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Abstract

Soil moisture is an essential climate variable that affects the climate system through its impact
on evapotranspiration, which in turn affects, land, water and energy balances as these are
coupled through evapotranspiration. At the surface, soil moisture controls the partitioning of
incoming solar energy into latent and sensible heat fluxes, which affects the water and energy
cycles. Additionally, soil moisture is also linked to biogeochemical cycles such as the carbon
and nitrogen cycles through plant transpiration and photosynthesis. It is especially significant
for agriculture and farm management. Information on soil moisture at high spatial and temporal
resolution is crucial for an overall management of land and water resources. In this thesis,
Sentinel-2 data was used to estimate normalised surface soil moisture (nNSSM) at a high spatial
resolution of 10 m for two Irish farms using a modified Optical Trapezoid Model (OPTRAM).
These farms are dominated by soils that are poorly draining, remaining wet for large parts of
the year and the major crop is grass. The modelled nSSM was validated against in-situ
volumetric soil moisture data from sensors. Two applications were developed for farm
management whereby, a) a proof of concept was developed for an improved decision support
system using the concept of soil moisture deficit and nSSM safeguarding both soil and crop
health and b) Nitrogen fertiliser application was analysed using high resolution soil moisture
threshold maps and weather data suggesting that soil moisture should be considered an
important variable for framing rules and policies around nutrient management. The
methodology developed in this thesis can be applied globally for precision agriculture
strategies and serves as an important starting point for application on other land cover

categories.

Xi



Chapterl. Introduction

1.1 What is Soil Moisture?

Soil moisture or soil water content can be defined as the water present in the top 0-2m of the
soil. It was recognised as an Essential Climate Variable (ECV) in 2010 (ESA, 2010; GCOS,
2020) and plays an important role in the environment and climate system through atmospheric
feedback, governing crucial land-atmospheric processes such as infiltration, evaporation and
run-off (Rasheed et al., 2022) at the local, regional and global scales (Seneviratne et al., 2010).
There are many ways of defining and measuring soil moisture and these definitions can change

depending on the context. A few popular definitions and terms are discussed here.

Soil moisture is often defined with respect to a given volume of soil measured in Mm3water/ M3,
known as volumetric water content. Soil moisture differs for different soil volumes because it
is not homogeneously distributed vertically and horizontally in the soil (Seneviratne et al.,
2010). The maximum volumetric soil moisture in a given volume of soil is known as the
saturation soil moisture or the water holding capacity of soil, when all pore spaces are filled
with water (University of Minnesota Extension, 2021). Residual soil moisture is defined as the
moisture content present under dry conditions because it is impossible to achieve completely
dry out soil (Babaeian et al., 2019a). Field capacity (FC) is the water remaining in the soil after
natural drainage following a rainfall or irrigation event. At FC, the pore spaces in soil contain
both water and air and it depends on the soil type. For example, at FC, a sandy soil may have
only 5 or 10% volumetric water, while a clayey soil can have 50% volumetric water (Campbell,
2015; Kirkham, 2005). Permanent wilting point (WP) is defined as the point where the soil still
contain some water but the plants cannot extract this water and at this point most plants die

(Rai et al., 2017). For sandy soils, the WP could be 2% volumetric water content , while that



for clayey could be 20% volumetric water (Kirkham, 2005). WP is a good approximation for
residual soil moisture in sandy soils, however, in clayey soils, there may be water present below
WP (Kirkham, 2014). Plant available water (AW) or the allowable water holding capacity is
the difference between FC and WP and this is the maximum water available to plants. AW for
sandy soils is around 3% volumetric water and for clayey soils, it is around 30% volumetric
water (Kirkham, 2005; Seneviratne et al., 2010). Another concept related to AW is that of
allowable depletion. It is defined as the fraction of AW that is allowed to be used before
commencing irrigation (Devine and O’Geen, 2019). For most crops and soil textures, allowable
depletion corresponds to about 50% of AW (Hanson et al., 2000). Soil water tension (SWT) is
also used to measure the wetness or dryness of soils and is defined as the force needed by plants
to extract water from the soil. The drier the soil, higher is the SWT and vice-versa. Figure 1.1.1

below is a representation of the different soil moisture status in a column of soil.

