The results demonstrate that SAR dynamics and CPI values are affected by the
structural changes during the growth stage, and low PWC values during the maturation
phase. However, the SAR inherent variation (speckle) found at the within field scale
impairs robust CPI derivation and reduces the significance of correlations found at the

field scale.

3.1 Introduction

In the microwave region of the electromagnetic spectrum (1 mm < A < 1 m), satellite-
based sensors operate from the L Band (1 to 2 GHz; 15 to 30 cm) to X Band (8 to 12
GHz, 2.5 to 3.75 cm). Synthetic Aperture Radar (SAR) of Sentinel 1 operates C-band
(~5.5 cm wavelength), emitting energy in the vertical polarisation and receiving its
backscatter in vertical (VV) and horizontal (VH) polarisation (Torres et al., 2012). Several
studies have displayed the suitability of C-band SAR to monitor the vegetation dynamics.
The C-band is ideal for the identification of low biomass crops such as wheat (Liu et al.,
2013; McNairn et al., 2009b). A strong correlation between C-band backscatter and leaf
area index (LAI) has been found (McNairn et al., 2012). Other studies observed
correlations between biomass and C-Band SAR (Harfenmeister, Spengler and Weltzien,
2019; Ndikumana et al., 2018; Paloscia et al., 1999; Veloso et al., 2017; Vreugdenhil et
al., 2018; Wiseman et al., 2014). Polarimetric SAR has been also used to monitor
phenological stages for different crops (Bargiel, 2017; Harfenmeister, Spengler and
Weltzien, 2019; Mascolo et al., 2015; Nunziata et al., 2015; Shang et al., 2013; Veloso
etal., 2017). At the same time, using the ratio of different polarisations, studies were able
to correlate this with wheat biomass (Mattia et al., 2003; Veloso et al., 2017), and LAI
(Satalino, Dente and Mattia, 2006).

The intensity of the energy scattered by vegetation is a function of the dielectric
properties of the crop canopy (Steele-Dunne et al., 2017), mainly determined by the
canopy structure and the water content, as well as the soil contribution of water and
surface roughness/texture (Baghdadi et al., 2018; Bousbih et al., 2017; Wang et al.,
1987). Different levels of attenuation and scattering can occur in response to changes in
the size, shape and orientation of canopy components such as leaves, stem, fruit and
plant density (Karam et al., 1992; Karam and Fung, 1989; Senior, Sarabandi and Ulaby,
1987; Yueh et al., 1992). The level of attenuation and scattering is dependent on the size
of the object compared to the wavelength. Larger and more complex canopy components
scatter more in contrast to smaller components that tend to reduce the backscatter

signal. Biological parameters that reflect a change in the canopy structure and biomass
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can be monitored using SAR (Harfenmeister, Spengler and Weltzien, 2019; Mattia et al.,
2003). As radar is also sensitive to the vegetation and water content in the surface
(Alexakis et al., 2017; Steele-Dunne et al., 2017; Vreugdenhil et al., 2018), it can be used
to quantify the moisture and structural change of the field surface (Betbeder, Fieuzal and
Baup, 2016; Dobson et al., 1985; Mironov et al., 2004; Snapir et al., 2018). In situ data
are being used to improve the interpretation of the satellite signal and the field conditions
(Alexakis et al., 2017; Baghdadi et al., 2017; Bousbih et al., 2017; Ndikumana et al.,
2018; Snapir et al., 2018; Stevens et al., 2010)

The objective of this chapter is to relate properties of the SAR backscatter curves, in
particular the VH/VV-ratio, to the plant growth dynamics and other observations within
wheat fields, using field observations from the 2018 and 2019 growing seasons. The
correlation of crop performance indicators (CPIs) with crop properties such as biomass
and plant water content can help in the interpretation of the characteristics of the SAR
temporal profiles and provide information about the variability of crop performance/status
within fields. The first step is to define the sample approach and type of measurements
appropriate for the analysis based on SAR sensitivity biophysical properties of the crop.
To do this, it will be helpful to detangle the contributions from the structure, soil and water
in the polarisation temporal signatures (VH/VV ratio) across the different crop
development stages. The second step is the characterisation of the SAR temporal curve
based on in situ measurements and crop growth trends during the season. At the same
time, a third step is to examine the sensitivity of VH, VV polarisations and the ratio to
changes in the crop characteristics. The last step is to determine the sensitivity of the
CPIs to biological parameters and help to identify CPIs that can be used to approximate
within field observations. This would indicate possible CPI candidates that could
potentially be combined to increase the correlation with crop productivity. Part of this
objective will also examine the different scale effects on the CPIs calculation (field

average and sub-field average).
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3.2 Materials and Methods

3.2.1 Study site

In total, nine winter wheat fields (Figure 3-1) were selected from the Rothamsted
Research experimental farm (51°48'37.3"N 0°22'36.0"W) for the analysis of SAR
backscatter interaction with vegetation during the 2018 and 2019 agronomic seasons
(four fields were selected in 2018, and six fields in 2019, with one field used in both years;
Table 3-1). The soil texture in the area comprises slightly acid loamy and clayey soils
with restricted drainage (Cranfield University, 2021). The main soil series at Rothamsted
is the Batcombe series (Avery and Catt, 1995). The sow and harvest date don’t display
huge variation as the common timings are September (>DOY 270) and August (DOY>
215), respectively.

Sawyersyd 5
Sawyers_2-

Sawyers 3
West_Barnfield_1.2
West_Barnfield 1_2

Great_Knott 3A

Great_Knott_2A

Stackyard

Drapers

Whitehorse_2B

Figure 3-1 Google Earth image of Rothamsted Research experimental farm, with wheat field
boundaries from 2018 (red) and 2019 (Blue)
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Table 3-1 Field names and management information from the Rothamsted experimental
farm; *Nitram fertiliser with 34.5% N;

Field name Harvest Wheat variety Density Applied Previous Yield
season seeds/m? N*kg/ha  crop (t/ha)
Sawyers_2 2018 Siskin 300 110 W. Wheat 6.6
Sawyers_4 2018 Siskin 300 110 W. Wheat 5.5
Stackyard 2018 Siskin 350 100 W. Wheat 4.8
West_Barnfieldl 2 2018 Siskin 300 120 W Oilseed 7.9
West_Barnfieldl 2 2019 Siskin 350 180 W. Wheat 8.3
Sawyers_3 2019 Graham 325 180 S. Barley 8.0
Whitehorse_2 2019 Graham 325 150 W. Beans 10.2
Great_knott_3 2019 Graham 325 150 W Oilseed 11.0
Great_knott_2 2019 Graham 325 150 W Oilseed 11.0
Drapers 2019 Graham 325 150 W Oilseed 9.7

3.2.2 Field data and observations

The selection of the monitoring variables in the field was based on those variables
identified in the literature (Section 1.3) as able to capture the dynamics of wheat
development (Bargiel, 2017; Harfenmeister, Spengler and Weltzien, 2019; Mandal et al.,
2020; Veloso et al., 2017; Vreugdenhil et al., 2018). The six selected variables were
canopy height, crop density (plants and tillers per square metre), growth stage, leaf area
index, biomass and plant water content. Field measurements were taken to characterise
the field status and derive correlations with the characteristics of the crop development.
The temporal sampling was designed where possible to enable non-destructive
procedures and to consider the time requirements. GPS points were taken for each
sample point. Ground truth data were collected during the vegetation periods of
2017/2018 and 2018/2019. Information about the measurements collected from the
fields are presented in Table 3-2 and Figure 3-2. The field monitoring was based on
weekly observations of the crop development at a defined “phenology point” in each field.
The weekly assessment of the wheat involved crop development stage on a BBCH scale
(Lancashire et al.,, 1991) and height measurement. Every 2-3 weeks, based on the
change in the main growth stages of the crop, biomass measurements were taken in five
positions across the field (Patel, Srivastava and Navalgund, 2006), resembling a “W”

pattern, for eight dates between tillering and harvest. Random sampling was carried out
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within an approximately 15 m radius around a GPS-marked position, with five sample
replicates. The radius varies in the literature from 10 m (Harfenmeister, Spengler and
Weltzien, 2019) to 20 m (Vreugdenhil et al., 2018). After the sample collection, three
variables are measured in the lab, including wet, dry biomass, to calculate the plant water
content. A defined set of measurement points on winter wheat fields were monitored
from the end of March until the harvest. Leaf area index (LAl) was measured in May at
the phenological stage of “booting” when all the leaves are fully grown, the flag leaf is
fully unfolded, and the ear is about to emerge. Five plants were sampled randomly at
each point to reduce the disruption in the sampling position across the season and taking
between 20 to 25 tillers per sample. The tiller density (No. tillers/m * rows/m) and the dry
biomass per tiller (TWT) measured in the laboratory (g/tiller) were used to calculate the
above ground biomass (AGB) per m? (Equation 3-1)

gDM
m2

AGB (

) = tiller density (No;—iler)

«TWT (E22) (3-1)

tiller

The plant water content was measured from the measurements of the fresh above
ground biomass (Fresh AGB) and the dry above ground biomass (Dry AGB) (Equation
3-2).

Fresh AGB (£) - pry 6B (-£)

Plant Water Content = =
Fresh AGB(E)

(3-2)

During the field campaigns, various measurements were taken on five subplots in each
field between late March until shortly before harvest. Plant height and crop density and
the phenological stages of plant development (Lancashire et al., 1991) were determined
weekly. The plant material, sampled eight times, was dried in an oven at 80°C for at least
36 hours and the AGB dry matter of each plot was determined (Equation 3-1). The dry
seed matter determines the final yield at each point on the samples before the harvest.
The farm management also supplies the average yield value in t/ha after the machine

harvest.
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Table 3-2 Description of the field observation types the frequency and replicates as well as the
instruments used during the fieldwork

Variable Units Instrument  Frequency Replicates Description /
Reference

Canopy height cm Tape Weekly 5 Vertical
assessment of
canopy

Crop density Tillers m2  Manual End of 3 No. of tillers in 1

season (3 m * No. of rows
times) in 1 m width

Phenological BBCH Optical Weekly 5 The

stage scale development
stage of the crop

Leaf Area Index  m?2 m2 Sunscan At booting 5

(LA stage

Aboveground gm? Scale, Oven  2-3 weeks 5 plants Fresh & Dry

biomass (AGB) per sample matter (FM, DM)
from 5 plants

Yield that Scale and End of 5 plants Dry seeds

harvest Season per sample biomass/
machinery combine harvest

machinery

Plant Water % Oven 2-3 weeks 5 plants Derived from

Content (PWC) per sample biomass at 80°C

for at least 36 hr

44



@ points 2019_03_01
© points 2019_07_17
© points 2019_07_03
@ points 2019_06_11
O points 2019_05_30
@ points 2019_05_09
© points 2019_04_16
@ points 2019_03_28

Figure 3-2 Sample collection from Sawyers_3 field creating a W shape across the field with the
total samples (blue) from different dates. The centroid (red) is calculated by the repeated blue
dots assigned in each point (red). This centroid provides the area with a radius of 15 m creating
plots (orange) to extract the SAR polarisations for the individual points in the field. The field is
buffed 10 m to reduce the effect of the field boundaries in SAR.

A summary of the description of the development stages can be found in (Earth
Observation and Research Branch Team, 2011):

Foundation phase

1. Leaf development (GS 10-19): the first leaf has broken through the coleoptile
2. Tillering (GS 20-29): When the fourth leaf emerges from the stem that starts the
development of primary tillers

Construction phase

3. Stem elongation (GS 30-39): This stage is the period by which internodes
lengthen the tillers. The monitoring procedure is based on counting the nodes on
the main stem felt by hand. Close to the end, the flag leaf is emerged at the top
as the last leaf to develop (least three nodes detected).

4. Booting (GS 41-49): At the beginning the flag leaf extends and then starts to
swell until the sheath opens, exposing the seed head. This stages ends when the

awns are visible.
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5. Inflorescence emergence (GS 50-59): This is the period when the head

emerges at the top of the stems exposing the seeds.

Production phase

6. Flowering/Anthesis (GS 61-69): The presence of anthers signals the flowering
period, starting days after the full emerge of the seed head.

7. Development of fruit (GS 71-79): This period is characterised as early milk
stage grains green colour, and lot of water accumulated.

8. Ripening (GS 83-89): Soft dough is created in the kernels and impressions done
with a fingernail will be held less as the time progress

9. Senescence/Maturity (GS 92-99): Very hard seeds that signal the harvest

period.

N

Ear emergence (GS41-47)

Fruit development (GS 71-

Figure 3-3 Key growth stages (GS) observed in the fields considered in this study across the
growing season and the three phases, foundation (red), construction (green) and production
(blue) phase.
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3.2.3 Satellite data and time series

The same procedure was followed for the pre-processing data as in section 2.2.4 to
produce the VH/VV time series. Both Sentinel 1A and 1B satellites were used and the
temporal evolution of the signal was created keeping the same orbit (132, ascending) to
eliminate inconsistency with the incident angle and the time of passing. That means the
revisit time of each satellite is around 12 days, and the temporal repeat frequency of the

two satellites will be 6 days.

Temporal filtering using smoothing (Savitzky and Golay, 1964) was used to reduce the
effect of local weather events, such as heavy rainfall, ice or snow, that can temporarily
change the SAR backscatter intensity. SAR backscatter data is sensitive to the presence
of water in the surface of soil and vegetation that results in changes in the amplitude of
the signal. It was also vital to recognise the time-series trends and define the

development stages of the crop.
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3.3 Results

3.3.1 Variability of field measurements

Fieldwork was crucial to understand development stages and how the temporal evolution
of the SAR backscatter responds to the changes in the wheat structure. The results from
the fields showed the variability between the fields and the 2017-2018 and 2018-2019
growing seasons. In the rest of the chapter, the seasons are referred to by the harvest
year.

In Figure 3-4, the mean LAl recorded across the ten sample sites in either 2018 or 2019
are shown in Figure 3-4a. The LAl at the booting stage (Figure 3-4a) across the ten fields
follows a pattern similar to the tiller density (Figure 3-4b) and the mass of the leaf in April
(Figure 3-5a). For example, in 2018, the lowest LAl and tiller density values were
recorded in Sawyers 4, and the highest values were in West Barnfield. It is also worth
mentioning that the wheat at West Barnfield was cultivated after oilseed rape (OSR), and
hence, the high biomass in April (Figure 3-5) may be related to a residual nitrogen effect.
Further examination of this effect needs more fields across farms and years to properly
display the management influence on the crop.

There was a contrast between the LAI and tiller density values for West Barnfield
between 2018 and 2019, with lower values in 2019 than 2018. By contrast, the general
trend was for higher LAI and tiller density values in 2019 than 2018. At the construction
phase, LAl (Figure 3-4a) and biomass (Figure 3-5a) display lower values in 2018. The
slow development is reflected in the grain measurements in Figure 3-5b, with the fields
in 2019 having higher values in comparison. The fields of 2019 displayed higher water
content values (g m) in the crop (with the exception of Sawyer_3) that can be explained
by the dry conditions affecting the 2018 observations.

The comparison between fields within the same season versus the same field across the
two years can be helpful to understand the sensitivity of SAR backscatter to changes in

the monitored fields.
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Figure 3-4 Mean values and associated variability of a) the LAI at the booting stage and b) the
tiller density at the maturation phase in selected fields across two seasons: 2018 (Sawyers 2,
Sawyers_4, Stackyard and West Barnfield) and 2019 (Drapers, Whitehall, Gknott 2 and 3,
Sawyers_3, and West Barnfield) using the five sample points per field.
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Figure 3-5 Mean values and associated variability of dry biomass distribution between different
components at a) stem elongation in April and b) before harvest across two seasons (2018, 2019)
using the five sample points per field.
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3.3.2 SAR temporal development for the different polarisations and
their response based on key crop development stages

The description of the main stages of development for cereals, based on the BBCH
scale, can be used to identify the main stages of development for wheat. Figure 3-3
displays pictures from the fieldwork across the season to better illustrate the changes of
the structure in the same common wheat field in the two seasons that was considered in
this case. The timing of the development stages was broadly the same across the farm
in each year as the same management was applied in the commercial fields each

growing season.

The temporal evolution of the backscatter from the three different polarisations (i.e. VH,
VV, VH/VV) of Sentinel-1 SAR (Figure 3-6) can be related to the development stage
(Harfenmeister, Spengler and Weltzien, 2019; Veloso et al., 2017). Observations that
are part of the plant structure as well as describe the water availability in the system are
also displayed at the bottom of the figure. Figure 3-6 shows that both VH and VV
polarisations are reduced in value during the tillering period up to BBCH 31 (start of stem
elongation). On the other hand, the VH/VV ratio increases during the same period of
time, indicating that VV is decreasing faster than the VH. This can be due to the tillers
changing the surface of the field. The VH/VV ratio and the VV polarisation reach their
highest and lowest values, respectively, close to the booting stage (BBCH 41). Plant

height and biomass follows a similar pattern.

