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Abstract

Among all cereal crops traded in international markets, wheat is the most important. Accurate
production forecasts, as early as possible prior to the harvest, are critical for the market
stability, as well as for farmers, grains companies and governments. Providing reliable,
consistent and scalable crop yield data is one of the major challenges in monitoring food
security. While early crop yield estimations may help to control food prices in the western
world, they could also be used to prevent hunger crisis in third world countries, by giving local
authorities and international organisations enough time to prepare. For years, scientists
around the world have tried to assess yields from space using remote sensing and crop
models, however with only limited success. One factor limiting success has been the trade-off
between high spatial and temporal resolutions in remotely-sensed data, particularly in
attempts to estimate crop yield at field and sub-field scales. Over the last decade, an
increasing number of nano-satellites (known as CubeSats) were launched, which opens the

door to a new era of crop monitoring from space.

This study aims to improve in-season yield estimations by coupling crop modelling and satellite
images, with a focus on wheat in Australia. In this thesis, | propose a new method named
VeRsatile Crop Yield Estimator (VeRCYe), which seeks to overcome the limitation of missing
data to estimate wheat yield at the field and pixel scales, by combining the advantages of both
high spatio-temporal resolution remote sensing and crop model simulations. In this process, |
have developed a satellites-based sowing date detection method at the field scale and fused
PlanetScope images (with a spatial resolution of ~3 m) and Sentinel-2 images (with a spatial
resolution of 10 m) to create daily Leaf Area Index (LAI) datasets at 3 m resolution. Finally, |
have used the LAI datasets and the detected sowing dates with The Agricultural Production
Systems sIMulator (APSIM)-Wheat model to predict wheat yield at the field and subfield
scales.

The sowing date detection method developed uses Planet's PlanetScope data to detect
changes on field surface caused by sowing. The method detected 85% of the sown fields with
a very high correlation (R? = 0.99) between actual and estimated dates. Time of sowing was
detected with a median gap of 0 days while achieving RMSE of 0.9 and 1.9 days in a national
set of data and in a representative commercial farm, respectively. | have also tested the ability
of this method for detecting harvested area and its timing, resulting with 0-day gap for the

median between the detected and the reported harvest dates (RMSE = 2.6 days).
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The fusion method proposed in this study, fuses time series imagery sourced from Sentinel-2
and Planets’ PlanetScope CubeSat constellation. This enabled daily Sentinel-2 consistent,
cloud free, surface reflectance RGB-NIR images and crop Green-LAl to be generated at a 3
m resolution. Overall, the results from the study demonstrated that the new fused time-series
data combined the spatial, temporal and spectral advantages of both sensors, allowing wheat
Green-LAl to be monitored on a daily basis with an RMSE = 0.35-0.63 and R? of 0.92 in wheat.

VeRCYe was tested over multiple wheat fields located in the Australian wheat-belt, covering
a large range of environmental conditions and farm management practices across three
growing seasons (2017 - 2019). VeRCYe not only successfully estimated field-scale yield with
R? = 0.88 (RMSE of 757 kg/ha), but was also found to be effective for generating yield maps
at 3 m resolution (R? = 0.32, RMSE of 1,213 kg/ha), up to four months before crop harvest.

In contrast to most of the previous studies, my PhD project has developed a new approach to
estimate yield without ground calibration data, which will make it applicable across different
regions and environments. The advantages of VeRCYe is that it can be used to estimate yield
without the need for ground calibration, theoretically can by applied for other crop types and
with any remotely sensed LAI. Furthermore, VeRCYe can generate useful information which
may help to identify yield gaps, understand yield variability, its causes and scale from the pixel-

level to a regional-level.
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Chapter 1 - Introduction

Chapter 1 — Introduction

1.1. Background

Accurate yield estimations, as early as possible prior to harvest, are critical for market stability,
farm management, grain companies and governments. Wheat is the largest broadacre crop
in Australia with 18 million tonnes harvested in 2018-19 (Australian Bureau of Statistics 2020).
However, risks and uncertainties within the global food system are growing with the projected
increase in extreme weather events due to climate change (Ray et al. 2015). These may affect
the variability of food prices in both short and long-term future.

Satellite-based remote sensing is considered a reliable, affordable, and timely source to
improve crop yield prediction (Becker-Reshef et al. 2020), therefore many yield prediction
methods using satellite data have been developed in the last few decades (e.g. Idso et al.
1977; Ferencz et al. 2004; Prasad et al. 2006; Franch et al. 2015). Traditionally, these methods
are based on the correlation between Vegetation Indices (VIs) and crop yield (e.g. Raun et al.
2001; Labus et al. 2002; Becker-Reshef et al. 2010; Bognar et al. 2017). Many studies have
shown a linear relationship between the photosynthetic capacity estimated from spectral
responses and the crop phenology, which can be used to predict wheat yields using satellite
remote sensing (e.g. Becker-Reshef et al. 2010; Franch et al. 2015; Bognar et al. 2017; Zhao
et al. 2020). In recent years, methods which combine satellite images and machine learning
techniques have become very popular (e.g. Cai et al. 2019; Jeffries et al. 2019; Feng et al.
2020; Kamir et al. 2020). However, reliance upon a unique and local relationship is not ideal,
especially when crops experience highly variable environmental conditions, as in Australia,

where crops are frequently stressed by heat waves, frosts and droughts (Chenu et al. 2013).

Crop production in Australia consists of two distinct cropping seasons, with wheat being the
main winter crop across the whole grain belt. Wheat is traditionally planted from March to June
and harvested from October to December of the same year (Potgieter et al. 2016). In Australia
wheat is grown mainly in water-limited environments, which can cause substantial variations
in crop yield, especially when water stress occurs around flowering (Chenu et al. 2011; Chenu
et al. 2013). Furthermore, considerable yield losses can result from frosts around flowering,
which prevent farmers from sowing their fields early to minimize risk of heat and drought
stresses later in the growing season (Zheng et al. 2015). These conditions make it very

challenging to make within-season yield predictions in Australia.
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Over the last decade, the number of companies developing nano-satellites (also known as
CubeSats) has increased. These new satellites, such as Planet Labs' PlanetScope CubeSats
(Planet Team 2020), are relatively inexpensive to build including mass production, enabling
both high spatial (<5 m) and temporal resolution (<1 week) imagery at low cost (Jain et al.
2016). However, in contrast to large expensive satellites such as Sentinel-2 or Landsat,
CubeSat constellations frequently suffer from inconsistency in data collected by the different
satellites in the constellation (Houborg and McCabe 2016). These inconsistencies limit the
accuracy of surface reflectance-based applications such as estimation of VIs and hinder the
use of these satellites to estimate leaf area index (LAI); defined as the total one-sided green
leaf area per unit of soil area. Because photosynthesis takes place in the green parts of the
plant, LAl is considered as an important plant characteristic. LAl has been found to be a good
indicator of crop status and leaf abundance, as well as phenological stage, and can be used
as an indicator of different farm management methods, or the impact of stresses and pests
(Huang et al. 2019). Therefore, LAl also plays an important role in crop monitoring and can be
used in crop growth models to better forecast yield (Clevers 1991; Bggh et al. 2004; Lobell et
al. 2015).

Recent studies have shown that improvement in crop yield model forecasting can be expected
by using more frequent high-spatial and high-temporal satellite images per growing season
(Jain et al. 2016; Jin et al. 2017a; Waldner et al. 2019). Therefore, the ability to generate high
spatio-temporal resolution images and LAl datasets by fusing images acquired by well-studied

satellites such as MODIS, Landsat or Sentinel-2 with CubeSats is needed.

Despite the growing availability of Earth observing data to monitor crop development and yield
estimation, use of spaceborne sensors are limited by the type of data they can retrieve.
Conversely, crop growth models can be used to simulate key physiological processes
(Holzworth et al. 2014; Huang et al. 2019). Therefore, integrating the capabilities of remote
sensing with crop model simulations has a great potential for improving capabilities in
monitoring crop development and yield estimation through space and time. Two ways of
merging the abilities of crop models and remotely sensed data are to either i) use data
assimilation techniques, as assimilation of LAl into the models (Ines et al. 2013; Huang et al.
2015; Huang et al. 2019; Pan et al. 2019) or ii) by using satellite data to extract key model

parameters, such as sowing dates, and use them as model inputs.

Sowing dates are a major input for crops models, which are commonly used to explore the
expected yield effects of different management practices (Zheng et al. 2012; Holzworth et al.

2014; Chenu et al. 2017; Flohr et al. 2017). However, sowing dates are a source of
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considerable uncertainty for regional studies (Mathison et al. 2017). Therefore, accurate
information about sowing dates at a farm scale can be used to reduce the uncertainty of crop
model simulations (Mathison et al. 2017).

While most studies have estimated crop yield at regional, county or state scales (e.g. Ines et
al. 2013; Huang et al. 2015; Azzari et al. 2017; Jin et al. 2017b; Cai et al. 2019; Jin et al. 2019),
few studies have attempted to estimate yields without calibration to ground data (e.g. Becker-
Reshef et al. 2010; Franch et al. 2015; Lobell et al. 2015; Azzari et al. 2017; Jin et al. 2019).
Moreover, despite the extensive scientific effort to utilize remote sensing for crop yield
forecasting, a relatively small number of studies tried to estimate yield at the field and to map
its within-field variability (e.g. Donohue et al. 2018; Lai et al. 2018; Chen et al. 2020;
Manivasagam et al. 2021; Sagan et al. 2021), and only very few attempted doing so without
any ground-based data for calibration (e.g. Jain et al. 2016; Burke and Lobell 2017; Dado et
al. 2020; Deines et al. 2021), achieving limited success. To overcome these limitations it is
essential to develop new methods which combine earth observation data with data generated
from crop growth models, to eliminate the need for in-situ yield measurement and to preform

global yield monitoring (Waldner et al. 2019).
1.2.  Objectives and scope

The principal objective of this research was to develop a method to predict wheat yield at the
field and pixel (i.e. sub-field) scales using remote sensing without using ground-based data.
While most of the common satellite-based yield estimation methods extensively rely on in-situ
data for training their models, they typically provide only a local solution for the area they have
been calibrated in. The idea behind the method proposed in this thesis was therefore to
develop a scalable and flexible yield estimation method which combines the power of both, i)
high resolution spaceborne remote sensing and ii) crop modelling. In this process, the
remotely sensed data provide continuous information of the crop’s health, development and
their spatial variability within the field, while the crop model simulates the crop growth
processes and the farm management practices which can’'t be observed from space. To
minimise the uncertainty of the model simulations, this research developed a method to detect
the fields’ sowing dates and to monitor the crop development using daily Leaf Area Index (LAI)
at 3 m during the season, derived from fused remotely sensed data. This was later used as

the link to APSIM crop model simulations.

The expected result from this study was to create a robust method that can ultimately estimate
crop yields from the pixel level to regional scales for different types of broadacre crops, which

theoretically can be used anywhere around the globe.
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To achieve this, the main objective was divided into three sub-objectives:

Detect sowing dates at a field scale using daily Planet Labs’ PlanetScope images.

Fuse PlanetScope and Sentinel-2 images to create a high spatio-temporal resolution
LAI (Leaf Area Index) dataset.

Couple remote sensing data and APSIM crop model simulations and to investigate the
potential of using detected sowing dates and high spatio-temporal resolution LAl maps
to predict wheat yields within Australia at the field and pixel scales. It is important to
emphasise that the method employs no ground-based data.

1.3. Research Significance

This study illustrate that the method proposed in this thesis is capable of identifying when a

field was sown, monitoring the crops performance and health daily at 3 m in form of VIs and

LAI, estimating its field-scale yield, producing a yield map of the field at the pixel level months

before the harvest and finally, detecting when the field is harvested. This section highlights

the main findings and research significance of each chapter.

Sowing date detection (Chapter 2)

. High-resolution CubeSats images were used to detect sowing dates at the field scale

for the first time.

. The sowing detection method achieved an unprecedented accuracy with RMSE of 0.9

and 1.9 days (R? =0.99).

. The study overcame signal inconsistences existing among the constellation’s sensors.

Fusion of PlanetScope and Sentinel-2 into daily 3 m LAI (Chapter 3)

. A new method to fuse time series of images from two different satellite constellations

was developed.

. The method combines the spatial, temporal and spectral advantages of both sensors.
C. Daily Sentnel-2 consistent, surface reflectance RGB-NIR images generated at a 3 m.

. Daily monitoring of crop Leaf Area Index (LAl) at a 3 m resolution (R? of 0.94, 86%

relative accuracy and RMSE of 1.37).
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Yield estimation at the field and pixel scales (Chapter 4)

A. A new method to estimate crop yield at the field-scale, without ground calibration data,
was developed.

B. The new method is able to estimate wheat yield at the field-scale in high correlation
with the reported yield on average two months before the harvest.

C. The method is able to produce estimated yield maps at the pixel level two to four
months before the harvest.

1.4. Thesis Outline

This thesis is organized into five chapters with Chapter 1 being an introductory chapter on the
background, objectives and scope of the research. Chapter 2 focuses on the sowing date
detection method developed to address sub-objective number 1. This chapter is a

reproduction of the published paper:

Sadeh, Y., Zhu, X., Chenu, K., & Dunkerley, D. (2019). Sowing date detection at the
field scale using CubeSats remote sensing. Computers and electronics in
agriculture, 157, 568-580. https://doi.org/10.1016/].compag.2019.01.042

Chapter 3 describes the data fusion method developed to address sub-objective number 2.

This chapter is a reproduction of the published paper:

Sadeh, Y., Zhu, X., Dunkerley, D., Walker, J. P., Zhang, Y., Rozenstein, O., ... &
Chenu, K. (2021) Fusion of Sentinel-2 and PlanetScope time-series data into daily 3
m surface reflectance and wheat LAl monitoring. International Journal of Applied
Earth Observation and Geoinformation, 96, 102260.
https://doi.org/10.1016/j.jag.2020.102260

Chapter 4 presents the yield estimation method developed in this study along with a
comprehensive accuracy evaluation of its ability to estimate wheat yield at the field scale and
to produce yield maps at the pixel level. Chapter 5 summarizes the conclusions and the
lessons learnt from this study, but also includes suggestions for future works that need to be
addressed in order to take full advantage of the potential of the proposed yield estimation

method.

As each of the chapters 2 — 4 are written as a paper, which include their own introduction and
conclusions, the background section in Chapter 1 has been kept relatively brief and is intended
therefore to provide a general background on the main topic of the thesis. Similarly, Chapter

5 summarizes only the main conclusions and the lessons learnt from this study.
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Chapter 2 — Sowing date detection

This Chapter is a reproduction of the paper:

Sadeh, Y., Zhu, X., Chenu, K., & Dunkerley, D. (2019). Sowing date detection at the field scale
using CubeSats remote sensing. Computers and electronics in agriculture, 157, 568-580.
https://doi.org/10.1016/j.compag.2019.01.042,

with section and figure numbers changed to fit the thesis structure.

2.1. Abstract

Sowing dates have a great influence on crop yields as they affect what environmental
conditions the plants will experience. Therefore, sowing dates are important to many
individuals and organizations on the food production chain, including food manufacturers and
traders. Despite their importance, large-scale comprehensive data on sowing dates are
currently rare and often available only as broad estimates at the state, county or district level.
Continuously obtaining sowing dates at the field scale is expensive, time-consuming and
prone to human errors. Remote sensing on the other hand has the potential of conducting
rapid, cost-effective and continuous surveys of farm management practices over large scales.
Over the last decade, a new era in Earth observation satellites began with the production and
deployment of smaller, lighter and cheaper nano-satellites known as CubeSats. Images from
these satellites can potentially be used to capture sowing dates over time. In this study, we
developed an innovative semi-automated sowing date detection methodology, which uses
high spatio-temporal resolution CubeSat images to detect sowing dates at the field scale. We
identified the sowing dates by using Planet’s PlanetScope data to detect changes on the fields’
surface caused by no-tillage sowing. Our approach overcame the signal inconsistences
existing among the numerous sensors in the constellation, and detected 85% of the sown
fields with R? = 0.99. We succeeded to identify the actual sowing dates of individual fields with
a median gap of 0 days within an unparalleled RMSE of 0.9 and 1.9 days in a set of national
trials and in fields of a commercial farm, respectively. The methodology presented in this study
can be used to produce and update field level crop statistics on a near daily-basis at a low
cost. It is robust and simple and can be applied over a wide range of soil types, atmospheric
conditions, crop types and sensors, to detect sowing dates in regions where no-tillage sowing

is practiced.
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2.2. Introduction

Sowing dates have a large impact on crop development and growth and ultimately crop yields
as they affect what environmental conditions the plants will experience (Coventry et al. 1993;
Flohr et al. 2017). Sowing dates are thus important to organizations and individuals who are
interested in production, processing, marketing and trade of food and its products (Guo 2013).
Sowing dates are one of the factors under the farmers’ control to influence the crop
environment and thus the yield (Ortiz-Monasterio and Lobell 2007), as earlier or later sowing
frequently decreases crop survival and grain yields (Ozturk et al. 2006; Flohr et al. 2017). For
instance, sowing too early increases the risk of frost in crops like wheat (Triticum aestivum)
grown in post-heading frost prone regions, such as Australia (Zheng et al. 2012; Flohr et al.
2017). On the other hand, late sowing can result in a reduced growing season due to greater
temperature (Duchemin et al. 2015) and greater risk of drought and heat stresses (e.g. Zheng
et al. 2012; Chenu et al. 2013). Studies showed that the difference between ‘best’ the and
‘worst’ sowing dates could affect wheat yields by more than 1 t/ha (Ortiz-Monasterio and Lobell
2007) and even cause a crop failure, with a reduction of up to 100% of the yield (Zheng et al.
2015). Knowing the actual time when farmers sowed their crop could be used to better
understand and improve current sowing practices and potentially increase yields (Ortiz-
Monasterio and Lobell 2007). For instance, an analysis of sowing date records indicated that
wheat farmers from the major cropping parts of Australia have shifted their sowing dates by
around 1.5 days per annum over the last decade, and could still sow earlier to increase their
yield (Flohr et al. 2018). Given the significance of sowing dates for crop production, detecting
sowing dates would be valuable for different crops from a local to global scale (Manfron et al.
2017; Urban et al. 2018).

Sowing dates are major inputs for crops models, which are commonly used to explore the
expected vyield effects of different management practices (including sowing dates across a
range of locations (Zheng et al. 2012; Holzworth et al. 2014; Chenu et al. 2017; Flohr et al.
2017)). However, sowing dates are a source of considerable uncertainty for regional studies
(Mathison et al. 2017). Accurate regional information about sowing dates at a farm scale can
be used to reduce the uncertainty of crop simulations (Mathison et al. 2017), however,
obtaining accurate sowing dates from ground reports is very difficult and time consuming
(Sacks et al. 2010; Marinho et al. 2014).

Traditionally, information associated with crop phenology (including sowing dates) is collected
in farmers’ surveys and is used to produce cropping systems or agro-ecological zoning maps
that can be found as a form of national census. Even though sowing dates at a field scale are

very important agronomically, only a few census datasets contain this information or are made
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publicly available (in both developed and developing countries) (Urban et al. 2018).
Furthermore, most of these data when they exist, are often infrequent, not quantitative, and
available at the national scale or at the sub-national scale such as the state, county or district
level (Sacks et al. 2010; Guo 2013). Producing statistics at the field level may improve our
understanding of the reasons of yield gaps (i.e. gaps between achieved and achievable yields)
(Hochman et al. 2012). Moreover, such a database could assist to identify fields with low-
performing management where greater productivity could easily be achieved by adapting the
sowing date (Jain et al. 2016). To overcome this issue, many studies have used satellite
remote sensing to map sowing dates over large areas using different spatial and temporal
resolutions (e.g. Lobell et al. 2003; Sakamoto et al. 2005; Ortiz-Monasterio and Lobell 2007;
Lobell etal. 2013; Marinho et al. 2014; Jain et al. 2016; Manfron et al. 2017; Urban et al. 2018).

The advantages of remote sensing over the traditional approaches to collecting data on crop
management practices have long been recognised (Ortiz-Monasterio and Lobell 2007).
However, a methodology for detecting sowing dates directly from remote sensing imagery has
not yet been developed. That is mainly because there is a lag-time between the sowing date
and the plant emergence. Jin et al. (2016) argued that it is impossible to detect the sowing
dates directly. Most existing studies attempted first to detect the crop “green-up”, i.e. the
earliest reliable evidence of vegetation that can be sensed on satellite images (Lobell et al.
2013; Manfron et al. 2017), and then to backcast emergence and sowing dates by assuming
the lag time between the sowing and the green-up detection to be constant (e.g. Lobell et al.
2013; Marinho et al. 2014; Duchemin et al. 2015; Jin et al. 2016; Gao et al. 2017; Manfron et
al. 2017). In India, Lobell et al. (2013) used time series of MODIS and SPOT satellite
Vegetation Index (VI) products, both with a spatial resolution of 1 km, to estimate the green-
up date each year at a district level. This allowed them to infer sowing dates within two-day
difference from reported dates at the district level. In China, Jin et al. (2016) estimated wheat
sowing dates using Normalized Difference Vegetation Index (NDVI) time series derived from
the Chinese satellite HJ-1A/B (with a spatial resolution of 30 m and 2 days revisit time). They
estimated sowing dates based on the relationship between the green-up and the sowing dates
following the method from Lobell et al. (2013), and found sowing-dates estimates differing by
an average of 6 days from the ground-based estimates. In the U.S.A, Urban et al. (2018)
compared three satellite-based sowing estimation methods applied for maize and soybean at
a county-level by using three different sensors that cover a large range of the electromagnetic
spectrum. They used MODIS (optical) Enhanced Vegetation Index (EVI), solar-induced
fluorescence (SIF) from GOME-2 (fluorescence) and Ku-band backscattering (dB) from
QUuikSCAT (radar) to detect the initial green-up stage. In their case, both EVI and SIF based

estimations of sowing dates reached R? of 0.75 and RMSE < 10 days from their county-level
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validation data, whereas the radar-based estimates were negatively correlated with observed
dates for most counties. Although the green-up detection approach gained popularity in the
last two decades, using a fixed lag-time limits this method to the regions where this constant
is known or can be determined. Furthermore, this approach neglects the strong impact of the
weather variability, such as the timing of rainfall, on crop emergence dates (Marais Sicre et al.
2016). Another method estimated the fraction of absorbed photosynthetically active radiation
(FAPAR) to estimate the sowing date. But using this method, Lobell et al. (2003) only managed
to predict planting months at a high confidence (up to 50% of the mean). Ortiz-Monasterio and
Lobell (2007) used estimated fAPAR together with measured daily temperature and radiation
as inputs in a crop growth model to estimate sowing dates. They achieved a high level of
agreement (R? = 0.85, RMSE = 6.5 days) between their estimated and reported sowing dates.
In Japan, Sakamoto et al. (2005) detected paddy fields which were ploughed and flooded
before the rice planting, by identification of the decreased VI values during this period, using
time series of MODIS-based EVI. They achieved an RMSE of 12.1 days between their sowing-

date estimations and official regional statistics.