— Saturation

FC
Soil depth

Available Water

> WP

Unavailable Water

Figurel.1. 1: Representation of soil moisture in a soil column (adapted from Seneviratne et al.( 2010))

Table 1.1.1 below shows saturated and residual soil moisture values as per Schaap and Leij
(2000). These values were found to be similar for Irish soils (Environmental Protection Agency

Ireland, 2014).



Table 1.1. 1: Saturated and residual soil moisture values for different soil types. Note: Sand (includes
sandy loam, loamy sand and sandy clay loam), Clay (includes sandy clay, silty clay and silty clay
loam), Silt (includes silty loam) (Adapted from (Schaap and Leij, 2000))

Soil Type Saturated soil moisture Residual ~ soil ~ moisture
(m3/m?3) (m3/m?3)

Sand 0.396 0.052

Loam 0.512 0.056

Silt 0.428 0.031

Clay 0.512 0.098

1.2 Soil Moisture and climate change

Soil moisture affects global climate by influencing the precipitation-evapotranspiration cycle
and feedbacks (Zhou et al., 2021). A deficit in soil moisture can result in droughts (Wang et
al., 2011), or an increase in the number of hot days in a region’s hottest month resulting from
a deficit in soil moisture due to decreased precipitation (Mueller and Seneviratne, 2012).
Alternatively, saturated soils with surplus soil moisture can result in floods due to more
discharge after precipitation (Yu et al., 2023). Alternatively prolonged periods of drought can
also result in decreased soil moisture conditions (Ribeiro et al., 2021). Soil Moisture is also a
governing factor in deciding soil’s ability to act as a carbon source or sink, such that very high
or very low soil moisture can increase organic carbon accumulation by reducing microbial
activity (Rodrigues et al., 2023). On grassland fertilised soils, soil moisture is a major
controlling factor for carbon dioxide (CO.), nitrous oxide (N20) and methane(CHa) fluxes (da

Silva Cardoso et al., 2020),which in turn has effects on nutrient utilisation and the environment.



According to IPCC ARG6 (IPCC 6th Assessment report, 2023) ,soil moisture is a driven by
changes in evapotranspiration (ET), precipitation and also irrigation. Such changes would alter
the water balance by affecting infiltration and discharge and ultimately the change in soil
moisture storage (change in storage = infiltration-discharge). Regional trends of satellite
derived estimates of soil moisture reveal annual variation of up to +20% across the globe
between late 1970s and late 2010 and it does not always follow the regime of “wet getting
wetter, dry getting drier”. The drier areas are primarily located in southeast North America,
North Africa, southwest Europe, central Asia and Australia. The wetter areas are majorly

located in North America, Northern Europe and Southeast Asia (Feng and Zhang, 2015).

1.3 Soil Moisture and agriculture

The agricultural sector uses 70 % of the world’s freshwater resources, being its largest
consumer (IPCC 6th Assessment report, 2023; UN Water, 2022). Drought conditions in which
soil moisture is low, can lead to decreased productivity, biomass and crop yields (Galezewski
etal., 2021). The World Meteorological organisation defines drought as an extended dry period
resulting from a lack of rainfall (World Meteorological Organisation, 2024). The Irish
Meteorological Service (Met Eireann) defines meteorological drought as period of 15 days or
more with less than 0.2mm rainfall on each day and agricultural drought as a period where the
soil moisture deficit (SMD) exceeds 50 mm (Met Eireann, 2020).They are linked to low
precipitation and dry soils (Qing et al., 2023). Similarly, excess surface soil moisture, with a
probability of water logging on the surface can also lower crop (Champagne et al., 2019) and
grass (Schulte et al., 2012) yields .Another way in which soil moisture impacts agriculture is
through its effect on fertiliser or nutrient use efficiency. However, the effect of soil moisture
on nutrient utilisation also depends on climatic conditions. For example, while nutrient
absorption by crops and pastures is enhanced under high soil moisture conditions in

Mediterranean and temperate climates (Chtouki et al., 2022; Pembleton et al., 2013), in Atlantic



climates such as in Ireland, excess soil moisture can lead to poor nutrient uptake and increased
loss through run-off (Schulte et al., 2012). Additionally, when soil moisture exceeds that at FC,
the pore spaces have less air leading to anoxic conditions which limits the rate of

photosynthesis, thereby limiting crop growth (Schulte et al., 2012).

