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Achievement against milestones in the Full Research Proposal

Milestone

Achieved/
Partially
Achieved/
Not
Achieved

Explanation

underperforming in term of
yield?

5.1. Collection of grower data | Achieved | Yield data has been collected from farms in:

throughout d|fferent cotton- Moree, Hillston, Bourke, Coleambally, and

growing regions (create Warren

STCY) '

5.2. Consolidation of | Achieved | This includes imagery from a range of satellites,

free/readily available data soil data, Gamma radiometrics, terrain data, and

(create STC2) climate information.

5.3. Collection of case study | Achieved | The case study farm - Auscott Midkin, includes

data (create STC3) many seasons (from 2002 to 2018) of yield
monitor data over a large area (V13,000
hectares). Most of this 13,000 hectares has
been surveyed by EM38 or Dual EM.

6.1. How does the model | Achieved | Our results show that model quality gradually

quality change when we increases as the spatial resolution increases.

predict at different spatial For example, it is easier to predict the total yield

resolutions? for a field compared to predicting yield at each
30 m square within a field.

6.2. What forecasting skill | Achieved | Depending on the model and the dataset, the

does the model possess? accuracy of the yield forecasts can be high.
However, this can vary from year to year as
some seasons are quite unpredictable. For
example, it was difficult to forecast cotton yield
in 2017 at Moree due to the heatwave
experienced throughout December/January.

6.3. Amalgamate final | Achieved | The final models were selected based on the

models most important predictor variables and the right
combination of these.

7. What areas are | Achieved | The comparison of observed and predicted

yield data has helped to reveal areas that are
underperforming. We have also predicted yield
potential using our models, which has identified
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the yield gap, and those areas within a field, or
fields not reaching yield potential.

(e.g. flowchart) (output 1)

7.2. Is yield consistently low | Achieved | We have adopted a technique that uses a time-
over several years, or does it series of yield monitor data to identify yield
fluctuate each season? variability and its spatial and temporal stability.
This involves dividing sections within a paddock
into 4 zones; high yield and stable, low yield and
stable, high yield and unstable, low yield and
unstable.
7.3. What are the causal | Achieved | Soil constraints appear to be the biggest cause
factors of low yield and their of yield wvariability across space, but
relative contributions? temperature and rainfall patterns have a bigger
influence from season to season.
7.4. In what areas is the | Achieved | Areas that have observed yield values much
predicted vyield significantly lower than the predicted help to identify the
higher than the observed? cause. This suggests that variables not
captured in our model are responsible, such as
disease, or poor soils.
7.5. Information from field | Achieved | After discussions with CRDC, CottonInfo and
trials (yield, disease, pests, others. It was decided that the pest and disease
soil tests, management data information was too sensitive to include, and the
etc.) collected minimal value it would provide to the analysis
was not warranted.
NSW DPI have collected soil data at select sites
for the project. USYD has invested external
funds to scan all of these samples (>600). They
have been fully scanned with NIR and XRF
spectrometers. This data is a significant
contribution to the large spectral library that we
currently have on cotton-growing soils.
8.1. If causal factors of low | Achieved | The depth-to-constraint mapping approach has
yield are identified as been invaluable in understanding soil
controllable, how can constraints across a field. This helps to identify
management be shifted to where constraints such as sodicity can be
improve yield amended, and where the constraint is too high
or deep in the profile that it is economically
unfeasible to rectify.
8.2. If causal factors of low | Achieved | In areas where it is economically unfeasible to
yield are identified as un- alter a constraint, management inputs should
controllable, how can be cut back to reflect the constrained potential
management be shifted to yield. This potential yield can be predicted using
suit this our developed yield modelling approaches.
9.1. Development of decision | Partially Discussions with Guna and Warwick Waters
framework in simple format | achieved | were had in Narrabri in late 2019. This helped

identify the needs and possible format of the
decision framework. An initial framework has
been created. However, the final framework will
be developed in conjunction with NSW DPI
once their component of the project is
completed.
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9.2. Create national user | Partially After discussion with Warwick Waters and Allan
interface (output 2) achieved Williams, a national interface on yield gaps was
deemed too sensitive for release.

9.3. Case study interface with | Achieved | A prototype user-interface where the depth to
future predictions (output 3) soil constraints can be predicted across the
Namoi catchment has been created. This was
done in collaboration with Sydney Informatics
Hub. Future work on this will be extended to
other catchments. Also, an additional drop
down and click style user interface is currently
being developed for the case study farm in the
Gwydir. This will include, yield maps, yield
forecasts, yield stability, yield gaps and soil
constraint maps.

9.4. Annual meetings with | Partially Due to a delay in hiring personnel by NSW DPI,
key personnel to guide | achieved | their component of the project was pushed
research direction back. This prevented meetings. Meetings with
Warwick Waters took place to guide research
output direction. COVID-19 delayed any
meetings planned for 2020. However,
presentations at Research Updates took place
where invaluable feedback was received.

9.5. Connect the research | Achieved Growers involved in the research were

outcomes  with  growers continuously kept up to date with findings.
continuously throughout the

project

9.6. Ensure that growers, | Achieved | Many presentations on the results were
consultants and REOs are presented to growers and industry. Please see
communicated with to outputs section.

ensure results of the
research and the outputs are
appropriately disseminated
towards the end of the
project

10.1. Survey a cotton crop | Achieved | This was done using hyperspectral cameras,

multiple times throughout the whereas most studies use multispectral. This
season using UAV was flown over the Future Farm trial at ACRI.
technology

Outputs produced (Please refer to examples document to assist in completing this
section).

Publication (peer-reviewed) | Filippi, P., Whelan, B.M., Vervoort, RW. and Bishop, T.F.A.
(2020) Mid-season empirical cotton yield forecasts at fine
resolutions using large yield mapping datasets and diverse
spatial covariates. Agricultural Systems 184, 102894.
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Publication (peer-reviewed)

Filippi, P., Jones, E.J. and Bishop, T.F.A. (2020) Catchment-
scale 3D mapping of depth to soil sodicity constraints through
combining public and on-farm soil databases—A potential tool
for on-farm management. Geoderma 374, 114396.

Publication (peer-reviewed)

Filippi, P., Jones, E.J., Ginns, B.J., Whelan, B.M., Roth, G.W. and
Bishop, T.F.A. (2019) Mapping the Depth-to-Soil pH Constraint,
and the Relationship with Cotton and Grain Yield at the Within-
Field Scale. Agronomy 9, 251.

Publication (peer-reviewed)

Al-Shammari, D.J., Fuentes, I., Whelan, B.M,, Filippi, P., Bishop,
T.F.A. (2020) Mapping of Cotton Fields Within-Season Using
Phenology-Based Metrics Derived from a Time Series of
Landsat Imagery. Remote Sensing 12, 3038.

Publication (peer-reviewed)

Filippi, P., Whelan, B.M., Vervoort, RW. and Bishop, T.F.A.
(2020) Identifying crop yield gaps through site- and season-
specific data-driven models of yield potential. Precision
Agriculture, Under review.

Publication (peer-reviewed)

Filippi, P., Bishop, T., Whelan, B. (2019) Identifying yield
stability and drivers of vyield variability in cotton using
multilayered, whole-farm datasets. 12th European Conference
on Precision Agriculture, Netherlands: Wageningen Academic
Publishers.

Publication (peer-reviewed)

Romeo, J., Filippi, P., Baird, J., Volkova, A., Tan, D. (2019).
Identifying within-season cotton crop nitrogen status using
multispectral imagery. 19th Australian Agronomy Conference
2019, Australia: Australian Society of Agronomy.

Publication (peer-reviewed)

Al-Shammari, D.J., Bishop, T.F.A,, Fuentes, I, Filippi, P. (2019)
Mapping cotton fields using phenology-based metrics derived
from a time series of Landsat imagery. 19th Australian
Agronomy Conference 2019, Australia: Australian Society of
Agronomy.

Publication (peer-reviewed)

Filippi, P., Jones, E.J., Ginns, B.J., Whelan, B.M., Roth, G.W.,
Bishop, T.F.A. (2019) A novel approach to map the depth to a
soil pH constraint — a useful tool for understanding yield
variability. 19th Australian Agronomy Conference 2019,
Australia: Australian Society of Agronomy.

Publication (industry article)

Filippi, P. (2020) Novel approach to forecast cotton yield mid-
season for growers — a useful adaptive management and
planning tool. The Australian Cottongrower

Publication (industry article)

Filippi, P. (2020) At what depth are soil constraints reached in
the profile, and how does this impact crop yield variability?
The Australian Cottongrower

Publication (industry article)

Filippi, P. (2018) A Big Data Approach to Understand Cotton
Yield Variability and Forecast Yield. Spotlight

Presentation

2018 — August — Yanco
Cottoninfo Research Update

“Soil change and soil dynamics in the south”

Presentation

2018 — August — Yanco
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CottonInfo Research Update

“Using on-farm data to understand yield variability”

Presentation

2018 — August — Gold Coast
Cotton Conference

“Big Data (on-farm and free) — the key to understanding yield
variability”

Presentation

2018 — November — St George
CRDC board meeting

“The opportunities of on-farm and freely-available Big Data”

Presentation

2018 — November — Canberra
Soil Science Australia Conference

“A flexible soil mapping approach for the cotton-growing
regions of Australia”

Presentation

2019 — April — Morocco
Agri Analytics Days

“Using big agricultural data to forecast crop vyield and
understand yield variability in Australia — applications in cotton
and grains”

Presentation

2019 — July — France
European Conference on Precision Agriculture

“Forecasting yield, and modelling yield potential of cotton with
multi-farm datasets, and machine learning”

Presentation

2019 — August — Wagga Wagga
Australian Agronomy Conference

“Mapping the depth to important soil constraints — a useful
tool for understanding yield variability”

Presentation

2019 — August — Wagga Wagga
Australian Agronomy Conference

“Using multispectral imagery from planes to identify within-
season cotton canopy nitrogen status”

Presentation

2019 — October — Armidale
Cotton Research Conference

“Forecasting cotton yield, and modelling yield potential with
multi-layered, multi-farm datasets, and machine learning”

Presentation

2019 — October — Armidale
Cotton Research Conference

“Modelling soil sodicity constraints to depth and the
relationship with dryland and irrigated cotton yield”

Presentation

2019 — December — Sydney
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Science, Technology, Engineering, and Economics for Digital
Agriculture Conference

“Modelling cotton yield potential and identifying yield gaps
with multi-layered, multi-farm datasets and machine learning”

Presentation 2020 — February — Moree, Gunnedah, Narromine
CottonInfo Research Update

“Soil constraints and cotton yield variability”

Presentation 2020 — February — Moree, Gunnedah, Narromine
Cottoninfo Research Update

“Cotton yield forecasting for Precision Ag”

Presentation 2020 — July — Online
Society of Precision Agriculture Australia

“Mapping the depth to soil constraints — a useful tool for
understanding yield variability”

Products Soil constraint maps online user-interface

We have created an online tool to map soil constraints. The
tool allows farm boundaries to be uploaded, and also grower
soil tests to be uploaded. This information is added to public
soil databases, and allows for tailored maps to be created for
farmers. It is currently just a prototype, and will need further
work before it is an operational tool for the industry. The
current version is based on soil sodicity maps across the
Namoi catchment. It can be found by the following link, but
please close the tab after opening as the current version only
allows a certain amount of use each month: https://sih-data-
science.shinyapps.io/depthtosoilconstraint/. Contact Patrick
for further information and some example datasets to play
around with the tool.