The same trend continues for the field observations up to the beginning of the flowering
stage (BBCH 61), but there is a stabilisation of the VH/VV ratio that is mainly related to
a change in the top layer of the canopy. The ear emerges and the change in the direction
of the flag leaf from vertical to be more inclined to the ground as well as the increased
moisture accumulated in the grain, affect the VV sensitivity to water balance. Eventually,
the wheat structure reaches its final form at the end of the flowering stage (BBCH=70).
After this point, the principal canopy change is a reduction of the plant water content,

which is associated with a reduction in the VH/VV ratio.

A difference in the VH polarisation was observed between the two seasons. In 2018,
the maturation phase displayed lower values compared to the following year. The
reduced water content in the dry summer of 2018 affected the structure of the top layer
of the canopy. Harfenmeister et al. (2019) have displayed a positive correlation of VH
with the PWC% (R? = 0.51). The change can be seen in Figure 3-7 and a similar pattern

was noticed in other fields in the same years.
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Figure 3-7 images at the ripening stage of wheat between the two seasons of the same field
(West Barnfield) displaying the difference in colour, development stage and ear maturation level
as 2018 matured a week earlier, is more yellow and ear is more inclined to the ground than 2019.

3.3.3 Detection of annual differences in vegetation dynamics and
yield formation based on the VH/VV ratio

The differences in the dynamics of VH/VV ratio curves can be noticed in the West
Barnfield wheat field between 2018 & 2019 (Figure 3-8). West Barnfield was sown with
wheat in both years near the 1st of October and harvested at the beginning of August.
Table 3-3 describes the key development stages of these crops on the same field and
the dates in order to compare the development. Figure 3-8 shows the time shift in crop
development due to different seasonal weather patterns and differences in agricultural
management. Drought conditions at the end of the 2018 (Figure 2-2) growing season
affected the crop development and yield. The field observations of the development
stage for the two seasons presented in Table 3-3 shows that the difference in growing
degree days (GGD) happens after the flowering period (DOY>150). At the same time,
Figure 3-8 displays the earlier maturation in the warmer season (2018) using the VH/VV

ratio as an independent observation.

The two smoothed curves display similar development taking into consideration the
midpoint of the growth curve, the booting stage (Max) and the inflorescence (DOY 150).
The canopy structure is also the same during this period as canopy height, biomass and
PWC% in Figure 3-8 are at similar values. The yield difference between the two
consecutive years in this field was 0.4 t/ha.
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Figure 3-8 a) Means of SAR backscatter polarisation ratio from Sentinel-1 for 2018 (red) and

2019 (blue) together with the smoothed lines in West Barnfield and b) field measurements for

AGB (A), c) Canopy Height (0) and d) PWC (x) for the experimental in relation to the wheat

phenological development characterised below Table 3-3 -

54



Table 3-3 Key crop development stages of winter wheat of “West Barnfield” site in the two growing

seasons and the final yield provided at harvest

Info BBCH scale 2018 (DOY) 2019 (DOY)
Drilling (autumn) 01 27/09/2017 09/10/2018
Start of Stem Elongation 31 19/04 (109) 16/04 (106)
Booting 41 17/05 (137) 17/05 (137)
Flowering 61 08/06 (159) 03/06 (154)
Fruit development 71 21/06 (172) 25/06 (176)
Ripening (Dough) 81 09/07 (190) 17/07 (198)
Senescence 91 31/07 (212) 01/08 (213)
Yield (t/ha) - 7.9 8.3

3.3.4 Dynamics of VH/VV-ratio time series on fields from the same
year with different productivity

As the backscatter is mainly affected by the stage of the crop structure as well as the
water content of the object, the time series of observations and backscatter can give an
insight into the crop development. Considering 2018 two fields with contrasting biomass
measurements and final yields (West Barnfield and Sawyers 4) were compared (Figure
3-9b). West Barnfield had a yield of 7.9 t ha, whereas Sawyers 4 had a yield of 5.5 t ha"
1, The ratio at the beginning of the season for both fields is mainly affected by the weather
conditions in the area that set an average value of -8 dB. The value of VH/VV remains
at a similar value until the tillering period in winter and more significantly, the signal
changes when the crop enters the stem elongation stage in April (DOY=107). The
change in volume of the target increases the ratio, as it is noticed in Figure 3-8 until it
arrives at the booting stage in May (DOY=137). The difference in biomass between the
average values (A) (Figure 3-9b) does not translate to the difference in the backscatter
throughout the season (Figure 3-9a). This could be a result of the height being similar
for both fields, which define the volume (Figure 3-9¢) as well as the plant water content
was at a high level (78%) during the same period (Figure 3-9d). However, the highest
values of the VH/VW ratio was observed in West Barnfield (blue) during the growth
period, and this could be a response of a higher density compared to Sawyers 4 (Figure
3-4) as the development stage is the same across all fields and positions in the same
year (Figure 3-10). The CPI describing the max value of the VH/VV ratio (G_max) is
significantly correlated with the tiller density (Table 3-6). After anthesis, the AGB
difference is stabilised as well as the canopy height arrives at its maximum during the
summer. The evolution of the ratio curve follows the reduction of the plant water content

during grain development until harvest.
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Figure 3-9 Field data and temporal evolution of SAR using the average of two wheat fields in
2018, West Barnfield (blue) and Sawyers 4 (red), with a significant difference in biomass. Field
measurements for b) above ground biomass (AGB), c) canopy height, and d) plant water content
together with the development stages (vertical lines), Temporal VH/VV ratio SAR smoothed with
the development stages (down)
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The relation between smoothed VH/VV ratio curve and the canopy height of the two
fields is displayed in the Figure 3-11. A positive correlation was observed during stem
elongation. After booting, although the height continues to increase, this is not associated
with an increase in the VH/VV ratio. As the crop loses water during grain filling, the

penetration increases and the VH/VV ratio declines.

3.3.5 Relationship between CPIs and biophysical variables
3.3.5.1 Scale effect on CPIs

The different spatial level at which SAR data is averaged (i.e. field or plot scale) plays a
crucial role in the variability in the VH/VV temporal curves, because as more pixels are
averaged there will be less noise due to speckle. Table 3-4 compares the field level
averaged values of the data from Section 2.3.1. These CPI calculations are based on
two different scales, a) the field average from five fields in 2018 (mean area = 2.2 ha)
and six fields in 2019 (mean area = 2.4 ha) and b) corresponding sample point average
(derived from the surrounding area of the 15 m, area = 0.07 ha).

On average the mean coefficient of variation for the CPIs in 2018 was 32% when derived
at a field level and 40% when derived at a within field level. In 2019, the corresponding
mean coefficients of variation were 25% at a field level and 36% for within field samples.
(Table 3-4). The results show that working at the plot scale (average of 6-9 pixels) the
variability of the CPIs is greater than the field scale (average of all pixels in the field).
However, for some CPlIs, the opposite was true such as the steepness of the senescence
period (S_steep) and the D_max value which characterise the structural change of the

wheat between booting and flowering.

For most of the CPlIs, the mean values were not that different when comparing the two
different scales for the same growing season (Table 3-4). The important differences
(p<0.001, Table 3-5) can be observed in time and development stages related indicators
that field observations showed the same development across the farm, but the standard
deviation is around nine days for field and 15 days for the plot size derived values. These
significant differences were noticeable in both scales when the two different years were
compared. The duration, as well as the midpoint of maturation (S_midP), had significant
differences (p<0.001) that were not displayed when the scales were compared each
year. The timing of the booting stage displayed no significant difference in all
comparisons on Table 3-5 except the field level comparison between the two years

(p<0.05). Similarly, G_max shown no significant difference across all comparisons.
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Table 3-4 Comparisons of the two scales (field and plot) between the CPIs derived from a) 2018 using the mean values of VH/VV for five fields and of
VH/VV values for five plots within five fields, and b) 2019 using the mean values of VH/VV for six fields and of VH/VV for five plots (15 m radius circle,
approximate 7 pixels) within the six fields , by displaying the mean, standard deviation (SD) and coefficient of variation (CV). The yield measurement for
the field was derived from the combine harvester and for the within field samples, the yields was derived from the hand harvesting of individual plants

before harvest. N is number of observations and A is the mean area (ha) of the sampling unit.

Year Sarsniing Statistics G_base G_steep G_max S_max S_steep S _base G_midP S _midP TZmax Duration D_max D_base Yield
Unit DoY DoY DoY days t/ha
2018  Field Mean 0.14 0.1 0.38 0.3 -0.21 0.1 111 192 140 81 0.08 0.04 5.77
N=5 SD 0.04 0.02 0.09 0.06 0.14 0.02 8 4 8 10 0.08 0.03 15
A=22 Ccv 29% 20% 24% 20% 67% 20% 7% 2% 6% 12% 100% 75%  26%
Plot (within =~ Mean 0.16 0.12 0.36 0.30 -0.12 0.10 103 192 137 89 0.06 0.07 9.3
field) SD 0.04 0.06 0.11 0.11 0.03 0.02 9 8 9 11 0.12 0.04 2.0
N=25 A=0.07 CV 22% 49% 31% 36% 26% 24% 8% 4% 7% 12% 204% 54%  22%
2019  Field Mean 0.13 0.08 0.4 0.24 -0.2 0.13 107 208 131 101 0.16 0.01 9.02
N=6 SD 0.02 0.03 0.06 0.01 0.12 0.01 7 3 2 7 0.07 0.01 1
A=24 cv 15% 38% 15% 4% 60% 8% 7% 1% 2% 7% 44% 100%  11%
Plot (within ~ Mean 0.15 0.12 0.37 0.25 -0.13 0.11 105 214 134 109 0.12 0.07 10.7
field) SD 0.04 0.06 0.11 0.06 0.03 0.04 15 11 15 21 0.13 0.05 2.0
N=30 A=0.07 CV 26% 50% 30% 26% 25% 36% 14% 5% 11% 19% 109% 78% 19%

Table 3-5 Levels of significant difference: 0.05<p<0.1(°), 0.01<p<0.05(*), 0.001<p<0.01 (**) and p<0.001 (***) between field and plot scale in each year

and between the two years on the same scale

G_base G_steep G_max S_max S_steep S_base G_midP S_midP TZmax

Duration D_max D_base

Yield

Field vs plot in 2018 o

Field vs plot in 2019 o * * *
18 vs 19 Field level o * Hokx
18 vs 19 plot level * Hokk

* ¥

% %k k

[0}
* %k

%k %k %

* %

* %k

*
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3.3.5.2 CPlIs correlation with biophysical properties of wheat

The results in Chapter 2 show that specific indicators, such as the duration of the high
vegetation (stem elongation to dough development) and the timing of the booting stage
significantly correlate with the final yield at a field scale (Chapter 2.5). This chapter
focuses on the use of the 50 sample points (within and across fields and seasons) to
correlate specific field variables with the 12 CPIs. These CPIs were calculated for each
point extracted using the average values of all pixels in a radius of 15 m (as pixel size is

10 m) around the centroid of the sample (Figure 3-2).

Despite the higher variation when the CPIs were calculated based on the smaller
averaging area, in this analysis, there was a significant level of correlations in Table 3-6.
The correlations (r) were displayed and the significant values are coloured red or green.
The information that can be extracted by these correlations can be described using the
two periods defined to calculate the CPIs. The first five CPIs describe the growing period
(i.e. foundation and construction phase) and the 6 to 9 production phase. The last three
(10 to 12) are a combination of parameters from the two periods.
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Figure 3-10 CPI calculation using the two logistic curve fitting for 2019 harvest season. Every column represents the same field with its five sample
positions and the parenthesis displays the number of pixel used to average the VH/VV ratio.
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As shown in Table 3-6, tiller density is significantly correlated (p<0.05) with the G_max
(maximum. value in growing period) with r = 0.39, as well as the D_max (the difference
between the two maxima of the growth and maturation period) with r = 0.32. This latter
response is driven by G_max as the maximum value in the senescence stage, S_max is
not correlated (r = 0.01) with tiller density. Similarly, the above ground biomass (AGB) is
also positively correlated with G_max (r = 0.32, p<0.05) in May but not the final values
before harvest with any CPI. These results can justify the difference noticed in Figure
3-9 where the field with higher AGB and tiller density has a higher intensity of VH/VV
ratio but no difference in the maturation period as S_max is not sensitive to the AGB
difference. Leaf mass in May, (which is related to the LAI and of AGB) is also positively
correlated with G_max (r = 0.34, p<0.05) (Table 3-6).

The negative correlation between G_base and end of growth period leaf mass (r = -0.34,
p<0.05) as well as the final canopy height at the end of the structural development in
May shows the effect of tillering period on the canopy structure during the development
phase. There is a correlation of the canopy height (which got the highest value after the
end of May) with CPIs (No 8,10 and 11) derived from the maturation/senescence period
(from r=0.29 up to r = 0.5) of which the AGB seems to be not related with them (Table
3-6).

The senescence parameters (S_max, S _midP) are expected to be the CPIs most
affected by the reduction of water content in the fields. Starting with the total vegetation
water amount in the field (g/m?in July), there is a correlation first with the CPI G_steep
referring to the steepness of the growth curve. G_steep is also associated with the
PWC% in July (r = -0.29, p<0.05) as the only source of water because the dry conditions
of the summer do not allow the soil to remain wet in the top layer. The lower values of
PWC in the maturation period affect the timing of the different stages. For example, low
rainfall periods (reduce water availability) will result in earlier senescence of the plant, as
shown in Figure 3-8 with the drier condition in 2018 compared to 2019. The S_midP and
duration display a positive correlation with water availability at the end of the season (r =
0.46 and r= 0.29 respectively with p<0.05). This is in contrast to the water content at the
end of the growing season, which shows a significant negative correlation with these two
parameters r= -0.76 and r= -0.54 with p<0.05. This effect might result from increased
development up to May (as PWC is almost 80% of the total AGB), which restricts the
water later in the season, especially during an arid summer, when water availability is

limited for the crop. This can also be observed through the positive correlation of S_midP
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and duration with PWC in July, indicating that the maturation is observed later with higher

values of S_midP and increased duration.

Despite the significant correlation of CPIs with biophysical properties of the field, none
of them displayed correlation with the yield, but three indicators showed sensitivity with
the harvest index (harvested seeds/AGB ratio). The negative response of G_max to
harvest index was expected as this indicator displayed sensitivity to AGB at the
beginning of the season. The positive correlation with the S_midP and also with duration
(Duration =S_miP - G_miP), with r= 0.39, p<0.05 and r= 0.32, p<0.05 respectively,
showed that the later maturation/senescence starts due to water availability and growth
development, the longer the growth and grain fill duration will be (Biscoe and Willington,
1984; Monteith, 2007).
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Table 3-6 Correlation coefficient (r) between CPls and field observations (50 points in total) using both growing seasons (2018 & 2019), significant r (P
level>0.05) coloured green and red. details of each indicator definition can be found in Table 2-2.

CPI cpI tillers AGB May AGB Harvest Leaf May Height Max Water July PWC PWC PWC yield Harvest
No. m-2 g/m2 g/m2 g/m2 May Height g/m2 May June July t/ha Index
1 G_base -0.16 -0.17 -0.19 -0.34 -0.06 -0.33 -0.23 0.21 0.03 -0.17 -0.18 0.00
2 G_steep -0.19 -0.17 -0.27 -0.21 -0.38 -0.18 -0.34 -0.06 -0.02 -0.29 -0.23 0.10
3 G_midP 0.06 0.04 0.01 0.15 0.07 0.13 0.08 -0.03 0.11 0.04 -0.01 -0.06
4 G_max 0.39 0.32 0.20 0.34 0.19 0.17 0.10 0.03 -0.14 -0.03 0.10 -0.29
5 TZmax 0.05 -0.04 -0.03 -0.03 0.11 0.12 -0.15 0.06 0.05 -0.23 -0.05 -0.05
6 S_max 0.01 -0.07 -0.01 -0.02 -0.02 -0.24 -0.17 0.39 -0.05 -0.25 -0.06 -0.15
7 S_steep 0.00 -0.01 0.15 0.01 -0.15 -0.17 0.08 0.22 0.14 0.00 0.18 0.09
8 S_midP 0.09 0.38 0.13 0.19 -0.10 0.50 0.46 -0.76 0.00 0.57 0.24 0.39
9 S_base 0.00 0.04 -0.12 -0.03 0.10 0.06 -0.19 -0.02 0.12 -0.22 -0.13 -0.02
10 Duration 0.03 0.25 0.09 0.05 -0.11 0.29 0.29 -0.54 -0.07 0.39 0.18 0.32
11 D_max 0.32 0.32 0.18 0.30 0.18 0.30 0.19 -0.24 -0.08 0.14 0.12 -0.14
12 D_base -0.11 0.01 -0.05 -0.16 -0.20 -0.17 0.04 -0.09 -0.05 0.14 -0.02 0.07
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3.4 Discussion

3.4.1 Temporal variation of SAR profiles and field observations

The values of SAR backscatter can be reliably related to different development stages
of wheat between sowing in October and harvesting in August (Bargiel, 2017
Harfenmeister, Spengler and Weltzien, 2019; Veloso et al., 2017). Thus, the temporal
evolution of the SAR curve can be explained using distinct periods of different signal
interaction, as it is affected by the plant growth development and moisture changes
(Harfenmeister, Spengler and Weltzien, 2019). At the beginning of the season in the
autumn, the main target in the field is bare soil and the crop height is less than the C-
band wavelength of ~5.5 cm. For this reason, the values are primarily determined by the
soil moisture and any surface water that remained in the field (Harfenmeister, Spengler
and Weltzien, 2019; Khabbazan et al., 2019) . From March until May, the crop moves
from tillering (15 cm height) to the next development stage of stem elongation (up to 65
cm). In Figure 3-6, the increase of the canopy volume and the biomass in the fields
causes the decrease of the two polarisations. The VV is dominated by the wheat's
vertical structure that contributes to the signal attenuation (Veloso et al.,, 2017;
Vreugdenhil et al., 2018). The VH reduction is less than the VV in this period, as the
primary influence is the volumetric scattering and double bounce produced by the crop
growth (Brown et al., 2003; Nasrallah et al., 2019). During the stem elongation, the
increase of the volumetric backscatter is counterbalanced by the attenuation of the
double bounce. This difference between the two polarisations results in the increase of
the VH/VV ratio (Khabbazan et al., 2019; Vreugdenhil et al., 2018).