Remote sensing has also been applied to monitor other agricultural operations such as tillage
(ploughing and harrowing), irrigation and harvesting (Mc Nairn et al. 1998; Sakamoto et al.
2005; Hadria et al. 2009; Pacheco et al. 2010; Guo 2013). In terms of sowing, sowing crops
into untilled soil (also called ‘no-tillage’, ‘zero tillage’ farming or ‘conservation agriculture’
(Derpsch et al. 2010)) has increasingly been adopted around the world over the last decades
(Hobbs et al. 2008). This technique presents a lot of advantages such as fuel, time and labour
conservation, soil improvement (e.g. increase in soil nitrogen, organic matter, and water
infiltration; decrease in soil erosion), lower costs and potential for yield increase (Baker and
Saxton 2006; Pacheco et al. 2010). Due to these benefits (Zheng et al. 2014), the cropland
area under conservation tillage increased worldwide by 47% in four years only, i.e. from 106.5
million ha in 2009 to 157 million ha in 2013 (Kassam et al. 2015).

With the no-tillage farming practice, seeds are directly sown into the previous crop residue
and stubble. Therefore, we can assume that sowing represents the first change on the surface
at the field-scale since the last harvest. From a remote sensing perspective, this means a
distinct contrast between the sown (‘disturbed’) and un-sown (untilled) soil. Theoretically, this
change can be used to detect sowing dates at the field scale using time-series of satellite
images. Remotely-sensed tillage-mapping approaches already exist. They are based on the
assessment of two features that are strongly modified by tillage systems: residue cover and
surface roughness. Previous studies used optical, multi or hyperspectral sensors for
gualitative and quantitative estimations of residue cover (Bégué et al. 2018). Daughtry (2001)

showed that crop residues and soils often have similar spectral signature. However, crop
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residue has a unique absorption of electromagnetic radiation near 2100 nm, which is
associated with cellulose and lignin. The understanding of this absorption feature lays the
foundation for a number of tillage indices derived from optical remote sensing with shortwave
infrared (SWIR) bands (1200-2500 nm), such as ASTER, Landsat and MODIS (Serbin et al.
2009; Zheng et al. 2014).

To accurately detect sowing dates at a field scale from space using a no-tillage detection
approach, a new high spatial and temporal resolution remote sensing source is heeded. While
satellites such as Sentinel-2 and Landsat may have adequate spatial resolution for different
applications in agriculture (e.g. Battude et al. 2016; Skakun et al. 2017; Bégué et al. 2018),
their temporal resolution (5 and 16 days revisit time, respectively) is not ideal for sowing
detection, as there may be weeks between the acquisition of two clear-sky images (McCabe
et al. 2017). To overcome these spatio-temporal limitations constellations of micro or nano-

satellites known as CubeSats can be used (McCabe et al. 2017).

Over the last decade, the number of companies developing CubeSat satellites has increased.
These new satellites, such as Planet Labs (“Planet”) PlanetScope and Skybox imaging SkySat
satellites, are relatively inexpensive to build and allow mass production which enables the
creation of a collection of both high spatial (<5 m) and temporal resolution (<1 week) imagery
at lower cost (Dash and Ogutu 2016; Jain et al. 2016). These satellites have the potential to
monitor and detect rapidly changing environments on the Earth surface (McCabe et al. 2017)
and to obtain multiple measures of the same field, including sowing and harvesting dates
throughout a single growing season, as demonstrated by Jain et al. (2016) in India. These
authors established and calibrated linear relationships between sowing date (and yield) and
the Green Chlorophyll Vegetation Index (GCVI) derived from SkySat images, which allowed
them to estimate sowing dates (and wheat yields) with an R? of 0.41-0.62 and an RMSE of
6.68-12.41 days. However, a downside of CubeSat constellations is the frequent
inconsistency in data collected by different satellites in the constellation (Houborg and McCabe
2016). Such inconsistencies may limit the accuracy of surface reflectance-based applications
such as estimation of vegetation indices, and could hinder the use of CubeSat satellites to

monitor changes on the Earth surface.

In this chapter, a new and robust method is proposed to use CubeSat satellites, which operate
in the optical range of the electromagnetic spectrum, to estimate sowing dates at the field
scale via detection of no-tillage operation. The methodology used Planet’'s PlanetScope
satellite images to detect sowing dates of (i) small experimental wheat fields sown across
Australia in a wide range of soils and weather conditions, and (ii) in all fields of a typical

commercial farm in Victoria.
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2.3.  Methodology

Sowing dates were detected at a field scale through unsupervised change detection using
Planet’s CubeSat data. Our approach is based on the widely-used no-tillage farming practices.
When a farmer sows, the surface changes its color or spectral response, usually to a darker
color depending on the soil type. These changes are mainly caused by the newly exposed
soil, which was just uplifted to the surface and by the mixing of last season’s crop residues
with the soil. After discussion with experts, we assumed that when no-tillage farming practices
are implemented, the first detectable field-scale change in the surface after the harvest is the
sowing. Based on this, a robust simple change detection method to detect sowing dates was
developed, which can be applied over a wide range of soil types, atmospheric conditions and

sensors, regardless of crop types.
2.3.1. Study fields and regions

Our approach to directly detecting sowing dates using high spatio-temporal resolution
CubeSat data was first tested using the Australian National Variety Trials (NVT) testing fields.

The NVT is an Australian national program (www.nvtonline.com.au). In order to evaluate the

capability of the new approach to detect sowing dates in different conditions, 16 NVT fields
located at eight sites were chosen across Australia from the 2017 growing season (Figure 1).
The studied field trials were selected to be located in the different main Australian wheat
growing regions, and have diverse management practices, soil types, and weather conditions
(Table 1). The average size of the NVT fields analysed in this study was 0.27 ha (about 70 m
X 40 m).
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Figure 1. The spatial distribution of the National Variety Trials (NVT) testing fields used in this study and the
location of the Birchip farm. The dark grey area corresponds to the Australian wheatbelt (based on Chenu et al.
2013).

In the second stage, the methodology was tested for 50 fields of a commercial farm located
near Birchip, Victoria (Figure 1, Table 1) in 2017. The farm corresponds to an average
Victorian farm. It is 6,400 ha in size (the average field size is 116 ha), and grows a large variety
of crops including wheat, barley (Hordeum vulgare), canola (Brassica napus), lentils (Lens
culinaris), oats (Avena spp.), vetch (Vicia sativa) and peas (Pisum sativum) across 55 fields.

The studied sowing period in this farm spanned from late-March to mid-June (Figure 2).
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Table 1. Summary of the sowing dates, soil types and annual weather statistics of the sites analysed in this study. Soil types
were sourced from the Digital Atlas of Australian Soils Science (2000) and climate characteristics from the Australian Bureau of
Meteorology (BOM) (2018).

Mean Annual mean number
Annual Annual mean
number of of clear days during
Site State Sowing date Soil type rainfall max/min temp
days of rain the sowing season
(mm) (°c)
(=1 mm) (Apr-Jun)

Kilcummin Queensland 10/04/2017 Dark brown cracking clays 552 29.6/15.4 42 26
Lundavra Queensland 23/05/2017 Hard alkaline brown soils 576 27.0/12.7 53 19
Lake Grace Western 28/05/2017 Hard alkaline yellow soils 345 235/10.4 52 25

Australia
Coonamble New South 29/05/2017 Grey clays 546 265/11.7 50 2

Wales

Corrigin Western 1/06/2017 Loamy yellow earths 373 23.8/10.0 59 25

Australia
Urania South 2/06/2017 Brown calcareous earths 506 21.8/11.3 79 24

Australia
Minnipa South 16/06/2017 Calcareous loamy earths 279 24.7/11.2 51 24

Australia
Warramboo South 19/06/2017 Calcareous loamy earths 313 25.2/9.3 60 34

Australia

17/3/2017 -
Birchip Victoria Calcareous loamy soils 374 22.9/9.3 59 37
13/6/2017
2.3.2. Imagery

Images were sourced from PlanetScope CubeSat satellites data. PlanetScope is a satellite
constellation comprising multiple launches of groups of individual CubeSat 3U form factor (10
cm by 10 cm by 30 cm) satellites (Planet Team 2018). A complete PlanetScope constellation
consists of about 120 satellites, which have the capability to image all of the Earth’s land
surface on a daily basis. The PlanetScope satellites have four spectral bands Blue (455 — 515
nm), Green (500 — 590 nm), Red (590 — 670 nm) and NIR (780 — 860 nm) with a Ground
Sampling Distance (GSD) of 3-4 m at the nadir and positional accuracy of <10 m RMSE
(Planet Team 2018). Planet’s PlanetScope constellation operates in two different orbits, the
International Space Station (ISS) orbit and in a Sun Synchronous Orbit (SSO). The
PlanetScope satellites, which operate at ISS, are deployed at an orbit altitude of 400 km (51.6°
inclination), have a variable equatorial crossing time and a limited lifetime of about 1 year.
Those on the SSO are deployed at orbit altitude of 475 km (~98° inclination), with an equator
crossing time of 9:30 — 11:30 am (at local time) and expected 2-3 years lifetime (Houborg and
McCabe 2018b; Planet Team 2018). The PlanetScope analytic Ortho Scene Products (Level

3B) are used in this study, which were provided at a spatial resolution of ~3 m and with sensor-
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specific conversions to at-sensor top of Atmosphere radiance based on limited pre-launch
calibration coefficients (Houborg and McCabe 2018b; Planet Team 2018).

This study used a total of 205 (78 for the NVT analysis and 127 for the farm analysis) Planet
CubeSat satellites scenes acquired by 78 different satellites (61 for the NVT analysis and 30
for the farm analysis). For each NVT location, Planet CubeSat images were used, which
covered a period of ten days before and ten days after the reported sowing dates (depending
on image availability) (Table 2). On average, each field was covered by 9.5 satellite images
throughout the testing period, with an average of two days gap between the images. For the
farm analysis, images from 17/04/2017 to 20/06/2017 were used (Figure 2), with a five-day
median gap between cloud-free CubeSat images (Table 2). The 2017 growing season was
chosen since in the previous seasons, the PlanetScope constellation was not yet complete

and the revisit time of each location was insufficient to accurately detect sowing dates.
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Figure 2. Number and timing of fields sown at the studied NVT (sub-figure A) trials and Birchip farm (sub-figure B)
in 2017, together with the timing of available PlanetScope images (vertical grey lines). The crop type and number
of fields sown each date for both NVT and Birchip farm.
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Table 2. Number of images used to detect the sowing dates at each site and the median PlanetScope cover
gap between the images over the period tested. The Birchip farm had 31 daily image mosaics, made out of
127 PlanetScope scenes.

S Number of daily Median satellite cover gap
satellite images (days)
Kilcummin 8 3
Lundavra 12 1
Lake Grace 10 2
Coonamble 13 1
Corrigin 2
Urania 1
Minnipa 10 2
Warramboo 7 3.5
Birchip 31 (mosaics) 5

2.3.3. Semi-automated sowing detection

The semi-automated method developed to detect sowing dates based on spectral changes
between successive CubeSat images of a field (Figure 3) requires three inputs: 1) two satellite
images acquired on different dates (Image,, and Image,,); 2) the field boundaries; and 3) a
threshold value to detect changes between images, which has to be manually input for each
set of images. This threshold corresponds to the percentage of values in the processed image
histogram that will be used as a factor to determine a change in the image. First, the images
from the same day (which may not necessarily be acquired by the same satellite) were
mosaicked. Since PlanetScope satellites tend to have cross-sensor inconsistency (Houborg
and McCabe 2016), the pixel values in the mosaicked image commonly suffer from the lack
of uniformity. Next, each mosaicked image is clipped using the fields’ boundaries; in the

following step, image-processing techniques used to detect the sowing dates.
2.3.4. Change detection

Many change-detection methods have been developed to identify changes on the Earth’s
surface using remote sensing (e.g. Mas 1999; Bruzzone and Prieto 2000; Lu et al. 2004; Jin
etal. 2013). Change detection using remote sensing images basically involves the comparison

of two images of the same area, which were acquired at different times (Byrne et al. 1980).
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In this study, a Principal Component Analysis (PCA) was performed separately for each image
to detect the change in the fields’ surface caused by no-tillage sowing (Figure 3). PCA is
useful for detecting decorrelations between images (Du and Fowler 2007) and also for
separating an underlying systematic data structure from noise (Wold et al. 1987). Four
principal components (PC;, PC,, PC; and PC,) were output from all the pixels of the mosaic

Satellite Fields Satellite

Images,, polygons Images,,

Mosaic Mosaic
Clip Mosaic Clip Mosaic
by fields PCy by fields

Image

A
l / I mu::ge:._’zc1 \ l
PCA PCA
Change detection Change detection
threshold classification

!

Low pass filter to remove noise

|

Setting the % of change within each
field (>25% = Sown)

|

Calculating the average date between
Image; and Imagey,

|

Setting the sowing date, sown area
and it's percentage within each field

Sowing date

Figure 3. Explanatory diagram of the sowing-detection workflow
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Figure 4. Example of Principal
Component Analysis (PCA) of a
PlanetScope RGB-NIR image. This
figure shows the original image in RGB
and the first four Principal Component
(PC) received from the analysis. PC;
represented better the variance in the
soils, while PC, tended to represent
variations in the vegetation and PC,
manly contained noise. Among all the
PCs, PC, contained the highest
contrast between the newly sown field
and the other fields.

that intersected with the fields’ polygons. In this study, PC; was systematically the best PC to
represent the variance in the soils, while PC, tended to represent variations in the vegetation,
PC; represented clouds and shades variance, if they were present, and PC, mainly contained

noise (Figure 4).

c

Afterwards, PC;s from two consecutive images (Imagef1 ¢

* (early image) and Imagef2 ! (later
image)) were used to detect whether any new sowing occurred between these two dates by

using the following equation:

Equation 1

PCq
Image,

PCq
Image,,

Change =

where Imageé';c1 is the first principal component of the earlier satellite image and Imagegcl is

the first principal component of the later satellite image. The ratio of the two resulted in a one-
band raster that represents the magnitude of change between the two images at the pixel level
(Figure 5B). A pixel value closer to 1 indicates no change. The histogram of the ratio image
generally exhibits a normal distribution (bell-shaped) around the value of 1 if there is no
change across the image. When changes occur, the histogram would show a multimodal
distribution, with several distributions combined, i.e. would have multiple peaks and valleys.
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Figure 5. Use of the image histogram to choose the threshold value for change detection. A) True colour Image
of a NVT wheat field after sowing (the red rectangles are the experimental field boundaries). B) Image resulting

from dividing Imageflcl by Imagefzcl. C) Histogram of the image in B. D) Results of change detection based

on a threshold set to 2.5 (as identified in C).

By examining the distributions rather than the one representing “no change”, a threshold pixel
(ratio) value to identify changes were determined. For example, in Figure 5C, there are two
distributions of the pixel values: one is a normal distribution around 1 and the other is a normal
distribution around about 2.8. The second distribution represents the changes. The left end of
the second distribution is set as the threshold value. A pixel with a value equal to or greater
than this threshold is considered as “change”. The threshold values may change from scene
to scene due to cross-sensor inconsistencies among the different satellites in the constellation.

In our case study, threshold values range between 1.2 and 3.

The classified image at this stage (Figure 6D) contains a lot of noise, which was eliminated in
two stages. First, a low-pass filtering method is used (Figure 6E) to smooth and remove
speckle noise from the image (Al-Amri et al. 2010). Second, only if the area detected as
changed covers more than 25% of the field area, is considered sown. This second noise

cleaning stage is used to filter other changes detected on the earth surface that could have
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Sown field [ |Change WMNochange MM Background MM Noise " Sownarea

Figure 6. Example of sowing detection. This figure illustrates the sowing detection of two sown fields
(boundaries in yellow) using a pair of images acquired on 6/5/2017 (Image; ) and 7/5/2017 (Image,,)

(subfigures A & B). Subfigure C is the resulting image of dividing Imageflcl by Imagef;cl. A change between

the images resulted in high values (red) and negligible changes resulted in low values (green). In subfigure D,
the image is classified to identify pixels that changed (in white). A low-pass filter used to clean the image from
noise (subfigure E). Finally, the semi-automated method outputs and exports the area sown between Image;,

and Image,, (in green) (subfigure F).

changed over time, e.g. manmade (e.g. infrastructure construction) or caused by a natural
phenomenon (e.g. water ponding on the surface). Note that sowing large fields (e.g. more than
250 ha) may take a few days, and it is common for farmers to not sow an entire field in a day.
In such case, the latest date in which more than 25% of the field’s area detected as sown,
assigned as the final sowing date for that field. Since the method identified which fields were
sown between Image; and Image;,, we know that the sowing date must be within this
timeframe. Therefore, the middle date between the earlier and later images assigned as the
final sowing date to each field. The final output of the semi-automated sowing detection
technique is a shapefile that contains fields or parts of fields detected as sown (as shown in
Figure 6), the estimated sowing date, the actual sown area and the percentage within each

field that was sown in the time period between Image; and Image,.
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2.4. Results

A very high correlation (R? = 0.99) was found between reported and detected sowing dates in
both 16 NVT fields and the Birchip farm analysis (Figure 7), which span over a wide range of
soil types, atmospheric conditions, crop types and PlanetScope sensors (Table 1, Figure 2).

The proposed semi-automated methodology detected 100% of the sowings in NVT fields and
80% in the farm fields (Table 3). There was only an average -0.6 day gap (0.0 day gap for the
median) between the estimated and the actual sowing dates (RMSE = 0.9 days). For the
Birchip farm, the average and median gaps were -0.1 and 0.0, respectively (RMSE = 1.9 days)
for the fields detected as sown (Table 3).
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Figure 7. Correlation between the reported and detected sowing dates of the 16 NVT fields (A) and the 50
farm fields (B). The dashed line marks the trend line.

Table 3. Summary of the sowing detection analysis conducted over 16 NVT fields and 50 fields of the Birchip
farm. This table shows the accuracy of the detection and the gap between the reported and the detected
sowing dates.

NVT Birchip farm
Total number of fields 16 50
Sowing detected (No. of fields) 16 (100%) 40 (80%)
Failed to detect (No. of fields) 0 (0%) 10 (20%)
False detection
(% of the detections) Lt e
RMSE (days) 0.9 1.9
Mean error (days) -0.6 -0.1
Median error (days) 0.0 0.0
Standard deviation (days) 0.7 1.9
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During the analysis, a few false detections were found (in only 5% of the algorithm
implementations), where a field was incorrectly classified as sown by the sowing detection
algorithm in the time period between Imagetland Image;,. Most of the sowing detection
analyses (95%) ended with zero false detections, however in some cases the presence of
clouds in the images was translated as a change that covers most of the field and therefore
was determined as sown. In the NVT analysis, only 1.4% of the detections were false
detections. False detection occurred more often in the Birchip farm, when 9.1% of the
detections were false detections. This higher rate of false detection was mainly due to cloud
contamination in the 23/04/17 image, which caused five false detections. When excluding this
image from the analysis, only 6.1% of the detections were false detections.

Detection failures, i.e. no detection of sowing, which occurred in 20% of the farm’s fields, were
partly due to cloud cover (50% of the cases) and the large time gap between Image;, and
Image,, (33% of the cases). Most successful detections took place when the gap between the
sowing and the satellite image date was under four days (Figure 8). In these conditions, the
successful detection rate was 91% of the fields, however, when this gap is larger than five
days the percentage of the successful detections drops to 62% (Figure 8). Although the

distribution of the number of samples in Figure 8 is not constant along the X-axis, and the
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Figure 8. Distribution of the 56 successful (in green), 10 unsuccessful (in red) and 10 false (in yellow)
detections of the sowing dates preformed in this study (left Y-axis). This graph also show probability to
achieve a successful detection (black points) relatively to the gap in days from the sowing date to the
satellite cover (right Y-axis). As this gap increases, the likelihood to detect the sowing date decreases in
addition to higher chances for false detections (black dashed line).
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Figure 9. Sub-field sowing detection. This figure illustrates the sub-field sowing detection capabilities.
Subfigure A shows the RGB satellite image of a partly sown field (the area in brown). Subfigure B is the

resulting image of dividing Imageflc1 by Imagefzcl. A change between the images resulted in high values (red).

Subfigure C shows the field’s area detected as sown (in green).

probability data points are scattered, the log probability curve shows a clear decreasing trend.
The reason for a lower probability to achieve a successful detection when the gap in days from
the sowing dates to the satellite cover is larger is due to the fading in contrast between the
appearance of the unsown and the sown soil surfaces. These were caused mainly by the
rainfall events, wind erosion and the loss of the moisture in the newly exposed soil, which

makes this contrast fade with time.

Although our semi-automatic sowing detection method was designed to determine the sowing
date when a field was sown in more than 25% of its area, it has the capacity to identify sub-
field changes. For instance, sowing of a small proportion of the field was detected at the Birchip
farm (Figure 9), as the grower did not have time to complete the sowing of the entire field at

once, which is relatively common in this region.
2.5. Discussion

2.5.1. Detecting no-tillage sowing with CubeSat satellites

Remote sensing has the potential for mapping sowing dates across the globe. To our
knowledge, no methodology has been published on how to detect sowing dates directly from
satellite images. While, until recently, such detection could not happen due to technological
limitations (low spatial resolution and revisit time of the satellites), our approach overcomes
these limitations by using CubeSat images to detect no-tillage sowing, which is becoming the
main sowing practice in major cropping regions worldwide (Kassam et al. 2015). When a

farmer uses a no-tillage seeder without performing any pre-sowing cultivation, the surface
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changes its color, usually to a darker color. These changes can sometimes appear as minor
and they cannot always be seen with a naked eye (e.g. Figure 5A), given the similarity of the
spectral signature of crop residues and soils in the visible and near infrared. Their spectra
differ within the SWIR spectrum (Daughtry 2001), but CubeSat satellites like Planet’s
PlanetScope, which are attractive given their high spatio-temporal coverage, commonly do
not operate in such long wavelengths. Hence, they cannot be used to detect the changes
caused by no-tillage practices using SWIR-based tillage indices.