Products Decision framework flowchart to identify causes of yield
variability

The decision tree is based on the results found from the
modelling component of this project (USYD). This part of the
project is the start of the decision framework, and then results
from NSW DPI trial and satellite sites will come under this once
that component is completed. An initial framework has been
created. While this is not yet fully completed as NSW DPI have
delayed their part of the project for a further 2 years, we will
continue to work with them to complete this.

Outcomes from project outputs (Refer to examples document).
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A simple/practical method to
assess yield potential and
yield gaps

The methods to assess yield gaps and yield potential in
cotton (using the OZCOT/APSIM model) is only possible to
implement on research stations and experimental plots where
there is a mass of specific and detailed input data. In this
project, we developed a scalable method for growers to
assess yield gaps and yield potential across their fields and
across many seasons. The approach relies on readily
available public datasets (rainfall, temperature, satellite
imagery), on-farm yield maps, and machine learning. Growers
can then identify which fields, or parts of fields are reaching
yield potential, and which have large yield gaps. This helps to
understand the causes of these yield gaps and implement the
appropriate management practices to address them.

Cotton yield can be
forecasted using diverse
readily available datasets

Forecasting cotton yield is a difficult thing to do. Two broad
approaches have been used in the past for the Australian
Cotton Industry: 1) using APSIM/OZCOT, and 2) using imagery
from UAVs/drones. Both of these approaches have issues in
regard to scalability and the practicality of their
implementation. The approach developed in this study is
similar to the approach used to predict yield potential/gaps,
and relies on readily-available public datasets, yield maps,
and machine learning. The approach can predict at any spatial
resolution, from 10 m, to fields, to whole farms. It is scalable
and can be implemented across the various growing valleys.
The accuracy of the forecasts depends on the season. While
predictions at fine-resolutions (30 m) are likely not of high
enough accuracy, the predictions at the field scale were quite
good. These field-scale predictions could help growers plan
ahead, forward-sell, or guide input management based on
expected yield.

Mapping soil constraints in
3D to better assess crop
yield variability

Most soil maps are created at several depth increments (e.g.
0-15, 15-30, 30-60, 60-90 cm), and for many different soil
properties. This results in many maps, which makes it difficult
to link to yield maps to understand the causes of variability.
This project focused on overcoming these problems by
creating maps of the depth to important soil constraints (e.g.
alkalinity, sodicity, compaction), which are the largest drivers
of yield variability in the cotton industry.

Mapping the depth to soil constraint thresholds (e.g. an ESP
of 15%) helps to identify the exploitable depth of cotton roots,
and therefore the water and nutrients available. In addition, as
single 3D map is created, which makes it easier to link to yield
maps. The results from several case studies show that these
3D depth-to-constraint maps explain the variation in cotton
yield well.

Pooling on-farm soil data
with neighbouring and
national databases creates

more accurate soil maps

There has been a lot of effort into creating digital soil maps of
large areas, but these maps are rarely used by growers due
to their inaccuracy. This project showed that pooling together
soil data collected on-farm with neighbour’s soil data, and
regional/national soil databases increases the accuracy of
these maps. Leveraging off this other soil data makes it
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cheaper for growers, and is a promising step forward for the
industry, particularly for soil constraints.

Better understanding of | While there are many studies that have attempted to assess
relationship between canopy | N status of cotton crops using UAV and satellite imagery,
N and hyperspectral data | most have only used multispectral imagery. This project, in
from UAV collaboration with Tim Weaver and the Future Farm project
flew over N trials at ACRI seasons with a hyperspectral
camera. The results show a good relationship with canopy N.

Part 3 — Technical Report
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Executive summary

Cotton yield can vary considerably between fields, within-fields, and from season to season,
despite having the same management and weather conditions. Although cotton growers
generally have an idea of the cause of yield constraints, the causal factor for this variation is
often not clear, and growers have limited available methods to systematically diagnose yield
gaps and the causes of these. This project aimed to develop a suite of approaches to predict
and diagnose spatial and temporal variation of yield and the possible causes so that growers
can implement management strategies to close yield gaps. More specifically, the objectives of
this study were to:

Develop a method to assess yield gaps and potential within-fields

Create an easily adoptable approach to makes mid-season forecasts of cotton yield
Create more useful soil constraint maps in 3D for better decision making

Utilise novel hyperspectral imaging tools and UAVs to asses canopy N variation spatially

Most of the project heavily relied on large datasets collected on-farm (hundreds of yield maps
from >10 growing seasons), as well as publicly-available spatial-temporal datasets (satellite
imagery, weather, soil data). Novel machine learning modelling techniques were also used in
conjunction with these datasets to create valuable outputs.

Overall, the results showed that the wealth of on-farm and public spatial data can provide
significant value to the Australian Cotton industry when appropriately analysed. The project
filled a gap in current research and developed an approach that could forecast cotton yield
relatively accurately mid-season at fine spatial resolutions and with datasets that are readily
available to growers. This allows growers to plan ahead, make more informed decisions, and
alter management to maximise yield. We also established a method to estimate site- and
season-specific cotton yield potential, which allows yield gaps to be identified within and
between fields. The causal factors of these gaps than can be identified, and management can
be shifted to close yield gaps. The project also built a framework for creating soil maps that are
more useful for growers — by mapping the depth to important soil constraints (e.g. sodicity), and
then linking this with the variation in soil water holding capacity and cotton yield. These depth-
to-soil-constraint maps facilitate execution of management to ameliorate these constraints, or
shifting of inputs if soil constraints are too deep to rectify.

The outputs of this project have significant potential impact for growers and the Australian
Cotton Industry, as all of these developed approaches can realistically be implemented in
cotton farming systems using datasets that are commonly available. The implementation of
these findings will lead to improved adaptability, production, input use efficiency, and
profitability for growers and the Australian Cotton Industry.
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1. Forecasting yield

1.1. Introduction

There has been a lot of interest in developing methods for forecasting cotton yield in the
Australian Cotton Industry. Yield forecasts are useful for a variety of stakeholders, including
growers, gins, and governments. Many studies focus on forecasting yield for large areas (e.g.
regions), and late in the season. However, growers need forecasts of yield at fine resolutions
(within field), and earlier in the season in order to adaptively manage their cropping systems.
This also aids growers in forward selling and managing insurance and contracts. There are
currently a few methods that have been used to forecast cotton yield:

e Simulation models, such as APSIM-OZCOT (Agricultural Production Simulation Model).
These simulation models are accurate, but rely on numerous, and detailed specific input
parameters. This information is usually only available at point locations measured in
high detail, such as research stations. This makes it difficult to use simulation models to
provide forecasts of yield for growers.

e Another popular approach is to use imagery from UAVs (Unmanned Aerial Vehicles) to
forecast yield. While relatively accurate predictions of yield can be made with UAVs,
they can be expensive and time-consuming to operate, particularly over large areas.
However, these approaches ignore important soil and weather variables that drive yield.
There are also issues with calibration, and most studies only use data from a few fields
or seasons, creating limitations on the applicability to other fields and seasons.

The aim of this part of the project was to develop a novel approach to forecast cotton yield to
try and overcome the pitfalls and limitations of other current approaches. This involves using
yield monitor data over many fields and farms, combining this with other publicly available
datasets, and then creating machine learning models to forecast yield mid-season (January).
Many cotton growers have a good store of yield monitor data across many fields, and for many
seasons, which is a fantastic asset that has been typically underutilised. We are also currently
in the ‘digital revolution of agriculture’, meaning that we now have access to an enormous
amount of data that not only describes crop yield, but also the factors that relate to yield (e.g.
weather, satellite imagery, soil data). This provides a promising opportunity to combine all this
to forecast cotton yield mid-season for cotton growers.

1.2. Methods
The aim was to develop a method to forecast cotton yield, with the outputs being suited to
cotton growers. This includes:

e Predicting at a fine resolution —e.g. 30 m

e Predicting at a time point where a decision can be made — e.g. start of January

e Using datasets that are commonly available on farms or publicly available — e.g. yield
maps, satellite imagery, weather data

The method was primarily developed in the Gwydir River Catchment.
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1.2.1. Crop yield driving factors and modelling framework

To formally describe the concept of the yield modelling/forecasting approach developed in this
study, the fopsawframework was formed. Cotton yield has a relationship with a suite of different
variables that vary in both space and time. These include:

t= Topography (e.g. elevation, slope)

0= Organisms (e.g. pests, disease, weeds)

p= Plant measurements (e.g. reflectance, vegetation indices, canopy biomass)
s= Soil (e.g. soil type, soil constraints, nutrient content)

a= Agronomy/management (e.g. variety, sowing date, irrigation, previous crop)

w = Weather (e.g. rainfall, temperature, solar radiation)

This can be summarised in the following equation, where crop yield (Y), is a function of all of
these variables and the interaction between them:

Y=f(to,ps aw)

The fopsaw framework describes the interactions/relationships between crop yield and other
corresponding spatial and temporal variables that drive yield. When crop yield data (response
variable) is combined with these driving factors (predictor variables), predictive models of crop
yield can be created. Many of these relationships are not linear. It is not a requirement that all
factors within fopsaw are represented when modelling yield, as it is a flexible approach. Some
of these predictor variables are controllable, such as Agronomy/management, but many others
are uncontrollable, such as Weather.

1.2.2. Datasets

Yield - For the case study farm, cotton yield monitor data was available for fourteen different
growing seasons from 2002 to 2017 (excluding 2003 and 2004), and across 68 different fields.
In total 253 individual cotton lint yield maps were available. The yield data was provided by
Precision Cropping Technologies (PCT) and corrected and processed using their industry-
standard procedures. The maps were at about 2 m spatial resolution, but were aggregated to
30 m before using them in other analyses.

Spatial/temporal covariates — A collection of spatial and temporal datasets that relate to cotton
lint yield were also gathered. These are described in Table 1.1.