The following distinct stage is the booting, which coincides with the maximum VH/VV
ratio value timing (TZmax). The combination of the flag leaf and the start of ear
emergence affects the direct backscatter (VV) due to the increase of the water in the top
layer of the canopy as well as the structural change of the flag leaf opening
(Harfenmeister, Spengler and Weltzien, 2019). The timing of max ratio value has been
reached typically between the full ear emerge in mid of May and the flowering period in
the first weeks of June, and subsequently, continue to reduce because of the steady
increase in VV values as compared to stable VH values. Note that in chapter 2.2.5 we
demonstrated that this feature in the temporal curve of the VH/VV ratio is particularly
useful in order to define the point at which the max value will be reached, or in other

words, the booting stage of the wheat.
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The VH/VV backscatter ratio stabilizes before the crop reaches the maturation phase,
which is mainly a consequence of its final structure. This stability is determined by its ear
above the canopy and high values of water content in the fruit during grain-filling before
it starts to reduce the VH/VV-ratio during maturation. Figure 3-11 displays how the
relationship between SAR smoothed curve values and canopy height (structural
characteristic) is affected by the development stage of wheat. High correlation is
displayed during the stem elongation, but the sensitivity is reduced as the crop moves to

maturation phase.
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Figure 3-11 The relationship between the SAR VH/VV ratio and the canopy height for three wheat
development periods: stem elongation, booting and ear emergence, and grain filling. The x and
0 symbols display two different fields in 2018.

The last period is during the reduction of the water content in the crop during July and
August. The plant water content is significantly reduced throughout this period and the
VH/VV ratio follows the same trend as the soil contributions start to affect the
backscatter. The ratio falls from -5 dB to -8 dB (or lower), arriving at the winter levels.
The decrease of VH values during this period in 2018, in contrast to 2019, can be justified
by ear inclination to the ground because of the difference in the development stage
(Harfenmeister, Spengler and Weltzien, 2019). The harvest took place at the beginning
of August when the increase of the noise was noticed in the SAR data, indicating that

the satellites acquire images on base soil/stubble remaining in the field.

The temporal analysis of the SAR was successful to describe changes in the structure

and development stage of wheat across the farm. The polarisation trends follow the
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changes of the biophysical properties of the fields, displaying potential of monitoring

crops in the agricultural landscape.

3.4.2 CPIs connection to biophysical properties of wheat

The correlation of the CPIs with the field parameters is useful to identify sensitive
indicators that can give information about the status of the crop using only SAR data.
The analysis displayed what these indicators can tell us about the crop. The most
sensitive CPI from the growing period is G_max that has a significant correlation with the
tiller density and the AGB at the booting stage of the plant development. This sensitivity
also gives a negative correlation with the harvest index as the denominator is the
biomass regardless of the fact that the G_max is not sensitive to the AGB before harvest.
The reason could be that strong early development during the construction phase will
result in increased biomass at the end of the season. However, this could also be
explained by the loss of leaves of the crop as being affected by the water availability and
hence, reducing the connection of biomass at the end of the season.

The baseline in the foundation phase (G_base), which has a significant negative
correlation with structural characteristics of leaf and height of the plant, needs to be
examined further as no direct relationship could be found. The steepness of the logistic
growth curve (G_steep) also interacts negatively with the height during the stem
elongation and the water balance at the end of the season (July). This can be justified
by the vigorous growth at the beginning of the season that can reduce the water
availability closer to harvest due to increased water demand. Both midpoints of growth
(G_midP) and max timing (TZmax) were connected with the different development
stages as the first displays the time of stem elongation and the second the time of
booting. The primary influence in crop development stages is the temperature of the area
(De Bernardis et al., 2016).

The CPIs derived by the second half of the crop development (production phase) are
sensitive to the canopy's water characteristics as the wheat's structural development is
completed (Harfenmeister, Spengler and Weltzien, 2019). The S_max is positively
correlated with the plant water content in the late stages of the construction phase (r=
0.39, p<0.05). This is important as the max in the senescence period is noticed during
the flowering stage. Thus, this indicator can provide information about the water content
of the plant before the start of the senescence. The next important indicator is the

midpoint of the senescence (S_midP) that also refers to the timing of the dough
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development in the plant and is highly correlated with the water content on that stage (r=
0.57, p<0.05), which is, in contrast, significantly negatively correlated with the water
content at the end of construction phase. Combined with the correlation with the AGB in
May (r= 0.38, p<0.05), these connections show an interaction of the conditions in the
construction phase with the water availability at the end. High values of S_midP indicate
elongation of the fruit development period, allowing more translocation of carbon in the
grain (Biscoe and Willington, 1984; Monteith, 2007), which is also illustrated by the
positive correlation with the harvest index. The baseline at the end of the season
characterises the conditions of the field after the harvest period and there is no sensitivity
with any crop parameter as expected.

The last three indicators, derived from other indicators, are highly influenced by their
sensitivity to field observations. Duration is an example of the difference between the
midpoints that show sensitivity to water content more than the early development of the
crop. In contrast, the D max is affected by the G_max more than the S_max as the field
data show more variability in AGB than the water content in the period of the construction

phase.

This methodology has the potential to assist on crop model applications (Huang et al.,
2019; Kasampalis et al., 2018), but it is crucial to develop further the ability to invert the
SAR time series to parameters associated with the soil and crop. The most promising
connection is with the development stages that can help the model better simulate
development differences without the need for temperature and sowing date as being
used for the growing degree days calculation (De Bernardis et al., 2016). The plant water
content change can help to improve the spatial water variability and be connected with
the soil properties across the farm at the field scale. Moreover, the use of CPIs as

biomass proxy for each field can help to improve model simulations.

3.4.3 Sampling approach

An objective in this chapter was to understand the underlying biology of high temporal
frequency SAR and its relation to yield formation, by sampling the biophysical properties
of wheat fields and correlate them with CPIs. Different sample approaches have been
used in literature to collect vegetation parameters. Random sampling in each field for
each date was considered for height and LAI (Bousbih et al., 2017) and Patel et al. used
also five positions in the field to cover as much possible area (Patel, Srivastava and

Navalgund, 2006). In Bhyiyan et al. the biomass was collected using 10 plats and scale
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the value using the plant density (Bhuiyan et al., 2018).Harfenmeister et al. monitor the
phenology on BBCH scale, height with random plants and biomass by destructive
sampling of 1m rows (Harfenmeister, Spengler and Weltzien, 2019). A combination of
the above sampling approaches was used in this work. The sampling approach had two
essential criteria, first was the applicability and time management that one person or the
farmers can also apply for the necessary monitoring procedure. Second, the minimal
disturbance of the sampling area was vital as multiple samples were taken throughout
the year, which could affect the surrounding surface structure. This disturbance can
potentially influence the SAR backscatter and the commercial value of the area should

not be reduced by removing production from farmers’ fields.

The SAR temporal curves derived from the plot scale have similar signature as the
average of the field, allowing the use of the methodology from Chapter 2 to be applied
across all sample points in the farm. Figure 3-12 shows the lines from 5 plots and the
average of that field to compare the signatures. This result is encouraging when the
description of the biophysical changes needed to be described by different observations
across the field by the farmers. Figure 3-10 displayed how variable the different plot
curves can be that increase the uncertainty of the CPIs (Table 3-4) but with no significant
difference when most of the CPIs means between field and plot scale are compared in
Table 3-5. One exception is the D_base that has significant difference (p<0.001) in 2019
that is clear how variable the baselines can be when less pixels were averaged, as the
soil (moisture) will affect the radar response (Baghdadi et al., 2018; Bousbih et al., 2017;
Gherboudj et al., 2011) . The baseline variation at plot scale is visible in Figure 3-10.
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SAR VHVY smoothed

Date

Figure 3-12 Display of the curve signature similarity of field average value of VH/VV (hatched line)
smoothed curve with five individual plots smoothed lines (P6 to P9) in the same wheat field.

The correlation between the CPIs and the localised within-field yield shows no sensitivity
with the field production but with the harvest index instead, in contrast to the section 2.3.2
where two CPIs (TZmax/Booting timing and duration) displayed a significant correlation
(r=-0.56 and r= 0.61) with the yield. The first issue is the difference in the scale, because
in this study we have been using field averaged values for the calculation of the temporal
curve, which are characterized by less variability and noise as compared to point
measurements where the SAR curve is the average of the pixels around the centroid of

the accumulative samples in the five positions in the field (Table 3-4).

The second issue is the different sampling processes between the field average from
harvest and hand sampling that resolve to different losses of biomass material. Combine
harvester losses are less than 1% (Setiyono et al., 2019) and potential bias between
hand and combine harvester method is shown as less than 4% of the total height
resulting to 1% variation on harvest index (Dai et al., 2016). Figure 3-13 displays a
comparison between the two different yield calculation processes. The low yield fields
are overestimated in the field sampling procedure (Figure 3-13), affecting the correlations
in Table 3-6. This can be why CPls are sensitive to yield at field scale (duration and

booting time) but are not significantly correlated in sub-field (plot) scale.
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Figure 3-13 Yield comparison between the combine harvest from the machinery as field average
in t/ha (x-axis) and the hand harvest in each sample point by five points per field (y-axis) as well
as the 1:1 line (black) for the two different years (2018-red, 2019-blue)

The sensitivity to harvest index helps to normalise this effect as it is defined as the ratio
of yield/AGB that makes it unrelated to the total amount and displays the plant efficiency
simultaneously. This index displays a significant correlation with the duration of the
vegetation and G_max (Table 3-6). That is expected, as in the previous chapter duration
was significantly correlated (r= 0.61) to yield component of the index and G_max is

sensitive to biomass (r=-0.29).
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3.5 Conclusions

The formulation of distinct correlations between the SAR-derived CPIs and individual in-
field observations remains challenging, as there are confounding factors that affect the
correlations (scale and noise). However, the sensitivity of the temporal curve analysis
across the growing season can provide helpful information about the crop's development
trend (Figure 3-9). Key crop development stages are recognised using the dynamic SAR

backscatter curves to monitor crops, allowing the interpretation of the growth.

The SAR backscatter ratio (VH/VV) is sensitive to changes in the crop architecture during
the construction phase (stem elongation) and inflorescence (ear emergence). At the
same time, VH/VV ratio is sensitive to relative plant water content (PWC %). The analysis
between the two seasons displays the temporal shift between backscatter curves that
could be related to crop density at the beginning of the season and the water scarcity
during the summer of 2018 which made the growing season shorter than 2019 (Figure
3-8a).

Most important CPls displaying useful interaction with the field parameters is the G_max
that correlates with the structural development at the beginning of the season and S_max
(r=10.39, p<0.05) and S_midP (r= 0.57, p<0.05) as water indicators. All three parameters
indicate sensitivity with the harvest index that can describe the efficiency of the plant with
respect to the yield. The within-field sampling provided valuable insight into correlation
to productivity, but the variation of the CPIs is much higher than the field average (Table
3-4). The results show that despite the similar average values of the CPIs the CV is
higher at the plot scale as compared to the field scale (25% at a field level and 36% for
plot level).

For future work, it will be useful to apply the CPIs across multiple fields and farms to
increase the sample size and be able to approximate the biophysical properties in a way
that this can be quantified. The latter will be helpful in order to use the CPIs in a modelling

scheme.
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4 EFFECT OF MANAGEMENT AND PEDOCLIMATIC
CONDITIONS ON SAR-DERIVED CROP
PRODUCTIVITY INDICATORS

Summary

The advantage of using spaceborne remote sensing technologies is the ability to monitor
large areas in order to examine the heterogeneity due to different weather, soil and
management. The objective of this chapter is to apply the CPl methodology to other
areas and understand how SAR-derived CPlIs relate to inter-regional and inter-seasonal
yields. Two case studies help to understand the regional and seasonal effects. The first
(CS1) focused on validating the multi-seasonal application in a different area (Norfolk),
the second (CS2) applied the methodology across four farms with different weather and

soil characteristics.

The correlation matrices displayed similar results to those at the field scale on
Rothamsted Farm (Chapter 2) where CPIs were correlated with wheat yield. The two
CPIs identified initially (Duration, Booting) also displayed significant correlations across
four seasons in Norfolk farms (CS1) with yield (8-11 t/ha; p < 0.05, n = 153), however,
weak withr = 0.17 and r = -0.21, respectively. The matrix for CS2 also showed significant
correlations between yield and booting timing (TZmax r = -0.59) and duration (r = 0.53)
across yields ranging from 5 to 11 t/ha (p < 0.05, n = 76). Several other CPIs had
significant correlations in CS2, with r = -0.23 (S_max) and r = -0.51 (G_midP). The
variation of the key CPIs was examined, and the significant difference between the four
farms has been tested using the analysis of variance (ANOVA). The analysis displayed
a significant effect of soil, year (weather pattern) and management (preceding crop) on
SAR-derive indicators as well as the combination of year (weather) and soil type factors

that translates into drought effect on CPlIs.

The most promising CPIs derived from the ANOVA analysis were used to combined in a
multilinear regression approach to increase their predictive power of yield. The two case
studies displayed different responses to the regression performance. The model
including four important CPIs (G_max, S_max, G_midP, S_midP) performed best (R?ag;
= 0.49, AIC = 204.4). Different years for model calibration were also tested in Norfolk
using the rest of individual years as validation, and the results displayed RMSE between
1 t/ha and 2.2 t/ha in all seasons and Pbias between -19% and 23% displaying

considerable overestimation and underestimation of this approach. The difficulty to
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predict the yields in one year based on the crop response of another year is due to the

fact that it will be greatly affected by management and weather differences.

4.1 Introduction

The core of remote sensing applications in agriculture is the ability to monitor large areas
over time (Earl et al., 2003). The radar advantage of no cloud or daylight limitations
increases the ability to use this technology in the highly dynamic agricultural landscape
(Khabbazan et al., 2019). This is the reason that SAR is commonly used for crop
classification with dense temporal profiles (Bargiel, 2017; Gomez-Chova et al., 2015;
Skriver et al., 2011). The crop classification is closely connected to the identification of
key crop development stages that can give important information on the vegetation
dynamics of the different crops (Khabbazan et al., 2019). The recognition of the growth
stages can be particularly useful to assimilate the information to models (Che et al., 2014;
Klosterman et al., 2014; Son et al., 2016) that can be used across large areas. The ability
of SAR to define the development stages (Bargiel, 2017; Betbeder et al., 2016;
Harfenmeister, Spengler and Weltzien, 2019; Mercier et al., 2020; Schlund and Erasmi,
2020; Veloso et al., 2017) can contribute to phenology mapping that can be used in areas
where on-field measurements are not existing or have a high cost (Nasrallah et al.,
2019).

SAR can be used to assess the changes in the biophysical properties of the fields due
to the sensitivity of radar to structure and water (Ndikumana et al., 2018). Attempts to
estimate the field productivity mainly use of optical data and indices (NDVI) (Campos et
al., 2019) in wheat (Mashaba et al., 2017) or combination with optical and SAR (Fieuzal
and Baup, 2017) or SAR and models (Betbeder, Fieuzal and Baup, 2016; Setiyono et
al., 2019). SAR only analysis is less common by using the polarisations regression with
yield (Molijn et al., 2014). There is an increase of machine learning and remote sensing
applications aiming to increase the yield predictive power (Hunt et al., 2019) as well as
the extraction of biophysical information (Attarzadeh et al., 2018; Ndikumana et al., 2018;
Van Tricht et al., 2018; Vreugdenhil et al., 2018). The yield estimation across the

agricultural landscape is challenging as data availability is low.

There could be real advantages of providing information on crop development and
growth at a large-scale using SAR data, but the approach needs to be tested across
contrasting farms and regions. Hence, in this study, we applied the approach as

presented in Chapter 2 across four farms based in two regions within the UK
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(Hertfordshire and Norfolk). The difference between the two areas in terms of soil type
and climate was used to understand seasonality and topography effects on SAR derived
crop productivity indicators (CPIs). The temperature and the water balance of the areas
is an important driver of development in the wheat fields. It is essential to monitor the
differences in development stages as well as in biomass and water availability to be able

to proxy the actual field production at the end of the growing season.