Satellite-based change detection is commonly based on the analysis of differences between
two images using band-ratios or classifications derived from the original image bands.
However, such approaches are very limited for CubeSats such as PlanetScope given (i) cross-
sensor inconsistencies, as the PlanetScope satellites are not identical, so that each CubeSat
can have a unique spectral response (McCabe et al. 2017), and (ii) different atmospheric
conditions during the acquisition. Different atmospheric conditions affect the amount of
radiation that reaches the sensor, causing inter-band and inter-pixel differences within the two
images (Byrne et al. 1980). Unlike sensors such as Landsat, MODIS or Sentinel-2, which
traditionally developed and launched by space agencies, Planet’s CubeSats suffer from
relatively low signal-to-noise ratio. As a result, any time-series data from those CubeSat
satellites is likely to have inconsistent reflectance signals, even when applying atmospheric
correction techniques (Houborg and McCabe 2018b). The main challenge when conducting
change detection using these types of satellites is to separate the noise captured by the
sensors, which causing dissimilarities among the different satellites in the constellation, from
the actual change that happened on the Earth surface between the earlier and later images.
Therefore, the reliability of detecting changes, while analysing images acquired by different
CubeSat images such as PlanetScope constellation, is very limited when using the original
bands (Houborg and McCabe 2016) and indices. That adds the challenges of addressing the
varying atmospheric conditions to the change detection analysis. To overcome these
limitations the PCA was implemented, which is a well-known statistical technique for
multivariate data analysis (Wold et al. 1987; Pohl and Van Genderen 1998; Du and Fowler
2007). PCA extracts the dominant patterns in the dataset (Wold et al. 1987) and expresses
this information as a set of new variables called Principal Components (Abdi and Williams
2010). The first Principal Component (PC) band in the image contains the largest fraction of
data variance and the second PC band contains the second largest data variance, and so
forth. The last PC bands seem noisy due to the very little variance they contain, which manly
represent the noise in the original spectral data (Rajendran et al. 2016). PCA is useful for
detecting decorrelations between images (Du and Fowler 2007) and also for separating an

underlying systematic data structure from noise (Wold et al. 1987). In remote sensing PCA is
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commonly used for land-cover/land-use change detection, classification and anomaly
detection (e.g. Byrne et al. 1980; Du and Fowler 2007; Celik 2009; Abdi and Williams 2010;
Dronova et al. 2015; Gil-Yepes et al. 2016). Furthermore, PCA-based change-detection is
effective regardless of the differences in spectral, spatial, and radiometric resolutions of the
multi-sensor satellite data (Deng et al. 2008). In this study, a PCA used to extract the dominant
patterns in the images, and to conduct detection of changes between the main patterns in
each pair of images. This method allowed us to have a comparable measure between the
images to detect changes in the fields’ surface, even when images acquired by 78 different
PlanetScope satellites with different atmospheric conditions were used. This study found that
using P(C; is consistently superior over the other PCs to detect changes caused by sowing,
even when processing images acquired by CubeSats with a limited pre-launch sensor-specific
calibration (Houborg and McCabe 2018b; Planet Team 2018).

2.5.2. Unprecedented levels of sowing detection

The semi-automated sowing detection methodology achieved high performances with 85%
detection (56 out of 66) of the sown fields in both NVT and Birchip farm fields (Table 3). The
estimated sowing dates were very highly correlated with the actual sowing dates (R? = 0.99;
Figure 7), with a median gap of 0 days between the reported and estimated dates, and a low
RMSE (0.9 and 1.9 days for the NVT fields and the Birchip farm, respectively; Table 3). The
results of our semi-automated sowing detection methodology, thus exceeds the performance
and accuracy of the methods used by previous studies, which used different spaceborne
sensors with diverse resolutions and in various electromagnetic spectral regions (optical,
fluorescence, and radar). Studies that used the green-up detection approach, succeeded in
estimating sowing dates with a RMSE ranging from 6.68 to 12.41 days, and R? ranging
between 0.15 and 0.90 between their estimations and official regional statistics (e.g. Lobell et
al. 2013; Jain et al. 2016; Urban et al. 2018). Their main limitation is to use a fixed period (days
to weeks) to backcast the emergence of the crops, while this period varies in particular with
crops species and weather conditions (Marais Sicre et al. 2016; Urban et al. 2018). Due to the
spatial and temporal variability of the environmental and crop characteristics, such a linear
relationship between sowing date and crop emergence are local and would be difficult to
establish without prior knowledge. Our approach on the other hand, does not depend on local
conditions (soil types, rainfall or crop types (Table 1, Figure 2)), does not require the
identification of a fixed number of days to backcast the emergence and is therefore more

suitable for diverse environments, as long as no-tillage is practiced.

The chances for a successful sowing detection were higher in the first four days following the

sowing (91% successful detections). In our study, nearly half of the detected sowing occurred
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only one day after the sowing (Figure 8). Therefore, using satellites with a temporal resolution
larger than four days such as Sentinel-2 or Landsat, may not achieve as high accuracy of
detection as in this study. In addition, we expect that as the revisit time of CubeSat-based
constellations will increase over the years, the probability for a successful detection using our
approach will improve accordingly.

Detecting sowing dates at the field level requires both high spatial and temporal resolution
remote sensing data. Previous studies commonly worked at a region, county or state scale
and did not directly detect the sowing dates, as they often used low spatial resolution satellite
data such as MODIS (250 m — 1 km) to estimate sowing dates at aggregated-level scale of
multiple fields (e.g. Sakamoto et al. 2005; Lobell et al. 2013; Urban et al. 2018). These limit
the accuracy of the estimations and the applications derived from these data. Additionally
these were unable to distinguish crops from natural vegetation (Urban et al. 2018). In contrast
to MODIS, which also has daily revisit time, CubeSat satellites such as PlanetScope have the
ability to map individual farms or fields and to represent the large heterogeneity of
management practices within and across fields (Jain et al. 2016). Our methodology allowed
the detection of field and even sub-field level changes caused by sowing (Figure 9). This
capability can thus potentially be used to monitor progress in sowing even at the sub-field

scale.

Satellite-based studies on yield estimation traditionally used officially reported sowing dates
(e.g. Sakamoto et al. 2005; Marinho et al. 2014; Jin et al. 2016) or sowing dates based on
farmers’ surveys (e.g. Ortiz-Monasterio and Lobell 2007; Jain et al. 2016). High-resolution
information of sowing dates in regional datasets could be used to reduce the uncertainty of
regional yield prediction using crop simulations (Mathison et al. 2017). However, the existence
of such datasets is currently scarce, since only few censuses collect this information or make
it publically available. Furthermore, when released, this data is often shared at aggregated
regional scales (Urban et al. 2018). Establishing a large-scale database of field/farm
management practices is time consuming, expensive, relies heavily on manual labour and
requires some training (Jain et al. 2016). The methodology presented in this study, can be
used to produce low-cost field level statistics with unprecedented spatial coverage, which can
be updated on a near-daily basis. In addition, statistics at the field-level may improve our
understanding of the reasons of yield gaps, and could assist to identify low-performing fields
that need to be treated in order to increase their productivity (Jain et al. 2016). Our CubeSats-
based change detection methodology also has the potential to be implemented to monitor
rapidly changing environments in other disciplines such as for geomorphological and natural

disaster/hazards studies. For example, assembling information on tillage is important for soll
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erosion modelling, despite the impracticability of collecting such information using ground
surveys (Mc Nairn et al. 1998).

2.5.3. Limitations and perspectives

Despite its very high accuracy, our sowing detection methodology has limitations. Although
the approach presented here can overcome the presence of a few small-scattered clouds in
the scene as a field is considered as sown only if the area detected as changed exceeds 25%
of the field’s area, most of the failed and false detections (50% of the failed detection and 60%
of the false detections in the Birchip farm) were caused by the presence of clouds. The
presence of cloud shadows in the images on the other hand was found to have less impact
on results. This is due to the fact that the areas covered by cloud shadows produced low
values in the histogram of the ratio image, which are not high enough to be considered as
“‘changed”. | believe that it is possible to overcome some of the failed and false detections
caused by the presence of clouds and cloud shadows in the images (depending on the
percentage of the coverage in the image) by masking the clouds and cloud shadows out of
the images (Kolecka et al. 2018). There are a number of automated cloud and cloud shadow
detection methods presented in the literature, e.g. Fmask (Function of mask) (Zhu and
Woodcock 2012; Frantz et al. 2015). However, these methods commonly use SWIR bands as
they are offering a high contrast between cloudy and cloud free pixels (Sedano et al. 2011).
PlanetScope satellites do not operate in the SWIR and therefore future studies will investigate
how to adapt the existing cloud and cloud shadow detection methods to these new satellites.
Another approach that should be investigated is to separate cloud-based changes and
sowing-based changes by analysing the shape of their appearance in the image, as clouds
ought to be quite different from the mostly straight-line edges of sowed areas. Another way to
potentially overcome this limitation would be to integrate the Synthetic Aperture Radar (SAR)
data into the change detection analysis. In contrast to optical sensing, SAR sensors have the
advantages of all-weather capabilities, and are not affected by the presence of clouds in the
imagery. While SAR data may facilitate change detection in cloudy conditions, most of the
spaceborne SAR systems do not have both the required temporal resolution and the spatial
resolution. There are few SAR systems that operate at a high spatio-temporal resolution, but
the high costs of such SAR data will probably make an operational sowing detection

application impractical.

Another drawback is imposed by mosaicking of same-day images acquired by different
satellites. This study noticed that when we mosaicked images from different CubeSats in the
constellation, they provide a good visual coverage of the study area. However, using these

mosaics to calculate the ratio-images prevented us from setting a constant value for histogram
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thresholding, even when both images were acquired on the same day. Therefore, in the case
of a field separated into two parts in two images, the same threshold cannot be used for both
parts of the field. But it was very rare that a sown field was present in two images.

Our method has been developed for the no-tillage sowing practice. While this sowing practice
is now common worldwide for rainfed crops (Kassam et al. 2015), our method is currently
limited to regions where no-tillage sowing is being implemented. Yet, | believe that this
approach could also be valid for other types of sowing. This potentially can be done by
detecting the last field scale change on the soil surface before the seedling emergence. Once
the crops can be detected by a vegetation index (e.g. NDVI) similar to the green-up approach
(Lobell et al. 2013), we can estimate the date when the last field scale change was detected,
which is likely to be the sowing date.

Currently our sowing detection method is still semi-automated, as users need to identify the
pixel values that correspond to a change in the image histogram, in order to determine the
threshold to classify pixels as ‘changed’ or ‘not changed’ (Figure 5). Additionally, our method
uses the polygons to identify field locations, which were known in this study. In order to fully
automate the process, the two inputs (pre-determined threshold and the polygons of the fields)
need to be identified automatically. This potentially can be achieved by implementing machine-
learning techniques (Toulouse et al. 2016) to identify the pixels that represents change in the
histogram. It is proposed that future studies should explore the ability to use clustering
algorithms such as K-Means, Fuzzy K-Means and the self-organizing map (SOM) to perform
automatic classification (Kanungo et al. 2002; Zhong et al. 2006; Goncalves et al. 2008; Kussul
et al. 2017). Automation of this process is necessary in order to turn this prototype into an
operational application. The location and boundaries of the fields, expressed as geo-located
polygons can be also identified using remote sensing by implementing classification and
segmentation techniques (Van der Sande et al. 2003; McCarty et al. 2017). Previous studies
showed that time-series images could successfully be used to identify crop fields, classify
between irrigated and non-irrigated crops (Jin et al. 2016; Azzari and Lobell 2017; Zhang et
al. 2018), classify crop types (Van Niel and McVicar 2004) and to preform cropland area
segmentation (Gallego et al. 2014; McCarty et al. 2017). Perhaps the main difficulties in the
context of our method will be the separation between rainfed crops from the natural vegetation
and the accurate delineation of the field boundaries. However, as rainfed crop fields in
developed countries commonly tend to be large in size (> 10 ha) and in a square shape, |

believe that implementing existing methods will probably achieve high accuracy.

Despite the inconsistency of spectral data, CubeSats are only starting to unleash their

potential. | strongly believe that as more advanced CubeSat constellations are deployed into
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space, the number of CubeSats-based applications at the field or farm level will increase and
their efficacy for detecting sowing and harvesting dates will improve.

2.6. Conclusions

In this study, an innovative semi-automated sowing detection methodology was developed,
based on Planet’s PlanetScope data to detect changes on field surface caused by sowing.
The method detected 85% of the sown fields with a very high correlation (R? = 0.99) between
actual and estimated dates. Time of sowing was detected with a median gap of 0 days while
achieving RMSE of 0.9 and 1.9 days in a national set of data and in a representative
commercial farm, respectively. The approach may be used to produce and update near-daily
low-cost field level statistics in an unprecedented spatial coverage. To fully automate sowing
detection at the field scale, machine-learning techniques could be explored to identify
automatically parts of a histogram corresponding to a change in spectrum (due to soil
disturbance). Automation will also require the integration of classification and segmentation
techniques to detect the fields’ location and to extract their boundaries. Methods to account
for clouds present in the images would also improve the applicability of the method. We can
expect that in the future, the accuracy of this method will increase as more and more CubeSats

constellations become operational.
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Chapter 3 — Fusion of PlanetScope and Sentinel-2
into daily 3 m LAl

This chapter is a reproduction of the paper “Fusion of Sentinel-2 and PlanetScope time-series
data into daily 3 m surface reflectance and wheat LAl monitoring” published in International
Journal of Applied Earth Observation and Geoinformation by Sadeh et al. (2021), with section
and figure numbers changed to fit the thesis structure.

3.1. Abstract

The dynamics of Leaf Area Index (LAI) from space is key to identify crop types and their
phenology over large areas, and to characterize spatial variations within growers’ fields.
However, for years remote-sensing applications have been constrained by a trade-off between
the spatial and temporal resolutions. This study resolves this limitation. Over the past decade,
the number of companies and organizations developing CubeSat constellations has
increased. These new satellites make it possible to acquire large image collections at high
spatial and temporal resolutions at a relatively low cost. However, the images obtained from
CubeSat constellations frequently suffer from inconsistency in the data calibration between
the different satellites within the constellation. To overcome these inconsistencies, a new
method to fuse a time series of images sourced from two different satellite constellations is
proposed, combining the advantages of both (i.e., the temporal, spatial and spectral
resolution). This new technique was applied to fuse PlanetScope images with Sentinel-2
images, to create spectrally-consistent daily images of wheat LAl at a 3 m resolution. The daily
3 m LAl estimations were compared with 57 in-situ wheat LAl measurements taken in Australia
and Israel. This approach was demonstrated to successfully estimate Green LAI (LAl before
the major on-set of leaf senescence) with an R? of 0.94 and 86% relative accuracy (RMSE of
1.37) throughout the growing season without using any ground calibration. However, both the
Sentinel-2 based estimates and the fused Green LAl were underestimated at high LAl values
(LAI > 3). To account for this, regression models were developed, improving the relative
accuracy of the Green LAl estimations by up to a further 47% (RMSE of 0.35-0.63) in
comparison with field measured LAI. The new time series fusion method is an effective tool
for continuous daily monitoring of crops at high-resolution over large scales, which opens up
a range of new precision agriculture applications. These high spatio-temporal resolution time-
series are valuable for monitoring crop growth and health, and can improve the effectiveness

of farming practices and enhance yield forecasts at the field and sub-field scales.
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3.2 Introduction

Improving the spatial and temporal estimation of Leaf Area Index (LAI) and monitoring of the
crop developmental stage using remotely sensed imagery can inform service providers and
growers to facilitate management decisions, formulate policies, and ultimately improve
profitability (Pasqualotto et al. 2019; Sun et al. 2019). LAI also plays an important role in crop
monitoring and can be used in crop growth models to better predict yield (Clevers 1991; Bagh
et al. 2004; Lobell et al. 2015). One of the common applications for LAl is to provide yield
estimations (e.g. Ines et al. 2013; Lobell et al. 2015; Azzari et al. 2017; Sun et al. 2017,
Waldner et al. 2019).

LAI is defined as the ratio of one-sided leaf area per unit ground area (Watson 1947) and
knowing the LAI of a crop has a wide range of applications. However, monitoring crop LAl by
extensive in-situ sampling over large areas is expensive, time consuming and consequently
impractical (Houborg and McCabe 2018c). Therefore, for decades scientists around the world
have attempted to estimate LAI from space (e.g. Pollock and Kanemasu 1979; Wiegand et al.
1979; Chen et al. 2002; Gitelson et al. 2003; Vifa et al. 2011; Nguy-Robertson et al. 2014).
However, the trade-off between the spatial and temporal resolution typically restricted the use
of high spatial and temporal time-series of images for agricultural applications (Waldner et al.
2019).

As crop canopy reflectance is affected by the LAI, as well as by the chlorophyll distribution,
canopy structure and the background soil (Gitelson et al. 2005), methods which rely on optical
remote sensing to convert surface reflectance data into LAl estimations were developed
(Delegido et al. 2015). These methods are commonly classified into two groups (Delegido et
al. 2015; Fang et al. 2019; Pasqualotto et al. 2019; Kimm et al. 2020): (i) physically-based
retrieval methods, which are based on radiative transfer models (RTM), when the LAl is
estimated based on the inversion of these models (e.g. Houborg and McCabe 2018c), and (ii)
an empirical approach using either linear or nonlinear regressions with vegetation indices (VIs)
as independent variables (e.g. Herrmann et al. 2011; Nguy-Robertson et al. 2014). These two
groups of methods have both advantages and disadvantages. The physically-based retrieval
methods are more generally applicable, but they are often limited by the nature of canopy
structure and thus suffer from the ill-posed problem that may end in an unstable solution and
require an a priori knowledge of targeted canopies (Bsaibes et al. 2009; Delegido et al. 2015).
The empirical methods are commonly based on pre-trained relationships between field
measured LAI and VIs; they are simple and do not require intensive computation. However,

these empirical relationships could only be useful in regions that are similar to those used for
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calibration (Bsaibes et al. 2009; Kimm et al. 2020) and are less reliably applied for multiple
vegetation types (Pasqualotto et al. 2019).

The majority of these methods have been developed for retrieving LAl from green vegetation
only (Delegido et al. 2015), which is often called the Green Leaf Area Index (Green LAl or LAI-
green). The Green LAI represents the leaves which are photosynthetically active (Daughtry et
al. 1992). In contrast to the brown or senescing LAI (Delegido et al. 2015), remotely sensed
Green LAl is more useful for agro-ecosystem monitoring (Pasqualotto et al. 2019),
assessment of water logging damage in agriculture (Liu et al. 2018), estimating vegetation
phenology (Verger et al. 2016), monitoring of deforestation (Valderrama-Landeros et al. 2016),
crop modelling (El Hajj et al. 2016) and yield prediction (Lobell et al. 2015).

Previous studies showed that LAl can be estimated using spaceborne sensors such as
AVHRR (Franch et al. 2017), MODIS (Huang et al. 2015), Landsat (Gao et al. 2012),
WorldView-2 (Psomiadis et al. 2017) and Sentinel-2 (S2) (Verrelst et al. 2015; Djamai et al.
2019; Pasqualotto et al. 2019). Each of these sensors has their pros and cons, which mainly
arise from their spatial, temporal and spectral resolutions or costs. Over the last decade, the
number of companies developing CubeSats has increased. These new satellites, such as
Planet Labs' PlanetScope (PS) CubeSat, can be the size of a milk carton, are relatively
inexpensive to build and launch to a low Earth orbit, thereby making it possible to acquire large
image collections at high spatial and temporal resolutions at a relatively low cost. However,
one of the major challenges working with time series CubeSat imagery is the fact that unlike
large and expensive satellites such as S2 or Landsat, the images obtained from CubeSat
constellations, such as Planet’'s PS, frequently suffer from radiometric inconsistencies in the
data collected by the different satellites within the constellation, due to inter-calibration
challenges and their low signal-to-noise ratio (Houborg and McCabe 2016; Houborg and
McCabe 2018b; Leach et al. 2019; Sadeh et al. 2019).

The lack of suitable combinations of both high spatial and temporal resolution time series from
well calibrated satellite images (Waldner et al. 2019) motivated a few attempts to fuse CubeSat
imagery with these other types of imagery into high spatio-temporal LAl datasets. For
example, Houborg and McCabe (2018b) created Landsat-consistent LAI of an irrigated alfalfa
field in Saudi Arabia by fusing PS, Landsat and MODIS images coupled with in-situ
measurements, to spatially and temporally enhance Landsat-based LAI to the PlanetScope
resolution. Li et al. (2019) generated red-edge bands at 3 m spatial resolution by fusing S2
and PS images, by using the weight-and-unmixing algorithm as well as the SUPer-REsolution
for multi-spectral Multi-resolution Estimation (Wu-SupReME) approach. However, their fusion

method was tested with only a few individual images acquired on selected dates, and their

31



Chapter 3 - Fusion of PlanetScope and Sentinel-2 into daily 3 m LAI

relationship between in-situ wheat LAl measurements and the VIs from fused images only
applies to Jiangsu Province, China, where it was established. Kimm et al. (2020) used the
Moderate Resolution Imaging Spectroradiometer (MODIS)-Landsat STAIR (SaTellite dAta
IntegRation) fusion product (Luo et al. 2018) and fused it with PS data to produce daily LAl
estimation of corn and soybean in the U.S. Corn Belt. The STAIR method uses an adaptive-
average correction that takes into account different land cover types through an automatic
segmentation of the image (Luo et al. 2018).

Motivated by the inconsistency issues of the data acquired by the different satellites within the
constellation, this study: 1) proposed a new method to fuse time series of images sourced
from two different satellites to overcome the inconsistencies between the different sensors
within the CubeSat constellation, and combines the advantages of both data sources in terms
of their temporal, spatial and spectral resolutions. In contrast to some other fusion methods
(e.g. Gao et al. 2006; Li et al. 2019), which can take only one or two pairs of images as input
at a time, this new method can process a time series from an unlimited number of images; 2)
applied this new technique to fuse PS images (with a spatial resolution of ~3 m, and a daily
revisit time) and S2 images (resolution of 10 m and five-day revisit time) to create daily, S2-
consistent surface reflectance blue, green, red (visible) and near-infrared (NIR) and crop
Green LAl at a 3 m resolution; 3) tested the approach for improved wheat LAl estimation over
wheat fields in Australia and Israel, so as to provide an assessment over different soil types,
farm management, climates and crop varieties. The guideline for the development of the
method was that the method should be simple, so it could be easily be replicated and applied
elsewhere. Therefore, the reliable and well-studied Sentinel-2 LAI product was selected, which
offer a global coverage of LAl estimates in a relatively high spatial resolution. Recently
developed methods for LAI estimation tend to use sophisticated computing techniques such
as machine learning, but they typically involve the use of ground-based training data specific
to the study area. This paper contends that a practical and robust method for LAl estimation
should be simple, effective, repeatable and universal. Therefore, the Sentinel-2 LAl product
was selected as the reference, having global coverage of LAl estimates at relatively high
spatial resolution. By converting the fused Vls into Sentinel-2-like LAl estimates (as described
in section 2.4), the need of having ground LAI data is unnecessary. The resulting daily 3 m
LAI estimations were compared with in-situ wheat LAl measurements made using ground-
based methods. This new time series fusion method facilitates continuous daily high-

resolution monitoring of crops over large scales.
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3.3.  Methodology

3.3.1. Field trials and in-situ LAl measurements

3.3.1.1. Cora Lynn trial
Winter-wheat variety RGT Accroc was grown in a 76 x 74 m field 80 kilometres South-East of
Melbourne, Victoria, Australia, at Cora Lynn (38.1336° S, 145.6324° W, average annual rainfall
of 857 mm (Australian Bureau of Meteorology 2020)). The crop was sown in the silty loam at
a 5 cm depth on Aug 7, 2018, with 100 kg ha-1 MAP (mono-ammonium phosphate) applied
at sowing. The crop was grown under rainfed conditions, with only one irrigation (Nov 16,
2018) of 50 m® ha* with a linear shift irrigator, to avoid plant death. Four sets of above-ground
plant parts were collected from the four sides of the field (at least 2 m from the edge) 16 times
during the growing season, in a 0.5 x 0.5 m sampling area. For one or two of those four sets,
leaf blades, stems and sheaths, and heads were portioned to measure their dry biomass and
calculate the proportion of leaf material (i.e., dry weight of the blades divided by the total
above-ground biomass). A subset of approximately 100 blades from the sampled leaves were
then scanned using a Canon imageRUNNER ADVANCE C3330 scanner (Canon Inc) and
weighed, after oven dry at 60°C for at least 48 hours, to measure the specific leaf area. LAI
was calculated by multiplying specific leaf area, the proportion of leaf in the subsample and

the average biomass of four samples, and by dividing by the sampling area.