Table 1.1 — The data used, the spatial resolution, and the associated fopsaw factor

Data type Data description Resolution Factor Type
Yield Cotton lint yield monitor data 30m Y
Satellite imagery EVI - Landsat 7 (maximum Oct-Jan) 30m p
NDVI - Landsat 7 (maximum Oct-Jan) 30m p
ET - MODIS (cumulative Oct-Jan) 500 m p Spatial-
Rainfall Aug-Sep (pre-sowing) 5000 m w temporal
Oct-Jan (in-crop rainfall) 5000 m w
Temperature Oct-Jan (in-crop day degrees) 5000 m w
Topographic data Digital elevation model 5m t
Gamma radiometrics Potassium (K) 100 m s Spatial
Soil maps Clay content (30-60 cm) 90 m s
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1.2.3. Yield forecasting model and validation

The aim was to forecast cotton yield from the start of January using a random forest machine
learning model. To do this, all the spatial and temporal data described in Table 1.1 was joined
with the corresponding yield data at the relevant location and season. Many studies lack proper
calibration and validation of yield models; however, this study adopted a robust leave-one-
season out cross-validation (LOSOCYV). This means that all data from one year is removed, and
then the model is built on the remaining years of data. For example, all years from 2002 to 2016
are used to build the model, and then predictions are made on the 2017 year. This is then
repeated for all combinations of seasons, and results in a realistic assessment of the accuracy
of the model. Predictions were made at three different spatial resolutions: 30 m, field scale, and
farm-scale.

1.3. Results and discussion
1.3.1. Mid-season yield forecasts

The results showed that the most accurate forecasts of yield could be made at the farm scale,
followed by the field scale, then the 30 m resolution (Table 1.2). This makes sense, as it is easier
to predict yield across a large area, rather than at each individual point within a field. The Root
Mean Square Error (RMSE) is the standard deviation of the prediction error — it essentially
represents the average error of the model. This means the lower the RMSE, the better. The
RMSE in this study ranged from 0.77-2.11 bales/ha, however, as the average yield is V12
bales/ha, this can be considered relatively good. A LCCC (correlation coefficient) of 1is a perfect
fit, and the models in this study obtained LCCC values from 0.42-0.65.

Table 1.2 — Validation statistics from the mid-season yield forecasting model at different spatial
resolutions. Results were obtained with leave-one-year-out cross-validation.

Spatial Resolution LCCC RMSE (b/ha)
30m 0.42 2.1

Field 0.63 1.72

Farm 0.65 0.77

(LCCC of 1is a perfect fit. The lower the RMSE the better)

Figure 1.1 shows a plot of the observed and predicted yield at the farm-scale for each year.
While cotton yield could be forecasted quite accurately in some years with most points sitting
near the 1:1line (e.g. 2005 and 2016), some years were relatively poorly predicted (e.g. 2017).
Poor prediction of some seasons could be due to extreme weather events. For example, in the
2017 cotton-growing season, the study area (near Moree) experienced 54 consecutive days
above 35°C in January/February, the longest period above this temperature in the history of
any weather station in all of NSW. These extreme temperatures put the cotton crop under
stress, and physiologically a considerable amount of water is simply used to cool the plant
down, rather than for growth.
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Figure 1.1 — Validation statistics from the mid-season yield forecasting model for each season
at the farm scale. Results were obtained through using leave-one-year-out cross-validation. The
dashed line is the 1:1line.

1.3.2. Model variable importance

The remotely-sensed EVI and NDVI data were clearly the two most important predictor
variables for the yield forecasting model built at the field-scale (Fig. 1.2). Weather variables, such
as growing day degrees (GDD) and pre-sowing rainfall were also useful predictors. The variable
importance results for the yield forecasting model built at 30 m resolution was quite different
to that of the field-scale model. At the 30 m resolution there was a greater contribution to the
model from a larger number of variables, rather than being primarily driven by the remotely-
sensed NDVI and EVI data as seen in the field-scale model (Fig. 1.2). Pre-sowing rainfall and
GDD were the most important predictors. Elevation was also an important contributor to the
model.
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Figure 1.2 — Importance of predictor variables in the ‘ranger’ model to forecast cotton lint yield
mid-season for the field-scale model (left), and the 30 m resolution model (right)

1.3.3. Application of yield forecasting models

The approach developed in the current study provides mid-season forecasts of cotton yield at
the 30 m, field, and multi-farm spatial resolution. Mid-season forecasts of cotton yield at 30 m
resolution allows growers to adaptively manage according to the variability of crops within
fields, such as mid-season site-specific application of fertiliser. While the prediction accuracy at
30 m is relatively poor, the results show promise for further methodological developments. At
a field-level, these yield forecasts still allow management inputs to be matched based on crop
requirements. This is practical for irrigated cotton, as variability between fields can be much
larger than within-fields. While yield forecasts at the farm-scale may not aid growers in guiding
within-season crop management, it assists in budgeting, forecasting incomes, and harvesting
logistics. Forecasts of yield at these spatial scales are also valuable for other organisations,
such as cotton processing gins.

A strong advantage of the approach presented in this study is that it solely uses publicly-
available datasets as predictor variables in the model. This means that it could be implemented
at any cotton-growing field in any region of Australia. Locations and boundaries of fields that
are growing cotton, and have previously grown cotton have been recorded in Australia for over
a decade in online platforms (CottonMap 2018; Al-Shammari ef a/. 2019; SataCrop 2020). These
platforms have recorded close tohttps://crop.satamap.com.au/ 100% of the total cotton-growing
area in Australia in recent years. While the predictor variables are available Australia-wide, this
is not the case for the yield data used as the response variable in this study. However, over
70% of cotton growers collect yield maps, which is considerably higher than any other cropping
industry in Australia (Leonard et a/. 2017). To forecast yield at fine resolutions, such as 30 m,
historic yield monitor data is required, but field average yields suffice for forecasting at the field
and farm scale. The overwhelming majority of cotton farmers have good historical records of
their average field yields, which is a significant opportunity to build larger and more powerful
models. All of this suggests that the approach developed here could be operationally
performed in other regions of Australia. This would obviously require further calibration of the
model to ensure that each region is appropriately represented. This also raises the question
regarding the spatial extent of the model. For example, is it ideal to have one model for a
collection of farms, a region, or the whole country? This will be the subject of future work.

1.4. Conclusions
e Relatively accurate forecasts of yield could be made using the developed approach,
which involved using large yield mapping datasets across many fields/farms and
seasons, publicly-available datasets, and machine learning.

e The accuracy improved as the spatial resolution increased from 30 m, to fields, to the
farm-scale.

e There is room to improve the accuracy of the models in the future. This will involve
including more datasets, such as management information, better satellite imagery (e.g.
CCCl), and better soil constraint maps.

e Yield forecasts at the within-field and field scale mid-season could help growers to
adaptively manage according to the variability of cotton crops.

e Mid-season yield forecasts at the farm-scale also have considerable advantage in
planning ahead, forward selling, harvesting logistics, and managing contracts and
insurance.
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o The fopsaw framework developed is flexible, and uses satellite imagery of the crop
whilst also taking advantage of the other factors that drive yield, such as weather and
soil.

e A strong advantage of the approach implemented here is that it only uses readily
available public datasets as predictor variables in the model. This means that no further
data collection is required, and that it could be implemented at any cotton-growing field
in any region of Australia. This would obviously require further calibration of the model
to ensure that each region is appropriately represented.

e An operational tool for the industry could be developed if it is combined with other
industry tools such as CottonMap and SataCrop.

e Overall, accurate mid-season forecasts of cotton yield could lead to improved
production, input use efficiency, and profitability for growers and the Australian Cotton
Industry as a whole.

2. Modelling yield potential and identifying yield gaps

2.1. Introduction

The yields that growers are currently achieving is known as the actual yield (Ya), and the yields
that could be achieved through implementing the best management practices and varieties is
known as the ‘yield potential’ (Yp). There has been a lot of interest in quantifying the gap
between these, which is known as the yield gap (Yg).

Constable and Bange (2015) describe the theoretical, or genetic yield potential of cotton as a
single value of ~22 bales/ha. However, they acknowledge that this is an unrealistic goal for
growers to achieve. A more realistic yield potential is one that considers both the spatial and
temporal variability and limitations that affect farming systems, and is site-, and season-specific.
Yp can be highly variable between, and within regions, with some areas having greater ability
than others to support higher yields, largely due to more favourable climate and soil properties.
Yp is also temporally variable, due to fluctuations in weather conditions from season to season.

Estimating Yp and Yg is a difficult task as opposed to the actual yield, the yield potential of a
crop is purely a concept. The yield potential is therefore something that cannot easily be
determined or validated. Yield potential is not commonly estimated in the Australian Cotton
Industry, but there are a few methods currently available:

e Empirical approaches — Empirical approaches involve determining Yp directly from
yield data, including data from field experiments, yield contests, or maximum farmer
yields. This involves estimating Yp as some upper percentile value (e.g. 95"). A problem
with these approaches is that they are often not spatially explicit. While Yp may be
determined for a specific farm or district, this does not mean that a certain field, or
location within a field has the same potential. They also do not account for the temporal
variation in yield potential and seasonal conditions. However, if ancillary datasets (e.g.
soil properties, input levels) are available, methods such as the boundary line (BL)
approach (Webb 1972) can be used to identify the highest yields for a given level of
resource availability. However, the boundary line relies on highly accurate data, which
is commonly unavailable. All these empirical approaches require that a substantial area
and number of seasons of data are covered to ensure that Yp has been reached at
some point in the dataset.

e Simulation models — Using crop simulation models (e.g. OZCOT-APSIM) at a local level
to determine Yp has been championed as a solution to overcome the pitfalls of
empirical approaches. While these simulation models take into account the many spatial
and temporal factors that control crop yield and Yp, they require many specific inputs
that are generally only available on field experiments/research stations. This makes
them unrealistic to implement on farmer fields.
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There is a clear need to develop an alternative approach to identify Yp and Yg that can
adequately capture the spatial and temporal variability of cotton cropping systems. Cotton
growers need an approach that can be easily adopted and implemented, which would allow
them to better understand the possible causes of yield gaps, and implement practices to close
these. The aim of this part of the project was to develop such an approach.

2.2. Methods

The aim of this component was to develop a method to estimate the spatially and temporally
variable nature of cotton yield potential, and identify yield gaps. To ensure a useful method that
would benefit growers was developed, the approach contained the following features:

e Within-field variation in yield potential/gaps was assessed (30 m resolution)
e The temporal variation in yield potential/gaps was considered
e Readily available datasets were used (yield maps and public spatial data layers)

The method was primarily developed in the Gwydir River Catchment due to the long time-series
of data available (>10 years).

2.2.1. Datasets
The same study area and datasets as section 1.2 was used for this part of the study.
2.2.2. Yield stability through time

Particular areas within a cotton field often yield consistently high or low, but other areas
fluctuate from season to season (Fig. 2.1). One approach we used to assess how yield varies in
space and fluctuates in time is to classify areas to particular groups, including:

e Low yielding and stable (does not fluctuate much from season to season)
e High yielding and stable (does not fluctuate much from season to season)
e Unstable (flip-flop pattern)

Rather than using the raw yield values in bales per hectare, the z-score was used as this
standardises the data, and allows yields of different magnitudes to be compared between
different seasons and fields, as it is all relative to the mean.