1.4 Soil Moisture and Irish agriculture

In Ireland, soil moisture conditions provide an interface between the agricultural sector and the
environment though its controls on the grass growth rate, length of the growing season, nutrient
uptake and therefore, the loss of nutrients to the environment (Schulte et al., 2005). Ireland has
an Atlantic climate which is characterised by high precipitation, such that annual precipitation
is higher than annual evapotranspiration (Schulte et al., 2012). Excess soil moisture is of
particular concern here. This problem is exacerbated by the fact that 30% of Irish grasslands
are composed of poorly draining or “heavy” soils (Teagasc, 2021a) that remain wet for long
periods of time throughout the year and reach saturation (defined by SMD conditions in Ireland,
such that at saturation SMD=-10mm) during rainfall. This negatively impacts the productivity
and profitability on such farms due to shorter grazing seasons (Teagasc, 2021b). There is also
risk of soil compaction on wetter soils such that compaction could be irreversible if the soil is
trafficked close to the time of a rainfall event when the soil is saturated. This risk is lower on
dry soils where the compaction occurs at the surface and gets naturally corrected. Similarly, at
FC, compaction affects the top soil and can be reversed (Lepore et al., 2023; Teagasc, 2022).
Ireland is primarily a grass based economy, with agriculture covering 67.6% of the total land
cover, of which pasture land accounts for 55.1% (EPA, 2018). Other crops such as cereals and
vegetables are mostly grown in South-East Ireland (Ireland Central Statistics Office, 2022). It
is projected that with climate change, extended dry periods in Ireland will become more
prevalent especially in the summer months (McGrath et al., 2023). This will be likely to cause

a cohort of Irish farmers to resort to irrigation, with potato farmers already adopting targeted



irrigation (Teagasc, 2019). Thus, high-resolution spatial and temporal information on soil

moisture would be imperative in Irish agriculture.

1.5 Measurement of Soil Moisture

Soil moisture can be categorised across multiple depth ranges. Water in the <10 cm depth
profile of soil is referred to as surface or near-surface soil moisture, water stored in the plant-
root zone (30-110 cm), is referred to as the root-zone soil moisture, and water in a zone that
extends from the land surface to the unconfined groundwater table is the vadose zone soil
moisture (Ahmadi et al., 2022; Babaeian et al., 2019).Soil moisture is expressed either in
gravimetric (g/cm®) or volumetric units (m*/mq) and also as a function of soil properties like
WP and FC (Kerr, 2007). It is highly variable in space and time and can be measured across
scales depending on the technique, from regional and global scale (1000s of km?), to plot and
field scale (100s m?) using both in-situ instruments and satellites. Figure 1.5.1 is a
representation of some of the in-situ instruments and satellites that are used to measure soil
moisture. Soil moisture networks are being set up at catchment, regional and national scales
(Cosh et al., 2021; Rosenbaum et al., 2012). The International Soil Moisture Network (ISMN)
was established in 2009, funded by the European Space Agency (ESA) with the aim of being
a central repository for all globally available in situ soil moisture measurements. Its existence
IS seen as essential in the validation and calibration of satellite based estimates of soil moisture
(Al-Yaari et al., 2019). Through this network, all in situ soil moisture data (m*m3), measured
by different networks is made freely available through an open centralised web portal, in
standardised units, sampling rates and advanced quality control at daily, hourly or some at even

higher frequency intervals (Dorigo et al., 2021).
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Figure 1.5. 1: Diagrammatic representation of in-situ and satellite estimation of soil moisture. Note:
figure is not to scale and is not exhaustive.

1.5.1 In-situ and laboratory measurement of Soil Moisture

In situ techniques provide point based localised volumetric water content information. In in-
situ or point based technigues, the instrument is placed in contact with the soil. These sensors
can provide real time high resolution soil moisture information representative of the plot or
field conditions and very useful for agricultural applications. Table 1.5.2 presents an overview
of some of the popularly used in-situ methods of measuring soil moisture with their depth
ranges and the type of soil moisture that each technique measures. In the following paragraphs,

these methods are discussed in detail.

One of the most standard method of soil moisture measurement is the gravimetric method in
which a known volume of a soil sample is weighed and oven dried at 105°C for 24 hours and
re-weighed. The difference between the weights gives the amount of water present in soil that

can be expressed in either gravimetric or volumetric units and is useful for calibration purposes.