This chapter seeks to apply the methodology that defines the CPIs, described in Chapter
2 and the understanding of important CPIs of Chapter 3 to other areas, allowing
comparison of farms with different soil and weather patterns. Analysis of variance
(ANOVA) has been used to examine the significant effect of farm management, soll
characteristics and climate variables. Significant effects on the CPls are important for
extrapolating the indicators across the agricultural landscape that involve different soils,
climate, and management. Finally, the CPIs have been combined for a more robust
correlation with the field production. The use of multi-linear regression analysis increases
the yield prediction power by using the SAR derived indicators that significantly correlate
with the yield (Chapter 2) and crop characteristics (Chapter 3). The combination of
different indicators across the growing season helps to cover more time-related effects
on yield than using individual CPIs that describe part of the crop life circle. At the end of
this chapter, the results will display whether the approach is quantitative, transferable
and predictive.

4.2 Materials and methods

4.2.1 Study sites

In this chapter, crop management and yield data were collected from four farms:
Rothamsted and East Hall in Hertfordshire and Salle and Hydehall in Norfolk (Figure
4-1). SAR data were compiled for these four farms, representing two different soil types,
landscapes, and weather patterns. Four seasons (from 2017 to 2020) of data were
available from Norfolk in East Anglia, UK. The two farms in Norfolk are next to each other
and follow similar crop management routines. Information about crop management, such
as crops sowing and harvest dates, were collected for each growing season from the
four farms. Data collected from the Hertfordshire farms were complete only in 2017 as
technical problems prevented yield data collection at one of the farms during the

following years.
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Figure 4-1 Google Earth images from the four farms that display fields available for wheat
cultivation in each area. Rothamsted Farm, Hertfordshire (a), East Hall, Hertfordshire (b),
Hydehall, Norfolk (c) and Salle Farm, Norfolk (d)

4.2.1.1 Farm structure crop diversity and management

Overall, the potential number of wheat fields across the four farms (Table 4-1) varies
considerably based on available fields, rotations and market, and the final number of
fields used for the analysis have been reduced after quality assurance of the SAR-
derived CPIs (see circles in Figure 4-5). The fields with values flagged as outliers were
examined for the goodness of fit representing the parameterisation level.

Table 4-1 Total number of wheat fields provided for each season and farm before quality

assurance. (* no yield data available); proposed boxes mark the subsample in the analysis (two
case studies)

| Season Rothamsted East Hall Salle Hydehall Total

|| 2017 11 25 24 21 81

I 2018 9 24~ 34 19 86

Lo s e s} T
2020 No data No data 27 15 42
Total 33 74 104 73

Part of the management of the farm is the preceding crop that determines the residual
mineral nitrogen (Nm) in the soil that is likely to affect the development of the following
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wheat crop. The residual Nn, in the field can be categorised based on three crop groups.
Group 1 (low residual N effect) covers cereals like winter wheat and low input crops,
Group 2 (medium) includes oilseed rape, and Group 3 (high) includes legumes like
beans. In addition, the harvest date of preceding crops can affect the sowing date of the

wheat (e.g. late harvest of sugar beet).

Table 4-2 Different groups of residual soil N effect (https://www.fas.scot/downloads/tn731-
nitrogen-recommendations-for-cereals-oilseed-rape-and-potatoes/ )

Level of Nitrogen residual Crop

Group 1 Wheat, barley, oats, linseed, sugar beet
Group 2 Oilseed rape

Group 3 Winter or spring beans, grass

Crop rotation affects several aspects of farm management. The soil residual Ny, and
sowing/harvest dates may vary within and among the farms, as they are based on the
type of the previous crops in the field. Together with other factors such as soil
hydrological and meteorological variables interact with crop management (N fertiliser
application and leaching losses). For example, the delayed harvest from sugar beet will
affect the sowing date of winter wheat in the latter part of the autumn, even winter, which
together with a low residual Nm could cause weaker and later development.

Table 4-3 Number of fields for each farm based on the residual soil N group

Nitrogen status of previous crop Rothamsted East Hall Salle  Hydehall
Group 1 12 34 14 14
Group 2 6 0 31 21
Group 3 2 39 20 17

Being part of the crop rotation, the crops found at the farms are sugar beet, spring beans,
oilseed rape, barley, oats, and wheat. In Hertfordshire, the rotation is based on cereals
with break crops of oilseed rape and beans, but in Norfolk follows a more spread rotation

of seven years between the crops.

4.2.1.2 Soil heterogeneity

The main soil series at the Rothamsted research farm is Batcombe, a deep loam to clay
soil, with silty plateau drifts and flints (Avery and Catt, 1995). The soil is characterised in
the Soils Guide (Cranfield University, 2021) as “Fine silty over clayey and fine loamy over
clayey soils with slowly permeable subsoils and slight seasonal waterlogging”. The

unsaturated chalk on the subsoil affects the vertical movement of the rainwater as excess
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water drains vertically down, entering the chalk. Cereals are the preferable crops and

liming is needed as the soil is characterised as acid.

The main soil series at East Hall is Hornbeam 2, which is characterised as “Slightly acid
loamy and clayey soils with impeded drainage” (Cranfield University, 2021). The soll is
very flinty and is cultivated mainly with cereals and oilseed rape. Most of the area is
slightly droughty depending on the crop, as grass can be most affected by this type of
soil. The two farms in Norfolk (Salle and Hydehall) are dominated by the Beccles 1 soil
series, which is described as “Slowly permeable seasonally wet slightly acid but base-
rich loamy and clayey soils” (Cranfield University, 2021). Crops are affected by relatively
impermeable subsoil that casing seasonal waterlogged soils and the drought effect are
slight in summer. A good percentage of the farms is characterised by Wick 2 soil type
described as well-drained deep loam. Table 4-4 and Table 4-5 display different soil types
in the winter wheat fields of the four farms selected for the upscaling analysis. The

variability of the farms can be examined with the main soil types described below:

Table 4-4 Number of fields per farm and soil characteristics (Cranfield University, 2021) across
the four selected farms with wheat as a crop.

Soil texture Rothamsted  East Hall Salle Hydehall
Deep loam 0 10 21 17
Deep loam to clay 19 49 2 7
Deep silty to clay 1 2 0 1
Loam over chalk 0 6 0 0
Loam over gravel 0 1 1 0
Seasonally wet deep loam to clay 0 5 41 25
Seasonally wet deep sand 0 0 0 2
Total 20 73 65 52

Table 4-5 Soil properties (average) describing the dominant soil series under arable management
in each of the four farms (Cranfield University, 2021)

Soil properties Rothamsted East Hall Salle / Hydehall
Batcombe Hornbeam 2 Beccles 1

Clay (%) 24 21 25

Sand (%) 18 32 46
Available water content (mm) 135 135 120
Saturated hydraulic conductivity Ksat (cm/day) 58.4 102.5 100.4
Depth (cm) to gley 60 45 25
Depth (cm) to slowly permeable layer 45 46 38

pH 6.5 7.8 7.4
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4.2.1.3 Seasons and weather patterns

Between September 2016 and August 2019, the mean air temperature at Rothamsted
and Salle followed the same climatic pattern, with the mean temperature in June and
July to be greater at Rothamsted than Salle ( Figure 4-2a). Data from the two areas were
compared to understand the differences between the two regions of interest and the
growing seasons in each area. At Coltishall (nearest station to the Norfolk farms, 10
miles), the annual 30-year mean (1981 to 2010) is 674 mm and at the Rothamsted site,
the value is 712 mm. The annual average maximum temperature is 13.8°C and minimum
of 6.4°C in Coltishall compared to Rothamsted of 13.7°C and 6°C. Sunshine duration in
Rothamsted is 1585 hours per year and 1610 hours per year at Coltishall (Met Office,
2021).

a = b .

WANT
Y

Figure 4-2 Monthly mean temperature (a) and monthly total precipitation (b) for Rothamsted
(Roth) in Hertfordshire and Salle in Norfolk

Differences in soil type, soil water retention and precipitation between Hertfordshire and
Norfolk will affect the soil water availability on the respective farms. The trend of the
accumulated seasonal precipitation is similar between the two regions (Figure 4-2b);
therefore, the porosity and infiltration rate of the soil is likely to affect the moisture content
creating differences between the farms. Comparing the three years and the four calendar
seasons, one can notice that the 2018 summer was drier compared to the other two
years, which created significant water scarcity in both regions (Figure 4-3). This would
affect the crops on shallow and light-textured soils more strongly. At the same time, the
winter and spring of that year were considerably higher than the rest, affecting the crop

establishment in areas with high clay content.
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Figure 4-3 Seasonal variations of the total precipitation across the three growing seasons in the
two regions (a) Rothamsted — AL5 and (b) Reepham/Salle — NR10 using the local weather
stations in the farms.

4.2.2 Selected CPIs for the upscale

The calculation of the CPIs across the four farms and the available growing season was
carried out using the SAR time series from the Sentinel-1 satellite. The CPIls were
defined at the field scale, averaging pre-processed SAR backscatter data in terms of
cross-polarisation ratio (VHVV), smoothing before the fitting procedure (Chapter 2). It
was important for the analysis to examine the ranges of the selected CPlIs in each farm
as a first step. These calculations assisted in identifying possible outliers in the analysis
based on each specific farm and growing season. The most critical CPIs considered are

given in the previous chapters and illustrated in Figure 4-4 and Table 4-6.

Chapter 2 demonstrated that it was possible to use SAR data to calculate 12 crop
productivity indicators. One CPI (5) was the day of the maximum VH/VV value. There
were then four CPIs (1-4) describing a logistic curve from a low VH/VV value at the start
of the season to a high value in mid-season, and four CPIs (6-9) describing a logistic
curve from a high value to a low value at the end of the cropping season. Lastly, there
were three CPIs derived from the two logistic curves: the duration between the mid-points
(10) and the difference between the maximum (11) and minimum VH/VV values (12) for

the two logistic curves.
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Figure 4-4 Presentation of important CPIs derived from the previous chapters that were used for
the statistical analysis in the different farms.

Table 4-6 Selected CPlIs definitions that displayed contribution towards biophysical properties of
wheat taken from previous chapters

No. Symbol Parameter name Definition

3 G_midP  Time of midpoint of the DOY when the midpoint of the logistic curve
growth period occurs in the growth period

4 G_max  Max value for growth stage Maximum VH/VV ratio value for the full season

5 TZmax  Time of maximum point DOY of maximum smoothed value of VH/VV

6 S max  Value at the start of grain Period of backscatter stabilization, correlated
filling with plant water content

8 S midP  Time of midpoint of DOY when the midpoint of the logistic curve
maturation occurs in the maturation period

9 S base Baseline value at the end Background value of the VH/VV ratio
of the season

10 Duration Duration of “full” vegetation Time difference between midpoints (3, 8)

to maturation

80



4.2.3 Quality assurance for the CPI outlier definition and elimination

The data used for analysis was checked for potential outliers using the interquartile range
(IQR), whitch measures variability based on quartiles derived from the data. In
descriptive statistics, the IQR value describes the spread of the middle half of the
distribution. The IQR is useful for data sets with outliers because it is based on the middle
half of the distribution, extreme values less influence it. The fields flagged up by the IQR
analysis were then assessed visually by multi-plots of all fields in each year and farm.
The need for visual assessment was necessary as, in some instances, the time series
of SAR justified the extreme values of the CPIs. In this case, the field that was reacting
to the radar signal different from the rest remained in the analysis if the shape of the
logistic curve remained close to the rest of the fields.
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Figure 4-5 Examples of poor curve fitting that the IQR application on the senescence CPIs
flagged up the fields (red circles) that were then excluded from the analysis in Hydehall farm.
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The first layer of this process was the stepwise verification of the CPls starting from the
temporal indicators that should not vary among winter wheat fields in the same years,
farm and region as the number of growing degree days (GDD) in the same area should
be similar. It assumes that the sowing dates in the same farm should not be far apart
and varieties have similar development. For example, spring wheat was detected as its
CPI related to stem elongation (G_midP) had a much later date than the rest of the farm,
whilst winter barley was considerably earlier. Thus, such fields were removed from the

analysis.

The next step was the curve shape that sometimes diverted from the expected form. The
fields with values flagged as outliers were examined for the goodness of fit that
represents the level of parameterisation. A few fields had to be eliminated due to the
noise in the SAR-CP data points not allowing clear identification of time-related indicators
(S_midP, the timing of Senescence/Maturation) and the visual assessment was also able
to identify the fields for which the shape of the logistic curve did not follow the expected

smoothed curve (Figure 4-5).

4.2.4 Sensitivity of CPIs

A correlation matrix was used to validate the sensitivity of the CPIs. Two sets of data
were analysed to explore the ability of the CPIs defined in Chapter 2 to describe and
predict yield. First, the approach was applied across four farms by adding a second farm
in Hertfordshire relatively close to Rothamsted farm and two farms in Norfolk region. The
2017 season was selected due to missing yield information for the rest of the seasons in
Hertfordshire (technical difficulties related to the harvest management). Second, four
growing seasons (harvest in 2017 to 2020) were selected from sites in Norfolk in Eastern

England, representing two farms next to each other following similar management.

4.2.5 Analysis of variance (ANOVA) for CPIs related to the
biophysical environment and crop management

To answer the question of how seasonal and regional pedo-climatic and management
factors affected the values of the CPIs, we conducted an ANOVA. The different
examined categories were defined by the data availability across the farms (number of
fields, yield). The unbalanced design was a consequence of the different number of fields
in each farm and year and the heterogeneity of the farm in respect to soil management
and weather conditions. The first two are growing season (covers 2017, 2018 and 2019

season) and farm (four farms in the two regions). Then, the different soil types are
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extracted as the dominant soil type per field and the different management was defined
by the group of the preceding crop. The equation used for the analysis incorporated the

following categories (Table 4-7):

Table 4-7 Information about the different factors considered in the ANOVA based on the data
available from the selected farms.

Factor Categories Description

Farm representing the overall management of each farm

Year Harvest year for different growing seasons/ weather
conditions

Pr. Crop N Different groups that give information about the

management and residual soil N, are carried over by the
preceding crop type in the wheat field.

Soil type soil texture affects the available water capacity (AWC) and

infiltration rate

In addition, interaction factors were defined to display the relationships between the
factors. An interaction effect represents when the impact of one factor depends on the
other factor's level. For example, the selected interactions for the analysis are the

following:

¢ soil type * Pr. Crop N = effect of soil type depending on residual N availability
o year * soil type = effect of soil depending on the weather patterns during the

growing season.

This analysis was focused on understanding the effects of each site and management
category on the specified CPIs (Table 4-6). This helped to narrow down the number of
CPlIs used in the multiple linear regression analysis. The statistical software used for this

analysis was GensStat (VSN International, 2020).

4.2.6 Multiple linear regression analysis (MLR)

The regression analysis was used to improve the yield prediction using the important
CPIs identified from the previous chapters. The most useful CPIs identified in Chapter 2
and 3 related to yield were the duration and timing of the booting stage (TZmax). The
yield data covering all four farms at the same period was only available in the 2017

season. For that reason, the initial MLR analysis was focused on the 2017 data as the
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first option to cover all four farms and then the seasonality was tested in Norfolk farms
for the four available growing seasons. The ANOVA results also helped towards these
formats on the year and region options for the MLR training approach. The regression

estimator selected was least squares and the dependable variable was the yield (t/ha).

The first test was the use of the CPlIs identified in Chapter 2 as the most sensitive to
yield. The first formula is defined by Equation 4-1:

yield = a * Duration + f*TZmax +y (4-1)

where q, B and y are the coefficients of the regression, Duration is the duration between
the mid-points of the growth and senescence stages, and TZ max is the booting timing.

The next regression incorporated sensitive CPIs from Chapter 3 related to biomass and
pant water content. Also, the duration is represented by the two midpoints in the growth

and senescence period as well as a, B, v, 8, and ¢ are the coefficients of the regression.
yield = ax G_midP + f * G_max +y * S_max + & * S_midP +¢ (4-2)

The addition of the interactions of the two midpoints and the interaction of the biomass
and water indicators were also examined to see whether they could improve the

considered statistical measures.

yield = a* G_midP + f * G_max +y * S_max + § * S_midP +¢& * G_midP *
S_midP x +f * G_max * S_max + z (4-3)

Where a, B, v, 0, €, f, and z are the coefficients of the regression.

Two criteria were selected for the comparison of the different models in the multiple linear

regression.

The Akaike information criterion (AIC) was used to evaluate how well a model fits the
generated data (Bozdogan, 1987). In statistics, AIC compares different possible models
and determines which one is the best fit for the data, considering the degree of model

complexity. This way, it penalizes the degree of model complexity. AIC is calculated from:

AIC = 2M - 21In(L) (4-4)

where M is the number of independent variables used to build the model, and In(L) is the

model likelihood (log).

84



R? displays the goodness of fit between points and lines. Adjusted R? does the same
thing but takes into consideration the number of terms. By adding more and more
variables to a model, adjusted R? value will change based on how useful the variables
are. For that reason, R?,q; will always be less than or equal to R?.