= Consistently high-yielding

O = Flip-flop pattern

Figure 2.1 — Example yield maps from a field (Lachlan Valley) with an area identified that is
consistently high yielding, and an area that shifts in different seasons

2.2.3. Modelling yield potential

As opposed to the actual yield, the yield potential of a crop is purely a concept. The yield
potential is therefore something that cannot easily be determined or validated. In this study, we
define yield potential as “the yields that could be achieved through implementing the best
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management practices and varieties under uncontrollable weather factors”. It is the potential
yield, given the current weather and soil conditions achievable by implementing the best
management.

As discussed, there are a variety of methods to estimate the yield potential of crops. In this
study, the site- and season-specific yield potential is estimated through a quantile machine
learning modelling approach. Quantile modelling can estimate quantiles of the response
variable, such as the 1%, 50™, or 99" percentile. While the 50" percentile (or median) is mostly
used in agricultural modelling studies, the upper quantiles, such as the 95" percentile, could
be used to represent the upper yield that could be achieved given a combination of predictor
variables included in a model. Hence, this 95" percentile is here interpreted as the vyield
potential under the current conditions.

2.2.4. Determining the yield gap

The yield gap in this study is defined as the difference between the yield potential (the 95%
derived from the model), and the yield that is actually achieved (observed yield). As the site-
and season-specific yield potential is predicted at all locations and time points where observed
yield data from a yield monitor is available, it is possible to estimate the yield gap across the
whole dataset.

2.2.5. Model validation

To assess the accuracy of the yield models, a leave-one-field-year-out cross validation
(LOFYOCV) approach was implemented. This approach is slightly different to the one used in
the forecasting study. This involves holding out all data from one field for a specific season,
building the model with all remaining data for all other field-season combinations, and then
predicting onto the held-out field. This is then repeated for all field-season combinations, and
then the relationship between all independently predicted data and observed data is assessed.
This relationship was assessed with Lin’s concordance correlation coefficient (LCCC) (Lin 1989)
and the root mean square error (RMSE). The quality of the models was tested at two spatial
scales — 30 m resolution, and the field-scale.

2.2.6. Comparison to ‘historical maximum yield’ approach

A more common and traditional approach used by other studies to determine the yield potential
is by simply assessing historical yield data, which could be from field experiments, yield
contests, or maximum farmer yields (Lobell ez a/. 2009). In these studies, the maximum historical
yield, or some upper percentile of historical yield (e.g. 95" percentile) is used to define the yield
potential, which is defined as the ‘historical maximum vyield’ approach from hereon. This
approach comes with some pitfalls and assumptions, largely relating to the site-specificity and
spatial extent of the data used. For example, most studies take the maximum yield achieved
within a study area/region, and allocate that as the yield potential for any location/field within
that study area. This ignores the unique site-specific yield potential of a location/field.

This study implemented a more site-specific type of this ‘historical maximum yield’
approach to estimate Yp, which used the historical 30 m resolution yield maps from all seasons
of data available. Two variations of the traditional maximum yield approach were calculated to
compare with the QML approach proposed in this study. The first approach calculates the
historical maximum yield for each 30 m grid point in the study area (a), and the second approach
calculates the historical 95" percentile yield for each 30 m grid point in the study area (b). As
the resultant Yp maps were fixed (a mean Yp regardless of season), we had to do some further
calculations on the QML Yp estimations to create a fair comparison. This involved two
variations; calculating the mean Yp estimated across all seasons for each 30 m grid point (c),
and calculating the maximum Yp estimated across all seasons for each 30 m grid point (d).
Table 2.1 describes these four different approaches further.
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Table 2.1 — Details of the different traditional and novel methods to estimate yield potential
used in the comparison analysis

Broad approach Approach name Details of yield potential calculation

Traditional a) Maximum historical Maximum historical yield achieved at each grid point in the

‘maximum yield’ yield study area

using yield data onl

9y y b) 95" percentile 95" percentile historical yield achieved at each grid point in

historical yield the study area

Quantile machine c) Mean modelled yield Mean of modelled 95" percentile yield (from QML model) of

learning approach potential all seasons at each grid point in the study area

of modelled 95™ - - - —

percentile yield d) Maximum modelled Maximum modelled 95" percentile yield (from QML model)
yield potential from all seasons at each grid point in the study area

2.2.7. Case study field

As the yield gap and yield potential is assessed across 14 different growing seasons and 68
different fields in the current study, it was not possible to assess the temporal fluctuation across
the whole study area and period. To showcase the temporal fluctuation in the yield gap and
yield potential, an example field with 6 years of available yield data was chosen.

2.3. Results and discussion
2.3.1. Yield stability through time

Figure 2.2 shows the spatial and temporal cotton yield variability maps at a 15 m x 15 m grid for
the whole 13,000-ha study area. It is clear that some fields displayed higher levels of spatio-
temporal yield variability than others. This figure shows that a large portion of the consistently
low-yielding, or unstable yield zones were located on edges of fields. This is often due to
exposure to weather and wind, a discrepancy in inputs (e.g. irrigation and fertiliser), or being
located at the head or tail ditch. There were also some unstable yield zones located further
away from field boundaries, which could be caused by a temporary constraint, such as disease.
This could also be caused by a soil characteristic that responds contrarily in different seasons,
such as a clayey soil yielding relatively low in a wet year, or a clayey soil yielding relatively high
in a dry year. Areas that experienced consistently low yields often possess more permanent
constraints, such as high levels of soil sodicity

. {

Yield zone

- Low yielding stable

- Unstable
I High yieiding stable

0 5 10 20 km
| ] 1 l | l l | J

Figure 2.2 — The vyield stability zones for the whole study area, and a close-up of a subset of
fields

2.3.2. Model validation
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The model showed that yield could be predicted with relatively high accuracy (Table 2.2). The
accuracy of the predictions was generally better at the coarser field scale with a LCCC of 0.67
and RMSE of 1.66 b ha”, as opposed to a LCCC of 0.61 and RMSE of 1.81b ha" at the finer 30 m
resolution. The approach used to validate here is different to the forecasting study, as it does
not require whole-seasons to be removed in the process.

Table 2.2 - Validation statistics from the yield model (50™ percentile predictions). Results were
obtained with leave-one-field-year-out cross-validation.

Model spatial resolution LCCC R? Bias RMSE (b ha)
30m 0.61 0.57 -0.56 1.81
Field 0.67 0.66 -0.72 1.66

2.3.3. Yield gaps and potential yield across study area and period

The observed yield from the 30 m resolution yield maps derived from the yield monitor data
was summarised in a boxplot across all fields, and for each season. The overall median
observed yield across all seasons was 11.8 b ha”, but this varies considerably from season to
season. It is also clear from Figure 2.3 that there is considerable within-season fluctuation in
observed yield between different fields and locations within fields. As expected, the yield
potential is always higher than the actual observed yield, with a median yield of 13.2 b ha
across all seasons. The pattern of yield potential generally follows the same pattern as the
observed yield (i.e. higher yield is achieved in years with higher yield potential). The range of
yield potential is much smaller than the range in observed yield values within-season, which is
to be expected. The yield gap boxplot shows that the size of the yield gap fluctuates from
season to season (Fig. 2.3). The 2002 season had the highest estimated median yield gap at
3.5 b ha”, while 2007, 2010, and 2015 had the lowest yield gaps with a median of 0.9, 1.1, and
1.2 b ha”, respectively.

Observed Yield
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Figure 2.3 — Data distribution of yield potential - observed yield (top), 95" percentile (middle),
and yield gap (bottom) at 30 m resolution for all fields for each growing season using LOFYOCV

Due to the large spatial extent (13,000 ha) and long time series (14 seasons) of data used in
this study, a map of the mean yield gap over all available seasons was created to illustrate the
spatial variation across the study area (Fig. 2.4). This map shows that there is considerable
fluctuation in the mean yield gaps between fields, but also that there is considerable variability
in yield gaps within fields.
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Figure 2.4 — Maps of the mean yield gap (b ha™) for the study area at 30 m resolution

By
Py

2.3.4. Assessing yield potential/gaps through time for a case study field

To assess the spatial and temporal fluctuation in yield potential and yield gaps, a case study
field was chosen with data available from the 2006, 2007, 2009, 2012, 2014, and 2016 growing
seasons (Fig. 2.5; 2.7). The overall median yield potential was 14.1 b ha™' and ranged from 12.4
b ha'in 2006 to 15.5 b ha'in 2016. The median observed yield was 12.6 b ha”, with a low of
10.8 b ha'in 2014, and a high of 13.5 b ha'in 2016. As expected, much larger variations in Ya
were recorded within fields compared to Yp. While a median yield gap of 1.69 b ha' was
observed in this case study field across all seasons, considerable fluctuations in the yield gap
were observed between seasons. This included a large median yield gap of 2.76 b ha™ in 2014,
and a very small median yield gap of 0.03 b ha™ in 2007. The mean Yg map in Figure 2.5 reveals
that some small pockets/sections of the field (lower middle) consistently show larger yield gaps
relative to the rest of the field, which is likely due to a more permanent soil constraint in this
location.
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Figure 2.5 - Yield potential - 95" percentile (left), observed yield (middle), and yield gap (right)
for an example field for six different seasons.
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Figure 2.6 — The mean yield potential - 95" percentile (left), mean observed yield (middle), and
mean yield gap (right) for the example field over the six different seasons
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Figure 2.7 — Data distribution of yield potential - 95" percentile (left), observed yield (middle),
and yield gap (right) at 30 m resolution for an example field for six different seasons
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2.3.5. Comparison to maximum yield approach

Two variations of the traditional ‘historical maximum yield’ approach to determine yield
potential was used to compare to our novel QML approach. As the QML approach is both site-
and season-specific, the mean and maximum estimated Yp of all seasons was calculated as a
fairer comparison. Figure 2.8 shows the results of this comparison analysis. Overall, the results
look quite similar between all methods, however, it can be seen there is greater contrast
between the yield potential within-fields, and between fields with the two traditional
approaches that use the raw yield data. A simple correlation analysis to assess the degree of
agreement between the four different methods shows that moderate LCCC values were found
between the traditional and proposed approaches (Table 2.3). In general, the yield potential
was estimated to be greater in the modelled approaches compared to the approaches that only
used the historical yield data.

a) Maximum historical yield b) 95th percentile historical yield
20 20
i A
q .ﬁ?“ 15 -“'.n q‘ .ﬁ?‘. 15

- Oy ,‘.,. )
Te g Il’ T i
'O

A | *‘*\“Q'Q |

c) Mean modelled yield potential d) Maximum modelled yield potential
g, "i o N inghe, "y |l

Figure 2.8 — The yield potential as determined by traditional approaches where (a) the historical
maximum yield is used, (b) the historical 95" percentile yield is used, and this is compared to
the yield potential as determined by the quantile machine learning approach where (a) the
mean modelled yield (95" percentile) is used, and (d) where the maximum modelled yield (95"
percentile) is used. This was done across all available growing seasons and the whole study
area.
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Table 2.3 — Correlation matrix between the four different methods of determining yield
potential. The Lin’s concordance correlation coefficient (LCCC) was used to assess this
relationship.