3.3.1.2.  Birchip fields
Five rainfed spring-wheat fields were studied in a farm located near Birchip, Victoria, Australia
(Apr-Nov, 2018; 35.982° S, 142.916° W), representing an average Victorian farm in the
Australian wheat belt. The Birchip farm, which, is 6,400 ha in size (average field size is 116
ha), was chosen for this study as it represents a typical Australian rainfed crop farm. This site
is located on fine sandy clay loam texture soil and receives an average annual rainfall of 374
mm (Australian Bureau of Meteorology 2020). The LAl measurements were conducted on the
17" and 18™ of September 2018 using a LAI-2000 Plant Canopy Analyzer (LI-COR). Ten 20
m X 20 m plots located in five wheat fields were selected (two in each field). All plots were
located at least 20 m away from the edges of the field and were representative of the crops’
conditions in their area. Field data were acquired following the measurement guidelines
suggested by the instrument manual (LI-COR 1992). In total, 240 individual LAl measurements

were sampled for the ten plots, with each plot containing 24 LAl measurements.

3.3.1.3. Saad and Yavne fields
LAl was measured over six rainfed spring-wheat fields, located in two commercial farms near
Saad (four fields of ~39 ha in total, Feb-Apr, 2018; 31.477° N, 34.538° W) and Yavne (two
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fields of ~13 ha in total; Jan-Apr, 2019; 31.809° S, 34.716° W) in Israel. The Saad fields are
located over a clay soil and receive an average annual rainfall of 415 mm (Israel
Meteorological Service 2020). The Yavne fields are located over a sandy loam soil and receive
an average annual rainfall of 515 mm (Israel Meteorological Service 2020). LAl in these two
sites was measured using the SunScan Canopy Analysis System (SS1-COM-R4 Complete
System with Radio Link developed by Delta-T Company, Cambridge, United Kingdom). The
four fields in Saad were close to each other with different sowing dates and irrigation regimes:
Kitain cv sown on 20/11/2017 and grown under both rainfed (1) and with some irrigation (2);
Amit cv was sown on 29/11/2017 and grown under rainfed conditions (3), and durum wheat
cultivar C9 was sown on 19/11/2017 and grown under rainfed conditions. The two fields in
Yavne were adjacent and sown on 16/11/2018. The measurements performed six times for
the Saad farm fields and seven times for the Yavne farm fields during the growing season.
Each LAI value used for the analyses was the average of LAl measured at 2 to 4 points,
separated to each other by a distance of ~50 m. At each point, around 30 field measurements

were taken every ~20 cm from each other, regardless of whether plants were present or not.
3.3.2. Imagery

3.3.2.1. Sentinel-2 (surface reflectance and LAI)
The European Space Agency (ESA) Copernicus Sentinel-2 (S2) includes a constellation of
two polar-orbiting satellites positioned in the same sun-synchronous orbit, but phased at 180°
to each other. S2 carries an optical sensor payload that samples 13 spectral bands: four bands
at 10 m, six bands at 20 m and three bands at 60 m spatial resolution. It provides a revisit
frequency of 5 days (at the Equator) with a 290 km swath width (Drusch et al. 2012; SUHET

2015). S2 images can be freely downloaded at the Copernicus Open Access Hub website

(https://scihub.copernicus.eu/dhus/#/home). In this study, clear-sky images downloaded via
ESA’s application programming interface (API), using the field’s polygon to determine the
region of interest (ROI) to be downloaded. S2 Level-2A Bottom Of Atmosphere (BOA)
products were only available (and used) for Israel during the study period. For Australia, we
thus used the Sen2Cor module (Louis et al. 2016) within ESA’s Sentinel Application Platform
(SNAP) software (version 7.0) to convert the Level-1C product (Top Of Atmosphere (TOA)
reflectance) images from TOA to BOA, in order to minimize the influence of the atmospheric
conditions present at the time of acquisition. Next, S2-based LAl data (from Israel and
Australia) were generated using the Biophysical Processor module embedded in SNAP, which
computes biophysical products from S2 BOA reflectance. This processor uses the top-of-
canopy reflectance data to estimate a number of biophysical variables including LAl (Weiss
and Baret 2016).
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3.3.2.2. PlanetScope
PlanetScope (PS) is a CubeSat 3U form factor (10 cm x 10 cm x 30 cm) satellite constellation
operated by Planet Labs, Inc. The PlanetScope constellation consists of about 120 satellites,
with the capability to image all of the Earth’s land surface on a daily basis. The PlanetScope
satellites have four spectral bands; Blue (455 — 515 nm), Green (500 — 590 nm), Red (590 —
670 nm) and NIR (780 — 860 nm). These have a Ground Sampling Distance (GSD) of 3-4 m
at nadir and a positional accuracy of <10 m RMSE (Planet Team 2018). This study used the
Planet Surface Reflectance Product provided at a spatial resolution of ~3 m. These images
are atmospherically corrected to BOA reflectance, which provides more consistency across
time and location localized atmospheric conditions while minimizing uncertainty in the spectral
response (Planet Team 2020). Despite the fact that both PS and S2 provide imagery in the
visible and NIR regions, their bandwidths and spectral response are very different as shown
in Figure 10. For each analysed field, cloud-free PlanetScope images were downloaded using

Planet’s API, according to the field’s domain.
3.3.3. Data fusion of reflectance

In order to fuse images acquired by the PS CubeSats constellation and S2, we have
developed a simple fusion method (Figure 11). The data fusion process required four inputs:
(1) High spatio-temporal resolution images (e.g. PS); (2) lower spatial resolution, but with
higher spectral resolution images (e.g. S2); (3) an index or product produced by input number
2 (e.g. LAI); and 4) the ROl (i.e., a polygon of field’s domain). The outputs of this fusion method
are daily fused surface reflectance images and daily images of the desired index or product,
in the original pixel size of the high spatial resolution input. In this study, we tested our fusion
method to produce S2-like visible-NIR bands and LAI images at the spatial and temporal

resolution of PS (i.e., daily images in 3 m).
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Figure 10. The spectral response of Sentinel-2 and PlanetScope in the Blue, Green, Red and Infrared bands.
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First, PS, S2 (bands 2, 3, 4 & 8) and S2-based LAl images were extracted by the field’s
domain. Then, each type of consecutive pair of images acquired at two different dates are
linearly interpolated to create a daily time-series of images. This results in three separate time-
series, (1) PS BOA (3 m), (2) S2 BOA (10 m), and (3) S2 LAI (10 m) made from both real as
well as synthetic (interpolated) images. Next, the S2-based datasets (2 + 3) were resampled
(using cubic interpolation) from 10 m to 3 m pixel size. Then, same-day PS and the resized
S2 images are separated into their individual bands (Blue, Green, Red and NIR), and fused

by averaging the pixel values between each pair of bands as follow:
Equation 2
Fused Bandi = (PlanetScopegps Band; + Sentinel2py, Band;) /2

Where, Band; correspond to each of RGB visible and the NIR bands (Figure 10). After the
fusion, the bands are recombined to form an RGB-NIR image. This stage yields in daily 3 m

fused surface reflectance images.

3.3.4. Fused LAlIIin 3 m

The new dataset is then used to calculate 13 selected vegetation indices shown in the
literature to have a high correlation with LAI: SR, EVI2, NDVI, GCVI, MTVI2, MSAVI, WDRVI,
Green-WDRVI, OSAVI, GSR, GNDVI, RDVI and TVI. Finally, the vegetation indices from the
fused image (daily, 3 m) are converted to LAl using a linear regression between the different
vegetation indices to the resized LAI time-series (daily, 3 m) from S2. A four-day moving
window (t,, t_4, t_,, & t_3) with same day (t,) pairs of S2-LAl and a fused vegetation index
image, was used to calculate the average slopes and intercepts between all four pairs (i.e.,
S2-LAl and one of the fused-based vegetation indices at the time). In this process, the slope
and intercept of LAl and VI for all pixels from the field was calculated for each day and each
studied vegetation index, and then averaged across the four days of the moving-window.
Hence for each vegetation index, the correction of each image is done using a different slope
and intercept, calculated for each four-day window, thus operating as a moving average. This
was done in order to minimise the signal inconsistency created by the PS sensors (daily
measurements), which causes variability in the vegetation indices. The algorithm was
designed to use the last four days so it can work in operational near real-time mode, as the
future images are still not available. However, when processing an existing time series of

images, the algorithm can be easily be modified to include the next images in the time series

(eg, t_z, t—l; to, tl: tZ’)'
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The following equation is then used to correct and generate the daily high spatio-temporal LAI
dataset:

Equation 3

Corrected image = Fused vegetation index * four-day window slopes average + four-day window
intercepts average

This method (Figure 11) enables daily 3 m LAl images to be generated at the same quality as
the S2 LAI product.

The remotely sensed LAI estimates were validated against the in-situ measurements. As the
LAl was measured using different approaches over different study areas, the accuracy of the
remotely sensed Green LAI was evaluated using a 23X23 square metre plot and a 65X65
square metre plot for the Birchip and Cora Lynn sites respectively. The fields in Israel were
compared at the field level as each LAl measurement point was about 50 m apart from each
other, and around 30 field measurements were taken at each of these points. The fields near
Saad (four fields of ~39 ha in total) and Yavne (two fields of ~13 ha in total) are much smaller
than the Australian commercial fields analysed in this study (the average field size is 116 ha)

and the development of the crops in these fields has been far more homogeneous.
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Figure 11. The data fusion workflow of PlanetScope (with a spatial resolution of ~3 m) and Sentinel-2 (10 m)
imagery into daily surface reflectance images, vegetation indices and LAl maps with a 3 m resolution.
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Table 4. Definition of the multispectral vegetation indices investigated in this study.

Vegetation index Equation Reference
. . NIR
Simple Ratio (SR) od Jordan (1969)
e

Enhanced Vegetation Index 2
(EVI2)

Green Chlorophyll Vegetation
Index (GCVI)

Normalized Difference

Vegetation Index (NDVI)

Modified Triangular Vegetation
Index 2 (MTVI2)

Modified Soil-Adjusted
Vegetation Index (MSAVI)

Wide Dynamic Range Vegetation
Index (WDRVI)

Green Wide Dynamic Range

Vegetation Index (Green-
WDRVI)
Optimized Soil-Adjusted

Vegetation Index (OSAVI)

Green Simple Ratio (GSR)

Green NDVI (GNDVI)

Renormalized Difference

Vegetation Index (RDVI)

Transformed Vegetative Index
(TVI)

2.5(NIR — Red)
(NIR + 2.4Red + 1)

(NIR — Green) — 1

NIR — Red
NIR + Red

1.5 [1.2(NIR — Green) — 2.5(Red — Green)]

\/(ZNIR +1)2 — (6NIR — 5,/Red) — 0.5

0.5 [ZNIR +1—/@2NIR + 1)? — 8(NIR — Red)]

a -NIR—Red+1—a'
a NIR+Red 1+a

a -NIR—Green+1—a
a *NIR + Green 1+a

NIR — Red
NIR + Red + 0.16

NIR
Green

NIR — Green
NIR + Green

NIR — Red
VNIR + Red

NIR — Red +05
NIR + Red '

Jiang et al. (2008); Nguy-
Robertson et al. (2012)

Gitelson et al. (2003);
Gitelson et al. (2005)

Rouse et al. (1974)

Haboudane et al. (2004)

Qi etal. (1994); Haboudane
etal. (2004)

Gitelson (2004); Nguy-
Robertson et al. (2014)

Peng and Gitelson (2011);
Nguy-Robertson et al.
(2014)

Rondeaux et al. (1996)

Sripada et al. (2006)

Gitelson and Merzlyak
(1994)

Roujean and Breon (1995)

Rouse et al. (1974) Haas et
al. (1975)

* a in WDRVI and Green-WDRVI = 0.1 following Nguy-Robertson et al. (2014)

3.3.5. Adjustment of remotely-sensed Green LAI

The Green LAl (representing a canopy mostly photosynthetically active) are difficult to
measure from space when leaves shade each other. To account for this, the Green LAI
estimations were tested for improvement by adjusting the generic S2-LAl product estimations,

to better estimates wheat Green LAI. This was done by ‘fine-tuning' the results received in the

38



Chapter 3 - Fusion of PlanetScope and Sentinel-2 into daily 3 m LAI

previous stage, using second-order polynomial regressions (Table 7), which was found to best
represent the correlation between the in-situ and remotely estimated Green LAl for a
considered vegetation index. The performance of this correction approach was tested using
an independent dataset of Green LAI for two ~30 ha, rainfed-wheat fields located near Yanco,
NSW, Australia (Apr-Nov, 2019; 34.716° S, 146.088° W). In this site, located more than 350
km from the nearest field used for training (i.e., further than the distance between Paris and
London), the LAl was measured weekly using LI-COR LAI-2200 sensor during one month
around the peak LAI (Oct, 2019). The LAl measurements were taken at least 10 m away from
the edges of the field and were representative of the crops’ conditions in their area. Owing to
the high spatial variability of the vegetation development in these two fields, the validation
between the in-situ and the remotely sensed LAI performed on the crops located around the
actual location of the LAl measurements (using a 0.3 and 0.4 ha plots). The results of the
corrected Green LAl were compared with the in-situ Green LAl measurements and the non-
corrected estimations, in order to validate the proposed correction method to better estimate

wheat Green LAI from space.
3.4. Results

3.4.1. Fused surface reflectance accuracy

The implementation of the new fusion method to generate time series of images resulted in a
new dataset, which maintained both the high spatial and temporal resolution of PS and the
spectral quality of S2 (Figure 12 and Figure 13). Figure 12 illustrates how a 10 m image from
S2 fails to provide information about objects smaller than 10 m such as buildings, trees, and

roads. By contrast, the fused image enabled easy identification of objects that could not be

A - Sentinel-2 B - PlanetScope

Figure 12. An example of the Sentinel-2 and PlanetScope fusion outcome (in natural color composite image) for
the Cora Lynn experimental field area. Both source images were acquired on the 29/9/18 and are in BOA
reflectance values. (A) The original Sentinel-2 image (10 m), (B) the original PlanetScope image (3 m), and (C)
the fused image (3m).
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Figure 13. An example of the correlation between a same day pair of an original S2 image and a fused image (image
date 23/7/18) for the field near Birchip, Victoria, Australia. Each scatterplot represents the comparison of a different
spectral band, where band 1, 2, 3 and 4 represents the Blue, Green, Red and NIR wavelengths, respectively and
the pixels values are in surface reflectance (BOA). The blue line in the figures is the trend line. The dotted line is
the 1:1 line.

recognized in the S2 image while preserving the S2 reflectance information as shown in Figure

13.

The correlation between the BOA surface reflectance of S2, PS and the fused images was
compared and evaluated at the pixel level, while excluding 15 m from the fields’ edges to avoid
having mixed pixels with the surrounding objects. The mean and median R? across all bands
for the studied PS and S2 images were only 0.6 and 0.7, respectively, (Table 5). The highest
correlations were found in the NIR wavelength (0.75 and 0.81 mean and median, respectively),
while the lowest correlation was found in the blue wavelength (0.46 and 0.53 mean and
median, respectively). The fused images were found to be highly correlated with the S2
images in all four bands (0.88 and 0.94 mean and median, respectively), being slightly higher
than the correlation found between the fused images and PS images (0.84 and 0.9 mean and
median, respectively). Sometimes when small objects such as scattered trees were located

within the field, the analysis showed scattered pixels with lower correlation (Figure 13). This

Table 5. Comparison of the median and mean correlation (R?) that was found between S2, PS and the fused
images of all the images analysed across all sites (2,463 images in each dataset), for each band and all four
bands together.

Blue Green Red NIR
Datasets All bands

(band 1) (band 2) (band 3) (band 4)

median mean median mean median mean median mean median mean

PS-S2 0.53 0.46 0.71 0.58 0.75 0.6 0.81 0.75 0.7 0.6
Fused - PS 0.86 0.79 0.9 0.82 0.91 0.84 0.94 0.91 0.9 0.84
Fused - S2 0.9 0.81 0.95 0.88 0.96 0.88 0.96 0.93 0.94 0.88

40



Chapter 3 - Fusion of PlanetScope and Sentinel-2 into daily 3 m LAI

is often because the lower resolution of S2 tends to represent these objects as mixed pixels,
while they can be clearly identified in the fused image.

3.4.2. Fused vegetation indices

The ability of the fused images to produce daily vegetation indices (VIs) time-series in values
similar to S2-based time-series was tested and compared to both VIs derived from S2 and PS.
Overall, it was found that PS-based VIs tended to have lower values than S2-based Vs except
in the early stages of the growing season (e.g., on low VIs values) where PS-based VIs were
slightly higher (e.g., Figure 14). Furthermore, a time-series of VIs generated based on PS
images were noisier than the one generated based on S2 images or fused images (e.g., Figure
14).

After fusing the S2 and PS images and calculating the Vls, daily 3 m LAl maps were generated

(Figure 15). These maps were compared to S2-based LAI maps at the pixel level and at the

1

NDVI

Figure 14. Six-month time series of Sentinel-2 (black dashed line), PlanetScope (dot line) and the fused images
(red line) NDVI calculated from atmospherically corrected bottom of atmosphere (BOA) reflectances. The data
represent the daily mean NDVI for a 131-ha wheat field located near Birchip, Victoria, Australia.

field level (Figure 16). Next, remotely-sensed LAl estimations from both S2 and fused images

were compared with in-situ LAl measurements conducted in the field (Figure 16).
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Figure 15. Comparison between (A) S2-based LAl map (10 m) and (B) S2-PS fusion-based LAI (3 m) map
(image date — 7/8/18) of an 88-ha wheat field near Birchip, Victoria, Australia.
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Figure 16. Comparison of the changes in LAl estimated over the growing season through in-situ point
measurements (black dots, were the error bars represent the measurements standard deviation), S2 images
(blue line) and the fused method (red line) of the 2018 Cora Lynn wheat trial. In this example, the fused-based
Renormalized Difference Vegetation Index (RDVI) was used to calculate LAI using a linear regression modal.
RMSE is presented (i) between the S2-based LAI to the fused-based LAl estimations at the pixel (Pixel level
RMSE’) and the field levels (median daily error at the pixel level; ‘Field level RMSE’), (ii) between the S2-LAl
and in-situ LAl measurements (‘S2 — In-situ RMSE’), (iii) between the Fused images-LAl and in-situ LAl
measurements (‘Fused — In-situ RMSE’), (iv) between the S2-LAI and the Green LAl in-situ measurements
only (‘S2 — In-situ Green LAl RMSFE’), and between the Fused images-LAlI and the Green LAl in-situ
measurements only (‘Fused — In-situ Green LAl RMSFE’). In this example, in-situ LAl measurement performed
on the 29/10/18 were unusually high, and in any case, much higher than the estimated remotely-sensed LAI.
This could be partly due to measurement error (the error bar was also big) combined with the known
underestimation of S2-LAI for high LAI values. The grey color is the daily field-scale LAI standard deviation of
the fused LAl dataset.
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3.4.3. LAl estimations

Overall, 57 in-situ LAl measurements conducted across 12 wheat fields, half located in
Australia and the other half in Israel, were available to evaluate the accuracy of the remotely-
sensed LAI estimations. S2-based LAI was found to have an RMSE of 1.60 (R? = 0.84), while
the RMSE for fused-based LAl estimations ranged from 1.73-1.78 depending on the VI
considered (R? = 0.82-0.84; ). In general, both S2 and fused-based LAl estimations tended to
underestimate the in-situ LAI values, especially in LAI values larger than 3 (Figure 17). In
comparison with the in-situ measurements, S2-based LAl estimations generally had slightly
better accuracy compared to VI-based LAI estimations. As optical remote sensing is mainly
estimating the Green LAl (Haboudane et al. 2004), the results have been separated into two
groups, the in-situ measurements conducted when the crops were at the Green LAI stage (-
B) and the measurements that were performed during the senescing stage (-C). The peak of
the fusion-based LAl was used as the threshold to define these two groups. When analysing
the Green LAI separately, the accuracy of the remotely sensed LAl estimations was found to
be much higher (). Overall, remotely-sensed LAI estimations during the Green LAl phase were
found to have an RMSE of 1.08 (R? = 0.95) for the S2-based LAI, and an RMSE of 1.37-1.4
(R? = 0.92-0.94) for the fused-based LAI estimated from the different Vs (-B). S2-based LAl
median error for the Green LAl was only -0.38 and the fused-based LAI from best performing
VI, i.e., RDVI, had a median error of -0.73 (-B). Hence, estimating Green LAI using the new
method, or with S2-based LAl estimations, was highly correlated to in-situ measurement when
the crops were still mostly photosynthetically active. However, underestimations of high LAl
values (> 3) was observed in all studied fields (Figure 17), probably due to increasing overlap
of leaves with higher LAI. One of the main disadvantages of using normalized difference Vs
(e.g., NDVI) to remotely estimate LAl is the fact that they tend to saturate asymptotically under
conditions of medium-to-high aboveground biomass density (Gitelson 2004). To minimise
these underestimations, a correction equation was sought for the different VI-based fused
dataset and the S2-based LAI. Polynomial order two regression was found as the most
suitable to fit the fused-based Green LAl estimates against in-situ LAl measurements (Figure
17 and Table 7), with an R?of 0.95 (RMSE of 0.62) for the S2-based LAI , and an R? ranging
between 0.92 and 0.94 depending on the VI considered (RMSE of 0.67 - 0.78). Overall, the
SR, MTVI2 and RDVI indices showed the best fits.
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Table 6. Performance of remotely-sensed LAl estimations for both S2-based and the fused-based LAl
compared to the in-situ LAl measurements. The best performing index from the VlIs-based fusion is coloured
in red. Indices of the S2-based LAl estimations are coloured in green when they performed better than the
fused data. Table A presents the results for all of the LAl measurements conducted in the field (n = 57), table
B refers only to in-situ measurements conducted when the crops were at the Green LAl stage (n = 25) and
table C presents the results only for LAl measurements conducted in the field during the senescing stage of
the crops (n = 32). Overall, the best accuracy was achieved during the Green LAl stage (table B).