R :1_[(1—132)(”—1)} (4-5)

el n—k-1

where: n is the number of points in the data sample, and k is the number the number of

variables in your model, without taking into consideration the constant.

The adjusted R? will penalize the increase of independent variables (K) that do not fit the
model(Ratner, 2009). This allowed the opportunity to compare the goodness of fit across
different models and options of the training data. The AIC was selected as model
selection criteria for the best model, but R? adjusted values were also displayed for easy

comparison among the different models.

The descriptive statistics used to evaluate the best selected model are the Root Mean
Square Error (RMSE) and the bias, which are commonly used statistical measures to
evaluate model performance (Moriasi et al., 2015)

- |1y .2
RMSE = J - ;[f’; - 0) (4-6)

where P is the predicted yield from the regression, O is the observed yield provided by

the farms and n is the number of fields/observations.

i(};obs _ Ksim )

PBIAS = =L—

>(r™) (4-7)

i=1

Where Y is the value of observed (obs) and simulated (sim) yield
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4.3 Results

4.3.1 Relationship between SAR-derived CPIs and yield

The correlation matrix displays the Pearson correlation value (r) for each of the CPIs
colour-coded green (two-tailed test with 95% significance level). Two approaches were
used to test the methodology in different areas, with different soils and more diverse

management:

- Case Study 1 (CS1): Two farms of high productivity in Norfolk, considering four
growing seasons (2017-2020). Scaling up over time within a region to examine
the effect of annual differences in weather

- Case Study 2 (CS2): Four farms across the two regions of interest (Hertfordshire
and Norfolk) in growing season 2016-2017, when yield data from all farms are
available. Scaling up across space in a single year (effect of soil and

management)

The CS1 is part of the validation of the methodology used in Chapter 2 at Rothamsted
farm. The same 12 indicators described were used across multiple years to examine the
correlation with the yield provided by the two farms in Norfolk (Salle, Hydehall). In total,
153 out of the 177 fields of winter wheat between the two farms and the four years were
used to calculate the CPIs and 148 were used for the analysis as yield data were
available from the harvest. The correlation matrix also displays the correlation between
the CPIs that can eliminate highly correlated indicators (e.g. G_midP and TZmax) to be
used together in the later stage of multiple linear regression analysis. The second
approach (CS2) is the calculation of the CPIs across the four farms. Case study 2 was
used to help understand the regional effect as well as the different soil type effects on
the CPI values. In total, 76 out of the 81 fields CPIs were calculated for winter wheat

between the four farms in 2017, of which 69 fields had available yield data.

The correlation matrixes displayed a significant relationship between the CPIs and yield
in both options explained above. IQR was used to identify the outliers that were
examined visually, and any potential outliers had been eliminated. In the multi-seasonal
case, the dominant CPIs are the ones related to time. This signified that the changes in
weather patterns that affect the growth stages and the duration of high-value vegetation
that can use the available radiation for photosynthesis. CPIs representing the maturation
period did not show sensitivity with the yield except the S_steep (rate of maturation, r

=0.25) and S_base (field background value at the end of the growing season, r = 0.31).
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Compare with Chapter 2.3.2, the time-related indicators such as TZmax (booting) and
duration were showing similar trends, i.e. r =- 0.21 and r = 0.17, respectively. In contrast
to Rothamsted farm, the G_midP (stem elongation) also displayed a significant

correlation, i.e. r = 0.21, and strongly correlated with the booting stage r = 0.81.
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Figure 4-6 Correlation matrix for the 2017-2020 season using the two Norfolk farms displaying the correlation among the CPIs. The correlation values (r)
are colour-coded green when there was a 95% level of significance for a two-tailed test
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Figure 4-7 Correlation matrix for the 2017 season across the four farms displaying the correlation among the CPIs. The correlation values (r) are colour-
coded green when there was a 95% level of significance for a two-tailed test
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4.3.2 Variation of key CPIs across locations

The averages of the CPIs across the four farms in 2017 (CS2) displayed potential
differences between the two regions under the same climate conditions (Table 4-8). The
coefficient of variation (CV) varied between 3% and 40%, with the most variable indicator
in the same year being the Smax (CV 17-51%), which is related to the plant water content
(See Chapter 3), potentially affected by the soil heterogeneity in each farm. The temporal
CPls, which are related to the crop development stages (G_midP, S_midP, TZmax), had
less than 10% variation in the same year, except at the Hyde Hall farm where the
senescence period was more variable. This was also visible in the duration, with Salle
having less variability than Hyde Hall (7% compared to 24%). The in-farm variability of
yield was lower in Norfolk farms, and the average yields were also higher than in
Hertfordshire farms. There were striking temporal differences between the two regions.
On average, crops developed almost two weeks later on the Hertfordshire than the
Norfolk farms (G_midP of 101 DoY compared to 88 DoY). This effect is also visible in
the value of TZmax, which is related to the timing of booting and the Duration, which was
two to four weeks longer on the Norfolk than the Hertfordshire farms. In the 2017 data,
there is already a difference between Salle and Hyde Hall Farm, especially in the

variation of the time related CPIs.

Table 4-8 Mean and standard deviation (SD) of the important CPIs from the four different farms
during 2017 to compare the regional effects on CPIs* and yield data. ) TZmax = booting stage,
G_midP = midpoint of growth, S_midP = midpoint of senescence, G_max = biomass proxy at the
end of the construction phase, Smax = water proxy at the start of maturation (see Table 4-6)

Farm Stats Gmax Smax Sbase GmidP SmidP TZmax Duration Yield
DoY DoY DoY days t/ha
Roth Mean 0.29 0.20 0.13 98 199 131 101 7.1
(Herts) SD 006 010  0.02 11 13 9 14 1.6
Ccv 20% 51% 17% 12% 7% 7% 14% 22%
East Hall Mean 0.23 0.23 0.12 104 205 136 101 7.5
(Hers)  sp 004 009 003 10 11 6 17 0.9
Ccv 19% 39% 25% 10% 5% 4% 17% 12%
Salle Mean 0.33 0.17 0.16 92 206 120 114 9.7
(Norfolk)  SD 007 003  0.02 9 6 8 7 0.7
Ccv 21% 17% 11% 10% 3% 6% 7% 7%
Hyde. Mean 0.26 0.21 0.12 83 210 111 127 9.4
hall SD 0.04 0.08 0.03 10 34 14 30 0.6

(Norfolk) Ccv 14% 40% 23% 12% 16% 12% 24% 7%
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4.3.3 Analysis of variance for the selected CPlIs

The Analysis of variance (ANOVA) displayed the sensitivity of each of the CPlIs to the
environmental and management categories and their interactions. Different runs of
ANOVA were applied for each of the CPIs using the selected categories. The selected
ANOVA applied an unbalanced design analysis using GenStat regression for the
Duration indicator across the four farms in the 2017-19 period (i.e. three seasons). Table

4-9 summarises the results of the individual CPls.

The results of ANOVA across the selected CPls can be used to identify if there are
significant effects of area and management. The effect of the farm management had
significant effects on the CPlIs, especially in the construction phase of the growing
season. The parameter Year had a significant effect on all the indicators (p<0.001). The
weather patterns are crucial for the crop's development stage as well as for the water
input (precipitation) and evapotranspiration rate. The importance of the residual nitrogen
from the previous crop indicates a significant effect on the midpoint of growth that is
strongly correlated with the stem elongation stage of the wither wheat. The soil type had
a similar effect on the stem elongation phase (p<0.001) as well as p<0.1 in relation to
the plant water content at the beginning of the maturation phase of the crop. This was
expected as water availability in the plant is affected by the water content of the soil.

The soil type had a significant effect on growth midpoint with a lower level of significance
on duration and max value of senescence that represents water capacity of the plant,
but also this effect is based on the year the CPl is calculated as the primary input in water
balance in the soil in non-irrigated fields is the amount and frequency of the precipitation
in the area. The S_base indicator is also connected with the soil status after the harvest

was significantly affected by the seasonality of the region.

The results showed that the different management (farm) characteristics affects the CPI
as well as the effects described by the period (Year) and soil interaction. The nitrogen
levels from the previous crop type did not display a significant effect on duration even

when taking into consideration the soil type.
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Table 4-9 ANOVA results using three harvest years (2017-2019) for the four selected farms,
testing the influence of annual meteorology (Year), management (Farm), residual nitrogen
(Pr_crop_N), Soil type and the interactions of soil season and nitrogen residual and soil on the
important CPIs at four different levels of significance: 0.05<p<0.1(°), 0.01<p<0.05(*),
0.001<p<0.01 (**) and p<0.001 (***) (number of samples =210)

Factors G midP G max S midP S max S base Duration
*k% *k% *% *% *k%
Farm
* k% *%k% * k% * k% * k% **k%
Year
Pr_CrOp_N *k%k * [o] *%
Soil_type b ° *

Pr_crop_N*Soil_type

*kk * *kk * *k*k

Year*Soil_type

4.3.4 Multiple linear regression (MLR) to estimate wheat yield

The results displayed in this section are based on the two different subsets of CPIs
representing two case studies (CS) covering temporally (CS1) and spatially (CS2)
variable yield data. The different models selected to predict the yield are presented for
the different options. All combinations of the important indicators were used in all
potential combinations and the results of the level of fit are defined by the selected criteria
(AIC).

The analysis was divided into different sections, starting with the two case studies: multi-
season temporal analysis for the Norfolk farms (CS1) and spatial variability analysis for
the four farms in 2017 (CS2). Based on these results, the next MLR application used the
best model across the Norfolk region in multiple years to identify potential correlations
with yield. Finally, the analysis concluded with the recalibration of the model in rotation

for each year and applied that across the other growing seasons in the same region.

4.3.4.1 Multi-season temporal analysis for the Norfolk farms (CS1)

The multi-season temporal analysis was based on the approach presented in Chapter 2,
of which the application is focused on one farm in Hertfordshire across multiple years of
winter wheat fields. The results of the Norfolk analysis covered four years, based on the
defined MLR, did not display satisfactory results to estimate yields from the best model.
Also, the analysis of the individual farms did not improve the statistical criteria selected.
The best model based on the AIC had an R?%;js = 0.1 even using the individual farms to
reduce potential management influence. Table 4-10 displays the results from the main

formulas for the same region for the four available seasons with yield data.
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Table 4-10 Multiple linear regression results for the three main models at four different levels of
significance: 0.05<p<0.1(°), 0.01<p<0.05(*), 0.001<p<0.01 (**) and p<0.001 (***) for the Norfolk
farms in years 2017-2020

Factors Coefficient P>|t|
Model 1 Intercept 11.36 +2.085 ok
Duration 0.002 +0.007
TZmax -0.017 10.011
Model 2 Intercept 12.46 +2.527 ok
G_midP -0.036 +0.009 ok
G_max 3.36 11.089 o
S_max 0.49 11.414
S_midP -0.003 +0.01
Model 3 Intercept 8.90 +14.80
G_midP -0.016 10.15
G_max 6.56 *3.66 °
S_max 5.63 15.92
S_midP 0.009 +0.07
G_midP:S_midP -0.0001 +0.001
G_max:S_max -13.75 +£15.06

The simple model (Model 1) was based on the two most significant CPIs from the
Chapter 2 methodology. The level of significance of each independent variable was low
as only the intersect coefficient had p < 0.05. In Model 2, the use of the two midpoints
instead of the duration and the addition of the two maximums indicators (G_max and
S _max) aimed to represent the development as well as the physical properties of the
crop (biomass and water content, respectively). At the same time, the high correlation of
G_midP and TZmax removed the second as it is derived from the smooth line instead of
the logistic curve. The two factors representing the construction phase of the crop had a
significant effect on the regression in contrast to the maturation phase of the plant. In
addition, the G_midP had a negative effect between the independent variable and the
dependent variable (p<0.05), indicating that the late development has a negative impact
on the yield in model 2. In Model 3, the additional factors added the interaction of the two
midpoints (G_midP*S_midP) and the biomass and water content (G_max*S_max) did
not increase the predictive power and all factors in Model 3 displayed no significant

correlation except the G_max (p<0.5).
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4.3.4.2 Spatial variability analysis for the four farms in 2017 (CS2)

The spatial analysis results for the 2017 growing season was more promising than the
temporal analysis across two farms within one region. The R%q values were much higher
than the previous case study (CS1). Table 4-11 displays the factors and the coefficients
as well as the p-values for the three main models discussed previously (Section 4.2.6).

Table 4-11 Results of multiple linear regression for the three main models at four different levels

of significance: 0.05<p<0.1(0), 0.01<p<0.05(*), 0.001<p<0.01 (**) and p<0.001 (***) for the four
farms during the 2017 growing season (CS2).

Factors Coefficient p>|t|
Model 1 Intercept 1296 +3.11 ok
Duration 0.016 +0.011
TZmax -0.050 +0.017 X
Model 2 Intercept 4,85 +3.26
G_midP -0.067 0.011 ok
G_max 10.15 +2.10 Rk
S_max 3.71 +2.37
S_midP 0.03 +0.013 *
Model 3 Intercept 20.23 $22.78
G_midP -0.22 +0.252
G_max 452 16.275
S_max -2.66 18.549
S_midP -0.04 0.108
G_midP:S_midP 0.0007 +0.001
G_max:S_max 28.44 +31.38

The result of Model 1, yield = f(Duration, TZmax), showed a correlation with R%g = 0.35
and an AIC value of 215.5. The early booting stage (TZmax) is a significant CPI (P <
0.01) as well as the intercept with p < 0.001. Duration did not have a significant effect in
this model. The next stage was therefore to examine if the use of developmental stages

could be more valuable than using just the duration derived from the two mid-points.

Model 2, which used two midpoints instead of the duration, displayed a very high
correlation between the midpoint of growth and the booting stage, and hence TZmax
was removed. In addition, the biomass and water information from CPIs is added to
increase the predictive power related to yield as important properties of the crop canopy.
Model 2, yield = f (Gmid, Smid, Gmax, S_max) gave values of R2,5 = 0.46, and AIC =
204.4. Adding the interaction factors (Gmid*Smid and Gmax*Smax) in Model 3 did not
increase the statistical measures to justify using this formula. More specifically, R%.q =
0.45 and the AIC value is increased to 206.9. None of the coefficients displayed a

significant effect in this regression.

94



4.3.4.3 MLR summary of the different models and options

Table 4-12 below summarises the results of the two options in the MLR analysis. The
analysis followed a stepwise increase of the variables in the linear regression to examine
the statistical criteria improvement. AIC has been used as model selection criteria, i.e.
the model with the lowest AIC value has been considered as the best model. However,
we also present R? adjusted to have an extra measure to compare the models. The
results are displayed in Table 4-12 together with the calculations of individual farms in
Norfolk, where yield data across the four years were available.

Using AIC as model selection criteria, the best model is different for each of the options.
For example, the 3™ formula is the best model for Salle farm in contrast to the 5" formula
for the neighbouring Hydehall farm. However, some other more complex models seem
to have slightly higher R?%q; values. The two options selected for the analysis displayed

different formulas as the best fit based on AIC.

Itis difficult to get a good fit across years as every season will change the CPI’s response
based on the weather conditions. At the same time, different fields every growing season
affect the yield as we analysed in the ANOVA, soil type and N residual contribute to
changes in crop performance, especially with the weather patterns difference among
years. In contrast, using a single year across the farms offered a much better fit on the
statistical criteria as the main driver of weather patterns will not differ in the same season

as across years.
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Table 4-12 Adjusted coefficient of determination R2ag; and AIC of the multiple linear regressions of selected variables relative to wheat yield across four
farms in one season and across four seasons in two farms in Norfolk using the important CPIs (Duration, TZmax=booting stage, Gmid=midpoint of growth,
Smid=midpoint of senescence, Gmax=hiomass proxy at the end of the construction phase, Smax=water proxy at the start of maturation). In bold the best
model in each case

Formula variables Four farms in Four growing Four growing seasons Four growing seasons

growing season seasons in Norfolk Salle (N=83) Hydehall (N=65)

2016-17 (N=69) (N=148)

R2agj AIC R2agj AIC R2agj AlC RZadj AlC
Duration, TZmax 0.346 215.5 0.030 424.4 0.065 255.7 -0.019 164.8
Gmid,Smid, TZmax 0.339 217.1 0.030 425.3 0.055 257.5 -0.035 166.8
Gmid,Smid,Gmax 0.446 205.0 0.091 415.7 0.107 252.9 0.034 162.3
Gmid,Smid,Smax 0.272 223.8 0.031 425.2 0.084 255.0 0.000 164.5
Gmid,Smid,Gmax,Smax 0.458 204.4 0.085 417.6 0.115 253.1 0.064 161.1
Gmid,Smid,Gmax,Smax, Gmid*Smid 0.454 205.8 0.079 419.6 0.116 253.9 0.058 162.4
Gmid,Smid,Gmax,Smax, Gmax*Smax 0.458 205.3 0.084 418.7 0.116 253.9 0.048 163.1
Gmid,Smid,Gmax,Smax, Gmid*Smid, 0.452 206.9 0.078 420.7 0.128 253.6 0.043 164.4
Gmax*Smax
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Year=2017, N=69,
R2=0.5, RMSE=1.0 t/ha, Pbias=-0.0 %
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Figure 4-8 Actual (calibration) vs predicted values of yield (t/ha) for the four different farms in the
2016-17 growing season using the best model yield =f (Gmid, Smid, Gmax, Smax) based on the
AIC criterion. The black line represents the 1:1 line and the grey is the regression with R?=0.5.
The 95% confidence limits are highlighted as faded regions.