Method (@) (b) (© (d)
Maximum yield — raw (a) 1.00 - - -
95" percentile yield — raw (b) 0.99 1.00 - -
Mean yield — 95" percentile modelled (c) 0.49 0.50 1.00 -
Maximum yield - 95" percentile modelled (d) 0.45 0.43 0.62 1.00

(LCCC of 1is a perfect fit)

2.3.6. Future application of novel yield gap analyses in industry

Identifying yield potential and yield gaps is extremely important, but there are some significant
flaws with the currently available approaches. The approach described here presents an
alternative to predict site- and season-specific crop yield potential — something that is lacking
in the literature. Unlike other methods, this approach has the potential for wide-spread
implementation in for the cotton industry.

While the methodology and results presented in the current study are promising, there are a
number of possible developments that should be the subject of future work. An obvious
extension is to aim to understand the causes of the yield gaps identified using the approach in
this study. This has been a challenge in yield gap analyses — to identify yield gaps, identify the
causes of these, and then shift practices to close them. This could then lead to the
implementation of management practices that could help overcome constraints and ultimately
close yield gaps. There are several options for performing this, which will be the subject of
future work. This will be reported on in a future progress report.

2.4. Conclusions

e An alternative approach to estimate crop yield potential and yield gaps within-fields was
developed. This involved using large yield mapping datasets, diverse spatial-temporal
covariates, and quantile machine learning, where the upper 95" percentile predictions
were treated as the site- and season-specific cotton yield potential.

e Results showed that Yp, Yg, and Ya were highly variable in both space and through
time.

o Weather variables such as rainfall and growing degree days proved to be some of the
most important predictors of yield potential in cotton.

e The results from the QML approach were directly compared to a more traditional
method of estimating Yp — by simply using the maximum, and 95" percentile value from
historical yield data. This comparison revealed that there was a general agreement
between the two approaches, although our approach is both site- and season-specific,
not just site-specific.

e The approach presented in this study partly fills an important gap in the industry —
estimating site- and season-specific Yp and Yg with readily-available spatial and
temporal datasets. Many of the approaches currently available to assess yield potential
and yield gaps possess several limitations that inhibit adoption, but the developed
approach has the potential for wide-spread implementation in broadacre cropping
systems. This could lead to identification of the causes of yield gaps, and then ultimately
the implementation of management strategies to close them.
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e The priority for future research should be to further develop the methodology presented
here, and perform additional validation and comparison to other approaches, such as
crop simulation models.

3. Mapping depth to soil constraints and the impact on yield
variation

3.1. Introduction

Soil constraints such as sodicity, salinity, compaction, and alkalinity are widespread in regions
where cotton is grown. In particular, these are issues in the subsoil, where physical/chemical
barrier for roots develop. This reduces the “exploitable depth” of cotton crops, limiting access
to moisture and nutrients at depth, which can significantly reduce yields and cause wastage of
expensive inputs. Soil constraints are the largest cause of within-field spatial yield variability in
the industry.

These soil constraints can be highly variable within-fields and can be mapped using digital soil
mapping (DSM) techniques. While most DSM studies make maps of several depth increments
(e.g. 0-5, 5-15, 15-30, 30-60, 60-100 cm), this is too much information to guide a management
decision. Estimates in subsoil depths are also often too coarse (e.g. 60-100 cm). All of this
makes it difficult to know which soil constraints are driving yield gaps and at what depths these
constraints are occurring. The depth in which a soil constraint is reached is important
information, but this is often ignored. A single 3D map showing the depth in which a constraint
threshold is reached would be more valuable, and assist in identifying where crop rooting depth
may be inhibited. This information could lead to the implementation of management strategies
to ameliorate the constraint, or alter inputs according to the constrained production potential.

As a result, this part of the project had a few different aims and questions, including:

Can we develop a new 3D approach to map the depth to soil constraints accurately?
e Collecting data is expensive, can we combine on-farm soil and spatial data with free soil
and spatial data?
o How much should growers invest in soil data collection?
o Should neighbours share data?
e Do the 3D depth-to-constraint-maps we produce help explain within-field yield
variability?
3.2. Methods
The overall aim for this section was to build a method to create more useful maps of soil

constraints so growers can better understand variation in cotton yield. This part of the study
focused on two important soil constraints for the Australian Cotton Industry:

e Soil sodicity — exchangeable sodium percentage (ESP)
e Soil alkalinity — pH

3.2.1. Study area

For the sodicity study, the study area was the Namoi Catchment. Within this, we focused on
two case-study farms near Narrabri; a dryland cotton and grain farm (L’lara) owned by the
University of Sydney, and a separate irrigated cotton farm. For the pH study, only the cropped
fields at L’lara were focused on.

3.2.2. Soil and spatial datasets

Sodicity — For the soil sodicity study, a suite of soil data across the Namoi catchment was
collated for use in the soil mapping exercise. The study area is ¥42,000 kmZ2. This consisted of
6,298 samples from 1,828 different sites at various depths to 1 m. This included data from a
national database, on-farm sampling, and soil surveys funded by the cotton CRC’s and CRDC.
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Various spatial datasets were used as variables in the soil mapping process, including satellite
imagery from Landsat, gamma radiometric data, elevation, and terrain attributes.

Alkalinity — The alkalinity study was only on USYD’s L’lara farm at Narrabri, with particular focus
on the cropping fields. Soil data from 110 locations was used. The spatial datasets used in this
study included some satellite imagery, a map of elevation, as well data collected from different
proximal sensors, including EM (electro-magnetic induction) and gamma radiometrics (Fig. 3.1).

ECa (mS/m)
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Figure 3.1 — The data sources used for digital soil mapping in the pH study at L’lara. 1) Soil ECa

(0-3.0 m) from a Dual EM-21S, 2) Gamma radiometrics K, 3) DEM, and 4) the 90" percentile red
band.

3.2.3. Soil mapping

The soil profile data was first splined to 1 cm increments down the profile before modelling. A
random forest model was then used to create a 3D model to predict soil ESP at a 30 m spatial
resolution and pH at a 5 m spatial resolution. Rather than mapping the soil ESP and pH values
at standard depth intervals, the depth to certain constraint thresholds was mapped instead.
These thresholds were 6%, 10%, and 15% for ESP, and a pH of 9. This results in a single map to
represent soil ESP and pH in 3D. The models were validated by 10-fold cross-validation in the
larger ESP study, and leave-one-site-out cross-validation (LOSOCYV) in the pH study.

3.2.4. Relationship between soil constraint maps and crop maps

The relationship between the depth-to-ESP and depth-to-pH constraint maps and yield maps
for different fields and seasons was assessed. This included data from two dryland cotton and
grain fields at L’lara. For the ESP study, an additional irrigated cotton field from another farm
was included. Boxplots were used to display this relationship, where data were grouped in 10-
cm intervals (depth-to-constraint), showing how the distribution of yield data changed as the
depth-to-constraint changed for each field and crop/season.

3.2.5. The value of combining regional, neighbouring, and on-farm soil data to make
more accurate maps

The collection of soil samples on-farm, and their subsequent laboratory analysis can be an
expensive process, and farmers need to determine whether this investment is beneficial for
their businesses. There has also been significant discussion about data sharing amongst
neighbouring farms for their mutual benefit (Leonard et a/. 2017). To investigate the benefits of
on-farm soil sampling and data sharing between neighbours, this study explores different data
scenarios in regard to soil test information using L’lara farm as a case study.

For the purpose of this analysis, there are three broad datasets: 1) on-farm data; 2) neighbouring
data; and 3) regional data (Fig. 3.2, Fig. 3.3). The on-farm data consists of 147 soil samples from
30 soil cores collected within fields of L’'lara in 2018 (Fig. 3.3). The neighbouring data includes

July 2020 template 28 0f 54



CRDC ID:Error! Reference source not found. For
Public Release

119 soil samples from 40 soil cores collected in 2018 on neighbouring farms and forest within a
5 km distance of L’lara. The regional data is the remainder of the NSSC and USyd databases
described in section 3.2.2, which consisted of 6,032 samples from 1,758 sites.

Four different combinations of these datasets were tested to highlight the value of combining
datasets, and investing in soil information. This included:

A) Regional data only

B) Regional and neighbouring data

C) Regional and on-farm data

D) Regional, neighbouring, and on-farm data

All predictions were independently validated.

Nowley (Usyd)

L'lara (Usyd)
L'lara - neighbours (Usyd)
® Cotton CRC/CRDC (Usyd)

@® National Soil Site Collation

I:] Namoi Catchment & 30 km buffer

0

Figure 3.2 — The source, and location of soil ESP sites within the Namoi Catchment, New South
Wales, Australia

Dataset
® On-farm

® Neighbours

Regional
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Figure 3.3 — Locations of soil sampling sites surrounding the University of Sydney farm — L ara,
Narrabri, NSW. Red points are those collected on-farm, blue points are those collected on
surrounding farms, and yellow points are those from the large regional soil database.

3.3. Results and discussion
3.3.1. Soil pH constraint maps at L’lara

The depth-to-high-pH-constraint map showed considerable spatial variability across the L’lara
study area (Fig. 3.4). In total, 77% of the cropping fields had a strongly alkaline pH of 9
somewhere within the top 100 cm.

Depth to constraint (pH > 9)

- 50cm

‘ 100 cm

Unconstrained

p N
0 15 3 6 km A
I l l l | l | | |

Figure 3.4 — Digital soil map of the depth in which soil pH constraint (> 9) is reached across
L’lara

3.3.2. Soil ESP constraint maps across the Namoi

The top map in Figure 3.5 shows the depth in the soil profile in which an ESP constraint of 6%
is reached across the Namoi catchment. This map reveals that there is quite a lot of variability
in the depth of soil sodicity constraints within the Namoi. In general, the Lower Namoi (western
section of the catchment) reached an ESP constraint of 6% relatively shallow in the profile,
whereas much of the Upper Namoi (eastern section of catchment) was unconstrained to 1 m.
The bottom image of Figure 3.5 is a cutout of one of the case study farms — L’lara, which is
situated only a few kilometres from Narrabri. This image shows that there is also a high degree
of variability in the depth to soil sodicity constraints at the field and farm scale, which would
have an impact on crop yield variability.
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Narrabri

Depth to
ESP > 6%

- 100+ cm

Figure 3.5 — The depth that a soil sodicity/ESP constraint (6%) is reached across the Namoi
catchment, and one of the case study farms — L’lara (situated a few kilometres from Narrabri)

3.3.3. Relationship between soil constraint maps and yield maps

The depth-to-sodicity constraint maps show the variation across the Namoi catchment and
L’lara, but it is important to link this to crop yield maps to understand the impact. The boxplots
show how the depth in which an ESP constraint is reached impacts on crop yield in different
seasons for two dryland fields (Fig. 3.6) and an irrigated field (Fig. 3.7).