(A) All samples (n = 57)

S2 Green-
EVI2 GCVI GNDVI GSR MSAVI MTVI2 NDVI OSAVI RDVI TVl WDRVI SR

LAI WDRVI
RMSE 160 177 177 178 177 177 177 174 177 177 177 177 176 173
R? 084 08 08 083 08 08 08 083 08 08 08 08 083 084
Mean error 108 -1.24 -126 -126  -126  -126 -124  -122  -124 -124 124 -125 -124  -123
Median error 055 -085 093 091  -093 -093 -083 086 -084 084 -091 -084 08 088

Mean accuracy % 79.52 76.13  75.02 75.26 75.11 75.03  76.25 76.88 76.18 76.18 77.11 76.16 75.98 75.96

Median accuracy % 76.62 74.41 73.24 73.64 73.38 7327 7446 75.37 74.39 7439 7420 7545 73.84 7241

(B) Green LAl only (n =25)

S2 Green-
EVI2 GCVI GNDVI GSR MSAVI MTVI2 NDVI OSAVI RDVI TVl WDRVI SR

LAI WDRVI
RMSE 108 139 139 138 139 139 138 137 139 139 138 138 140  1.37
R? 095 093 093 092 092 093 093 094 093 093 094 093 093  0.94
Mean error -068 -095 097 095  -096 -097 -094 093 -094 094 -096 -094 096 -0.95
Median error -038 -083 087 080  -084 -087 -081 074 -082 082 -073 -082 -08 -087

Mean accuracy % 90.85 84.84 83.74 84.12 83.86 83.76  85.08 85.58 84.92 8492 8649 8581 84.60  84.65

Median accuracy % 86.95 79.73  76.34 78.33 76.69 76.34  80.57 80.44 80.15 80.15 81.37 80.47 79.63  79.33

© LAI of senescing canopy (n = 32)

S2 Green-
EVI2 GCVI GNDVI GSR MSAVI MTVI2 NDVI OSAVI RDVI TVl WDRVI SR

LAI WDRVI
RMSE 1.90 202 2.01 2.03 2.02 2.01 2.02 1.99 2.02 2.02 2.02 2.02 2.00 1.97
R? 0.83 0.79 0.81 0.80 0.81 0.81 0.79 0.79 0.79 0.79 0.79 0.80 0.80 0.80
Mean error -141 -151 -1.51 -1.52 -1.52 -1.51 -1.51 -1.49 -1.51 -1.51 -1.51 -1.52 -1.50 -1.48
Median error -1.08 -1.16 -1.23 -1.25 -1.24 -1.23 -1.16 -1.11 -1.16 -1.16 -1.14 -1.16 -1.16 -1.13

Mean accuracy % 70.66 69.32  68.21 68.33 68.27 68.22  69.35 70.09 6935 69.35 69.78 68.63 69.24  69.18

Median accuracy % 62.58 62.73  58.58 59.80 59.07 58.58  60.83 61.06 62.01 6201 59.78 61.11 61.74  59.95
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Figure 17. Example of in-situ vs. remotely sensed Green LAl: (A) Sentinel-2 based LAl (B) Enhanced
Vegetation Index 2 (EVI2), (C) Green Chlorophyll Vegetation Index (GCVI), (D) Normalized Difference
Vegetation Index (NDVI), (E) Modified Soil-Adjusted Vegetation Index (MSAVI), (F) Modified Triangular
Vegetation Index 2 (MTVI2), (G) Simple Ratio (SR), (H) Renormalized Difference Vegetation Index (RDVI). In
all plots, solid line is best-fit function, dashed line is the one-to-one line. Statistics relative to these fits are
presented in Table 4.
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Table 7. Best-fit functions of the relationships between Green LAI and VI's obtained using a cross-validation
procedure for wheat, when x = VI, y = Green LAI, and the RMSE is the root mean squared error of the Green
LAl estimation. Fits were performed for data of all the studied trials and are presented in Figure 17.

vi Equation R? RMSE
Sentinel-2 LAI y = 0.0482x* + 0.9161x + 0.0026 0.95 0.62
SR y =0.0658x* + 0.9179x + 0.0614 0.94 0.67
MTVI2 y = 0.0784x + 0.8443x + 0.0823 0.94 0.68
RDVI y =0.0475x? + 1.0382x - 0.0452 0.94 0.70
WDRVI y =0.0502x + 1.0139x + 0.0005 093 0.74
MSAVI y = 0.0493x% + 1.006x + 0.0085 0.93 0.74
VI y = 0.0464x% + 1.0279 - 0.0131 093 0.75
OSAVI y = 0.0492x? + 1.0102x + 0.0052 093 0.75
NDVI y = 0.0492x2 + 1.0102x + 0.0051 0.93 0.75
EVI2 y = 0.0489x% + 1.015x + 0.0012 0.93 0.75
GSR y =0.0171x% + 1.196x - 0.0743 093 0.77
Gevi y =0.0171x? + 1.1961x - 0.074 093 0.77
Green WDRVI y =0.0164x* + 1.1967x - 0.0726 0.92 0.78
GNDVI y = 0.0183x? + 1.1786x - 0.0599 0.92 0.78

3.4.4. Adjustment of S2 LAl to estimate Green LAl in wheat

The equations presented in Table 7 were used to correct, for the different fusion-based LAI
and S2-based LAI, the underestimation of the remotely sensed Green LAI estimations (as
illustrated in Error! Reference source not found.). The performance of the proposed correction m
ethod was tested using an independent LAl dataset that was collected in two wheat fields
located near Yanco, NSW, Australia. The performance of this method was evaluated for

estimating Green LAI with and without the proposed correction.
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Figure 18. Change over time in LAI for pre- (A) and post- (B) corrected LAl values in a wheat field in Saad in
2018. See caption of Figure 16 for details of the legend. (The field which presented in this figure was not used
as part of the independent LAl dataset, it is used here as it illustrates best the adjustment concept).

The results of the Green LAI correction analysis showed that the estimations of the fused-
based LAI were improved by up to 47% compared with non-corrected Green LAI estimations
(Table 8). The RMSE between the in-situ LAl and the fused-based LAl before the correction
ranged between 0.53 and 0.87 (among the different indices), while the correction achieved
higher accuracy with RMSE ranging between 0.35 and 0.63, as shown in Table 8. Even though
the proposed correction aimed to adjust the Green LAI phase of the wheat, the results show
that this method also adjusts LAl estimations at the senescing phase. In the conditions tested,
the best pre-correction performing indices were for MSAVI, MTVI2 and GNDVI (all < 0.6
RMSE) and the best post-correction performing indices were for GNDVI, Green WDRVI,
GDVI, GSR, TVI, OSAVI and NDVI (all < 0.45 RMSE). Overall, the RMSE of Green LAl
estimations improved by more than 25% for 10 out of the 13 indices analysed. As for the S2-

LAI estimations, in these fields, the S2-LAl underperformed the fused-based LAI estimations

47



Chapter 3 - Fusion of PlanetScope and Sentinel-2 into daily 3 m LAI

Table 8. Performance of remotely-sensed Green LAl estimates compared to in-situ LAl measurement for pre
and post Green LAl correction. This table presents the RMSE between the in-situ Green LAl measurements
of an independent dataset (fields of Yanco) and the Green LAl estimated from the fused data and S2 images.
Best performing index are coloured in red.

Green-

Green LAI S2 LAI EVI2 GCVI  GNDVI GSR MSAVI MTVI2 NDVI OSAVI RDVI TVI WDRVI SR
WDRVI
RMSE
1.38 0.75 0.76 0.58 0.76 0.76 0.53 0.56 0.65 0.65 0.68 0.61 0.87 0.84
(pre-correction)
RMSE
1.38 0.50 043 0.35 0.40 0.43 0.45 0.57 0.44 0.44 0.54 0.44 0.62 0.63

(post-correction)

Improvement in
0% 34% 43% 39% 47% 43% 14% -1% 31% 32% 21% 28% 29% 25%
RMSE
R2
0.412 0.767 0.921 0.584 0.761 0.921 0.272 0.024 0439 0481 0.519 0.365 0.906 0.748
(pre-correction)
R2
0.411 0.764 0.920 0.584 0.760 0.920 0.270 0.024 0.433 0.475 0.527 0.359 0.898 0.746
(post-correction)

having an RMSE of 1.38 (R? = 0.41). This stems from the fact that the in-situ LAl was
measured along the edges of these fields. Therefore, the 10 m spatial resolution of S2 suffered
from mixed pixels, representing not only the wheat LAI but also the road around the fields,

while the 3 m fused LAl images overcame this limitation.

3.5. Discussion

Monitoring crop performance is essential to guarantee a high quality and profitable vyield;
however, it has always been a challenge, especially with the large fields that are common to
modern agriculture. The large cultivated areas and the frequent monitoring requirement
(Waldner et al. 2019), makes remote sensing a valuable tool for farmers and agronomists to

achieve maximum yield (Raun et al. 2002).
3.5.1. The advantages of the proposed fusion approach

CubeSats, such as Planet’'s PS, are relatively cheap to build and can offer high spatio-
temporal imagery at lower costs than traditional satellites. However, CubeSat constellations
tend to suffer from cross-sensor inconsistencies in radiometric quality and dissimilarity of their
spectral responses among satellites in the constellation, contributing to the noise observed in
time-series data acquired from these sensors (Houborg and McCabe 2016, 2018a). Such
inconsistencies limit the accuracy of surface reflectance-based applications such as
estimation of vegetation indices (Figure 14), hindering the use of CubeSat satellites to monitor
changes on the Earth surface (Sadeh et al. 2019) and for land surface characterization
(Houborg and McCabe 2018a). Fusion of CubeSat imagery with a consistent and reliable

dataset, such as S2, can overcome this limitation and eliminate the noise that exists in
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CubeSat data (Houborg and McCabe 2018a; Kimm et al. 2020). PS bands have different
bandwidths and spectral responses from S2 (Figure 10). While S2 RGB-NIR bands have a
clear spectral separation between the bands, PS’s RGB bands overlap each other. Such
overlaps can cause contamination of the signals acquired by each band, with radiation
belonging to neighbouring bands, limiting the accuracy of different applications such as VI

calculations and classification.

The fusion approach proposed in this study helps to resolve the challenges posed by PS
spectral responses, producing time-series of images that preserve both the high spatial and
temporal resolution of PS and the spectral quality of S2 (as shown in Figure 12 and Figure
13). In practical terms this means that S2-consistent, surface reflectance RGB-NIR images
and crop Green LAl could be generated at a 3 m resolution on a daily basis.

The fusion method proposed here can process a time series from an unlimited number of
images to generate a time series of images that covers the whole growing season. This make
the method robust and flexible, and the user can theoretically fuse images acquired by a
number of sensors. The fleet of Earth observing satellites is increasing every year, offering
unprecedented imagery in a range of spectral resolutions acquired across various bands.
However, some previous image fusion methods are limited to a maximum of three input bands
of a lower resolution at a time (GaSparovi¢ and Jogun 2018). This method is not limited by the
number of bands to be fused, so long as the higher spatial-resolution bands covers the
spectral range of the lower resolution bands. In order to reduce sampling gaps between
images sourced from one dataset such as S2, the method can also use Landsat images for
example, to increase the temporal resolution of these coarse images. In the same way, if a
new CubeSat constellation that can provide data complimentary to PS becomes operational,

it can be integrated as an additional high spatio-temporal imagery in the fusion process.

The potential of spaceborne remote sensing to provide relevant information by monitoring crop
performance has long been recognized. However, despite the technological and
methodological progress over the past decades, remotely sensed data are still not as broadly
and operationally used by farmers as they should be. This could be because of the cost of
images with both high temporal (<5 days) and spatial resolutions (<5 m) (e.g. DigitalGlobe’s
WorldView-2 and 3), which limit the profitability of the farm. Or it could be that agronomists
and farmers do not have the knowledge and skills required to process and analyse the satellite
data. This study has addressed the issue of availability for affordable high spatio-temporal
data for crop monitoring at a field and sub-field scale. In addition, such new datasets can be
used for precision agriculture applications, which until now couldn’t be implemented owing to

the temporal or spatial limitation of the existing publicly available sources of satellite data.
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Near real-time estimation of Green LAI can provide farmers with the tool to monitor the crop
health and growth status, which may support farm management actions such as irrigation and
fertilization (Pasqualotto et al. 2019). However, waiting for a cloud free image from the publicly
available satellite imagery (e.g. S2 and Landsat), often results in an image that is too late to
act in the field or will result in an incorrect interpretation (Khan et al. 2018). For example, the
peak of the crop LAI, which has been found to be as an important parameter to provide early
estimates of grain yield (Waldner et al. 2019), can be easily missed by the 16 and 5 day revisit
times of Landsat (Jin et al. 2017b) and S2 (Clevers et al. 2017), respectively. Consequently,
methods developed for yield estimation based on the peak of VIs (e.g. Franch et al. 2015) or
LAI (e.g. Lobell et al. 2015) are not able to provide accurate yield estimates, or to target small
farm holders fields. The proposed method allows time-series gaps due to clouds to be filled
and improves the probability of identifying the peak LAI. However, it still faces some limitations

in near real-time monitoring on cloudy days.
3.5.2. Estimating wheat Green LAl

Similar to previous studies (e.g. Djamai and Fernandes 2018; Dhakar et al. 2019; Djamai et
al. 2019; Pasqualotto et al. 2019), this study found S2 LAl products (created using the
Biophysical Processor within ESA’s SNAP software (Weiss and Baret 2016)) are capable of
estimating wheat Green LAl (R? = 0.95 and 1.08 RMSE). However, the S2-LAl product was
found to be less suitable for estimating wheat senescence-LAI (R? = 0.83 and 1.9 RMSE).
One of the strengths of this new method for estimating LAI is the fact that it combines both
methods, i.e., the physically-based retrieval method (e.g. RTM) and the empirical approach
(e.g. using VIs), to convert surface reflectance data into LAl estimates. First, the method uses
the RTM-based S2-LAl product as a benchmark and then uses the fused VI image pixel values
within the defined region of interest, as an automatic “field-based” calibration to convert the
fused Vis into S2-like LAI estimates, through a series of linear regression models. These
regressions, which are automatically generated for each day in the time-series, are uniquely
fitted to the area of interest (e.g. the analysed field). This approach enables the method to be
more robust and valid across different soil types, crop types and varieties, farm managements

and environmental conditions.

In this study, 13 different VIs were tested (), having been indicated in the literature to be highly
correlated with LAI, and evaluated their performance to estimate LAl in the new fusion method.
It was found that overall this new method is not sensitive to a specific VI, with the fused Green
LAI estimates from the various indices ranging from RMSE 1.37-1.4 (R? = 0.92-0.94). The
MTVI2, SR and the RDVI were found to be the best preforming VIs in this study. However, all
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of these VI fuse-based estimates slightly underperformed the accuracy of S2 Green LAl
estimations (Table 7) while also providing daily estimates at 3 m resolution.

The S2-LAIl product has a few limitations. As noted by previous studies, similar to other
remotely sensed LAI estimation (e.g. Houborg et al. 2016; Djamai et al. 2019), S2-based
Green LAl estimates also tend to underestimate high Green LAl values (LAl > ~3) (Herrmann
et al. 2011; Verrelst et al. 2015; Dhakar et al. 2019; Djamai et al. 2019; Pasqualotto et al.
2019). These underestimations are probably produced by the asymptotically saturation of the
surface reflectance data caused by the high biomass density (Gitelson 2004). These
underestimations become even more significant from LAl = 6 and higher (as shown in Figure
17), which causes the uncertainties in estimating high LAl values (LAl > 6) using SNAP’s
Biophysical Processor, as reported by Weiss and Baret (2016). The analysis of the new fused
LAI time series showed similar underestimations as the S2-LAIl, which is not surprising

considering the fact that the fused-LAl was created using S2-LAl data.

Similar to other LAI products such as MODIS LAI (Myneni and Park 2015) or Visible Infrared
Imaging Radiometer Suite (VIIRS) LAl products (Knyazikhin and Myneni 2018), the S2-LAI
product uses a generic method to estimate LAI for any type of vegetation (Weiss and Baret
2016). Therefore, in order to have a better match for a specific crop type, a correction should
be applied to calibrate the data (Weiss and Baret 2016). This study has developed regression
models (Table 7) to adjust both the S2-based LAl and the fused-LAl estimates to provide more
accurate wheat LAl estimates. The performance of the proposed correction, which was tested
using an independent wheat LAl dataset measured in NSW, Australia, showed a clear
improvement in the accuracy of the method to estimate wheat Green LA In 10 out of the 13
indices tested, the RMSE of Green LAI estimates improved by more than 25%, while four
improved by more than 39% (Green WDRVI improved in 47%) in comparison with non-
corrected Green LAl estimations (Table 8), with RMSE ranging between 0.35-0.63. The S2-
LAl data was also tested, however the comparison between the pre-correction and the post-
correction Green LAl estimates showed that S2-LAI underperformed the fused-based LAI
estimates with 1.38 RMSE (R? = 0.41). The reason that the S2-LAl data was not able to
reproduce the accuracy achieved by the fused data to estimate the Green LAl is due to the
fact that the in-situ LAI in these fields was measured along the fields’ boundaries, and
therefore, the S2 data suffered from mixed pixels that lowered the Green LAl estimates. The
mixed pixel effect has long been recognised as a main drawback to monitor crop performance
and characterization from space, especially when using low and medium spatial resolution
data such as the imagery acquired by MODIS and Landsat (Gao et al. 2006; Gao et al. 2012,
Jain et al. 2016; Khan et al. 2018; Li et al. 2019). While LAI information driven from low to

medium resolution satellite images may be lost for certain surface types that appear only at
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smaller spatial scales (Gao et al. 2012), the 3 m fused LAI data presented in this study

overcome these limitations.

Despite the fact that the proposed correction aimed to adjust the Green LAI phase of the
wheat, the results shows that the accuracy of the LAI estimations of the senescing phase has
also improved after applying the correction. Future study should attempt to develop an
adjustment method that will target the crop’s senescing phase only. As demonstrated in Figure
15, the new high-resolution dataset was able to better describe the spatial patterns of the
crops and to identify vegetation with less active growth within the sub-field scale. Moreover,
the new high spatio-temporal LAl estimates can be potentially used to monitor crops grown
on small holder (<2 ha) farms in developing countries (Jain et al. 2016). Nevertheless, it is
expected that the regression models proposed here to correct S2 Green LAI estimations will
exceed those of the non-corrected wheat Green LAI estimates, when overcoming the mixed

pixel effect. However, this should be further tested in future studies.
3.5.3. Limitations and prospects

Even with the promising results presented here, there are some limitations that should be
noted. The fused daily 3 m LAI data was evaluated across two countries in four different
geographic locations, over 12 wheat fields with diverse farm management practices, soil types,
climates and varieties. However, the correction method presented in this study to adjust the
S2 and fused Green LAl was tested in one geo-location only. Therefore, future studies should
explore the performance of the proposed correction over a larger number of fields and

environments.

While some previous studies have suggested that red-edge based VIs may help to mitigate
the saturation problem encountered when estimating high LAI values using traditional VIs
based on visible reflectance, such as NDVI (Nguy-Robertson et al. 2012; Dong et al. 2019).
Nguy-Robertson et al. (2014) have shown that this is not universally true. Moreover, current

PlanetScope imagery does not provide red-edge data and so was not applied in this study.

Even though it is one of the cheapest commercial high-resolution image products currently
available in the market, Planet’s PS images are not free like S2. Farmers and others, who may
want to use such high spatio-temporal LAl and Vls data, should consider the cost effectiveness
of this data. It is expected that high-performing farmers will find it very beneficial while
individual farmers in developing countries may find the costs too high. As more CubeSat

constellations come on line in coming years, prices of their imagery will likely be reduced.
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The uncertainty of the PlanetScope data in terms of its geo-location accuracy has been
reported as less than 10 m RMSE (Planet Team 2018). This uncertainty may affect the utility
of the PlanetScope data when carrying out detailed time-series analyses (Houborg and
McCabe 2018b). Implementing a co-registration practice to reduce the cross-scene co-
registration error, similar to the co-registration technique proposed by Houborg and McCabe
(2018b), is likely to increase the spatial correlation between consecutive scenes.

This study used a simple linear interpolation to fill data gaps between the cloud free images
for both PS and S2 images to create evenly spaced time series. Despite the simplicity of this
approach, previous studies showed that linear interpolation is an effective way to interpolate
between periods with valid data to assign values to the periods of missing satellite
observations with considerable accuracy (Sakamoto et al. 2010; Zhu et al. 2011; Pan et al.
2015; Maynard et al. 2016). Importantly, this study implemented a fusion method to monitor
field crops, which commonly do not change over a single day. This method can therefore be
used for other disciplines that also have a slow temporal evolution, such as forestry, land cover
classification (GaSparovi¢ et al. 2018), geomorphological and environmental studies, or to
monitor urban development over time. Nevertheless, the utility of its implementation for
monitoring rapidly changing environments or phenomena such as flash floods or fires, should
be further investigated and evaluated compared to change detection techniques (e.g. Sadeh
et al. 2019).

As a prospect for future improvements and research directions, it is suggested that future
studies should test the proposed fusion method over other crops types, explore the possibility
of adding more sensors in the fusion process (e.g. Landsat) and examine the suitability of this
fusion method to fuse other sensor data (other than S2 and PS). Although this study attempted
to generate high resolution LAI, this method can potentially be useful to produce high spatio-
temporal time series of Fraction of Absorbed Photosynthetically Active Radiation (FAPAR),
Fraction of vegetation cover (FCOVER), Chlorophyll content in the leaf (Cab) and Canopy
Water Content (CWC). Furthermore, future studies should explore the suitability of the
proposed fusion method for improving the spatial and temporal data obtained from sensors
operated in the shortwave infrared (SWIR) and the thermal wavelengths, such as those on-
board Landsat and S2.

3.6. Conclusions

With the increasing number of CubeSat constellations expected to become operational in the
coming years, a new era of Earth observing satellite-based applications has begun. This paper

presents the first study to fuse time series imagery sourced from Sentinel-2 (S2) and Planets’
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PlanetScope (PS) CubeSat constellation. The fusion method proposed in this study enabled
S2-consistent, cloud free, surface reflectance RGB-NIR images and crop Green LAI to be
generated at a 3 m resolution. Overall, the results from the study demonstrated that the new
fused time-series data combined the spatial, temporal and spectral advantages of both
sensors, allowing wheat Green LAI to be monitored on a daily basis with an RMSE of 1.37
and R? of 0.94 in wheat.

Furthermore, this study proposed a correction method to compensate the underestimations in
high LAI values (> 3) between the remotely sensed LAl estimations and the in-situ
measurements. With the implementation of the correction method, the accuracy of the Green
LAI estimations improved by up to 47% (RMSE = 0.35-0.63).

Although tested to fuse S2 and PS data for LAl estimations, this new time series fusion method
can be used to fuse other sources of imagery with different spectral, spatial and temporal
resolutions. Furthermore, it may be used to estimate indices or parameters other than LAI.
The proposed method is not limited to a specific number of bands, wavelengths or images,
and can integrate numerous sources of imagery. This new time series fusion method can be
used for continuous daily high-resolution monitoring of crops over large scales, and can
potentially be used for a range of new precision agriculture applications. Such time-series are
critical for crop health and growth status monitoring, and will improve the effectiveness of
farming practices such as water management and fertilization, as well as improve yield

forecasts.
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Chapter 4 — The Versatile Crop Yield Estimator

4.1. Abstract

One of the major challenges in monitoring and managing food security is to provide reliable,
consistent and scalable crop yield projections. Accurate production forecasts, as early as
possible prior to the harvest, are critical for market stability, as well as for farmers, grains
companies and governments. For decades, methods have been developed for using Earth
observing satellite data to monitor crop conditions and their production across different spatial
and temporal scales. These methods typically rely heavily on detailed official crop statistics or
used ground-based data to develop empirical forecasting models, which limit their application
to the regions where they were calibrated. Accordingly, this study proposed a new method
named the VeRsatile Crop Yield Estimator (VeRCYe), which aimed to overcome the above
limitation for wheat yield estimation at the field and pixel scales, by combining the advantages
of both high spatio-temporal resolution remote sensing and crop model simulations. In this
process, the sowing and harvest dates of each field were detected (RMSE = 2.6 — 2.7 days)
using PlanetScope imagery. In addition, Sentinel-2 and PlanetScope data were fused into a
daily 3 m LAl dataset. Finally, the detected sowing dates and the LAI datasets were coupled
with the APSIM-Wheat crop model to estimate wheat yield at the field and pixel scales. This
study tested the method over multiple wheat fields located in the Australian wheat-belt,
covering a large range of pedo-climatic conditions and farm management practices across
three growing seasons (2017 - 2019). VeRCYe estimated field-scale yield with R? = 0.88
(RMSE of 757 kg/ha, 15% error), and produced yield maps at 3 m resolution up to four months
before crop harvest (R? = 0.32, RMSE of 1,213 kg/ha). The advantages of VeRCYe are that
(1) it can be used to estimate yield without the need for ground calibration, (2) it can
theoretically be applied to other crop types, and (3) it can be used with any remotely sensed
LAI Furthermore, VeRCYe can help to identify yield gaps, understand yield variability and its

causes from the pixel-level to a regional-level.