Though being simple and highly accurate, this process is also time and labour intensive and
cannot be repeated at the same sample location since it is damaging to the soil sample (Kashyap
and Kumar, 2021; Walker et al., 2004). Another problem with this technique is the
volatilisation of organic matter at high temperatures which may also account for the weight
loss apart from evaporation of water and therefore the true amount of soil moisture may not be
known (Susha Lekshmi et al., 2014). Calcium carbide technique is another way of measuring
soil moisture in the laboratory, whereby the soil moisture content is determined by the
measuring the gas pressure created as a result of the reaction between the soil moisture and

calcium carbide (Susha Lekshmi et al., 2014).

The neuron probe or neutron scattering method is a very widespread method for volumetric
soil moisture measurements as mentioned in Table 1.5.1. It was first introduced by Brunner
and Mardock (1946) and uses the property of the hydrogen molecules to reduce the speed of
neutrons (Babaeian et al., 2019a; Kashyap and Kumar, 2021). Neutron probes are widely used
for agriculture and forestry applications. In this method, high energy neutrons are scattered into
the soil using a radioactive source (radium-beryllium, americium-beryllium) such that the
neutrons collide with the hydrogen molecule in the soil water, are slowed down and thermalized
(Mukhlisin et al., 2021). The neutrons are captured on a detector and the measurements from
the probes can be calibrated to represent the soil moisture content (Kashyap and Kumar, 2021;
Rasheed et al., 2022). This technique is highly accurate, fast (response time of 1-2 minutes),
can measure soil moisture at different depths and less dependent on soil temperature and
salinity (Kashyap and Kumar, 2021; Rasheed et al., 2022). The biggest advantage of this
technique is that it can measure soil moisture at the field scale at an hourly resolution (Bogena
et al., 2015). However, this method also has several disadvantages like coarse spatial
resolution, adverse health effects due to radiation exposure, cost intensive etc. (Rasheed et al.,

2022). Additionally, in humid climates and woody regions, this method yields volumetric soil



moisture values that exceeds the soil porosity because it is influenced by other sources of water
in these regions such as atmospheric water vapour and water content in the organic matter
etc.(Babaeian et al., 2019a). Adjustments have since been made to correct for these effects by
Franz et al. (2012) and Bogena et al. (2013). Lv et al. (2014) used Cosmic Ray Neutron Probe
(CRNP) to measure soil moisture in a heterogeneous forest with and RSME of 0.011 m*/m3
and high correlation (R?) of 0.97 with measurements from other in situ data. Neutron probe

networks have been established at large scales and there are 194 permanent CRNP stations

across the world (Babaeian et al., 2019a; Bogena et al., 2015).

Time Domain Reflectrometry (TDR) was first introduced by Topp et al. (1980) to measure soil
moisture. In this method, a high frequency electromagnetic signal is transmitted through the
soil and its velocity is measured by TDR. The velocity is dependent on the dielectric constant
which in turn is related to the soil moisture. TDR measures the volumetric water content and
does not pose any health hazard. As mentioned in Table 1.5.1, this method can be sued to
measure volumetric soil moisture across different depths. Additionally, it does not require soil
calibration and is independent of the soil texture and temperature, though it is an expensive
instrument (Bhuyan et al., 2020; Mukhlisin et al., 2021; Rasheed et al., 2022). Another method
similar to TDR is the Frequency Domain Reflectrometry (FDR) which was first used for
military applications (Mukhlisin et al., 2021). In this method an electromagnetic wave is
transmitted through the soil along probes and the frequency of the reflected wave is recorded
such that the oscillation frequency is inversely related to the soil moisture content (Guadalupe
Ramos Hernandez et al., 2019). This method measures the volumetric water content of soils
based on their dielectric properties and is more sensitive towards dry soils, where the
volumetric water content is less than 5% and performs better than TDR in case of soils with
high salinity (Mukhlisin et al., 2021; Rasheed et al., 2022). Recently Chen et al. (2019)

developed a method for calibration of FDR probes, taking into account the effect of temperature



on the measurement accuracy that resulted in a reduced Root Mean Square Error (RMSE) in
measurements. Guadalupe Ramos Hernandez et al. (2019) used a combination of TDR and
FDR to study soil moisture and found that both techniques shoed similar results after a depth

of 10cm.