The Dryland A field showed a clear pattern of decreasing yield as soil ESP constraints were
predicted to be shallower in the profile for both canola in 2016 and chickpea 2017 (Fig. 3.6). A
similar pattern was found for the wheat crop in 2016 in the Dryland B field, but the relationship
was less clear in this field for cotton in 2018 (Fig. 3.6). Cotton is generally more tolerant of soil
sodicity than grain crops, but this could be due to the impact of seasonal conditions.
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Figure 3.6 — Relationship between the depth to soil sodicity/ESP constraints and dryland grain
and cotton yield maps

Cotton yield maps from three different seasons were available from the Irrigated C field, which
allowed the analysis of the impact of seasonal conditions on the relationship between yield and
soil sodicity constraints (Fig. 3.7). While shallower soil constraints generally resulted in a lower
yield in all seasons for the Irrigated C field, the relationship was the clearest in 2013. The 2013
season was also the lowest yielding of all years for this field, with the lowest in-season rainfall.
This suggests that the depth in which a soil sodicity constraint is reached is a stronger driver of
spatial variability of yield in drier years. This could be because crops are more reliant on subsoil
moisture in drier years and the soil sodicity at depth is limiting access to this moisture. In
contrast, crops are less dependent on this subsoil moisture in wet years, with the moisture in
the upper soil profile capable of supporting plant growth and therefore yield. Quantity of
applied irrigation in each season would help understand this better and will be included in
future work.
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Figure 3.7 — Relationship between the depth to soil sodicity/ESP constraints and irrigated
cotton yield maps

3.3.4. The value of combining on-farm and neighbouring data with regional soil
databases

The value of adding on-farm and neighbouring soil data to the regional soil database to predict
soil ESP at L’lara was tested. This involved the use of four different combinations of the three
different datasets. The poorest predictions came from solely using the regional soil database
to predict soil ESP values on the L’lara sites, with a LCCC of 0.54 and RMSE of 6.27% (Table
3.1). The prediction quality was similar when the regional database was supplemented with the
neighbouring data, with a LCCC of 0.56 and RMSE of 6.32%. When soil data collected on-farm
(L'lara) was added to the regional database, prediction quality of soil ESP considerably
increased to a LCCC of 0.67 and RMSE of 5.53%. Supplementing this with the neighbouring
soil data made minor improvements to the predictive capability of the model.

Table 3.1 — Statistics of the quality of soil ESP ranger model predictions for the different
combinations of dataset based on cross-validation and independent validation techniques.
Validation was performed at the vertical support of the original sampling depths.

Dataset/database LCCC RMSE (%)
Regional 0.54 6.27
Regional + neighbour 0.56 6.32
Regional + on-farm 0.67 5.53
Regional + neighbour + on-farm 0.68 5.53

3.4. Conclusions

e Soil ESP was predicted in 3D to 1 m depth across the Namoi Catchment, and soil pH
was predicted across a dryland cropping farm — L’lara, Narrabri.

e Machine learning was used to create maps of the depth to an ESP threshold of 6%, 10%,
and 15%, and a threshold of 9 for pH.

e The value of combining soil data collected on-farm with regional databases was tested
for the ESP study, with results showing considerable improvements in predictions when
all of the soil data was pooled together.

e The depth to constraint maps proved a useful tool for understanding crop vyield
variability, but this was impacted by crop and season.

e |t appeared that the depth to soil constraints have a more severe impact on irrigated
cotton vyield variability in drier seasons. This is because there is more reliance on
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accessing moisture from deeper in the profile, but roots are inhibited from accessing
this due to soil constraints.

e The approach and maps produced in this study are an important step towards
connecting DSM research and products with farmers and land managers. This work
should be extended by producing maps of the depth to several important soil
constraints for the assessment of crop yield variability and potential yield losses.

e An operational framework where farmers are able to add their own soil data to regional
soil databases would lead to improved and updateable soil maps, and could have
considerable benefits for a range of stakeholders in the Australian cotton industry.

4. The interaction between soil constraints, available water
capacity, and potential crop yield at the farm scale

4.1. Introduction

Through chemical or physical impediments, the presence of one or more constraints in the soil
profile limits the ability of crops to utilise stored soil moisture. The depth to a particular
constraint determines how much of the soil profile, and the water it contains, can be accessed
by crop roots. It is possible to ameliorate and/or manage constraints to optimise crop yields,
but viability of such management decisions depends on the nature and impact of the
constraints. If the depth-to a constraint is not known, resources such as fertiliser and irrigation
may be applied unnecessarily and therefore wasted. Very few studies have considered the
interactions between constraints, available water capacity, and yield spatially.

Mapping the depth to soil constraints is a useful process, and the previous chapter in
this report shows how these maps can play an important role in explaining the variation in yield
within fields. This chapter aimed to build upon those initial findings and looked at the interaction
of multiple soil constraints with the water holding capacity of soils spatially. More specifically,
the impact of the depth-to-constraints (and therefore crop rooting depth) on reducing the
available water capacity (AWC) was explored. The amount of AWC lost due to constraints, was
then used to estimate lost potential yield using industry water use efficiency (WUE) equations.
Finally, the study aimed to produce a map showing the most important soil constraints for each
location in the farm.

4.2. Methods
4.2.1. Soil constraint maps

This study mapped the depth-to three yield-limiting constraints at a range of threshold values
(PHH20 9; electrical conductivity 1:5 soil:water (ECis) 0.5 dS m”', 0.8 dS m™ and 1.0 dS m™;
exchangeable sodium percentage (ESP) 6%, 10% and 15%) using machine learning models and
digital soil mapping techniques as described in Chapter 3. The study area used was a collection
of farms in the Gwydir catchment.

4.2.2. Available water capacity (AWC)

Digital soil maps of sand, clay, and organic carbon were also produced across the study area.
These were then used as inputs into pedotransfer functions (PTFs) (developed at USYD) to
estimate the Drained Upper Limit (DUL) and Crop Lower Limit (CLL). The difference between
these two maps were then calculated to obtain the AWC for the top 120 cm of the soil profile.

4.2.3. Interactions between depth-to-constraints and AWC

The interactions between the depth-to constraint (pH, EC, and/or ESP) and AWC was assessed.
The constraint thresholds used for this analysis were pH 9, EC1:5 1.0 dS m-1, and ESP 15%.
‘Unconstrained’ AWC was calculated as the AWC without considering the presence of
constraints. For the ‘constrained’ AWC map, only AWC data to the depth that any soil constraint
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was first reached in the profile was used. This constrained AWC map therefore excluded soil
water beyond the depth-to a constraint. The total unavailable water due to the presence of
constraints was calculated as the difference between unconstrained and constrained AWC
down to 120 cm. The unconstrained and constrained AWC, and unavailable water due to the
presence of any constraint, were mapped across the study area. The impact of individual pH,
EC, and ESP constraints on AWC was also calculated to estimate potential yield loss (Section
4.2.4) and most-limiting constraint to yield (Section 4.2.5).

4.2.4. Lost potential yield

The map of unavailable water due to the presence of constraints (Section 4.2.3) was used to
determine the potential lost yield for wheat and cotton crops. Water use efficiency (WUE)
equations developed by French and Schultz (1984) and Roth et al. (2014) were used to estimate
potential lost yield for wheat and cotton, respectively. The French and Schultz (1984) equation
estimated WUE for wheat grain yield to be 20 kg ha-1 mm-1 water. The WUE equation
developed by Roth et al. (2014) estimated cotton lint yield to be >3 kg ha-1 mm-1 water, so in
this study, 3 kg ha-1 mm-1 water was used as a conservative estimate of yield loss. For cotton,
potential yield loss was converted to bales ha'as the standard industry measurement of lint
yield is 1 bale = 227 kg (Roth et al., 2014). Potential yield loss was mapped across the study area
for the constraint threshold values of pH 9, EC1:5 1.0 dS m-1, and ESP 15%.

4.2.5. Most limiting constraint

The potential yield loss maps for the depth-to pH, EC, and ESP constraints were stacked and
the greatest potential yield loss was calculated at each grid point. This value was assigned to
the corresponding constraint (pH, EC, or ESP) and was determined to be the most-limiting
constraint to yield. This was then mapped across the study area.

4.3. Results

The depth-to-constraint maps of pH, EC, and ESP show considerable variation across the study
region (Fig. 4.1, 4.2, 4.3).

N n Depth to pH 9 Constraint

Depth to constraint (cm)
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Figure 4.1 — The depth-to a pH constraint of 9.
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Depth-to EC Constraint
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Figure 4.2 — The depth-to an EC constraint at three different EC1:5 thresholds; 0.5 dS m-1, 0.8
dS m-1, 1.0 dS m-1.
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Figure 4.3 — The depth-to an ESP constraint at three different ESP thresholds; 6%, 10% and 15%.
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The unconstrained AWC map showed that there are relatively minor differences in AWC across
the study area (Fig. 4.4). However, once the depth to the shallowest constraint was considered
there was a much greater variation in AWC (Fig. 4.5). Figure 4.6 shows the difference between

these two maps, or the ‘lost” AWC due to the presence of constraints.
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Figure 4.4 — Unconstrained AWC within the top 120 cm of the soil profile.
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Figure 4.5 — Constrained AWC within the top 120 cm of the soil profile.
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Figure 4.6 — Unavailable water in the top 120 cm of the soil profile due to the presence of all

constraints.

Figure 4.7 shows the potential yield loss due to all constraints, whereas figures 4.8, 4.9, and
410 show how each soil constraint contributes to the loss in yield individually for each
constraint. It is clear that some areas of the farm are expected to have crop yield unaffected by
constraints, whereas other areas would likely experience heavy yield losses due to constraints.
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Figure 4.7 — Potential yield loss due to the presence of all constraints.
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Figure 4.8 — Potential yield loss due to the presence of a pH 9 constraint.
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Figure 4.10 — Potential yield loss due to the presence of an ESP 15% constraint.

For

The most-limiting constraint to yield was identified from the potential yield loss maps (Fig. 4.8,
4.9, 4.10) and mapped across the study area (Fig. 4.11). Over 28% of the study area was most-
limited by an ESP constraint of 15%, and these affected regions were widespread to the south
of the study area. Soils most-limited by pH and EC constraints were scattered throughout the
north-north west and central regions of the study area, affecting approximately 17% of the total
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study area each. The remaining 37% of the study area was deemed to be unaffected by soil
constraints.

Most Limiting Constraint to Yield

Constraint Threshold

[Eesp (15%)
[ ec (1.0 dsim)
| ECETE)

l:l No constraint

0 25 5

Figure 4.1 — The most limiting constraint across the study area based on the greatest
estimated reduction in potential cotton yield.