4.2. Introduction

One of the major challenges in monitoring and managing food security is to provide reliable,
consistent and scalable crop yield projections (Nakalembe et al. 2021). Therefore, accurate
production forecasts as early as possible prior to harvest are critical for market stability, as

well as for farmers, grains companies and governments (Hammer et al. 2001; Becker-Reshef
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et al. 2020; Benami et al. 2021). Importantly, climate variability and extreme weather events
are projected to increasingly affect future crop yields, potentially leading to severe food crises,
risks and uncertainties within the global food system (Hammer et al. 2001; Ray et al. 2015;
Feng et al. 2020). Spaceborne remote sensing is considered a reliable, affordable, large-scale,
and timely source to improve crop yield prediction (Becker-Reshef et al. 2020), therefore many
yield prediction methods using satellite data have been developed in the last few decades
(e.g.Idso etal. 1977; Ferencz et al. 2004; Prasad et al. 2006; Franch et al. 2015). Traditionally,
these methods are based on the correlation between Vegetation Indices (VIs) and crop yield
(e.g. Raun et al. 2001; Labus et al. 2002; Becker-Reshef et al. 2010; Bognar et al. 2017).
However, reliance upon a unique and local relationship is not ideal, especially when crops

experience highly variable environmental conditions through space and time.

In the last decade, methods which combine satellite images and machine learning techniques
have become very popular (e.g. Cai et al. 2019; Jeffries et al. 2019; Feng et al. 2020; Kamir
et al. 2020). However, these methods often require a large amount of ground data from
different sources, including yield, sowing dates, soil properties, cultivars, farm management
practices and weather for training and calibrating the model. Such data is rarely available for
yield estimation over large scales such as at the district or country level (Feng et al. 2020),
and therefore these models are calibrated locally. While locally calibrated yield estimation
methods may achieve good accuracy of yield estimation (Donohue et al. 2018; Chen et al.

2020), the use of these methods is usually limited to the area in which they were calibrated.

Despite the growing availability of Earth observing data to monitor crop development and yield
estimation, use of spaceborne sensors is limited by the type of data they can retrieve. Optical
remote sensing cannot see though the crop canopy or the soil surface but it can, for example,
provide valid information about canopy chlorophyll content (Gitelson et al. 2005). Synthetic
Aperture Radar (SAR) may provide complementary data on the surface’s roughness, slope,
geometry and the soil moisture (Walker et al. 2004; Sadeh et al. 2018). Conversely, crop
growth models can be used to simulate key physiological processes including phenology,
organ (such as leaf and grain) development, water and nutrient uptake, biomass, and
response to abiotic stresses (Holzworth et al. 2014; Huang et al. 2019). Therefore, merging
the capabilities of remote sensing with crop model simulations has a great potential for
improving capabilities in monitoring crop development and yield estimation through space and

time.

One of the ways to blend the abilities of crop models and remotely sensed data is by using
data assimilation techniques, and many of these studies have focused on the assimilation of
Leaf Area Index (LAI) into the models (Ines et al. 2013; Huang et al. 2015; Huang et al. 2019;
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Pan et al. 2019). LAI has been found to be a good indicator of crop status and leaf abundance,
as well as phenological stage, and can be used as an indicator of different farm management
practices, or the impact of biotic and abiotic stresses (Huang et al. 2019). However, often
these data assimilation techniques required local calibration through field measurements (Pan
et al. 2019; Beyene et al. 2021; Manivasagam et al. 2021), which limit their ability to estimate
crop yield over large areas or in environments different from where the calibration data was

collected.

In order to bypass the need for ground calibration data, Lobell et al. (2015) developed a new
approach named the scalable satellite-based crop yield mapper (SCYM), which uses crop
model simulations to train a regression that relates final crop yield to observed values of VIs
for available satellite images during the growing season (Lobell et al. 2015; Azzari et al. 2017).
In the process, Lobell et al. (2015) used the Agricultural Production Systems sIMulator
(APSIM) (Holzworth et al. 2014) to generate a large number of crop model simulations that
span a realistic range of soil, climate, and management settings for a specified region. The
advantage of using APSIM is that each individual simulation provides output on daily crop
attributes, such as LAI and vyield (Lobell et al. 2015). SCYM uses published equations to
convert the LAl to optical based Vls, providing per pixel yield predictions by applying a
regression to Landsat-based VI and gridded weather data (Lobell et al. 2015; Azzari et al.
2017). Despite the potential of this innovative approach, the accuracy of the method was
limited. Moreover, its operational capability in predicting crop yields was also reported at
limited, particularly in smallholder farms due to limitations in the spatial resolution and temporal

frequency of satellite images (Azzari et al. 2017; Nakalembe et al. 2021).

For years, the trade-off between high spatial and temporal resolution coverage has limited
remotely-sensed applications such as crop yield estimation at the field and sub-field scales
(Waldner et al. 2019). In order to fill that gap, a number of companies developed and launched
Earth observing CubeSats to a low Earth orbit. These new satellites, such as Planet Labs'
PlanetScope (PS) CubeSat, are relatively inexpensive to build, thereby making it possible to
acquire large image collections at high spatial and temporal resolutions at a relatively low cost.
However, images obtained from CubeSat constellations, such as Planet’'s PS, frequently
suffer from radiometric inconsistencies in the data collected by the different satellites within
the constellation, due to inter-calibration challenges and their low signal-to-noise ratio.
(Houborg and McCabe 2016; Houborg and McCabe 2018b; Leach et al. 2019; Sadeh et al.
2019). To overcome this issues, some methods have been developed to fuse CubeSat data
with other satellite images such as Sentinel-2 (S2) or Landsat to produce consistent high
spatio-temporal LAl datasets (Houborg and McCabe 2018a; Kimm et al. 2020; Sadeh et al.

2021). While recent studies have shown that improvement in crop yield estimations can be
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expected by using more frequent high-spatial and high-temporal satellite images per growing
season (Jain et al. 2016; Jin et al. 2017a; Waldner et al. 2019; Manivasagam et al. 2021), the
potential of using such a unique high spatio-temporal LAl dataset to improve yield estimations
has yet to be fully evaluated.

While most studies attempted to estimate crop yield at regional, state or national scales (e.g.
Ines et al. 2013; Huang et al. 2015; Azzari et al. 2017; Jin et al. 2017b; Cai et al. 2019; Jin et
al. 2019), few studies have attempted to estimate yields without calibration through ground
data (e.g. Becker-Reshef et al. 2010; Franch et al. 2015; Lobell et al. 2015; Azzari et al. 2017,
Jin et al. 2019). In addition, a relatively small number of studies tried to estimate yield at the
pixel and field scales (e.g. Donohue et al. 2018; Lai et al. 2018; Chen et al. 2020;
Manivasagam et al. 2021; Sagan et al. 2021), but only very few attempted doing so without
any ground-based data for calibration (e.g. Jain et al. 2016; Burke and Lobell 2017; Dado et
al. 2020; Deines et al. 2021), achieving limited success. To overcome these limitations, it
appears promising to develop new methods that combine earth observation data with data
generated from crop growth models, and thus eliminate the need for in-situ yield measurement

and to preform global yield monitoring (Lobell et al. 2015; Waldner et al. 2019).

The obijective of this study was therefore to develop a new approach for estimating crop yield
at the field and pixel scales, without relying on ground data for calibration. The proposed
method was tested on estimating wheat yield, as wheat is an agricultural commaodity which
has an important place in the global food production. However, since it is typically grown in
relatively arid regions of the world, it is particularly vulnerable to climate variability (Hammer
et al. 2001), hence the importance of the success of the method. First, a CubeSat-based
sowing date detection method (Chapter 2) was used to identify cultivated fields and the date
when they were sown. Second, PS images and S2 images were fused to create daily LAl
datasets at 3 m resolution (Chapter 3). Finally, the detected sowing dates and the field’s LAI
datasets were coupled with the APSIM-Wheat crop model (Holzworth et al. 2014) to estimate
wheat yield 2-3 months before the harvest at the field scale and at 3 m pixel size within the
field.

Lastly to identify where and when the estimated yield has been harvested and become
available to be trade in the market, this study tested the ability of the sowing date detection

method to also detect the timing of the harvest for the studied fields.
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4.3.  Methodology

This study developed a new method named VeRCYe — VeRsatile Crop Yield Estimator
(pronounced as “versi”) for estimating crop yield at the field and pixel scales. VeRCYe uses
the LAI as the linking parameter between the remotely sensed (RS) data and APSIM’s plant

development and yield estimation. It includes four main steps:

1. A CubeSat-based sowing date detection method developed to identify cultivated fields
and the date when they were sown (Chapter 2).

2. Fusion of PlanetScope (PS) images and Sentinel-2 (S2) images to create daily LAI
datasets at 3 m resolution (Chapter 3).

3. Coupling of the sowing dates and Leaf Area Index (LAI) datasets with The Agricultural
Production Systems sIMulator (APSIM)-Wheat crop model to estimate wheat yield at

the field scale.

4. Detection of the harvest date for each field using the same methodology as for the

sowing date detection in step 1 but at the end of the season.

The accuracy of the estimated yield was evaluated against the reported yield from 27 farmers’
fields (Table 9), including 21 fields sourced from the National Paddock Survey (Lawes et al.
2018). Fields were located across five Australian states. Reported data spanned three growing
seasons (2017 — 2019) and corresponded to various weather conditions, soils, farm
management practices and wheat cultivars. It is important to note that at no stage ground-

based data (included yield) was used in this study for training or calibration purposes.

PlanetScope images (3m)

Figure 19. VeRCYe’s field-scale yield prediction workflow
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Table 9. This table summarizes the field-scale reference data used in this study to evaluate the performance
of the proposed method. Overall, 27 fields were analysed, however, the sowing and harvest dates were not
reported for all fields and for some the harvester data was missing.

Field-scale Yield map .
yield data (harvester data) Sowing dates Harvest dates
Number of fields 27 22 22 20

4.3.1. Sowing and harvest date detection

In order to extract the sowing dates for each field, the semi-automated sowing date detection

proposed in Chapter 2 was implemented. By contrast to Sadeh et al. (2019) who used
PCq1

I
Equation 1 (Change = Imag—eEcl, Page 17) to identify the change between two consecutive
mage,,

images, the current chapter used the following as it provided improved performance:

1

Change = ImagefzC - ImagezC1 Equation 4

where Image,ic1 is the first principal component of the earlier satellite image and Imagegcl is
the first principal component of the later satellite image.

This study also tested the ability of the sowing date detection method to detect the harvest
dates and the field area that had been harvested between two consecutive images. It was

found that the sowing date detection method was effective in detecting the harvested area of

the field, after modifying the “change” equation (Equation 4) to:

Change = ImagegCl — ImagefzCl Equation 5

where here the Imagetic1 is the first principal component of the earlier satellite image and

Imaget';c1 is the first principal component of the later satellite image. This modification was

required, as sowing often corresponds to a change in color from bright to dark, while at harvest,

the field changes from dark brown to the light brown-yellow color of the crop residue.

The accuracy of the detection of both sowing and harvest dates was evaluated against the
dates reported by farmers. Out of all 27 fields used in this Chapter, only 22 had reported

sowing dates and 20 had reported harvest dates.
4.3.2. APSIM model simulations

APSIM Next Generation crop model (Holzworth et al. 2018) allows the running of numerous

possible scenarios that represent a realistic range of environmental conditions and farm
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management practices. This helps to overcome the gaps in knowledge of the farm
management practices used in specific fields. As part of this process, ~2,000 simulations of
APSIM are generated for each field (Figure 19). The weather data were taken from the nearest

weather station (www.bom.gov.au/) and the soil properties from the four nearest soils available

in the APSoil database (www.apsim.info/apsim-model/apsoil/). Each APSIM simulation

outputs daily crop characteristics including LAI as well as a grain yield estimation (kg/ha).
Simulations that best reflect the LAI evolution selected using an automatic rule-based
algorithm (to be described below) to estimate the likely final yield.

To simulate the range of plausible scenarios for each studied crop, the following information

was used (see summary in Table 10):

Weather data - The weather records were downloaded from the nearest weather station to
the field from the SILO database. SILO is a database of historical climate data for Australia
(Jeffrey et al. 2001). It is maintained by the Queensland Government and the datasets are
constructed using observed data provided by the Australian Bureau of Meteorology (SILO
2018). The weather data file includes daily radiation (MJ/m?), min and max temperature, rain

and evapotranspiration (mm).

Sowing date — the sowing dates used in APSIM were the dates detected using the adapted
sowing date detection method from Chapter 2, as described above. These sowing dates were

also used as the start date for APSIM simulations.

Soil characteristics — Australian wheat crops are mostly grown under rain-fed conditions and
so heavily rely on water available in the soil profile. Therefore, choosing an appropriate soil to
represent the field is important to obtain reliable results. Soil characteristics were sourced from
the APSoil database, which is a repository of soils developed for use by the APSIM cropping
systems model (Holzworth et al. 2014). APSoil is focused on the physical and chemical soil
characteristics that drive crop production, particularly soil water and crop nutrition (Dalgliesh
et al. 2016). In this study, the nearest 4 soil types were used alternatively to generate the
simulations. This increased the likelihood to consider a soil with similar properties as the soll

from the field of interest.

Cultivars — For each field, three cultivars were chosen to represent early, mid, and late
maturing cultivars from each region, as proposed by Zheng et al. (2015) and by analysing the
popular cultivars used by farmers in each region as reported in the National Paddock Survey.
The cultivars used for each region in the Australian wheat-belt were: South-East: Axe, Mace,

Gregory, South-West: Mace, Scepter, Yitpi and East: Suntop, Baxter, Lancer.

61


http://www.bom.gov.au/
http://www.apsim.info/apsim-model/apsoil/

Chapter 4 - The Versatile Crop Yield Estimator

Initial soil water — The soil water at the start of the simulation was set as 20%, 50% or 100%
of the plant available soil water capacity (PAWC) of the soil, with the soil profile filled from the
top (typically due to rainfall refilling the soil during the intercropping season).

Fertilization at sowing — Farmers commonly fertilize the soil at sowing, however the rate of
fertilizers used typically varies across regions. Three different rates were used to cover the
range from current common practice in Australia (Chenu et al. 2013). Those were 30, 50 or
100 kg/ha of nitrogen, in the form of NOs.

Fertilization during the season — Similar to the fertilization at sowing, the rate of fertilizers
used by farmers during the growing season typically vary across regions of the wheat-belt but
also depending on seasonal rainfall. As the actual dates of the fertilization are unknown for
the studied fields, different optional rates were applied in the simulations to cover common
practice in Australia following Chenu et al. (2013). These rates were 0, 30 or 60 kg/ha of NO3
at the stage ‘stem elongation’ (also referred to as Zadoks’ growth stage 31 (Zadoks et al.
1974)) and 0 or 30 kg/ha of NO3 at the ‘booting’ stage (i.e. Zadoks’ growth stage 40).

Plant population — The number of plants per m?, or plant ‘density’, was set at 50, 100 & 150
plants per m?, based on common practices reported in Chenu et al. (2013) and in the National

Paddock Survey.
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4.3.3. Remotely sensed LAI

The newly developed method to fuse PlanetScope and Sentinel-2 imagery into daily 3 m LAI
(Sadeh et al. 2021) was used to generate a times-series of LAl for each of the fields analysed.
This Chapter tested the ability of using both the original remotely sensed LAI time-series, being
equivalent to the generic S2-LAI product (but in 3 m daily datasets) and the modified remotely
sensed LAI dataset, which adjusted the generic S2-LAI product estimations to better estimate
wheat Green LAI (Sadeh et al. 2021).

4.3.4. Coupling APSIM model simulation with remotely sensed LAI for
field scale yield estimations

For each field, ~2,000 different simulations of APSIM were generated spanning a realistic

range of possible environmental and on-farm variables (as described above). Simulations

Table 10. Inputs used to run APSIM simulations at each studied field.

Parameters Inputs / Rules

Constant parameters

Sowing date The detected sowing date
Sowing depth (mm) 30
Row spacing (cm) 25
Duration of rainfall accumulation (days) 7

Changing parameters (factorials)

From the nearest weather

Weather data station

Early, mid, and late

Cultivars maturing local cultivars
Plant population (plants per m?) 50, 100, 150
. - The nearest 4 APSOIL
Soil characteristics )
soils
20%, 50%, 100% of the
Initial soil water plant available water
capacity from the soil
Fertilization at sowing (NOz kg/ha) 30, 50, 100
Fertilization at Zadok Stage — 31 (Stem elongation stage) (NOs kg/ha) 0, 30, 60
Fertilization at Zadok Stage — 40 (Booting stage) (NOskg/ha) 0, 30

most likely to accurately predict the yield of the field of interest were selected using the
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following steps. The selection steps all focused on LAI data around the field’s peak LAI, within
a target time window when the Remotely Sensed (RS) LAI values were = 60% of the RS max
LAI (LAlmax) (Figure 20).

Step 1. Find the highest 40% of the remotely sensed LAI values during the season and
their timing. The threshold 40% was chosen following sensitivity tests which showed that
there is no need of using the entire season data to produce and accurate yield estimation.
This criterion is commonly reached about two months before harvest on average.

Step 2. For each APSIM simulation, extract only the simulated LAI that fall within the
duration of the highest 40% of the remotely sensed LAI values.

Step 3. Calculate the following variables for each APSIM simulation:
A. The gap in LAl between the max simulated and RS LAl (e.g. on the Y axis).

B. The gap in days between the timing of max simulated LAl and max RS LAI (e.qg.
on the X axis).

C. RMSE between simulated and RS LAl (for the highest 40% of the remotely
sensed LAl values), assuming that low RMSE represents a good match between
the RS and the simulated LAI.

D. RMSE between simulated and RS Green LAI, representing the stages when the
leaves are photosynthetically active (Daughtry et al. 1992), in the range of 1 to
maximum RS LA

E. RMSE between simulated and RS Senescence LAI, representing the stages
when the leaves are not photosynthetically active (Delegido et al. 2015), in the
range between the maximum RS LAl and 1.
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Figure 20. An example of ~2,000 different simulations of APSIM that were generated for a field, spanning a
realistic range of possible environmental and on-farm variables. The green lines represent the simulated LAl
and the blue lines represent the associated yield predictions. The remotely sensed LAl in black and the dashed
red line illustrates the field’'s highset 40% of the remotely sensed LAl values during the growing season. These
were used to select APSIM simulation with most-similar LAl patterns, and estimate the range of plausible yields.
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Step 4. Selecting only the simulations with the lowest 20% gap in LAl between the
maximum (peak) simulated and RS (Figure 22).

Step 5. From the simulations selected in Step 4, select only the simulations with a gap
in days between the timing of the max simulated and RS LAI that is within a range of +- 5
days. If none of the simulation answers this rule, then the selection range will increase to
+- 10 days gap between the timing of the max simulated and RS LAl. If still none of the
simulations meets this rule then it will increase to +- 15, 20, 25 and eventually 30 days
(Figure 21).
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Figure 22. lllustration of the selection process of the lowest 20% gaps between the season’s maximum (peak)
of simulated LAI and the maximum RS LAI. This figure shows the histogram of all the gaps calculated for a
specific field, when the yellow box represents the simulations which has the lowest 20% values, while the red
line represents a perfect match between the maximum simulated LAl and the maximum RS LAI (i.e. gap =0
LAI.

300
250
> 200
Q
c
o
3 150 +- 5 days gap
o
)
L
T
100
) DD |:|
A M S S S R R S S B B - B AR S
§FF oy r ey s NS
Q o 4 w Q o o . : : N Q
FSF P PFFPLPLT T ET T
N N N N
Gap in days

Figure 21. This figure shows the histogram of the gap in days between simulated and RS LAI of all simulations

selected in the previous step. This histogram illustrates the selection rule of the simulations in which their gap

in days between the timing of the max simulated and RS LAl is within the range of +- 5 days gap (the yellow

box). The red line represents a perfect match between the timing of the maximum simulated LAI and the
_ maximum RS LAI (i.e. gap = 0 days).
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Step 6. An attempt to estimate the yield of a field by identifying the best fit simulated
LAI to the remotely sensed LAI constantly resulted in underestimation of the forecasted
yield. This study found that the simulations which ended with high accuracy of yield
estimations (in comparison to the reported yield) frequently had higher simulated LAl
during the senescence period than the RS Senescence LAI. This aligned with the finding
of Chapter 3, in which the S2-LAIl product was found less suitable for estimating wheat
Senescence LAl than Green LAI. An illustration of the underestimation of the RS
Senescence LAl is shown in Figure 23.

In order to overcome the underestimation of the remotely sensed Senescence LAI, the
simulations that will continue for the next step must be simulations with the highest 20%
of the average Senescence LAI (of the simulations selected in the last step). The
threshold of 20% resulted from sensitivity tests conducted to evaluate which percentage
would best perform in this process. The sensitivity tests aimed to identify the
smallest possible percentage in order to minimize the sample size of the data analysed
to save processing time. A breakdown of the simulated LAl and their associated estimated

yield is shown in Figure 24. In this figure the remaining 389 APSIM simulations (out of
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Number of simulations: 389
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Figure 24. A breakdown of the simulated LAI and their associated estimated yield after applying the gap in
max LAl value and timing filters, which resulted in 389 selected simulations (out of ~2,000). The simulations
whose estimated yield ended above the average of all ~2,000 simulations are colored in a darker color
(dark green for simulated LAl and dark blue for its associated estimated yield) then the simulations which
their estimated yield ended to be below the average (light green for simulated LAI and light blue for its
associated estimated yield). The simulation that resulted in the lowest yield is highlighted in orange while
the simulation that resulted in the highest yield is highlighted in red while the remotely sensed LAl is in
black.
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~2,000 initial simulations), which resulted from the gap in max LAl value and timing filters
(steps 4 & 5 above) are plotted. In Figure 24, the simulations for which their estimated
yield ended to be above the average of all ~2,000 simulations are colored in a darker color
(dark green for simulated LAl and dark blue for its associated estimated yield) than the
simulations which their estimated yield ended to be below the average (light green for
simulated LAI and light blue for its associated estimated vyield). The simulation that
resulted in the lowest yield is highlighted in orange while the simulation that resulted in
the highest yield is highlighted in red. Figure 24 shows that there is no clear trend which
simulation will result in a higher, and therefore more accurate yield estimation, when
looking only at the Green LAl stage. However, at the senescence stage a clear trend was
found with the simulations having a low Senescence LAl likely to result in lower yield
estimation, while no clear correlation could be seen for Green LAl and yield. The result of
this rule (Step 6) is presented in Figure 25.
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Figure 25. This figure shows the simulations who met all the conditions in the previous steps. In this example
78 simulations were selected out of 389 in the previous step.