Gamma ray attenuation or gamma ray spectroscopy is a method to measure volumetric soil
moisture based on the probability of interaction of gamma photons with the soil (Mukhlisin et
al., 2021). This method measures the attenuation of gamma rays as it travels through the soil
because the water in the soil is more effective in attenuating these rays as compared to the soil
minerals (Filippucci et al., 2020; Mukhlisin et al., 2021). The depth up to which a gamma ray
travels depends on the soil moisture content and soil density (Mukhlisin et al., 2021).1t is a
radioactive method that uses radio waves to measure soil moisture up to a depth of 25mm.
Apart from being sensitive to surface soil moisture, this technique is also sensitive to the soil
bulk density which is an important parameter of soil health (Rasheed et al., 2022). Some of the
advantages of this technique is that it is fast, inexpensive, high resolution of a few millimetres
(mm) and can measure temporal changes in the soil moisture content, though it is affected by
soil salinity (Mukhlisin et al., 2021; Pires, 2018). However, its greatest advantage over other
traditional methods is that being non-destructive it allows repeated measurements at the same
location (Pires, 2018). Recently, Filippucci et al. (2020) used this method to track irrigation at
the field scale and found that the gamma ray spectroscopy was very well correlated with
irrigation events and was also sensitive to changes in soil moisture content. The disadvantage
of this method includes high cost of instrument, sensitivity to thickness of soil and variations

due to bulk density of soil (Rasheed et al., 2022).

Tensiometer is also an in situ instrument used to study the soil matric potential or soil water
tension based on the principle of soil water suction (Rasheed et al., 2022) and can be used
across a range of soil depths as shown in Table 1.5.2. This instrument mimics the behaviour of
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plant roots and measures the tension/pressure with which water travels from the soil to the plant
(Kashyap and Kumar, 2021). It is an indirect method of estimation of soil moisture content as
it measures the amount of tension required to eliminate water from the soil (Hardie, 2020),is
only sensitive to a very small range of soil moisture content and is destructive to the soil
(Rasheed et al., 2022). Recently, Gaddikeri et al. (2022) used a tensiometer to study soil
moisture at depths of 15 and 30 cm. A correlation of 0.72 and 0.71 was obtained between the

tensiometer and gravimetric measurements for the two depths respectively.

These methods have the advantage of representing field conditions by being in contact with the
soil. Techniques like TDR do not require any calibration and are unaffected by soil
temperature or texture (Bhuyan et al., 2020; Rasheed et al., 2022). There may be differences in
soil moisture values as measured though TDR for different soil types and textures due to

difference in electrical properties.

However, limitations of these methods include high temperatures that can be damaging to the
soil sample, or volatalization of organic compounds (produced by microorganisms in soils) or
in case of gravimetric methods (Insam and Seewald, 2010; Susha Lekshmi et al., 2014). TDR
is also an expensive instrument and does not function well in highly saline or clayey soils
(Rasheed et al., 2022). FDR sensors have low accuracy due to the dependence on soil texture
and soil temperature (Babaeian et al., 2019a). Tensiometers can capture only a very small
amount of the available soil moisture and can result in an inaccurate estimation of wilting point
for most crops (Rasheed et al., 2022). The point-based measurements are also likely to be
affected by soil heterogeneity and can lead to misinterpretations especially in hydrological
applications (Stevanato et al., 2019). Additionally, these methods are prone to errors and
uncertainties which can arise due to soil salinity, loss of sensor contact with soil due to
biological activity and calibration errors (Babaeian et al., 2019a). These methods cannot be
used to capture spatial soil moisture dynamics over large areas as they are time and labour
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intensive and can also be destructive to the study site and for reliable measurements, the
heterogeneity of the study area would have to be considered even for a dense network of ground

sensors. (Petropoulos et al., 2013).

1.5.2 Remote sensing of Soil Moisture

Remotely sensed soil moisture generally refers to surface soil moisture (few millimetres from
optical and thermal remote sensing) ,near-surface soil moisture (few centimetres with
microwave sensors) ( Li et al. 2021). Remote Sensing (RS) techniques are able to overcome
the aforementioned limitations of in-situ sensors and allow global observations of soil moisture,
with higher accuracies (Zhuang et al., 2023) as they can produce spatio-temporal maps of
surface soil moisture at varying resolutions, as compared to in-situ sensors, which lack spatial

information.