The regression analysis results displayed in Figure 4-8 presents a model selected for
the upscaling purpose of the analysis that can be applied across farms in the same
growing season. The regression line showed that with a Pbias of 0%, the low yield areas
are overestimated by the model and the high yield areas are underestimated. The RMSE
was estimated at 1 t/ha based on all farms in 2017 corresponding to a yield range of 5-
11 t/ha. It should also be noticed that the two farms in Norfolk have higher yields than
those in Hertfordshire. For that season, there was a cluster of points on the high end of
the actual yield compared to the fewer values on the low end. The regression also
showed that the Rothamsted values are overestimated by the model (blue dots)

compared to the East Hall farm located in the same region.
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4.3.4.4 Use the model from 2017 (CS2) to predict the 2018-2020 yield (CS1)

Figure 4-9 below displayed the attempt to use the best-fitted model from the MLR
analysis in the Norfolk region to examine the potential of the calibrated model of 2017
across the four farms. The hypothesis tested was that using the best-fitted model in the
2017 year would be able to simulate the rest of the years as different ranges of yield,
soil, and management can simulate better productivity in other years than the CPI
differences can be connected to these changes. The results showed negative Pbias of
the model across the four seasons in the two farms in this area, indicating an
underestimation. The 2017 underestimation was expected as the high yield areas were
underestimated in the model. The RMSE value varied from 0.9 t/ha in 2017 (that were
part of the calibrated dataset) to 1.4 t/ha in 2019. This showed the difficulty of working
across multiple years, combining different indicators affected in different ways based on
weather patterns. The ANOVA also displayed this conclusion on the year as factor effect
on CPlIs.
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RMSE=0.9 t/ha, Pbias=-4.5 % RMSE=1.2 t/ha, Pbias=-0.2 %
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Figure 4-9 Yield prediction for the four different years in Norfolk based on the 2017 four farm
regression model (CS2) and comparison with the 1:1 line (black). The regression line is displayed
as blue and the 95% confidence limits are highlighted as faded regions.
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4.3.4.5 Prediction of Norfolk farm yield based on individual years

The last application to attempt the prediction of yield across seasons has the format of
one season calibration with the model selected in this option and validate on the rest of
the years available in the database. Figure 4-10 displays an example of this approach.
The results of all runs across seasons in Norfolk and the rotation of the calibration year

are shown in Table 4-13.
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Figure 4-10 Comparison of predicted yields against actual yields for the Norfolk region using the
2017 growing season as calibration (cyan 1:1 line) for the multiple linear regression model and
the rest of the years for comparison (black lines 1:1) as well as the regression lines for each year
(grey lines). The 95% confidence limits are highlighted as faded regions. model
yield=f(Gmid,Smid,Gmax,Smax)

The rotation of the calibration year displayed the effect of the different weather patterns
across the four years in this region. 2018 has a different water balance from the rest of
the growing season that was also observed on the Pbias values across the validation
row in Table 4-13. The 2018 calibration values were the highest across the validation

years. The negative sign displayed the underestimation due to lower yields in that period.
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Table 4-13 RMSE and Pbias for the different years in Norfolk farm based on re-calibration of the
individual year (different rows) of the best-selected formula. The calibration data is shown in italic.

Validation 2017 (N=39) 2018 (N=42) 2019 (N=34) 2020 (N=32)
year
RMSE  Pbias RMSE  Pbias RMSE  Pbias RMSE  Pbias
(t/ha) % (t/ha) % (t/ha) % (t/ha) %
g 2017 06 00 12 46 11 -6.8 10 -14
>
c 2018 13 92 0.9 00 20 -187 14 -116
£ 2019 10 6.0 22 23 06 00 13 7.8
8§ 2020 10 02 1.5 14 12 -89 08 00

4.4 Discussion

The use of the methodology of the SAR-derived crop productivity indicators in other
regions requires an understanding of the effect of the environment on the quantification
procedure. The validation using different approaches based on data availability showed
that individual CPIs were correlated with the yield and the responses were similar to
those observed in Chapter 2. Quality assurance in combination with the level of fithess
of the curve fitting is essential to eliminate potential outliers and be able to use correlation
matrices to display relationship of CPIs with the yield in other areas. The ANOVA results
displayed how significant the effect of individual categories and the interactions on the
CPlIs are. This was focused on the influence of the soil, season, previous crop nitrogen
residue and farm (different management). The multiple linear regression analysis (MLR)
aimed to increase the yield prediction level by combining the significant CPIs selected

based on previous results.

4.4.1 Landscape and management factors effects on CPlIs

The different pedoclimatic conditions in the two regions of interest, Hertfordshire and
Norfolk, and the different factors affected by management were examined using the
ANOVA. The analysis gave insight on how the important CPIs defined by the previous
chapters and the validation in section 4.3.1, was affected by the management and
environmental factors in Table 4-7. The ANOVA displayed the sensitivity of the diverse
conditions on weather and soil type as well as the management of each farm as
significant contributors in the CPI (Duration) variability. At the start of each growing
season, the soil moisture and temperature play a crucial role in germination and crop

emergence (Rinaldi et al., 2005). The significant interaction of soil and year (p<0.001)
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indicates that the impact of soil type depends on the year (or, in other words, the weather
conditions). Same conditions were noticed with the year alone but in contrast to the
individual soil category that showed a less significant effect, for example, on duration
(p<0.05). In contrast, the soil with the preceding crop interaction did not display
significance related to the different N applications adjusted based on previous crop
information that allows more efficient N application (Liu et al., 2003). This way, the field
with crops in the previous season had less residual nitrogen in the soil usually received
higher amounts of fertiliser to compensate for the difference. The farm management can
affect the duration due to different harvest and sowing periods, but these dates are
usually determined by the weather, soil workability, and grain moisture. The interesting
point is that the G_midP is significantly affected by all individual categories as well as
the year*soil interaction, concluding that the management, weather and soil can affect
the establishment (Rinaldi et al., 2005) and the timing of the construction phase.

4.4.2 Combination of the CPIs to increase yield prediction

The combination of selected important indicators can provide a more robust analysis of
the field production. These results display the potential of the CPIs to quantify yield
without using any data from the farm. Multiple linear regression has been used to
estimate height and biomass in rice fields, for example (Ndikumana et al., 2018) and
even compared with ANN (artificial neural networks) (Kumar et al., 2018; Palakuru,
Adamala and Bachina, 2020). Applications of Sentinel-1 and MLR are described to
simulate soil moisture (Chatterjee, Huang and Hartemink, 2020). There is a noticeable
increase in literature to use machine learning approaches to improve the performance of

the models to simulate the biophysical properties of the crops.

Multiple linear regression models were used based on the important CPIs derived from
the previous chapters. The use of the important CPlIs in the regression can connect the
different effects of the biophysical parameters to the production. That can make this
easier to be upscaled in large areas, as the driving force of the yield description using
MRL is based on the crop biological changes. At the same time, the increase in variables
at the multiple linear regression is not efficient at the level of importing the interaction of
some of the indicators in the formula. Using only the two most important CPIs from the
previous analysis in Chapter 2 (Duration, booting timing) had a low potential to predict
the yield. The increase in efficiency in the two statistical criteria (R?%q and AIC) shows
that the best way to describe the yield is the formula that involves the crucial development

stages and the indicators that describe important crop characteristics such as the
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biomass and the plant water content. The introduction of the two interaction factors did
not improve the results like the increase of factors penalised the R%q values in contrast

with the adding effect of those that were not significant.

The analysis of the two case studies based on yield data availability displayed adequate
predictive power using regression in the same growing season. The results show the
regression analysis is a helpful tool for extrapolating regions in the agricultural landscape
in the same growing season. However, individual CPIs work better across multiple years
in the same area based on the significant correlations displayed in the correlation matrix
(Figure 4-6). The attempt to predict the yield calibrating the best-selected model with one
year and apply that in the rest of the growing seasons did not display high prediction
power with the Pbias varying from -18.7 % to 23% in the different combinations
summarised in Table 4-13 and the RMSE was constantly above 1 t/ha and up to 2.2 t/ha
in the validation years. The combination of the indicators in the regression models (Table
4-12, Table 4-13), displays that the seasonality effect on individual CPI varies, making
the correlation coefficients getting low values. This reduces the applicability of the
methodology using regression moving from one year to the next in the same area that is
not optimal for individual farms with low variation in yield (Norfolk) but still can inform
better the region with higher yield variation across seasons or across multiple areas in
the same year (Chapter 2).

4.4.3 Applications of SAR-derived CPIs

The idea of mapping regions using indicators can assist in monitoring the agricultural
fields in a specific area and even be able to locate fields with a significant difference from
the surrounding landscape (Chatterjee, Huang and Hartemink, 2020). The development
stages CPIs are good indicators that can be easily displayed across farms in map format.
At the same time, the G_max and S_max can also potentially show the biomass and
plant water capacity respectively of the winter wheat across the fields, but the lack of
available in-situ measurements makes it difficult to get a good corelation with the CPlIs.
This mapping can assist irrigation strategies as Sentinel-1 data are sensitive to the crop's
water status and soil moisture (Bastiaanssen, Molden and Makin, 2000; Gao et al., 2018;
El Hajj et al., 2016). A biomass proxy can be used on fertiliser applications as the
estimates of the biomass are already used for that. The results of correlation with the
biophysical properties need to be improved to be able apply in the farm landscape and
the current noise due to speckle effect of the radar signal and the resolution, don’t allow

the methodology to be applicable. Most common is NDVI (Vizzari, Santaga and
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Benincasa, 2019) or other bands from optical sensors like Sentinel-2 (Séderstréom et al.,
2017). Even the combination using the regression of the CPls can assist in yield
prediction mapping in the same year (R?=0.5, which is higher than any individual CPI
from the correlation matrix). These results can assist in a yield estimation framework that
can include other sources of information, tools (models) as well as other sensors as the
current methodology can’t stand by itself on yield prediction. This proposed CPI method
could be an additional tool that will contribute to the improvement of monitoring crop
performance with limited predictive power but is easily used across large areas (satellite
data).

Applying the methodology across other farms and the increase of data points and
diversification of the different categories used in the ANOVA may help increase the
correlation value and improve yield prediction. Further research is needed to invert the
CPI values to biomass and water content and other biophysical characteristics at field
and subfield scale across farms to assist precision farming. The increase of the spatial
resolution could potentially improve the predictions, improving the representation of the
variability, as lack of resolution and speckle makes this satellite-based SAR method
unreliable for small or oddly shaped fields. Larger fields will have less noise due to more
pixels averaged across the area. Currently, the methodology lacks the predictive power
at the subfield scale and does better work at the field scale, which makes it possible to
draw comparisons at the farm level. More research involving different sensors will be

needed to increase the accuracy of the current methodology.
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4.5 Conclusions

The results of this chapter’'s improved the understanding of how SAR-derived crop
productivity indicators relate to inter-regional and inter-seasonal yield variation and their
potential to improve regional monitoring. The analysis focused on the validation of the
previously established methodology (Chapter 2) in different farms, areas and growing
seasons. The correlation matrices of two case studies were able to display similar results
with the Rothamsted multi-annual analysis (Chapter 2). Both duration and TZmax
displayed low but significant correlation (p<0.05) with the inter-annual case (r= 0.17 and
r=-0.21 respectively). In the case of inter-regional the correlations were also significant
with r= 0.53 for duration and r=-0.59 for TZmax.

The effects of the year (weather) displayed in the ANOVA was persistent, having high
significance across all key CPIs from the correlation matrices (p<0.001). Similar results
had been shown by the farm factor concluding that CPlIs affected by different
management (Table 4-9). The soil type also showed an effect (p < 0.001) with the stem
elongation indicator (G_midP) as well as less effect on plant water capacity indicator
S _max (p < 0.1) that can be related to the establishment and water availability at the end
of the season, respectively. That is also connected with effect from the interaction factor
between year and soil type (p<0.001), indicating that the soil effect, on these two CPls

as well as on duration, is based on the weather of each year.

Multiple linear regression was developed to determine the optimum combination of SAR-
derived indicators to estimate yield. The combination with the best selection criteria
(AIC=204.4 in the inter-annual case) was the use of the two time related CPlIs (G_midP,
S_midP) and the biomass (G_max) as well as water related CPI (S_max).The analysis
focused on one year had better results (R%.q =0.46 in CS2 compare to R%,;=0.01 in CS1
in Table 4-12) as expected considering the ANOVA indicated year significantly affect all
the important CPIs (p<0.001). The results of the multi-season analysis using the best-
selected model in one year displayed high bias (Pbias from -18.7 % to 23%) on the rest
of the years in the same region (Table 4-13). Future work should include multiple farms
across different soil types and climate conditions that can understand the prons of the

CPIs and limitations and potential ranges per factor.
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5 SYNTHESIS

The launch of the Sentinel-la satellite in 2014 gave new opportunities for radar
applications in landscape monitoring, which increased with its twin (1b), launched in
2016. High temporal frequency SAR backscatter data with both satellites in orbit from
April 2016 became available across the globe, boosting opportunities for research into
the use of radar applications in agriculture. The research work for this thesis started in
2017, as dense time series of SAR backscatter from the Sentinel-1 satellites became
available which could be used to examine the growing season for winter wheat (Sep-
Aug). The temporal approach of the analysis created the need to quantify the in-field
changes to interpret specific characteristics of the time series of SAR-backscatter. The
mathematical parameters of these dynamic characteristics aimed to describe the
construction and maturation phases of crop development, establishing a framework of
CPIs. These indicators of the VH/VV backscatter ratio were explored in terms of their
relation to the development, growth and yield of winter wheat crops.

The research gap was form around the explanation and use of time dense SAR dynamics
to correlate with wheat growth cycle and derive quantitative indicators for crop
monitoring. Thus, the aim of the thesis is to describe the vegetation dynamics using SAR
backscatter across fields and correlate the time-series characteristics derived from the
VH/VV backscatter ratio (CPIs) curve with crop production and enable monitoring of crop

changes across regions.
The objectives described in the introduction are displayed below:

1. Define CPlIs from the temporal characteristics of the VH/VV ratio by developing
a quantitative approach. (Chapter 2)

2. Connect the CPIs with in situ information to explain the sensitivity to biophysical
properties of wheat. (Chapter 3)

3. Explore the inter-regional and inter-annual variability of CPIs with the yield.
(Chapter 4)

The objective of this Chapter is to synthesise how CPIs can be used across scales (plot-
field-farm) to improve our understanding of regional crop monitoring. To achieve this, |
integrate the results of these three objectives and discuss the key findings in the light of
other studies, and finally, draw conclusions how this could be implemented in practice

and further improved in future research.
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5.1 Deriving quantitative CPIs from SAR-backscatter dynamics

The framework for parameterising the temporal curve of SAR-backscatter was the initial
step to relate SAR-derived indicators with winter wheat crop growth characteristics
(Chapter 2). The thesis has demonstrated that CPIs can be derived from the curve
characteristics for the periods of growth and senescence of VH/VV time series. The
defined CPIs include the timings of these main growth phases, slopes of development
and the values, like maximum and minimum of the amplitude. The identification of the
respective development stages was crucial to identify the construction and maturation
periods using field observations at first, to enable the split of the temporal curves using
only the curve characteristics. The parameter values from each logistic curve were
compared with the yield in each field across the three seasons of available data (2017-
2019). The two CPIs with the significant correlation to the field level yield were the
Duration (derived from the distance between the two midpoints of the two logistics
curves) with r = 0.61 and the TZmax (timing of booting derived from the max of the
smoothed curve) with r = -0.56 based on the correlation matrix. The positive relationship
of yield with duration is supported by previous work that has related high yields with a
longer periods of grain filling (Biscoe and Willington, 1984; Monteith, 2007). The booting
timing works in a similar way as the earlier the value, the earlier the crop develops, which
is closely related to the temperature in the area (De Bernardis et al., 2016; Rinaldi et al.,
2005).

The shape of the time series was instrumental to relate field observations to the inflexion
points or maxima, for example, when the maximum occurred across the year, which was
observed to coincide with the booting period for winter wheat (BBCH = 41-49), also
confirmed by Harfenmeister, Spengler and Weltzien, 2019; Mercier et al., 2020. Other
researchers also found this temporal pattern that can assist in crop classification (Bargiel,
2017; Veloso et al., 2017). This observation helps to split the year into two periods, each
of which can be described by a logistic curve. Crop growth has been simulated with
logistic curves before (Villegas, 2001) in work reported for optical sensors using different
indicators (Che et al., 2014; Son et al., 2016; Zhang et al., 2003), but there were no
previous study assessing Sentinel-1 time-series using this approach. The usage of two
curves instead of one double logistic curve was selected due to the structural change in
May. Ear emergence after the booting period changes the VH-VV ratio to a lower value.
The structural change in the wheat canopy is described by D_max (G_max-S_max) and

significant correlation with height is not present anymore on this period, as the change
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in shape at the top layer of wheat (ear) influence the scattering mechanism. Based on
the literature in Chapter 1, during low vegetation (G_base) or bare soil periods (S_base),
the effect of soil roughness and moisture change is visible to the radar backscatter
(Baghdadi et al., 2018; Bousbih et al., 2017). The logistic curve's use helps define the
baseline (in each field) in Chapter 2, considering that one value describes the tillering
period. This means that sudden changes, e.g. rainfall, will not affect the value, as such
events increase the variability of the signal (higher standard deviation of the mean values

of that day) that gives less weight in the curve fitting method (Section 2.2.7).