Step 7. Finally, the estimated field-scale yield is set to be the average of the simulations
with the lowest 20% RMSE between simulated and RS Green LAI (low RMSE represents
a good match between the simulated and RS LAI). An example of the output of the field-
scale yield estimation is shown in Figure 26. In order to cover different scenarios, if step

6 results with less than 10 simulations, then the estimated yield is set to be the average
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3.5 4 Estimated Yield: 2,394 (kg/ha)
Reported yield: 2,618 (kg/ha)
Error: -224 (kg/ha) - 2500
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Figure 26. An example of the output of field-scale yield prediction of a wheat field located near Mallala in South

Australia.

of all these simulations, i.e. without applying Step 7. In the scenario of an extremely low

yield, such as during a severe drought, the ability to accurately estimate LAl using

satellites is very limited. While crop models will still simulate crops with very low LAl in

such scenarios, the extreme under-developed crop surrounded by bare soil is typically

associated with a reduced RS LAI dramatically owing to the mixed pixel effect (Gao et al.

2012). Such crops typically have a very low yield and therefore should be addressed as

a worst-case-scenario. Consequently, in case that the maximum RS LAI was lower than

0.9, the estimated yield is set to be the average of the three simulations with lowest yield

estimation.

4.3.5. Generating yield maps at 3 m spatial resolution

This study also predicted yield at the pixel scale two months before the harvest. This was done

using the 3 m daily LAl maps produced from the fusion between PS and S2 (Sadeh et al.

2021), which was converted to yield at the pixel level. In this process, a Conversion Factor

(CF) (Equation 7) was used to convert LAl maps to yield maps (kg/ha). The CF was calculated

as:
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. Estimated Yield .
nversion Factor = Equation 6
Conversio acto Remotely Sensed LAl ax 9

where Estimated Yield is the estimated field-scale yield, as described in section 4.3.4 and
Remotely Sensed LAlnax corresponds to the season’s maximum field-scale median LAI value
from the RS LAI map, for the day when RS LAl was detected as being the maximum, within
that field, during the growing season. Next, each pixel of the LAl map (of the Remotely Sensed
LAlmax) was multiplied with the CF, which converted the LAI values into yield (kg/ha) at the

pixel level. This process resulted in a yield map at a spatial resolution of 3 m.

Combine harvesters equipped with yield monitors collect geolocated point yield data during
the harvest (Fulton et al. 2018). In this study the harvesters’ raw point measurements
(commonly provided at a density of 10 m) were interpolated to a grid using the Inverse
Distance Weighting (IDW) interpolation (Bartier and Keller 1996) into standardized 5 m yield
maps, after removing outlier measurements of less than 100 kg/ha or above 10,000 kg/ha, as
well as data points located within 5 m of the field boundaries. Finally, the generated yield maps
were smoothed by using a low pass filter (3 by 3 pixels kernel) and used to assess the

accuracy of yield maps estimated based on the RS LAl map and APSIM simulations.
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4.4, Results

4.4.1. Sowing and harvest date detection accuracy

Implementing the sowing date detection method resulted in the accurate detection of sowing
in 20 out of the 22 (90.9%) fields analysed (Table 11). There was only an average 0.95-day
gap (0.5-day gap for the median) between the detected and reported sowing dates (RMSE =
2.7 days).

When using this method to detect harvest dates, this study showed that after making the small
adjustments for harvest detection the method was also suitable for detecting harvested area
and its timing (Figure 27). Implementation of the method resulted in the detection of harvest
dates for all 20 analysed fields. Furthermore, there was only an average -0.1-day gap (0-day
gap for the median) between the detected and the reported harvest dates (RMSE = 2.6 days).

A summary of these results is presented in Table 11.

22.1 1 2018
4 P | X

(B)
Change
detection

(C)
Harvested
area

Figure 27. Example of harvest detection. This figure illustrates the harvest detection of a farm land 1,400 ha in
size, near Mullewa, Western Australia, using four PS images taken over eight days. In (A) the pre-harvested
wheat can be seen in a dark brown color, while the harvested area has bright yellow/grey colors. In (B), resulting

images of subtracting Image} ! from Image} !, where a change between the images resulted in high values
1 2

(green) and negligible changes resulted in low values (red). The area classified as harvested is shown in white
(C) and the grey areas classified as noise.
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Table 11. The performance of the sowing date detection method (Sadeh et al. 2019) in detecting the sowing
and harvest dates of fields analysed.

Sowing date detection Harvest date detection
Average error (days) 0.95 -0.1
Median error (days) 0.5 0
RMSE (days) 2.7 2.6
Detected fields 90.9% (20/22) 100% (20/20)

4.4.2. Field-scale yield estimations accuracy

The ability of VeRCYe to estimate yield at the field-scale was tested over 27 fields, using (i)
the fused 3 m daily LAI time-series which is equivalent to the generic S2-LAI (original) as well
as (ii) the fused LAI time-series which was adjusted to better estimate wheat Green LAl
(corrected). In addition, for each of these datasets, this study investigated which of the 13
different vegetation indices (VIs) tested by Sadeh et al. (2021) to fuse PS and S2 into high

spatio-temporal resolution LA, resulted in best performances for the VeRCYe approach.

The results, as shown in Table 12, indicate that when using the fused-LAIl equivalent to the
original generic S2-LAI, VeRCYe was able to estimate field-scale yield with an RMSE of 971
kg/ha, and an average and median error of -740 kg/ha and -573 kg/ha respectively (for the

best preforming VI). The R? between the yield estimates using this dataset and the reported

Table 12. Performance of VeRCYe field-scale yield estimations (n=27) using either (i) the fused-based LAl
dataset equivalent to the generic S2-LAIl (original) or (ii) the adjusted fused-based LAl that correct for
underestimation of high LAl values (LAI > 3). This table shows which of the 13 different vegetation indices (VI's)
used in Sadeh et al. (2021) to fuse PS and S2 into high spatio-temporal resolution LAI, resulted with the most
accurate yield estimation. The best performances in each performance metric is coloured in red.

GREEN

Vi NDVI EVI2 MTVI2 MSAVI WDRVI ool GCVI OSAVI GSR GNDVI RDVI  Tvi SR

Original LAI

ﬁ("g%g)ge Bror | g45 .56 -740  -807 -847 833 -827  -851  -826  -835  -774 -819 -835

?ﬁge/dr:;‘)” emor | geg  -se8 573 -573 -868 -898  -870  -868  -870  -868  -653 -675  -833

RMSE (kg/hha) | 1049 1059 971 1031 1044 1006 993 1053 993 1017 1002 1025 1038

R? 085 085 085 0.84 0.86 088 089 085 089 087 084 08 0.86
Adjusted LAI

ﬁ(‘é%:?e Bror 1 545 558 -550 572 -594 563  -561  -538  -575  -556  -519 -579  -627

?ﬁg/dr::)” error 378 -378  -511 -488 -488 525 380  -378  -488  -525  -438  -488  -554

RMSE (kg/ha) | 817 850 817 834 887 845 854 809 866 832 757 829 913

R2 0.86 084  0.86 0.86 0.83 085 084 086 084 085 088 086 0.83
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yield ranged between 0.84 and 0.89 for all VIs tested, while overall the MTVI2-based fused
LAI outperformed the other VIs for most of the performance metrics.

Using the adjusted LAI improved the accuracy of the field-scale yield estimation substantially
with an RMSE of 757 kg/ha, and an average and median error of -519 kg/ha and -438 kg/ha
respectively (for the best preforming VI). The R? between the estimated and the reported yield
ranged between 0.83 and 0.88 for all Vis tested, while overall the RDVI-based fused LAl
outperformed the other VIs for most of the performance metrics. Therefore, RDVI was chosen

as the preference VI to be used in VeRCYe.

Overall, this study found that VeRCYe was not very sensitive to the VI used to generate the
fused LAI as shown in Table 12. However, overall the results highlight that using the fused-
LAI equivalent to the original generic S2-LAl underperformed the field-scale yield estimations,
resulting from using the adjusted LAl dataset. This study found that the adjusted RS LAI based
on the RDVI resulted in the best yield estimation accuracy with R>= 0.88 and RMSE = 757
kg/ha (average of -15%) between the reported and estimated yield (Figure 28). In addition,
this method was able to estimate both the lowest (under 1,050 kg/ha) and highest yields
(above 6,500 kg/ha) with satisfying accuracy, with a RMSE of 178 kg/ha (average error of 1
kg/ha, -1%) and 522 kg/ha (average error of 468 kg/ha, -7%), respectively. Despite these
satisfying results, VeRCYe tended to underestimate the reported yield in the tested conditions

as shown in Figure 28. When using the 40% of the sessions’ highest LAl values, the yield
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Figure 28. A comparison between wheat yield reported by farmers and estimated yield at the field-scale
estimated by VeRCYe, when using the adjusted RS LAl based on the RDVI. In the figure each red square
represents of the in 27 fields for which yield was reported by farmers; the whiskers represent the standard
deviations of the estimated yield; the black line represents the 1:1 line and the blue line represent the trendline.
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estimation was conducted 2 months before the harvest on average, and therefore can be
considered as the forecasting period tested in this study (Figure 29).
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Figure 29. A histogram that how long before the harvest the forecasting conducted. This was determent on the
data what the highest 40% of the sessions’ LAl was achieved.

4.4.3. Yield map accuracy

The ability of VeRCYe to estimate yield at the pixel level was tested for 22 fields. The results,
as shown in Table 13, indicate that when using the fused-LAl which was equivalent to the
original generic S2-LAl, the proposed yield estimation method was able to produce estimated
yield maps with an RMSE of 1,108 kg/ha, and an average and median error of -467 kg/ha and
-534 kg/ha respectively (for the best preforming VIs) at the pixel level (for all pixels of all maps).
The R? between the yield estimates using this dataset and the reported yield ranged between
0.28 and 0.32 for all Vs tested, while overall the RDVI-based fused LAI slightly outperformed
the other Vis. In contrast to the improvement achieved by using the adjusted LAI dataset in
Table 13. The performance of VeRCYe to accurately generate sub-field scale yield estimations by creating 3
m yield maps (n=22). This table shows a comparison of the accuracy of the yield maps which were based either
on (i) the fused-based LAI dataset equivalent to the generic S2-LAl (original) or (ii) the adjusted fused-based
LAI. This table shows which of the 13 different vegetation indices (VI's) tested by Sadeh et al. (2021) to fused

PS and S2 into high spatio-temporal resolution LAI, resulted with the most accurate yield maps estimation. The
best performances in each performance metric is coloured in red.

v NDVI EVI2 MTVI2 MSAVI WDRVI (\;’v%'ffv'\l‘ GCVI OSAVI GSR GNDVI RDVI TVI SR
Original LAI
Averageerror | _go4  .625 572 652  -665 644 606  -605 -605  -660  -467 -660  -652
(kg/ha)
?ﬁe/dr:a)n error | g7 607 677  -681  -690 646  -600 -627  -601  -654  -534 683 -672
g/na,

RMSE (kg/ha) 1108 1133 1215 1145 1184 1165 1148 1109 1147 1156 1199 1146 1183

R2 0.30 0.31 0.28 0.30 0.32 0.31 0.32 0.30 0.32 0.31 0.30 030 0.32
Adjusted LAI

Average error -894 -911 -687 -839 -886 -845 -813 -895 -812 -872 -668  -852  -856
(kg/ha)

Median error -999 -999 -855 -845 -966 -944 -926 -999 -927 -966 -819  -851  -976
(kg/ha)

RMSE (kg/ha) 1288 1303 1281 1258 1285 1235 1214 1289 1213 1250 1299 1261 1272
R2 0.30 0.31 0.27 0.29 0.32 0.31 0.32 0.30 0.32 0.31 0.30 0.30 0.32
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estimating field-scale yield, using it to generate yield maps did not result in improved accuracy.
Using the adjusted LAl resulted with an RMSE of 1,213 kg/ha, and an average and median
error of -668 kg/ha and -819 kg/ha respectively (for the best preforming VIs) at the pixel level.
The R? between the estimated yield maps and the harvesters’ yield maps ranged between
0.27 and 0.32 on average for all Vs tested, while overall the RDVI and the GSR-based fused
LAI outperformed the other VIs in most of the parameters. It is important to note that in some
cases the correlation at the pixel level between the harvester and the estimated yield maps
was higher than R? = 0.81 (RMSE > 525 kg/ha) as shown in Figure 30. As VeRCYe uses the
peak of the field’s LAl (the day with the highest field-scale median LAl of the season) to
generate the yield maps, it enabled the creation of yield map estimation at 3 m pixel size on
the day the crops reached their sessional peak of LAI, which was observed in this study to be
between 2 and 4 months before the harvest. Yield maps produced in this study enabled the
estimation of yield at the pixel level on average of 2 months before the reported harvest.

(A) Harvester (B) Estimated yield map (C)
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£ R2=0.81 B
=
Q.
£
=
o
=
o)
"5 1,000
2
] 500
I
0

0 500 1,000 1,500 2,000 2,500 3,000 3,500

Estimated yield map (kg/ha)
Yield (kg/ha)

[ Jo-800

[ 1800- 1,600
[ 1,600 - 2,400
I 2,400 - 3,200
I 3,200 - 4,000

Km
0 0.25 0.5

Figure 30. Yield map generated by the harvester (A) and yield map generated three months before harvest
using the proposed methodology (B) and their comparison (C) for a wheat field near Birchip, Victoria, Australia.
In (B) the estimated 3 m pixel size yield map was generated on the 18.8.2018 which was three months before
the harvest (17.11.2018), while the crop was at the Flag Leaf growth stage (Zadoks growth stage 36.68). In (C)
the correlation between the two yield maps is presented in the form of a scatterplot, where the black line
represents the 1:1 line and the blue line represents the trend line. The correlation analysis between these maps
found a RMSE = 525 kg/ha and R? = 0.81.
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4.5. Discussion

This study presented the new VeRCYe method to estimate crop yield at the field and pixel
scales which do not rely on detailed official crop statistics or in-situ measurements, by coupling
the capabilities of remote sensing and crop models. Many studies have shown a linear
relationship between the photosynthetic capacity estimated from spectral responses and the
crop phenology, which can be used to predict wheat yields using satellite remote sensing (e.g.
Becker-Reshef et al. 2010; Franch et al. 2015; Bognar et al. 2017). However, reliance upon a
unigue linear relationship is not ideal, especially when crops experience highly variable
environmental conditions, as in Australia, where crops are frequently stressed by heat waves,
frosts and droughts (Chenu et al. 2013; Zheng et al. 2015; Ababaei and Chenu 2020).

4.5.1. Wheat yield estimation at the field-scale

Despite the extensive research on yield estimation via remote sensing, it is still difficult to
directly compare the results of this study with other studies that have attempted to estimate
field-scale yield, mainly owing to differences in crop type and the spatial and temporal extent

of these estimations (Dado et al. 2020).

In this study, VeRCYe was able to estimate wheat yield on average two months before the
harvest with a satisfactory accuracy. The results suggest that using the wheat adjusted LAl
(Chapter 3) improves the accuracy of field-scale yield estimations substantially in comparison
to using the fused-LAl, which is equivalent to the original generic S2-LAl. Implementing
VeRCYe using the adjusted LAl resulted in an RMSE of 757 kg/ha (R? = 0.88) across the 27
studied fields, while implementation with the original LAl achieved an RMSE of 971 kg/ha (R?
= 0.89). The best preforming VI fusion-based LAI for the original LAl was MTVI2 and for the
adjusted LAI, RDVI was found to achieve the best accuracy with an RMSE of 757 kg/ha (R? =
0.88). These two Vls were reported by Sadeh et al. (2021) to be among the best preforming

Vls to estimate wheat Green-LAl using their proposed fusion method.

VeRCYe was found as a scalable approach for estimating wheat yield without the need for
calibration, performing almost as well (and sometimes even better) than approaches that use
field data for calibration. For example, Feng et al. (2020) estimated plot-scale wheat yield in
the south-eastern Australian wheat belt, using daily MODIS NDVI data (500 m spatial
resolution), one month prior to harvest (R?> = 0.72, RMSE = 700 kg/ha), and at two months
before harvest (R? = 0.38, RMSE = 1,101 kg/ha). Donohue et al. (2018) developed a field-
scale regional crop yield model called C-Crop, which has been locally calibrated using yield

data collected by the farmers’ harvesters. They estimated wheat yield for fields across
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Australia with an RMSE of 730 kg/ha and mean R? = 0.68. Chen et al. (2020) developed a
semi-empirical model called Crop-Sl to estimate the yield of the three major crops in the
dryland Australian wheat belt, achieving an RMSE of 540 kg/ha and R? = 0.74 from the
observed field-scale wheat yield. Both the C-Crop and Crop-SI methods used MODIS time-
series NDVI at 250 m resolution (provided at 16-day intervals). Filippi et al. (2019) reported
RMSE = 360 kg/ha in their study to predict wheat, barley, and canola crop yield for several
large farms in Western Australia using only on-farm data and the MODIS 16-day Enhanced
Vegetation Index (EVI) at 250 m resolution through machine learning techniques. Zhao et al.
(2020) linked S2-based VI time-series with field-scale wheat yield using a linear regression
model in Northern New South Wales, Australia. In their study they managed to achieve an
RMSE of 640 kg/ha and R? = 0.93 when validating their models on an independent set of
fields.

Cai et al. (2019) compared the performance of one linear regression method and three
machine learning models to estimate wheat yield in Australia, at the statistical division level,
using the MODIS 16-day EVI dataset and climate data, achieving R? = 0.73 up to two months
before the harvest. However, all of these studies required the collection of an extensive and
unique dataset measured in-situ to train or calibrate their models. These kinds of datasets are
rare, expensive to obtain and very time consuming to perform. Furthermore, these methods,
which require ground calibration data, are typically limited in applicability to the regions from
which the in-situ data were derived. In addition, most methods provide yield estimations at a
low resolution, and often cannot be used for field and pixel scales yield predictions. One of the
reasons why many of these studies have estimated yield at the regional scale is the difficulty
to predict yields at a smaller scale, owing to the variability of the environmental conditions and
farm practices within even the same region (Feng et al. 2020). The development of VeRCYe
was motivated to overcome these limitations, with its great advantage being that it uses agro-
physiological knowledge embedded in a crop model (APSIM) which can be directly related to
crop performance monitored by satellite through space and time. In addition, VeRCYe can
theoretically be applied to different crop types across different regions, without the need for
local calibration, but also applicable for a rapid changing environment (e.g. Ababaei and

Chenu 2020) to which farmers are already adapting (e.g. Flohr et al. 2018).

The SCYM approach, which provides yield estimates at the pixel level by applying regression
to satellite images and gridded weather data, had some promising results when first tested in
estimating yield at the field-scale for maize (R? = 0.35) and soybean (R? = 0.32) in the
Midwestern United States (Lobell et al. 2015). However, later studies that tested the method
for wheat yield estimation achieved limited success. Jain et al. (2016) mapped vyields of

smallholder wheat fields in Bihar, India using the SCYM approach achieving R? = 0.27 — 0.33
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and RMSE of 557 — 606 kg/ha for the two growing seasons studied. Shen and Evans (2021)
used SCYM for estimating wheat yields over 10 growing seasons between 2003 — 2017 for
two nearby fields in Western Australia. Their results showed R? = 0.49 and RMSE = 620 kg/ha
against yield maps created from harvester yield monitoring data. The attempt to use SCYM to
estimate village-level wheat yields In Nepal at 10-meter resolution using S2 images by
Campolo et al. (2021) resulted with R?=0.24 in comparison to crop cuts (in-situ yield samples).

Azzari et al. (2017) compared the performance of SCYM and the PEAKVI method (Becker-
Reshef et al. 2010; Franch et al. 2015) in estimating the yield of maize in the United States,
wheat in India, and maize in Zambia using Landsat and MODIS observations. Their
comparison of these two approaches, which can theoretically be applied anywhere in the
world, showed that overall both methods had similar performance in monitoring spatial
variability at the county and district scales. In their attempt to estimate wheat yield in India,
Azzari et al. (2017) found the performance of SCYM and MODIS-based PEAKVI resulted with
R? > 0.45 in most years, while the best combination was the MODIS-based SCYM, which had
an average RMSE of 560 kg/ha. These results support the conclusions of Waldner et al.
(2019), which illustrated the importance of the LAI's temporal resolution for accurate yield

estimation.

Despite the several attempts to use SCYM for wheat yield estimation with a range of different
satellites having different spatial and temporal resolutions (e.g. Jain et al. 2016; Azzari et al.
2017; Jain et al. 2017; Campolo et al. 2021; Shen and Evans 2021), none of these attempts
resulted in better performance than the proposed VeRCYe approach as demonstrated in this
study. Despite the ability to generate yield estimations at the pixel level with Landsat (30 m
and 16-day revisit time) or S2 (10 m and 5-day revisit time) using SCYM, the temporal
resolution of these satellites is a significant drawback. While using the MODIS dataset (250 m
and daily revisit time) may improve SCYM's performance (Azzari et al. 2017; Waldner et al.
2019), it will not be able to reveal the spatial variability within the field or be used for yield
estimation over smallholder farms. The approach presented in this study, which used a daily
3 m LAl dataset, has the advantage of having both high spatial and temporal resolutions,
which is one of the reasons it was able to accurately estimate yield at the field and sub field

scales.

Around the world millions of people are highly dependent on agriculture for their livelihoods,
with low yield harvests directly correlated to high levels of food insecurity (Becker-Reshef et
al. 2020). Therefore, when crop conditions are extremely poor, yield prediction methods
require being able to flag these failures early. Methods that use ground-based data for

calibration and training of their models (as those using machine learning techniques) typically
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do not have the required ground reference data to represent the yield heterogeneity of the
region of interest over space and time (Benami et al. 2021). Not having training data which
reflects extremely low yield scenarios may prevent these methods from producing accurate
and reliable yield estimations. Dado et al. (2020) found that SCYM tended to under-predict
high soybean yields and overpredict low yields. They concluded that SCYM was unable to
differentiate fields which achieved high LAIs and average yields from fields with high LAls and
outstanding yields. Deines et al. (2021) reported that in their study on maize yield estimation
using SCYM, 47% of outlier under-estimations occurred in a year with a severe drought
(Deines et al 2020). VeRCYe on the other hand managed to estimate such extreme low-yield
fields (Figure 28), despite being tested over wheat fields heavily impacted by one of the worst
droughts in Australia in the last decade (Tian et al. 2020). This was achieved by identifying a
field-scale failure, which was determined as a worst-case-scenario when the field’s maximum
RS LAl of the season was lower than 0.9. In such a worst-case-scenario the estimated yield

was set to be the average of the three simulations with the lowest yield estimation.