RS of soil moisture relies on the premise that any variation in soil moisture is reflected in the
corresponding electromagnetic response from the land cover on the ground, recorded at the

sensor (Zhuang et al., 2023).

Many studies have used optical and thermal RS to estimate soil moisture across a wide range
of spatial scales using Vegetation Indices (V1) and models. Two popularly used VIs for soil
moisture estimation are discussed in section 1.6. Sensors such as Landsat (Foroughi et al.,
2020; Wang et al., 2020) and MODIS (Khellouk et al., 2021; Xu et al., 2018) have been
popularly used to estimate surface soil moisture. With the launch of Sentinel-2 satellites in
2015, it is now possible to obtain estimates of surface soil moisture at a higher spatial resolution
of 10m (Ambrosone et al., 2020) as compared to MODIS or Landsat. Sentinel 2 is a high-
resolution multispectral satellite launched in 2015 by the European Space Agency (ESA).It has

13 spectral bands of varying spatial resolutions (pixel-size) as shown in Table 1.5.1 below.
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Tablel.5. 1: Sentinel 2 bands with wavelength and pixel resolution

Sentinel 2 bands Central Wavelength (nm) Pixel Resolution (m)
Band 1 (aerosol) 443 20
Band 2 (blue) 490 10
Band 3 (green) 560 10
Band 4 (red) 665 10
Band 5 (red edge) 705 20
Band 6 (red edge) 740 20
Band 7 (red edge) 783 20
Band 8 (NIR) 842 10
Band 8a (red edge) 865 20
Band 9 (water vapour) 945 60
Band 10 (SWIR-cirrus cloud) 1375 60
Band 11 (SWIR) 1610 20
Band 12 (SWIR) 2190 20

A number of machine learning algorithms such as random forest, gradient boosting etc. have
also been developed using optical data and is becoming increasingly popular for soil moisture

retrievals (Acharya et al., 2022; Nguyen et al., 2022).

The resolution requirements of satellites for measuring soil moisture, however, depends on
specific applications. Applications related to precision agriculture or targeted nutrient

application and other farm management decision support tools may benefit from a higher
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spatial resolution as compared to temporal resolution. In such scenarios, global and regional
scale soil moisture maps may not suffice for farm scale applications, particularly in Ireland
where the farms are small with an average size of 32.4 ha (Teagasc, 2017). Similarly, for
hydrological applications that require information of root zone soil moisture and for validation

of modelled soil moisture from satellites, in- situ sensors remain indispensable.

Though optical remote sensing provides opportunities for high resolution mapping of soil
moisture in tens of metres, they cannot be operated in all weather conditions and are mostly
affected by clouds. This is a huge problem in regions of high cloud cover such as Ireland. This
limitation is overcome by microwave satellites such as Soil Moisture and Ocean Salinity
(SMOS) (Kerr et al., 2010), Soil Moisture Active Passive (SMAP) (Entekhabi et al., 2010;
Pandey et al., 2020) and Advanced Scatterometer (ASCAT) (Wagner et al., 2013), that have
the advantage of operating in all weather conditions as they are unaffected by cloud or solar
illumination. Spatial and temporal resolution of these sensors is coarse as compared to optical
sensors, active radars have spatial resolution of around 100m while that for passive is much
coarser (tens of kilometres) (Edokossi et al., 2020; Roberts et al., 2022; Wu et al., 2021) with
the exception of Sentinel-1. Sentinel -1 synthetic aperture radar (SAR) satellites have been very
popular in high resolution soil moisture estimation (Bhogapurapu et al., 2022), providing data
at 10m spatial resolution. However, radar data is affected by speckle and needs to be resampled
to coarse resolutions even with Sentinel-1 to reduce complexities in image interpretation
(Bauer-Marschallinger et al., 2019). Another popular approach is the synergetic use of
Sentinel-1 and 2 datasets (Tripathi and Tiwari, 2022; Zhuo et al., 2019). Table 1.5.2 presents

an overview of some of the in situ and RS techniques of soil moisture measurement.