4.4. Conclusions

Over 60% of the study area was constrained by one or more soil constraints (i.e. pH, EC
or ESP) somewhere in the top 120 cm of the soil profile. Soil sodicity (ESP 15%) was
identified as the most-limiting constraint to yield compared to alkalinity (pH 9) and
salinity (EC1:5 1.0 dS m-1) constraints.

Unavailable water due to the presence of constraints was mapped across the study
area. Total AWC and soil water available for plant uptake was reduced by an average
of Y63 mm due to the presence of constraints.

Through WUE equations, potential yield loss was estimated to range between averages
of 0.4 and 1.3 t ha-1 for wheat and 0.3 — 0.8 bales ha-1 for cotton when constrained by
pH, EC, or ESP.

The workflow developed in this study effectively demonstrates the development of a
useful decision-making tool to identify the most-limiting constraint to yield on a single
map using readily available soil information, DSM techniques and pedotransfer
functions (PTFs) to better understand the impact of subsoil constraints.

A map of the most-limiting constraint to yield, and its use in conjunction with additional
independent information such as maps of the depth-to a constraint, is useful for guiding
decision-making for the amelioration and management of subsoil constraints, and the
feasibility of such decisions.

This tool builds upon and improves previous work considered within the literature by
integrating multiple layers of previously, independently considered information
describing the interactions between constraints, AWC and crop yields.

This work should be extended by validating potential yield loss estimations with farm-
sourced yield data. Future work should consider including a greater range of threshold
values for constraints and the consideration of environmental factors that influence
temporal changes in the soils water balance such as in-season rainfall.
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5. Assessing cotton N variability with UAV hyperspectral
imagery

5.1. Introduction

Australian cotton growers are renowned for applying large amounts of N fertiliser. Overly
excessive N encourages leafy growth at the expense of boll growth, but they simply cannot risk
under-applying as there are many other major expenses (e.g. water). While most growers apply
a high uniform rate of N across a field, cotton crop N requirement can be highly variable within
a field, and from season to season. High uniform rates ensure N is not limiting anywhere, but it
is not a cost-effective approach. However, before growers commit to variable rate application
of N, they want an accurate system to guide this. Pre-season soil tests give an idea of residual
N in soil, and leaf tissue tests can give an indication of crop N status, but these are all only at
point locations and are time- and cost-prohibitive tasks.

Being able to rapidly identify N level in plants and tailor farm management to either boost high
potential or reduce inputs to low potential areas promises a way to reduce environmental
impact while reducing costs. There has been some focus on using ground-based instruments
for rapid detection of N concentration in cotton. There has also been a lot of interest in using
imagery from UAVs to create maps of cotton N status to guide variable, and more precise
application of fertiliser. Most of these studies have focused on using multispectral imagery and
vegetation indices (e.g. NDVI, NDRE, and CCCI), with little attention paid to hyperspectral
imagery from UAVs in cotton. In other crops such as wheat there has been significant research
in using hyperspectral imagery. This research shows that the spectral features in the region
between the chlorophyll absorption well of the Red band (550nm) and heat reflection peak of
the NIR band (800nm) is of great interest for N detection due to leaf stress condition influencing
where and what shape this transition takes. These promising results should be explored on
cotton crops.

This research had three main objectives:

i) to investigate the ability of UAV-based hyperspectral sensors to detect N
concentration in cotton;
ii) to explore relevant methodologies for identifying spectral regions responsive to

variables of interest and use iterative assessment of individual and combinations of
raw reflectance bands and derivatives against established vegetation indices

iii) to compare UAV-based hyperspectral against satellite-based multispectral
instruments.

The ultimate aim of this is to provide cotton growers with a non-destructive method of
identifying when, where and how much N to apply to maximise yield.

5.2. Methods
5.2.1. Study site

The study site is a Future Farm trial at ACRI, Narrabri (Fig. 5.1). The field is 1 hectare in size, and
contains 3 nitrogen treatments (0, 200, 400 kg).
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Figure 5.1 — Future Farm trial at ACRI, Narrabri with different treatments

5.2.2. Physical plant samples

In-field physical samples of the cotton canopy were collected throughout the trial site. This
included 30 samples, spread in clusters of 3 over 10 locations. Each field sample was an
average of 40 leaf and petiole samples from plants around georeferenced points (Y5m
accuracy). These were analysed for nitrates and total N in the laboratory.

5.2.3. Hyperspectral data and modelling

Two different flights on the 19" of February 2019 were performed to collect hyperspectral
imagery. Issues with equipment (crashed UAV) and hail damage of cotton prevented other
flights from being conducted. The hyperspectral instrument used was the Cubert ButterflEYE
LS (450 — 900nm with max 10nm FWHM). The sensor frame rate is 20 Hz (Y150Gb of imagery).
The resolution of the imagery is very high, with a resolution of “5.2cm. The two images were
stitched together and scaled radiometrically.

Instead of using single pixel values, 20cm areal average reflectance vectors were
calculated at the 30 sample points (Fig. 5.2). Linear models were used to predict N content with
traditional vegetation indices. Each band of the reflectance data was also used as predictor
variables in a Random Forest regression model. This was to help identify the most important
bands for discriminating N content. The top 10 bands were then iteratively combined and
assessed against the N laboratory sample data to create the best novel vegetation index. This
novel VI was also used as a variable in a linear model to predict N content. Leave-one-sample-
out cross validation was used to assess the quality of all models produced.
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Figure 5.2 — Reflectance curves from the hyperspectral sensor at each of the 30 field-samples
locations

5.2.4. Sentinel data and modelling

As a means of comparison to the hyperspectral imagery, Sentinel satellite multispectral data
was also used. This was downloaded through Google Earth Engine and likewise sampled using
the same sample points. This was kept at the native spatial resolution of 10-20 m, but also
downscaled to 5 m resolution using nearest neighbour. Simple linear models were used to
predict N content for the Sentinel data. The quality of the predictions was also assessed using
leave-one-sample-out cross validation.

5.3. Results and discussion
5.3.1. Existing vegetation indices

Four existing traditional vegetation indices were used to assess their value in predicting N
content of cotton tissue samples (Fig. 5.3). The Vogelman 1index proved to be the best with an
R? of 0.81, but CCCI, mMND705, and NDRE all had R? values of 0.78-0.79. These results suggest
traditional vegetation indices are valuable in discriminating between N content of the cotton
canopy.
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Figure 5.3 — Observed and predicted values of nitrogen status using a linear model and four
different traditional vegetation indices

5.3.2. Novel vegetation indices

To create a novel vegetation index, the top 10 bands from the Random Forest variable
importance plot were selected. All of these bands were then iterated to find the 3 bands that
created the best model of N concentration. The validation results were similar to the traditional
vegetation indices, with an R? of 0.81 (Fig. 5.4). Interestingly, the key hyperspectral bands
identified were all at the red-edge inflection point (695-705nm). The value of these can also be
seen in Figure 5.5, where there is a clear difference in reflectance between low (< 3%) and high

(> 3%) N samples.

It can be seen that the very high resolution of the hyperspectral imagery (¥5.2cm) allowed
discrimination of individual crop rows and field features (low vigour areas on the edges, as well
as gaps in canopy cover) (Fig. 5.4). The imagery highlighted the different treatment blocks easily
and were strongly related to N concentration in leaf and petiole samples.
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Figure 5.4 — Predicted N concentration for the study site with hyperspectral imagery (left), and
the fit of observed and predicted data (right) using a linear model and a novel vegetation index
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Figure 5.5 — Red edge inflection point, and difference between low N, and high N samples
5.3.3. Comparison to sentinel

Interestingly the sentinel Green band (B4; mid-point 559.8nm) explained more variation in N
than either the hyperspectral data or the red edge point 1 (B5; mid-point 704.9nm), with a R? of
0.82-0.85 (Fig. 5.6, Fig. 5.7). The lower 10 m resolution reported an improved R? of 0.85,
compared to 0.82 at the downscaled 5 m. The predictions with the sentinel red edge point 1
were poorer, with an R? of 0.79 at 5 m resolution, and 0.69 at 20 m. The remaining sentinel
bands explained much lower variation (the max was NIR at 0.48), but they are not shown here.

Sentinel data has several challenges due to its much lower resolution (20m for the B5 band
compared to the 5.2cm of the hyperspectral imagery) as well as being dependent on overflight
schedule. However, the sentinel performed well in this comparison and would be very useful
in a broadacre production context. Despite this, the coarse resolution impacts the utility in a
research capacity. As the technology matures and sensor prices and operational complexity
come down, hyperspectral imagery has strong potential to deliver improved crop condition
diagnosis at fine scale and in a responsive timely manner. This research highlights an important
opportunity for development of N detection from remote sensing in cotton.
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Figure 5.6 — Predicted N concentration for the study site (left), and the fit of observed and
predicted data (right) using a linear model and the green reflectance band (559.8). This was
done at a downscaled resolution of 5 m (top), and the native resolution of 10 m (bottom)
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Figure 5.7 — Predicted N concentration for the study site (left), and the observed and predicted
data (right) using a linear model and the red edge point 1 reflectance band (704.1). This is at a
downscaled resolution of 5 m (top), and the native resolution of 20 m (bottom)
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5.4. Conclusions

Hyperspectral imagery proved to be valuable in assessing the variability of N content in
the cotton canopy, with highly accurate predictions (R? > 0.80)

Traditional vegetation indices showed similar results to novel vegetation indices,
however, further work on this is required

As a means of comparison to the UAV hyperspectral imagery, Sentinel satellite
multispectral imagery was also used, with results showed similarly accurate predictions
of N status (R? > 0.85)

The coarser resolution Sentinel imagery (10-20 m) would be very valuable at a
broadacre scale, but the hyperspectral imagery (5 cm resolution) proved valuable for
research experiments

Future research will explore the value of UAV hyperspectral imagery and Sentinel
multispectral imagery in determining N status across broader areas (fields) to assess
the practicality and transferability of these findings

Future research will take into account the vertical N stratification throughout the cotton
canopy, as well as explore the value of individual bands from the hyperspectral imagery
further

July 2020 template 49 of 54



CRDC ID:Error! Reference source not found. For
Public Release

6. A decision framework flowchart to assess causes of
variation in cotton yield

All the preceding research led to the development of a simple decision framework flowchart.
This is just an initial prototype, as the final decision framework will be produced in conjunction
with NSW DPI when their component of the project finishes in June 2022.

Assessing from yield data/maps only

A decision framework flowchart to assess variation and fluctuations in cotton yield between or within fields.
This includes the suggested steps to take, and possible management strategies to implement.

[ Is cotton yield variable within/between fields? ]

YES Uniform field
management

[ Areas/fields that have ] [ Areas/fields where yield }

consistently low yield fluctuates from season to season

Permanent/stable constraint ] [ Temporary constraint ]

Are there any visually
obvious sign of pest
and disease?