To understand the response of the SAR-backscatter signal to field biophysical properties
(biomass, LAI, height, PWC, phenology) in Chapter 3, especially at plot scale, the
uncertainty sources of SAR should be taken into consideration. Variation composed by
orbits, pre-processing and spatial averaging of backscatter values should be minimised,
as it will influence the extraction of the CPIs from the satellite data. The different orbits
with different incidence angles, and morning (descending) and evening (ascending)
became apparent (Figure 5-1) as the trends of the VH/VV ratio are affected during the
period of high vegetation before maturation. Using one orbit to produce the VH/VV ratio
temporal curve is required to reduce the variation in the backscatter values across the
season (Weil3 et al., 2021). The selection of one orbit reduces the revisit time of the
satellites above the specific area of interest to 6 days, but the incidence angle remains
in the range of 5° (depends on the local slopes), and the orientation of the satellite view
remains constant (Mladenova et al., 2013; Vaudour, Baghdadi and Gilliot, 2014). In the
UK, the ascending orbit (evening) was selected to avoid the interference of early morning
dew visible in the morning acquisition that will affect the backscatter due to sensitivity to
water in the surface (Harfenmeister, Spengler and Weltzien, 2019; Khabbazan et al.,
2019).

SAR VH/VV ratio
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Figure 5-1 Example of the VH/VV temporal curves of the same field with the VH/VV ratio field
average points and standard deviation, based on four different orbits (8, 81 for descending and
59, 132 for ascending) passing from the same farm in Norfolk displaying differences during the
vegetation period.
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Even with the use of one orbit, there is still variation in the SAR temporal curve as the
acquisition on different days means that the state of the crop, soil conditions, and
weather will affect the attenuation and reflectance of the radar signal. For example,
defining the maximum VH/VV ratio will be very difficult as fluctuating values close to the
high vegetation period will shift the crucial timing used to define the two crop growth
periods. The use of a smoothing curve (Savitzky and Golay, 1964) helps to identify and
separate the trends of the backscatter (Torbick et al., 2017) from weather variation. This
will improve to identify key development stages in the field also using the derivatives of
this curve (Figure 2-4). High standard deviation is noticed in high values of the VH/VV
ratio time series (Figure 2-5) compared to the low values in the tillering period
(BBCH=20-30).The variability in each field average daily value of the polarisations is
incorporated during the logistic curve fitting. This method minimises the square of the
points' distance with the line that is divided by the standard deviation (Section 2.2.7).
This way, the outlier points due to weather conditions or other random outliers have a
small effect on the curve fitting.

In Chapter 3, the sub-field plot scale affected the calculation of specific CPIs (Figure
3-10) as the difference in the pixel number averaging played crucial role on the noise
and variation of the indicators. Part of the pre-possessing of SAR images in the lee filter
averages based on a window of pixels. A common use is 7 x 7 pixels (Barbouchi et al.,
2016; Denize et al., 2018; Liu et al., 2013; Mercier et al., 2020; Van Tricht et al., 2018)
or even 5 x 5 (Filgueiras et al., 2019; Laurin et al., 2018; Li and Wang, 2018). In this
thesis, the use of a “3 x 3” Lee filter (Weil3 et al., 2021; Zhou et al., 2017) was selected
as the GPS points of in situ data (chapter 3) in each position are covered mostly by a
plot (15 m radius), meaning that 3 x 3 will be more representative to the sample area. in
addition, the relatively small field size in Rothamsted experimental farm plays a role in
the effect of the surroundings. Small fields translated to small number of pixels and
(depends on the shape) higher percentage of border pixels per field. In the case of 7 x
7, the pixels close to the borders would have been affected from more pixels outside the
field. There is more significant effect on the CPIs scale comparison in 2019 compared to
2018 displayed in Table 3-5. The most affected CPlIs are related to the baseline that less
averaged pixels will influenced the mean value as soil contributes more in low vegetation
(Harfenmeister, Spengler and Weltzien, 2019). It is important to decide the scale of the
analysis (calculate CPIs) from the pre-processing step, during the speckle filtering, as
the area that is needed to be averaged for the CPI calculations will be affected by the

filtering.
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5.2 CPIs and biophysical properties of field and plot scale

In Chapter 3, key crop development stages were identified based on weekly field
observations that helped to define the temporal curve periods. The ability to estimate the
timing of the different development stages can help in different ways, depending on the
application. The comparison of key stages within samples of the same farm can identify
differences in management that affect crop development rates as well as response to
mitigating water availability of soil types as it would be independent from weather. That
can also be applied when comparing different regions where soil and weather will have
different effects on development. Another way to apply the phenology sensitivity of the
methodology, is to examine changes between years in development in the same area
(soil properties will remain the same). Comparing the two summers of 2018 and 2019 in
Rothamsted farm (Figure 3-8) with in situ data displayed the desiccation effect of a drier
season (2018), resulting in a shorter grain-fill period and lower plant water content in July
(r = -0.76 between S_midP and PWC%). The use of the SAR-derived development
stages on calibrating or validating models can assist in landscape monitoring as more
information on a large scale is available using satellites and reduce the amount of in situ

information needed for monitoring crops.

The results of the fieldwork displayed a sensitivity of the signal with canopy height and
biomass in the growth period until the booting stage of the cereal (,Figure 3-9). It also
showed that plant water content (%) drives the reduction of the signal response during
the senescence period (Figure 3-8). The individual polarisations also arrived at their
minimum at this period creating a phenological stage saturation at BBCH 51 to describe
height (60 cm) and AGB (below 600 g m-?) that agrees with other literature results that
there is no further increase in the VH/VV signal in spite of the fact that ear emergence
increases height by another 20 cm (Betbeder et al., 2016; Fieuzal, Baup and Marais-
Sicre, 2013; Harfenmeister, Spengler and Weltzien, 2019). This effect is described by
the D_max indicator. The limitation of the biomass mapping due to water reduction at
the maturation period affects the correlation between CPls and yield. Most of the
applications at the end of the harvest season focus on the water balance and
management monitoring of the harvest area such as soil moisture, harvest, ploughing
and sowing dates (Bastiaanssen, Molden and Makin, 2000; Forkuor et al., 2017; Snapir
et al., 2018; Son et al., 2016; Vaudour, Baghdadi and Gilliot, 2014). The proposed
methodology can assist using the water related CPlIs (Table 2-2) together with the trend

of the SAR VH/VV ratio to estimate moisture at harvest, but the problem raised is that
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weather events close to harvest period will affect the estimation. The actual harvest date
needed to be determined from weather and management information (when the

machinery is available).

An objective of the plot scale analysis (Chapter 3) was to relate the CPIs with the
biophysical properties represented by the five sample points in each field. The definition
of the plot inside the field was based on a centroid of randomly sampled points (across
the season in five positions) and a radius of 15 m to cover most of the adjacent pixels.
The low but still statistically significant values of correlations are highly influenced by the
SAR noise (speckle) of using fewer pixels in averaging at the plot compared to the field
scale. CPIs that displayed biological meaning in their correlations with the crop
characteristics can be differentiated based on the period they represent. The CPIs from
the logistic growth curve (construction) were significantly correlated with the in situ
observations in May involving dry AGB, leaf mass and tiller density. The maximum
amplitude of the SAR Backscatter Ratio (G_max) displayed a significant correlation with
dry AGB in May (r = 0.32), leaf mass (r = 0.34) and tiller density (r = 0.39). In contrast,
no correlation was established with the height measured in May but in contrast, height
change during stem elongation (Figure 3-11) is visible during the temporal evolution of
SAR polarisations that period (Nasirzadehdizaji et al., 2019; Veloso et al., 2017,
Vreugdenhil et al., 2018).

Maturation-related CPls correlated with water-related properties as the dry conditions in
2018 greatly affected the development stages and the region's and season’s water
limitation (S_midP and PWC% r = -0.76). The harvest index (HI) had a better relationship
with the CPls than the yield data: G_max, S_midP and Duration were significantly
correlated with the Harvest index (r = -0.29, 0.39, 0.32, respectively). That is an
interesting result that can help identify the crop's efficiency to produce the grain and is
strongly related to the different varieties and growing conditions (Dai et al., 2016). More

data from the different growing seasons will contribute to the increase of the correlations.

Direct correlation with the differences in phenological stages was not applicable in this
case as in situ data were taken from a single farm with homogenous management and
temperature ranges, forcing all wheat fields to develop at a similar rate. The timing
related CPIs had a standard deviation around 6-14 days at field scale in most cases
across the same farm in chapter 3 (Table 3-4) and across farms in Chapter 4 (Table 4-8)

that is very close to the revisit time of the satellites (6 days). Further improvement should
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involve the incorporation of temperature through quantitative, process-based modelling
(De Bernardis et al., 2016).

The CPIs displayed significant correlations with the crop characteristics, which is in line
with other literature (Harfenmeister, Spengler and Weltzien, 2019; Veloso et al., 2017,
Vreugdenhil et al.,, 2018). However, the estimation of crop biophysical values (e.g.
biomass) is challenging and needs more in situ data to calibrate the relationship between
CPI and the desired parameter. Different approaches have been used in the literature to
estimate biophysical properties from RS and EO data, such as yield (Fieuzal and Baup,
2017), development stages (De Bernardis et al., 2016; Nasrallah et al., 2019; Schlund
and Erasmi, 2020), biomass, height, LAl (Betbeder, Fieuzal and Baup, 2016; Chang,
Shoshany and Oh, 2018; Fassnacht et al., 2021) and water content (Han et al., 2019)
that involved regressions, machine learning approaches, data fusion with optical (De
Bernardis et al., 2016) model assimilation (Huang et al., 2019; Jin et al., 2018;
Kasampalis et al., 2018) and in situ data to emulate the properties from a variety of crops.
Different approaches can be used with CPls to improve the predictive power in regards
to crop properties, for example regression, crop modelling (data assimilation) or even
machine learning, but these approaches need a large volume of in situ data to cover
large ranges of properties.

5.3 Potential benefits of regional monitoring and agricultural
applications

SAR has the advantage of cloud penetration help on the high temporal resolution of
information, especially in regions where optical data cannot be retrieved and assist this
away on better monitoring of changes in fields. High temporal frequency data have the
potential to detect dynamic patterns across large areas (Bargiel, 2017). Another
advantage of the proposed methodology is that eventually, the calculation of indicators
can be based solely on SAR images with no information from the fields (i.e. fully
automated). In Chapter 4, field-specific temporal analysis of different farms has been
conducted to relate the radar-derived CPlIs to crop productivity and how different local

conditions may influence the sensitivity of these indicators.

The analysis of four farms showed that yield was correlated with the individual CPIs
(Figure 4-6, Figure 4-7), confirming the results, thus validating the approach established
on the Hertfordshire farm of Rothamsted Research (Figure 2-9). The same indicators

(duration and TZmax) have shown sensitivity to yield using Norfolk area across multiple
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seasons (CS1) and for the season of 2017 across four farms in Hertfordshire and Norfolk
(CS2). The different soil, year and management practice (tested using ANOVA)
significantly affected the selected CPls, that displayed relevance for yield formation
(duration, TZmax) and biophysical properties (G_midP, G_max, S_max, S_midP). Soll
type influence in crops is based on physical, chemical, and biological conditions that
characterise most soil quality indicators (Blinemann et al., 2018). It is essential to point
out that the soil interaction with the yield sensitive CPIs was significant (p<0.001) when
the year was considered in the ANOVA. Those results have shown that the dynamics of
the soil characteristics and its interaction with annual weather patterns play a crucial role
on the crop monitoring (Table 4-9). Soil processes will be affected by biophysical
changes caused by weather conditions (water balance, climate) and farm management
(Vereecken et al., 2016).

The indicators selected for the multilinear regression analysis were based on criteria

using the results from all chapters. Selected indicators based on;

e The CPI definitions and results with yield correlation on Chapter 2,
e Their sensitivity for biophysical soil and crop properties (Chapter 3),
¢ Validation on other farms from the correlation matrices with yield (Chapter 4), and

e The environmental and management effects (ANOVA in Chapter 4)

The results of Chapter 2 displayed the significant correlation of TZmax and Duration
(S_midP - G_midP) with the yield (at field-scale). Chapter 3 also added the structural
sensitivity of G_max and the plant water relationship with S_max and displayed the
importance of time-related indicators again. The validation using correlation matrices in
Chapter 4 reinforced the duration and TZmax with lower but significant correlations. In
the same chapter, the ANOVA showed the sensitivity of the selected indicators (based
on the previous results) to changes in management, weather (year) and soil (based on
the year) that can assist the regression as these factors affect the crop production across

the agricultural landscape.

There are limitations to the methodology that includes the resolution (due to speckle
effect), need for in-situ data (regression) and the pedoclimatic information (different soil
types and weather patterns).The yield in Norfolk covers a smaller range and high
productivity (average >9 t/ha; CV 7%) in 2017 compared to Hertfordshire farms with
underperforming fields (average >7 t/ha; CV 12 - 22%) during the same year (Table 4-8).

The results of the multilinear regression shown the potential of the methodology to
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recognise high and low yield areas whilst the differentiation within a high performing farm

can be difficult as it will be affected by low variability of yield.

The potential benefit for regional monitoring using the proposed methodology is focused
on the sensitivity of the indicators for yield and other biophysical properties. Phenology
is recognised as one of the crop characteristics that can be monitored using the time
series of radar (Bargiel, 2017; Nasrallah et al., 2019; Schlund and Erasmi, 2020) and
optical satellites (De Bernardis et al., 2016) and is applicable to the methodology
displayed in the thesis. The proposed methodology defined CPls sensitive to the plant
water content in maturation as demonstrated by others (Han et al., 2019; Paloscia et al.,
1999). This thesis showed that this property can assist in monitoring the maturation rate
of the crop. Biomass is another biophysical parameter in the crop growth that displayed
correlation with SAR (Chang, Shoshany and Oh, 2018; Ndikumana et al., 2018; Paloscia
et al., 1999) and especially with the CPIs (G_max) defined in the construction phase of
wheat. The temporal signature of VH/VV ratio can also assist on land classification
frameworks (Bargiel, 2017; Veloso et al., 2017) and the management approaches in crop

rotation across the agricultural landscape.

5.4 Research Impact

The initial approach was to focus on radar signal to understand how it related to the field
status of the crop, winter wheat. It is essential to display the correlation between the field
observations and SAR backscatter to connect the wheat biological properties. | have
developed a novel approach for curve fitting and crop parameter determination from the
dynamic SAR backscatter polarisation ratio (VH/VV) in Chapter 2. This provides the
ability to identify yield components, define crop productivity indicators (CPI’s) related to
the in situ data, and become the base for developing a management tool to provide
farmers with field information. This can contribute to better understanding the use of this
kind of indicator, as well as it will display the limitations and the sensitivity in crop

monitoring.

The correlation of these indicators with the field observations displays valuable
information of the SAR interaction with the wheat canopy such as development stage,
LAI, biomass, PWC (Canisius et al., 2018; Han et al., 2019; Harfenmeister, Spengler and
Weltzien, 2019; Wiseman et al., 2014). Monitoring the soil-crop interaction using soil
maps to group response of the signal will also provide a more generalised approach of

signal sensitivity in crop and soil variability (Forkuor et al., 2017). This will contribute
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towards the increase of current knowledge of SAR interaction with crop characteristics
in different conditions across time and space. High spatial and temporal resolution data
will enable better comparison between areas. The ability to upscale gives the advantage
to understand the influence of management in the distinct stages of crop development.
Combining that with the correlation of the crop physical characteristics with the radar
backscatter could extract more information about the individual fields across the

landscape (Fassnacht et al., 2021; Nasrallah et al., 2019).

The combination of potential CPIs and the spatial variability across different scales will
enable us to estimate the condition of crops under different management and conditions
(soil types, weather). These indicators can help map different areas displaying locations
that may need different management to improve crop development and yield at the end
of the season. In parallel, correlation of in situ data that are being collected for signal
understanding could potentially translate the satellite data into physical properties of the
crop (LAI, moisture, biomass) (Canisius et al., 2018; Han et al., 2019; Nasrallah et al.,
2019; Ndikumana et al., 2018; Paloscia et al., 1999) that can assist process-based
models (Palakuru, Adamala and Bachina, 2020) to simulate the system (under a data
assimilation scheme) and extract useful information about the crop growth (Betbeder,
Fieuzal and Baup, 2016; Jin et al., 2018; Kasampalis et al., 2018).