Despite its popularity, use of the peak LAl to estimate yield is likely to achieve poor estimations
(Waldner et al. 2019). LAI by itself is limited as a linear indicator for the crop’s yield as this
may be due to failure of plant development, biotic or abiotic stresses (Huang et al. 2019;
Beyene et al. 2021). That also applies for the limited linear relationship between the Vs peak
and the final yields (Kamir et al. 2020). However, it has been indicated by Dado et al. (2020),
that using the peak GCVI and a window of 30 days after the peak allowed a slightly better

yield estimation to be achieved than by using the GCVI peak alone.

While most VIs works well when crop is still green, they are less affective during reproductive
growth when crop colour starts to change from green to yellow-brown. This limitation also
applies to remotely sensed LAl estimated using optical remote sensing (See Chapter 3).
Accordingly, the current study highlights the need to also match the Senescence LAl owing to
its important role in grain development. Figure 24 also shows that while the simulated LAl
peaks resulting from ~2,000 different combinations of possible scenarios may be similar in
their timing and magnitude, only during the Senescence LAI could the pattern that better
represented the final yield be identified. As optical remote sensing mainly represents the
Green LAI (Haboudane et al. 2004), identifying a simulated LAl with identical pattern to the
entire remotely-sensed LAl time-series very likely results in an underestimation of the final
yield. For that reason, VeRCYe includes a step Step 6) which divides the remotely-sensed LAI

series into two, Green LAl and Senescence LAI, and analyses each of them separately.
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4.5.1. The potential of generating 3 m yield maps

A final goal of this study was to generate yield maps at the pixel level months before the
harvest. Yield maps can help with estimating profitability, assessing the impacts of treatments
used, establishing management zones, estimating the amount of nutrients removed by the
harvested crop, improving farmers skills, reducing yield gaps and identifying areas which have
predominantly large continuous gaps (Lobell et al. 2015; Fulton et al. 2018; Zhao et al. 2020).
However, the first step towards reducing yield gaps is to attain accurate estimates of their
magnitude, which represents their spatial and temporal variability (Hochman et al. 2012). The
3 m yield maps produced by VeRCYe can help to address these challenges, especially in
regions where reliable geolocated yield data obtained from harvesters is not available (such

as in many developing countries).

The accuracy of the yield maps generated by VeRCYe resulted in R? = 0.32 (RMSE of 1,213
kg/ha) using the best performing VI (RDVI). These results are equivalent to the accuracy of
other yield mapping methods reported in the literature. For example, Manivasagam et al.
(2021) evaluated the assimilation of LAl derived from S2 and LAI derived from fused S2-PS
images into Simple Algorithm For Yield estimate (SAFY) to assess the within-field crop yield
on spring wheat grown in Israel. Their results showed that the LAI derived from PS-S2 fused
images had higher accuracy for yield estimation (RMSE = 690 kg/ha (69 g/m?), R? = 0.45) than
did S2 images alone (RMSE = 880 kg/ha, R? = 0.35). However, the method used by
Manivasagam et al. (2021) requires calibration through field-measured LAI in a few points in
time, which is rarely available. Sagan et al. (2021) utilized raw satellite imagery for field-scale
soybean (R? = 0.87) and corn (R? = 0.57) yield prediction using deep learning with hand-
crafted features and WorldView-3 and PS imagery. Yet this method required in-situ yield data
for training the model. Kamir et al. (2020) used a large training data set of yield maps obtained
from harvesters to predict wheat yields in Australia using machine learning based on climate
records and NDVI time series data obtained from MODIS. Their method produced pixel-level
yield estimates at 250 m resolution with an R? of 0.77 and an RMSE of 550 kg/ha and an R?

of 0.66 at the level of statistical units.

Dado et al. (2020), for example, used machine learning (random forest) for training their model
using a unigue ground-truth dataset of soybean yield maps generated from combine harvester
yield monitor data across the Midwestern United States. Their harvester-trained model
resulted in R? = 0.43 to 0.32. Dado et al. (2020) also evaluated SCYM performance using the
same ground-truth soybean yield maps achieving an R? = 0.27. Deines et al. (2021)
implemented SCYM for estimating maize yield across the United States Corn Belt at 30 m

pixels and evaluated their results against harvester-based yield monitor data. First, they used
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a baseline SCYM model (Jin et al. 2017b) applied to Landsat data, which resulted in R> = 0.31
(RMSE = 2,630 kg/ha). Second, Deines et al. (2021) tested an alternative SCYM model that
increased the accuracy to R? = 0.4 (RMSE = 2,450 kg/ha), while Jeffries et al. (2019) tested a
variation of SCYM for mapping sub-field maize yields in Nebraska, USA, which resulted in R?
average value of 0.12 (R?ranged 0.003 to 0.37). However, in contrast to these studies which
implemented the SCYM approach, which commonly provides yield estimations at 30 m pixel
size, the yield maps produced in this current study provided a ten times higher spatial

resolution with the same overall accuracy.
4.5.2. Sowing dates as model inputs

Sowing dates are major inputs for crop models, which are commonly used to explore the
expected yield effects of different management practices (Zheng et al. 2012; Holzworth et al.
2014; Chenu et al. 2017; Flohr et al. 2017). However, sowing dates are a source of
considerable uncertainty for regional studies (Mathison et al. 2017). Accurate regional
information about sowing dates at farm scale can be used to reduce the uncertainty of crop
simulations (Mathison et al. 2017), however, obtaining accurate sowing dates from ground
reports is very difficult and time consuming (Sacks et al. 2010; Marinho et al. 2014). Satellite-
based studies on vyield estimation traditionally used officially reported sowing dates (e.qg.
Sakamoto et al. 2005; Marinho et al. 2014; Jin et al. 2016) or sowing dates based on farmers’
reporting and surveys (e.g. Ortiz-Monasterio and Lobell 2007; Jain et al. 2016; Manivasagam
et al. 2021), while other methods use a sowing date window (e.g. Lobell et al. 2015; Azzari et
al. 2017). Deines et al. (2021) found that the three sowing dates used in their study, which
represent the 10", 50, and 90™ percentiles in their study area, failed to capture the full
variation present within that region. Therefore, they tested a SCYM implementation with three
additional sowing dates in their APSIM simulations, increasing the number of simulations per

site-year from 50 to 100.

The approach used in this study was to minimize the uncertainty associated with an unknown
important model input, i.e. the field’s sowing date, by detecting the actual date the farmer
sowed the field and using it as an input to the crop model simulation. Here the sowing dates
for the analysed fields were detected using the approach presented in Chapter 2, which
resulted in RMSE = 2.7 days and 0.5-day gap for the median between the reported and

detected sowing dates.

To evaluate the contribution of using the detected sowing dates as model inputs, this study
used a sowing window approach adopted from Waldner et al. (2019). The sowing criteria

initiate the crop sowing if rain 212 mm over 3 days regardless of soil moisture from 26 April to
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15 July (this study used 212 mm instead of 215 mm originally used by Waldner et al. (2019)).
In case the sowing criteria were not met during the sowing window, the crop was automatically
sown on the 15th of July. The result of the analysis shows a significate improvement in the
accuracy of the yield estimation when using the detect sowing dates as inputs to the model
instead of a rule-based sowing window. As shown in Figure 31, using the sowing window with
the adjusted fused-based LAl, the R?> and RMSE between the yield estimates and the reported
yield was 0.71 and 1,271 kg/ha respectively. While using the detected sowing dates resulted
in R? = 0.88 and RMSE of 757 kg/ha.
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Figure 31. A comparison between accuracy of VeRCYe’s yield estimations when using the detected sowing
dates for each field and its accuracy when a rule-based sowing window used to determine the fields’ sowing
dates for APSIM simulations. (A) shows the outcome of VeRCYe using the adjusted fused-based LAI with the
detected sowing dates, (B) is VeRCYe’s results using the fused-based LAI dataset equivalent to the generic
S2-LAl (original) with the detected sowing dates, (C) shows VeRCYe’s results using the adjusted fused-based
LAI with a sowing window and (D) is VeRCYe's results using the fused-based generic S2-LAIl with a sowing
window. In the figure each red square represents of the in 27 fields for which yield was reported by farmers;
the whiskers represent the standard deviation of the estimated yield; the black line represents the 1:1 line and
the blue line represent the trendline.
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4.5.3. Limitations and prospects

Even with the promising results presented here, there are some limitations that should be
noted.

The assumption that yields and LAI can be accurately simulated by crop growth models, such
as APSIM, is the basis of VeRCYe. Despite its international reputation, the APSIM wheat
model is not perfect. Brown et al. (2018), who evaluated the model’s performance, found the
APSIM wheat model to estimate wheat yield with R? = 0.84 and RMSE = 100.5 kg/ha. In
addition, there is a less than perfect agreement between APSIM simulated LAl values and the
remotely sensed LAI (Waldner et al. 2019), even without the imbedded noise in the satellites
data (Sadeh et al. 2021). For example, Ahmed et al. (2016) reported that APSIM tends to
slightly overestimate LAI. Despite the decision to use APSIM in this study, VeRCYe could
theoretically be implemented using other crop growth models. Future studies should evaluate
its performance with other crop models, such as WOFOST (Van Diepen et al. 1989; Ma et al.
2013). It is possible that some models will be more relevant for the crop and environment

targeted.

Skakun et al. (2021) assessed within-field corn and soybean yield variability while comparing
imagery from several sensors with a range of spatial resolutions. They showed that imagery
with spatial resolution of 3 m, such as PS, is critical to explaining the within-field yield
variability, while moving to coarser resolution data of 10 m, 20 m, and 30 m reduced the
explained variability. As VeRCYe managed to achieve higher accuracy than SCYM in
predicting wheat yields (compared to other studies) at the field-level, one could expect that
using its pixel-level the accuracy will be better. However, VeRCYe’s performance in pixel-level
yield estimation was overall equivalent to the pixel-level yield estimations reported in the
literature for SCYM (Dado et al. 2020; Deines et al. 2021). For the question what is causing
the difference between the accuracy at the field-level V.S. the pixel-level. It is known in the
literature that as the yield estimation is aggregated, for example from the field to the farm and
county, the error of the estimation declines. This is probably owing to the compensation of the
error by the large sample size. The same mechanism works when comparing pixel-level to
field-level yield data. However, one thing that can affect this difference here is the use of the
Conversion Factor (CF) in its current form. Future studies should test different approaches to
improve the accuracy of VeRCYe’s yield maps. One way to approach this is instead of using
one Conversion Factor (CF) (Equation 7) applied over the whole field, zones with low, average
and high LAI values should be treated with modified CF.
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Currently VeRCYe uses the Remotely Sensed LAInax (the day when RS LAI was detected as
being the maximum during the growing season at the field scale) to convert the LAI values
into yield at the pixel level. However, use if LAl by itself is limited as a linear indicator for yield
as it is not possible to tell if low LAl was caused by plant development, biotic or abiotic stress
(Huang et al. 2019).

A yield estimation at the field-scale or its associated yield map (accurate as they can be) only
provides information about yield, and the map itself cannot identify the yield impacting factors.
By contrast to most other yield estimation methods, VeRCYe identifies the best representing
model simulations out of a couple of thousands of simulations that span a realistic range of
possible environments and on-farm management practices. This can theoretically enable the
on-farm management practices used in the selected best-fit simulations to be extracted for
investigation. For example, when analysing field-scale yields over a specific region, the
practises resulting in the highest or lowest yields can be identified and management practices
that may help farmers to improve their productivity recommended. Having said that, it is
possible that the method produces accurate yield estimations but for the wrong reasons.
Having multiple changing parameters may end up with more knobs that can be turned, which
can increase the chance of getting right-looking answers from an incorrect set of parameters.
Therefore, further research is needed to verify if the optimal APSIM parameters actually reflect
the conditions on the ground, which requires a very detailed record of farm management

practises used by the farmers. However, such an analysis was beyond the scope of this study.

This study used weather data covering the whole growing season, while in real-time
forecasting such data will not be available. In such operational mode, VeRCYe can use the
season forecasted weather or the average daily weather from the past (e.g. last 30 years). In
addition, the method can provide yield estimations as soon as the duration 40% of the top LAl
is finished. Theoretically, this can be reduced even to 5% that will enable earlier estimation,
however this is likely to reduce the accuracy of the yield estimations. Future study will explore

what will be the best timepoint to estimate yield using the proposed method.

Future studies should also explore different methods (such as machine learning) to select the
best fit model simulated LAI to the remotely sensed LAI, and to test the ability of the method
to provide accurate field and pixel scale yield forecasting prior to the harvest using projected
weather data. Although the proposed method was tested to estimate wheat yield, it is very
likely that it will also be useful to estimate the yield of other crop types as well. However, the
results of this study indicate that adjustment of generic S2-LAl data to better estimate the

wheat Green LAl as proposed in Chapter 3 (Sadeh et al. 2021), is needed in order to achieve
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better yield estimation. Moreover, it is likely that such an adjustment will also be needed when
implementing VeRCYe with other crop types.

While this method relies on the availability of LAI data from optical sensors, these are highly
sensitive to the presence of clouds and shadows in the imagery, which is likely to limit the
ability to perform at its best over certain regions. In contrast to optical sensing, SAR sensors
have the advantages of all-weather capabilities, and therefore a potential improvement to
VeRCYe should include the use of SAR-based LAI or SAR-optical fused LAl

The advantage of being able to estimate field and farm productivity remotely without the need
of having “boots on the ground” has been magnified by the outbreak of COVID-19. While
lockdowns and prolonged COVID-19 quarantine measures delay/limit supply of essential
products such as fertilizers, herbicides, machinery or even the availability of seasonal workers,
affecting the farmers performance, it has also decreased feed wheat and wheat-based product
demand (FAO 2021). VeRCYe can potentially help to monitor these influences remotely

across different regions without the need to risk surveyors in collecting ground data.

4.6. Conclusions

The VeRCYe method proposed in this study overcame the limitation with previous studies
relying on ground data to estimate wheat yield by combining the advantages of both high
spatio-temporal remote sensing and crop model simulations. This not only enables model
inputs in the form of sowing dates to be detected from space, but also overcame the historical
trade-off between high spatial and temporal resolutions for remotely sensed estimation of crop
yield at the field and pixel scales. As any requirement for ground calibration data typically limits
model applicability to the regions from which the in-situ data were collected, this new approach
which does not rely on such data is heeded. Accordingly, VeRCYe does not require any crop
statistics or in-situ measurements, making it broadly applicable across regions, including
where ground calibration data are not available. This method was found to be effective for not
only producing field-scale yield estimations, but also to generate yield maps at 3 m resolution
up to four months before crop harvest. Despite being tested for wheat, VeRCYe can potentially
be used to estimate the yield of other crop types as well, with minimum adaptation only. This
study outlines an innovative approach to monitor the farmer's management practices at 3 m,
from sowing through monitoring the crops performance throughout the season until the farmer
decides to harvest and the yield becomes available to be trayed as a food product.

Furthermore, the information generated using this method can be used to understand vyield
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variability from a regional scale to the pixel scale and may provide insights on the causes and
their spatial distribution.
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Chapter 5 - Conclusions and future directions

While most of the common satellite-based yield estimation methods rely extensively on in-situ
data for model training and calibration, they typically provide a local solution for the area where
they have been calibrated. Accordingly, this thesis has presented an innovative, scalable and
flexible yield estimation method named VeRsatile Crop Yield Estimator (VeRCYe) to
overcome these issues. VeRCYe combines the power of both high resolution spaceborne
remote sensing and crop modelling, to predict wheat yield at the field and pixel scales using

remote sensing without using ground-based data.

This chapter briefly summarizes the main conclusions of the thesis. It also includes some of
the future directions which forthcoming studies should explore. In summary, this thesis
consists of three components (i) sowing date detection, (ii) creation of daily 3 m LAl data and
(iii) yield estimation at field and pixel scales. These components are combined to achieve the
main goal of creating a robust method for crop yield estimation with global applicability from
the pixel level to regional scale for different types of broadacre crops. Each component of this

study has a range of potential applications, as well as limitations.
5.1. Sowing date detection

The method to detect sowing dates, as outlined in Chapter 2, may be used to produce and
update near-daily low-cost field level statistics with a large spatial coverage (with an RMSE of
1.9 days). The method was also proven effective for detecting harvested areas at the field and
sub-field scales with very high accuracy (RMSE of 2.6 days). Moreover, it was shown that

sowing dates detected using this method could be used as a model input to estimate vyield.

Currently the sowing detection method is still semi-automated, as users need to identify the
pixel values that correspond to a change in the image histogram, in order to determine the
threshold to classify pixels as ‘changed’ or ‘not changed’ (Figure 5). In order to fully automate
the process this threshold needs to be identified automatically. This potentially can be
achieved by implementing machine-learning techniques to identify the pixels that represent
change in the histogram. Furthermore, while the no-tillage sowing practice is how common
worldwide for rainfed crops, this method is currently limited to regions where no-tillage sowing

is being implemented.

Perhaps the most important question of this contribution in the context of the main objective

of this thesis is, how much if any improvement can be achieved in yield estimation using the
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detected sowing dates as a model input? The answer for that was supposed to come through
sensitivity analysis, which although planned, were not able to be completed within the
constraints of completing this thesis. Therefore, future studies should compare the effect of
using VeRCYe with either the detected dates (as performed in this study) or a sowing window.
Moreover, additional sensitivity tests should be performed to determine the maximum error
(expressed as RMSE) in days, from which using detected sowing dates will no longer minimise
the uncertainty of the estimated yield.

5.2. Data fusion into high-resolution LAI

The fusion methodology outlined in Chapter 3 helped to resolve the challenges posed by
inconsistency in PlanetScope (PS) signals and poor spatio-temporal resolution of Sentinel-2
(S2), producing a time-series of LAl images that preserved both the high spatial and temporal
resolution of PS and the spectral quality of S2. In practical terms, S2 consistent surface
reflectance RGB-NIR images and crop LAl were generated at 3 m resolution on a daily basis
with an RMSE = 0.35-0.63 and R? of 0.92. These high spatio-temporal resolution time-series
are valuable for monitoring crop growth and health, and can improve the effectiveness of
farming practices. While using the fused high-resolution LAI enhanced the yield estimation
using VeRCYe at the field and pixel scales, the S2-based Green LAl estimates tended to
underestimate high Green LAI values (LAl > ~3), similarly to other remotely sensed LAl
estimations. These underestimations are likely due to asymptotic saturation of the surface
reflectance data caused by the high biomass density, which cannot be assessed fully without
3D information on canopy structure. As such data cannot be obtained from space, this thesis
introduced an adjustment that successfully overcame the underestimation of high Green LAI

values.

It is proposed that generic LAI products, such as the S2-LAl product, should be adjusted to
the crop of interest in order to achieve better yield estimation. As a prospect for future
improvements and research directions, it is suggested that future studies should test the
proposed fusion method over other crop types and evaluate the LAl adjustment in other crops.
Furthermore, future studies should explore the possibility of adding more sensors in the fusion
process (e.g. Landsat, SPOT or SkySat) and examine the suitability of this method to fuse
sensor data other than S2 and PS. An interesting research direction would be to explore how
feasible it will be to fuse satellite imagery with imagery acquired from drones. Succeeding in
this would remove the need for costly and time-consuming aircraft flights, which would be very
beneficial for many applications. In addition, only four spectral bands were fused here in the

RGB-NIR range. Suitability of the method for improving the spatial and temporal resolution of
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data obtained from sensors operated in the shortwave infrared (SWIR) and the thermal
infrared (TIR) wavelengths should also be explored.

5.3. VeRCYe

VeRCYe is an innovative approach that leverages the power of high-resolution remote sensing
and crop models to estimate and map crop yield at the field (R?> = 0.88, RMSE of 757 kg/ha)
and pixel (R*> = 0.32, RMSE of 1,213 kg/ha) scales. Compared with the results from other
studies, it is found that VeRCYe performed as well or better, with the added advantage that it
does not need the in-situ calibration or training data required by other methods.

The promising results of VeRCYe in this study indicate that it can potentially be implemented
globally, so long as the crop type, the field’s location and its boundaries are provided, as well
as basic knowledge of the common local farm management practices. Using the fused S2-PS
LAI dataset as input to VeRCYe enabled yield estimation over very small fields (<0.1 ha),
which could be ideal for estimating crop yield of smallholders in developing countries.
However, if the focus is on yield forecasting over developed countries such as Australia and
the USA, where the size of the fields is typically very large, future studies should explore using
adjusted S2-LAl data alone as the remotely-sensed LAl input to VeRCYe. However, owing to
its temporal resolution, such dataset is likely to achieve limited accuracy. According to
previous studies, it is likely that the high temporal resolution LAl data used in this study had

the most substantial influence on VeRCYe’s accuracy and not its spatial resolution.

As the chances for having cloud-free images every five days using the S2-LAl data alone is
unlikely, a future study should explore the possibility of using Synthetic-Aperture Radar (SAR)
as a means of estimating crop LAI, either solely using SAR imagery or by fusing it with optical
sensors. For example, fusing SAR data from Sentinel-1 (S1) with optical data from S2, or by
training S1 to estimate S2-LAl using machine learning techniques. Furthermore, it is
reasonable to assume that owing to the sensitivity of SAR to the geometry and roughness of
the surface will be more suitable for estimating the LAI of the senescent leaves and its
accuracy would not be limited only for actively photosynthesising leaves. In addition, using
SAR-based LAl will also solve the problem of having clouds in the optical image, which highly

affects the estimated LAl values.

As VeRCYe was designed to identify the simulations in which their simulated LAl best matched
the remotely sensed LAI, this enables farm management practices used as inputs in these
selected simulations to be identified. Future work should examine whether the modelled
practices actually correspond to what was done on the ground. An interesting future direction

of study would also be looking into these practices and analysing them to identify which
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practices ended up with the highest yield in certain regions. This can potentially be used to
close the yield gap in areas where farm management practices and crop statistics are
unavailable, such as in developing countries. However, it is possible that the method produces
accurate yield estimations for the wrong reasons. Another aspect is validating the
representation of the model parameters against the actual practices used by the farmer, which
will be very challenging as many farmers do not keep records of such data (e.g. dates and
amount of fertilizer applied, sowing and harvest dates, sowing depth, cultivar used etc.).

Another potential feature of VeRCYe which should be further explored is the possibility of
using this method to map important agronomic properties other than crop yield. At the base of
VeRCYe’s yield map production lays the assumption that LAl is highly correlated with yield.
However, APSIM can also simulate and plot other crop parameters such as the biomass,
nutrient conditions and plant available water as well as the soil’s nutrient status (e.g. carbon,
NHs and NOs). The method is currently designed to use field-scale yield to calculate a
Conversion Factor, which is used to convert the LAl map to a yield map at the pixel level.
Accordingly, the spatial distribution of these other parameters of interest can also be estimated
so long as they are highly correlated with the crop LAl and the model is capable of accurately
simulating them. Having the ability to map these parameters at such a high resolution without
the need for expensive and time-consuming ground samples, may open the door for a wide

range of applications.

To conclude, this study illustrated that the method proposed in this thesis is capable of (1)
identifying when a field was sown, (2) monitoring the crops performance and health daily at a
3 m resolution in form of VIs and LAI, (3) estimating its field-scale yield, (4) producing a yield
map of the field at the pixel level months before the harvest and finally, (5) detecting when the
field is harvested. Therefore, the methods developed during this study have many different
applications as well as challenges that need to be addressed towards an operational use in

the near future.
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