Are there any visually obvious
sign of constraints? e.g.
compaction, surface sealing

- = 5

i o @ GO
i |

Sample soil to depth Sample soil to depth Sample and Is it "keW caused by
and analyse for and analyse for best analyse to conﬁn‘n the interaction of soil/
suspected constraint guess constraint | landscape with
climate? (e.g. heavy
] Implement appropriate clay in wet year)
[ Constraint identified? ] management strategy
to prevent
|_I I_I disease/pest in future Difficult to manage,
o but can consider this
YES for future seasons
[ Can the constraint be ameliorated? ]
YES [ NO (e.g. constraint is too deep) ]
~\ I
Apply appropriate amelioration Manage accordingly to the
strategy, e.g. variable rate constraint — e.g. match inputs

gypsum to amend sodicity ) (irrigation, fertilizer) for field/zone

p
[ Start at top of flowchart ] Accept that field/zone is constrained

for following season and that this will result in variable
yield between/within fields
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Key word index

Big data; modelling; mapping; data science; precision agriculture.

A full list of industry and scientific publications,
presentations, extension activities and other outputs.

Peer-reviewed scientific journal articles

1.

Filippi, P., Whelan, B.M., Vervoort, RW. and Bishop, T.F.A. (2020) Mid-season empirical
cotton yield forecasts at fine resolutions using large yield mapping datasets and diverse
spatial covariates. Agricultural Systems 184, 102894.

Filippi, P., Jones, E.J. and Bishop, T.F.A. (2020) Catchment-scale 3D mapping of depth
to soil sodicity constraints through combining public and on-farm soil databases—A
potential tool for on-farm management. Geoderma 374, 114396.

Filippi, P., Jones, E.J., Ginns, B.J., Whelan, B.M., Roth, G.W. and Bishop, T.F.A. (2019)
Mapping the Depth-to-Soil pH Constraint, and the Relationship with Cotton and Grain
Yield at the Within-Field Scale. Agronomy 9, 251.

Al-Shammari, D.J., Fuentes, I., Whelan, B.M,, Filippi, P., Bishop, T.F.A. (2020) Mapping of
Cotton Fields Within-Season Using Phenology-Based Metrics Derived from a Time
Series of Landsat Imagery. Remote Sensing 12, 3038.

Filippi, P., Whelan, B.M., Vervoort, R.W. and Bishop, T.F.A. (2020) Identifying crop yield
gaps through site- and season-specific data-driven models of yield potential. Precision
Agriculture, Under review.

Peer-reviewed conference papers

1.

Filippi, P., Bishop, T., Whelan, B. (2019) Identifying yield stability and drivers of yield
variability in cotton using multilayered, whole-farm datasets. 12th European Conference
on Precision Agriculture, Netherlands: Wageningen Academic Publishers.

Romeo, J., Filippi, P., Baird, J., Volkova, A., Tan, D. (2019). Identifying within-season
cotton crop nitrogen status using multispectral imagery. 19th Australian Agronomy
Conference 2019, Australia: Australian Society of Agronomy.

Al-Shammari, D.J., Bishop, T.F.A., Fuentes, I., Filippi, P. (2019) Mapping cotton fields
using phenology-based metrics derived from a time series of Landsat imagery. 19th
Australian Agronomy Conference 2019, Australia: Australian Society of Agronomy.
Filippi, P., Jones, E.J., Ginns, B.J., Whelan, B.M., Roth, G.W., Bishop, T.F.A. (2019) A novel
approach to map the depth to a soil pH constraint — a useful tool for understanding yield
variability. 19th Australian Agronomy Conference 2019, Australia: Australian Society of
Agronomy.

Industry articles

1.

2.

3.

Filippi, P. (2020) Novel approach to forecast cotton yield mid-season for growers — a
useful adaptive management and planning tool. 7he Australian Cottongrower

Filippi, P. (2020) At what depth are soil constraints reached in the profile, and how does
this impact crop yield variability? 7he Australian Cottongrower

Filippi, P. (2018) A Big Data Approach to Understand Cotton Yield Variability and
Forecast Yield. Spotlight

Presentations

1.

2.

2018 — August — Yanco. Cottoninfo Research Update. “Soi/ change and soil dynamics
in the south”

2018 — August — Yanco. CottonIinfo Research Update. “Using on-farm data to
understand yield variability”
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3. 2018 — August — Gold Coast. Cotton Conference. “Big Data (on-farm and free) — the key
to understanding yield variability”

4. 2018 — November — St George. CRDC board meeting. “The opportunities of on-farm
and freely-available Big Data”

5. 2018 — November — Canberra. Soil Science Australia Conference. “A flexible soil
mapping approach for the cotton-growing regions of Australia”

6. 2019 — April — Morocco. Agri Analytics Days. “Using big agricultural data to forecast
crop yield and understand yield variability in Australia — applications in cotton and
grains”

7. 2019 — July — France. European Conference on Precision Agriculture. “Forecasting
yield, and modelling yield potential of cotton with multi-farm datasets, and machine
learning”

8. 2019 — August — Wagga Wagga. Australian Agronomy Conference. “Mapping the depth
to important soil constraints — a useful tool for understanding yield variability”

9. 2019 - August — Wagga Wagga. Australian Agronomy Conference. “Using multispectral
imagery from planes to identify within-season cotton canopy nitrogen status”

10. 2019 — October — Armidale. Cotton Research Conference. “Forecasting cotton yield,
and modelling yield potential with multi-layered, multi-farm datasets, and machine
learning”

1. 2019 — October — Armidale. Cotton Research Conference. “Modelling soil sodicity
constraints to depth and the relationship with dryland and irrigated cotton yield”

12. 2019 — December — Sydney. Science, Technology, Engineering, and Economics for
Digital Agriculture Conference. “Modelling cotton yield potential and identifying yield
gaps with multi-layered, multi-farm datasets and machine learning”

13. 2020 — February — Moree, Gunnedah, Narromine. Cottoninfo Research Update. “So//
constraints and cotton yield variability”

14. 2020 — February — Moree, Gunnedah, Narromine. CottonIinfo Research Update. “Cotton
vield forecasting for Precision Ag”

15. 2020 — July — Online. Society of Precision Agriculture Australia. “Mapping the depth to
soil constraints — a useful tool for understanding yield variability”

Outputs

Soil constraint maps online user-interface - We have created an online tool to map soil
constraints. The tool allows farm boundaries to be uploaded, and also grower soil
tests to be uploaded. This information is added to public soil databases, and allows for
tailored maps to be created for farmers. It is currently just a prototype, and will need
further work before it is an operational tool for the industry. The current version is
based on soil sodicity maps across the Namoi catchment. It can be found by the
following link, but please close the tab after opening as the current version only allows
a certain amount of use each month: https://sih-data-
science.shinyapps.io/depthtosoilconstraint/. Contact Patrick for further information and
some example datasets to play around with the tool.

Decision framework flowchart to identify causes of yield variability - The decision tree
is based on the results found from the modelling component of this project (USYD). This
part of the project is the start of the decision framework, and then results from NSW DPI
trial and satellite sites will come under this once that component is completed. An initial
framework has been created. While this is not yet fully completed as NSW DPI have
delayed their part of the project for a further 2 years, we will continue to work with them
to complete this.
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Part 4 — Summary for public release

This summary will be published on Inside Cotton, CRDC'’s digital repository, along with the full
final report (if suitable for public release). It is designed to provide a short overview of the
project for all interested parties. Please complete all fields, ensuring that this exceeds no more

than two pages.

Project
details:

CRDC project ID: Error! Reference source not found.

CRDC goal: 1. Increase productivity and profitability on cotton
farms

CRDC key focus area: | 1.7 Optimised farming systems

Principal researcher: Patrick Filippi — Postdoctoral Research Fellow

Organisation: Error! Reference source not found.

Start date: 02/10/2017

End date: 30/06/2020

Objectives

Extract more value out of the wealth of on-farm and public data
Create an easily adoptable approach to forecast cotton yield
Develop a method to assess yield gaps and potential within-fields
Identify constraints to yield and causes of yield gaps

Create more useful soil constraint maps for better decision making

Background

Cotton yield can be highly variable in both space and time, which causes
considerable challenges for growers and the industry. Significant spatial
variation can occur between and within fields, despite having the same
management and weather conditions. While much of this can be due to soil
constraints, yield can also be highly variable from season to season due to
weather conditions, management and the interaction with other factors.
Although cotton growers generally have an idea of the cause of yield
constraints, there is no quantitative and easily adoptable method for them to
identify areas with large yield gaps, and the possible causes of these. This
makes it difficult to implement management strategies to try and close yield
gaps and increase yield in low-yielding areas. This project aimed to develop
a suite of approaches and tools to identify yield gaps and understand the
causes of spatial and temporal cotton yield variation for growers and the
industry.

Research
activities

e Collected an abundance of on-farm spatial data (yield maps, EM
surveys, management data) from many fields/farms and seasons

e Collated diverse public spatial and temporal datasets (satellite
imagery, weather, soil data)

e Use machine learning to create predictive models to forecast cotton
yield mid-season (Jan) at different spatial scales (30m, field, farm)

e Developed a novel method to assess yield potential and yield gaps
within-field using readily available datasets

e Developed an approach to create maps of important soil constraints
in 3D, and assess the relationship with yield variability

e Assessed the value of pooling, on-farm, neighbouring, and regional
soil data together for creating more accurate maps of soil constraints
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Outputs

e The wealth of on-farm spatial datasets, and abundance of publicly
available spatial data can provide significant value to the Australian
Cotton industry.

e Cotton lint yield can be relatively accurately forecasted mid-season
using readily available datasets and data-driven models at a range of
spatial scales. The approach overcomes the limitations that inhibit
growers from adopting other currently available methods of
forecasting yield.

e The variable nature of cotton yield potential can be estimated using
a data-driven approach that can realistically be implemented across
multiple seasons and fields. This allows the identification of within-
field site- and season-specific yield gaps for growers.

e Digital maps that represent important soil constraints in 3D are a more
useful tool for growers than traditional digital soil maps. These 3D
depth-to-constraint maps can help explain the within-field variation of
cotton yield.

e Pooling regional, neighbouring, and on-farm soil data results in more
accurate maps of soil constraints.

Impacts

e An easy to implement approach to forecast cotton yield could have
considerable benefits for growers and the cotton industry, including
improved production, input use efficiency, profitability, and logistics.

e The ability to map within-field yield gaps over previous seasons helps
point to the nature of a constraint to yield; whether it is permanent or
temporary. This assists in diagnosing the exact cause, and then
shifting management to improve the yield in low-yielding areas,
ultimately increasing productivity and profitability.

e An improved way to quantify the depth to important soil constraints
in 3D allows growers to implement the appropriate management
strategies to ameliorate constraints. If the 3D maps suggest that a soil
constraint is too deep to rectify, then management can be tailored to
reflect the constrained production potential of the soil.

e Creating an operational framework for soil data to be shared across
the cotton industry will lead to improved spatial information about the
variation in important soil constraints and will benefit growers and a
variety of stakeholders.
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