The remote sensing data can offer information on a large scale that could assist in
improving the crop simulation in the agricultural landscape (Fassnacht et al., 2021; Liu
et al., 2013; Nasrallah et al., 2019). This process will contribute toward the application of
SAR data in agriculture and achieve a higher level of farm monitoring by using the
indicators as biophysical proxies to drive the crop models. For example, the time related
CPlIs can assist on the phenology simulation of the crop. The ability to extract useful
information at a large scale with good spatial resolution could have an enormous impact
on farming: Taking advantage of the satellite data’s sensitivity to crop changes could
help to improve monitoring of crop development and eventually improve yield forecasts.
The advantage of the methodology is the use of SAR images with no field data needed
for the CPI extraction, making the application in other areas with the same revisit times

from Sentinel-1 satellites possible.

The crop classification was not part of the objectives in this project, but as different crops
will respond differently based on the physical characteristics of the canopy, there is
potential to use the described methodology to assist in classification frameworks. The

temporal SAR change can easily recognise the increase in volume when the crop enters
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the construction phase and the water reduction due to the maturation, providing times of
crop development that can distinguish crop types. Sentinel-1 time series have already
been used for crop classification, especially in areas where the cloud cover dominates

the growing season (Bargiel, 2017; McNairn et al., 2009a).

In conclusion, the potential application of the research work can be summarised below:

e Estimation of yield production for wheat fields across farms in different regions
e Calculation of key development stages across fields from farm management

¢ Indication about Biomass and Plant water content at field scale

¢ Understanding of the whole growing season using temporal changes

e Crop model improvement using data assimilation

5.5 Recommendations for future work

The use of the two logistic approach displayed the potential to describe the temporal
dynamics, though with limitations. This is especially important at the area where the two
curves intersect. The only indicator that describes the ear emerge in this case is the
difference in the two maximums that didn’t display significant correlation with the field
production. The disconnection is a bigger problem as at smaller scales the SAR speckle
affect the curve fitting approach, reducing the sensitivity of the CPIs. Further research
can be conducted to improve the connection with in-situ data and test different curves

that may improve the fitting.

The next steps for the methodology to be improved should involve more in situ data to
test across sites and additional observed years and fields are required to better
understand the variability of CPls across the landscape. The transfer of the methodology
to other crops needs to simulate the SAR temporal signatures as different crop types
have different structures and development stages (timings). Crop classification is based
on that to map the crops across large areas. The methodology can be transferred easily
to other cereals, like barley, for example, as its signature is very close to that of wheat
and can also be represented by two logistic curves. In contrast, oilseed rape has different
development that other curves may be considered to successfully replicate the

development of the crop (Veloso et al., 2017; Vreugdenhil et al., 2018).

The combination of the SAR with optical data can unlock more spaceborne potential,
depending on the limitations due to cloud cover of the location. Field-specific zonation of

crop productivity using yield or NDVI maps (Sentinel-2) will give the spatial variability that
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can be linked to changes in soil texture to provide indicators using the SAR-derived
productivity indicators. Segmentation of fields based on dependent datasets to SAR
temporal curve will be the basis for distinguishing the fields' heterogeneity. NDVI or/and
soil maps could be used as the base of this. The CPIs calculated based on NDVI derived
segments in specific fields could be tested on sensitivity with the yield similar to the plot
scale in this analysis. The difference will be that the homogeneity based on optical
indices can potentially reduce the variability in the plot, not be limited by the area
surrounding the sample. Further examination of the CPIs on soil heterogeneity by
calculating the indicator’s response across a large range of soil types could potentially
help to derive soil properties that affect the crop dynamics. Figure 5-2 displays an
example of NDVI segmentation and VH/VV backscatter ratio smoothed curve on different

segments.

0.8

0.7

0.6

SAR VH/VV ratio

03/08/2017 22/09/2017 11/11/2017 31/12/2017 19/02/2018 10/04/2018 30/05/2018 19/0§2018 07/09/2018

Figure 5-2 Example of using NDVI as the base to define areas with similar characteristics that
can be examined using the SAR temporal analysis. The black box shows the time of the optical
image acquisition and the smoothed lines display the SAR VH/VV ratio temporal evolution on
the three zones in 2018.

Analysis should be conducted about the sensitivity of this methodology to the different
incidence angles (Figure 5-1) of the observations (topography), weather conditions in the
fields related to very low temperatures in winter and the radar sensitivity to water in the
system that affect the transfer and validity of the approach to other sites. The timings of
the crop will be affected less than the amplitude as they follow the temporal changes in
the growing season connected to development changes, but CPIs connected with

biomass and plant water content, the incidence angle will affect the backscattering (Weif3
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et al., 2021). Another challenge to keep in mind is the use of the methodology in areas
with a 12-day revisit time (outside of Europe) can be challenging to get a clear curve and
the climate difference may affect the curve's parameters and how the growing season

can be shorter or longer.
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5.6 Conclusions

This research was able to use SAR data (Sentinel-1) to quantify the temporal
characteristics of the SAR VH/VV-ratio successfully and derive 12 CPIs (from the two
logistic curves), aiming to monitor this way the whole growing season of wheat. The
objective was achieved by using SAR-only data and assuming a logistic crop
development function to extract significant (p<0.05) CPlIs for yield prediction (Duration,
r=0.61 and the booting indicator TZmax, r=- 0.56).

These CPlIs were also related to crop developmental and biophysical properties using in
situ data collected in 2018 and 2019 at Rothamsted experimental farm. The canopy
structure and water content related to VH/VV ratio development over time and the
derived CPIs displayed correlation with field observations. G_max was correlated with
the structural changes in the construction phase (r = 0.32, p<0.05 with Biomass in May).
S_max was positively correlated with the plant water content in the late stages of the
construction phase (r= 0.39, p<0.05) as well as with S_midP (r= 0.57, p<0.05) that was
affected by the arid conditions in the summer of 2018.

The methodology was successfully applied across other farms located in different
regions and the CPIs duration and TZmax displayed significant corelation (p<0.05) with
the yield in inter-annual (CS1) and inter-regional (CS2) analysis. Each of the different
categories of information regarding management, weather, and soil with year/weather
interaction significantly affected the selected CPIs (Table 4-9). The multilinear regression
used to combine temporal (development stage) and state (biomass, water) CPIs resulted
in a stronger correlation with yield. The method increased the yield prediction power in
the same season across farms (R?= 0.5) but was unable to make prediction across

multiple years for the higher yielding farms of Norfolk (R?4q <0.1).

The use of CPIs, derived from SAR backscatter ratio, will create opportunities to improve
farm and landscape management through Earth observation. It allows to improve
monitoring crop growth and development and in particular maturation, even if in-field
variability is challenging due to high fluctuation in SAR backscatter and random temporal
variation by weather. This enables the user of the method to gain insight into yield
formation. Temporal and spatial information from SAR backscatter ratio, therefore, paves

the way to improve field specific crop model applications at the farm and regional scale.
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APPENDICES

A.l Plot scale Curve fitting
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A.2 Summary statistics for each season and location

Average values of the defined 12 CPIs calculated form the four different farms for the 2017 season to enable the comparison of the CPIs across the four

farms during the common season with available yield data.

Farm Statistics G_base G_steep G_max S _max S_steep S_base G_midP S_midP TZmax Duration D_max D_base Yield
DoY DoY DoY days t/ha
Roth Mean 0.15 0.12 0.29 0.20 -0.28 0.13 98 199 131 101 0.0887 0.02 7.1
Std dev 0.02 0.04 0.06 0.10 0.36 0.02 11 13 9 14 0.1241 0.01 1.6
cv 15% 35% 20% 51% -132% 17% 12% 7% 7% 14% 140% 60% 22%
East Hall Mean 0.16 0.15 0.23 0.23 -0.20 0.12 104 205 136 101 -0.002 0.04 7.5
Std dev 0.02 0.18 0.04 0.09 0.28 0.03 10 11 6 17 0.1028 0.02 0.9
cv 11% 121% 19% 39% -136% 25% 10% 5% 4% 17% -5736% 56% 12%
Salle Mean 0.17 0.12 0.33 0.17 -0.23 0.16 92 206 120 114 0.1513 0.02 9.7
Std dev 0.04 0.03 0.07 0.03 0.09 0.02 9 6 8 7 0.0639 0.03 0.7
cv 24% 27% 21% 17% -40% 11% 10% 3% 6% 7% 42% 135% 7%
Hydehall = Mean 0.19 0.15 0.26 0.21 -0.15 0.12 83 210 111 127 0.0478 0.08 9.4
Std dev 0.04 0.08 0.04 0.08 0.14 0.03 10 34 14 30 0.0944 0.05 0.6
Ccv 23% 53% 14% 40% -92% 23% 12% 16% 12% 24% 198% 70% 7%
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A.3 ANOVA- residual plots
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Resedual plots created for the ANOVA based on the CPI duration using Genstat software
(VSN International, 2020)

137



G_max

80 -
70 - » 02-
- ©
o 2
50 = _a . )
40 - =
[}
30 - ot
20 g
n
10 4
-0.2 4
0- T T T T T T
-02 -01 -00 01 02 03 0.20 0.25 0.30 0.35 0.40 0.45
Simple residuals Fitted values
0.25
o 024 [2)
© ©
2 S 0204
© 014 o
3 B 0154
| - |
o) -0.0 )
- o 0104
E 414 E
() 0 0.05
02
T T T T T 0.00 + T T
-3 -2 -1 0 1 2 3 00 05 10 15 20 25 3.0
Normal plot Half-Normal plot

Resedual plots created for the ANOVA based on the CPI G_max using Genstat software
(VSN International, 2020)

138



G_midP

N
o
1

_
o
L

Simple residuals
o
1

=10 =
-20 4
| Ll 1 1
20  -10 0 10 20 80 90 100 110
Simple residuals Fitted values
20 4
) n 20 -
© -
g 10 g
i = 15 -
n (7]
(O] 0 - () X
| = |
o Q
Q. 10 Q
E =
n n
204
- L T Ll Ll T i L ] T T T
-3 -2 -1 0 1 2 3 00 05 10 15 20 25 3.0
Normal plot Half-Normal plot

Resedual plots created for the ANOVA based on the CPI G_midP using Genstat software
(VSN International, 2020)

139



S _max

0.20
e » 015
S 0104
60 - °
% 0.05-
2 000
40 - o ]
E_ -0.05 -
20 - '(,—) -0.10 4
-0.15 -
0- -0.20 T T T T T
02 -01 -00 01 02 03 015 020 025 030 0.35
Simple residuals Fitted values
0.201 i 0.200 -
»n 0154 » 0175
© @©
S5 0.10 4 S 0.150 -
o =
» 0.05- @ 0.125 -
2 000 2 &
o o 17 d
cE)_ -0.05 g_ 0.075 4
= 010 - = 4
5 o 0050
-0.15 4 0.025 -
-0.20 44— . . T r 0.000 T T T
% 2 4 0 1 2 3 00 05 10 15 20 25 30
Normal plot Half-Normal plot

Resedual plots created for the ANOVA based on the CPI S_max using Genstat software

(VSN International, 2020)

140



S midP

Simple residuals
o
1

=10
20 .
-30 4 y
1 L] 1 Ll T 1 1 T
-30 -20 -10 0 10 20 30 40 50 190 195 200 205 210 215 220 225
Simple residuals Fitted values
30
30 4
20
n n
(_U (_B 25 -
=) 10 - =}
o O 20+
n n
() 04 ()
{ | -
3 10- )
E £
n 201 %)
-30 - 5
] 1 L 1 1 T 1 T T Ll T
83 2 -1 0 1 2 3 00 05 10 15 20 25 30
Normal plot Half-Normal plot

Resedual plots created for the ANOVA based on the CPI S_midP using Genstat software
(VSN International, 2020)

141



S base

-0.15 -0.10 -0.05 0.00 0.05 0.10 0.15 0.20 0.25

Simple residuals

0.15 +
0
© 0.10 4
S
‘5 0.05 -
o
| =
Lo 0.00
Q.
£ -0.054
n

-0.10 4

1 ] 1 T T
-3 -2 -1 0 1 2 3
Normal plot

0.15
0.10 4
0.05 +

0004 -

-0.05 4

Simple residuals

-0.10 +

0.08 0.10 0.12 0.14 0.16

Fitted values

0.16 4
0.14 4
0.12 4
0.10 4
0.08 4
0.06 -
0.04
0.02 4
0.00

Simple residuals

0.0 0.5 1.5 20 25 3.0

1.0

Half-Normal plot

Resedual plots created for the ANOVA based on the CPI S_base using Genstat software

(VSN International, 2020)

142



A.4 ANOVA Full table

ANOVA results, testing the influence of season, management (farm), residual nitrogen
(Pr_crop_N) , soil type and interactions of soil season and nitrogen residual and soil on

the important CPIs

Factors G midP G_max S midP S _max S base Duration
Farm <.001 <.001 0.002 0.002 0.21 <.001
Year <.001 <.001 <.001 <.001 <.001 <.001
Pr_crop_N <.001 0.016 0.09 0.59 0.605 0.007
Soil_type 0.001 0.506 0.173 0.093 0.382 0.011

Pr_crop_N*Soil_type 0.109 0.835 0.608 0.017 0.339 0.285

Year*soil_type <.001 0.198 0.029 <.001 0.047 <.001
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A.5 MLR values

multi-linear regression results for the three main models at four different levels of significance:
0.05<p<0.1(°), 0.01<p<0.05(*), 0.001<p<0.01 (**) and p<0.001 (***) for the Norfolk farms in years
2017-2020

Factors Coefficient P>|t]

Model 1 Intercept 11.3651 +2.085 0.000
Duration 0.002 +0.007 0.786

TZmax -0.0166 $0.011 0.137

Model 2 Intercept 12.4593 +2.527 0.000
G_midP -0.0365 $0.009 0.000

G_max 3.3636 +1.089 0.002

S_max 0.4919 1.414 0.728

S_midP -0.0031 +0.01 0.76

Model 3 Intercept 8.8986 +14.859 0.55
G_midP -0.0158 +0.151 0.917

G_max 6.5595 +£3.663 0.075

S_max 5.6322 15.917 0.343

S_midP 0.009 +0.07 0.898

G_midP:S_midP -0.0001 $0.001 0.882

G_max:S_max -13.7533  +15.065 0.363
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multi-linear regression reuslts for the three main models at four different levels of significance:
0.05<p<0.1(0), 0.01<p<0.05(x), 0.001<p<0.01 (xx) and p<0.001 (xxx) for the four farms during

the 2017 growning season.

Factors Coefficient P>|t|

Model 1 Intercept 12.9588 +3.111 0.000
Duration 0.0163 +0.011 0.137

TZmax -0.0498 +0.017 0.004

Model 2 Intercept 4.8521 +3.262 0.142
G_midP -0.0671 +0.011 0.000

G_max 10.1504 +2.103 0.000

S_max 3.7086 +2.369 0.122

S_midP 0.0312 +0.013 0.018

Model 3 Intercept 20.2283 +22.775 0.378
G_midP -0.2234  +0.252 0.379

G_max 4.5247 +6.275 0.474

S_max -2.6608 +8.549 0.757

S_midP -0.0356 +0.108 0.744

G_midP:S_midP 0.0007 +0.001 0.535

G_max:S_max 28.4371 +31.381 0.368
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Year=2017-2020, N=148,
R2=0.1, RMSE=1.0 t/ha, Pbias=0.0 %
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A.6 MLR one-year calibration

Year=2017, N=39,
RMSE=1.3 t/ha, Pbias=-9.2 %

Year=2018, N=42,
RMSE=0.9 t/ha, Pbias=-0.0 %

Observed Yield (t/ha)

Observed Yield (t/ha)
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Comparison of predicted yields against actual yields for the Norfolk region using the 2018 growing
season as calibration (cyan 1:1 line) for the multiple linear regression model and the rest of the
years for comparison (black lines 1:1) as well as the regression lines for each year (grey lines).

The 95%  confidence limits  are highlighted as faded regions. model
yield=f(Gmid,Smid,Gmax,Smax)
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Comparison of predicted yields against actual yields for the Norfolk region using the 2019 growing
season as calibration (cyan 1:1 line) for the multiple linear regression model and the rest of the
years for comparison (black lines 1:1) as well as the regression lines for each year (grey lines).
The 95%  confidence limits are  highlighted as faded regions. model
yield=f(Gmid,Smid,Gmax,Smax)
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Estimated Yield (t/ha)

Estimated Yield (t/ha)

Year=2017, N=39,
RMSE=1.0 t/ha, Pbias=0.2 %
12

Year=2018, N=42,
RMSE=1.5 t/ha, Pbias=14.0 %

Observed Yield (t/ha)

Observed Yield (t/ha)
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Comparison of predicted yields against actual yields for the Norfolk region using the 2020 growing
season as calibration (cyan 1:1 line) for the multiple linear regression model and the rest of the
years for comparison (black lines 1:1) as well as the regression lines for each year (grey lines).
The 95%  confidence limits  are highlighted as  faded regions. model
yield=f(Gmid,Smid,Gmax,Smax)
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