Tablel.5. 2: Common in-situ and RS techniques of soil moisture measurement (Babaeian et al.,
2019a; Franz et al., 2012b; Rasheed et al., 2022)

Method What it measures Depth
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Gravimetry Gravimetric moisture Any depth

Neutron probe Volumetric moisture Less than 30 cm

TDR Volumetric moisture 30 — 60 cm/deeper with new
Sensors

Gamma ray attenuation Volumetric moisture 2.5cm

Tensiometer Soil metric potential 15-60 cm

CNRS Volumetric moisture 12 -70 cm

Optical and thermal RS Surface soil moisture A few mm from the surface

Microwave (active/passive | Surface soil moisture Top few (1-10 cm) from the

radar) surface, top 1-m with P-
band radar

1.5.3 Measurement of Soil Moisture in Ireland

In Ireland, soil moisture is mostly expressed as Soil Moisture Deficit (SMD) using the hybrid
model of Schulte et al., (2015),which is a measure of dryness/wetness of soil. Using this model,
daily SMD is obtained using rainfall, ET and drainage data for farms as inputs. All advice
regarding farming activities such as nutrient or slurry application, trafficability etc. are
generated based on SMD conditions. However, there is a need for in-situ soil moisture
measurements and to integrate these measurements with satellite observations of soil moisture
to be able to produce high-resolution soil moisture maps both at the national and farm scale.
Recently, the Irish Soil Moisture Observation Network (ISMON) was launched in 2021 for
real-time VSM at the field scale (Finkele et al., 2022). The network consist of ten sites covering
major soil types, climate regimes and land use classes in Ireland. Measurements are made using

a network of TDR probes and Cosmic-Ray Neutron Sensors (CRNS).
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1.6 Basic Concepts
1.6.1 Enhanced Vegetation Index (EVI) for soil moisture estimation

Soil moisture is related to vegetation structure and dynamics and there exists a positive
feedback between vegetation and soil water content (D’Odorico et al., 2007). Though there
exists a time lag between changes in soil moisture and subsequent vegetation response (Zhang
et al., 2011), vegetation indices have been successfully used to estimate soil moisture because
the vegetation water content changes with changing soil moisture conditions and this is
reflected by vegetation indices. Normalised Difference Vegetation Index (NDVI) and
Enhanced Vegetation Index (EVI) are two of the most popularly used vegetation indices to
study soil moisture on a variety of land cover types including grasslands (Krishnan and Indu,
2023; Zhang et al., 2011). NDVI is calculated using red and NIR bands pf the electromagnetic
spectrum, while EV1 uses an additional blue band and coil correction parameters to adjust for
canopy reflectance and atmospheric scattering effects. It has been shown that EVI is better
correlated to measured soil moisture over NDVI because unlike NDVI, EVI is less likely to
saturate at high vegetation cover (Qiu et al., 2019). This study also used different vegetation
indices to estimate soil moisture. Table 1.6.1 below shows the vegetation indices used in this
study and their calculation (B refers to the specific Sentinel 2 band, the wavelengths have been

mentioned in section 1.5.2).

Table 1.6. 1: Vegetation indices from band B in Sentinel 2 optical bands

Vegetation index Equation
Normalised Difference Vegetation Bg — B,
Bg + B,
Index (NDVI)
Enhanced Vegetation Index (EVI) 2.5(Bg — B,)
Bg + 6B, —7.5B, + 1
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Modified Soil Adjusted Vegetation | 0.5{2Bg + 1 — [(2Bg + 1)?> — 8(Bg — B,)]*"}

Index (MSAVI)

Normalised Difference Red Edge Bg — Rs
Bg + Bs

Index (NDREI)

1.6.2 Richard’s Equation

The Richard’s equation is used to describe the flow of water through a porous unsaturated
medium by the action of gravity and capillary action. It is a non-linear partial differential
equation (Farthing and Ogden, 2017). Sadeghi et al. (2017b) obtained a simplified analytical
solution to this equation using soil hydraulic functions to obtain root zone soil moisture form
P band radar data. This thesis discusses the benefit of Richard’s equation in improving the
relationship between modelled and observed values of soil moisture for the study sites. Details

about the equation are outlined in Chapter 2.

1.7 Aim of research

In order to develop farm level agricultural and management applications, information on high
resolutions spatial and temporal variability of soil moisture is crucial and this information is
currently missing in Ireland at the farm level. Additionally, soil moisture measurements and
corresponding farm management advisory for Irish farms are based on SMD values, which
provide temporal information only and lack spatial information about soil moisture variability.
To address this research gap and to develop a proof of concept for an improved farm
management decision support system, this thesis derived surface soil moisture from Sentinel-
2 data for Irish farms at a high spatial resolution of 10m and developed proof of concept for
two agricultural applications. Given the small size of Irish farms, the spatial resolution is
appropriate for developing farm level management applications. The overall aim and objective

of this thesis was to improve the understanding of soil moisture variations on Irish farms at a
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high spatial resolution and use this knowledge to analyse farm decisions related to trafficability

and nutrient application. The following outcomes were achieved:

e Developed a modified Optical Trapezoid Model (OPTRAM) for estimating satellite
derived soil moisture at the farm level.

e Developed a threshold for surface soil moisture for safe trafficability and optimum
grass growth on the farm using SMD thresholds and provided a proof of concept for
an improved decision support tool for farmers.

e Combined these thresholds with nitrogen (N) application and weather data to analyse

decisions regarding fertiliser application on Irish farms.

1.8 Summary of chapters

Chapter 2 deals with developing a modified OPTRAM for estimating surface soil moisture at
the farm level using Setinel-2 data and this is validated using in situ VSM data from sensors

installed on the farms.

Chapter 3 highlights the problems of using a single value of SMD for generating advice on
farm management and addresses this research gap by taking into account spatial variability of
the soil moisture regime and defining thresholds in satellite derived soil moisture
corresponding to literature based SMD thresholds for safe trafficability and optimum grass

growth.

Chapter 4 deals with the problem of environmental degradation in Ireland through nutrient
losses to the environment. It introduces the nitrate directive in Ireland and present scenarios
and rules for application of nutrients on farms. This chapter follows from the proof of concept
developed in Chapter 3 and applied the thresholds obtained in Chapter 3 for analysing decisions

around nitrogen application on the farm.

18



Chapter 5 presents an overall discussion about the methods and applications developed in this

thesis, the concluding remarks and highlights future work that this thesis can support.

Chapter 2: Temporal Stability of Grassland Soil Moisture Utilising

Sentinel-2 Satellites and Sparse Ground-Based Sensor Networks
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2.1 Abstract

Soil moisture is important for understanding climate, water resources, water storage, and land
use management. This study used Sentinel-2 (S-2) satellite optical data to retrieve surface soil
moisture at a 10 m scale on grassland sites with low hydraulic conductivity soil in a climate
dominated by heavy rainfall. Soil moisture was estimated after modifying the Optical
Trapezoidal Model to account for mixed land cover in such conditions. The method uses data

from a short-wave infra-red band, which is sensitive to soil moisture, and four vegetation
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indices from optical bands, which are sensitive to overlying vegetation. Scatter plots of these
data from multiple, infrequent satellite passes are used to define the range of surface moisture
conditions. The saturated and dry edges are clearly non-linear, regardless of the choice of
vegetation index. Land cover masks are used to generate scatter plots from data only over
grassland sites. The Enhanced Vegetation Index demonstrated advantages over other
vegetation indices for surface moisture estimation over the entire range of grassland conditions.
In poorly drained soils, the time lag between satellite surface moisture retrievals and in situ
sensor soil moisture at depth must be part of the validation process. This was achieved by
combining an approximate solution to the Richards’ Equation, along with measurements of
saturated and residual moisture from soil samples, to optimise the correlations between
measurements from satellites and sensors at a 15 cm depth. Time lags of 2—4 days resulted in
a reduction of the root mean square errors between volumetric soil moisture predicted from S-
2 data and that measured by in situ sensors, from ~0.1 m®m? to <0.06 m*/m®. The surface
moisture results for two grassland sites were analysed using statistical concepts based upon the
temporal stability of soil water content, an ideal framework for the intermittent Sentinel-2 data
in conditions of persistent cloud cover. The analysis could discriminate between different
natural drainages and surface soil textures in grassland areas and could identify sub-surface
artificial drainage channels. The techniques are transferable for land-use and agricultural
management in diverse environmental conditions without the need for extensive and expensive

in situ sensor networks.

Keywords: soil moisture; temporal stability; remote sensing; agriculture; vegetation
2.2 Introduction

Soil moisture is an Essential Climate Variable (Global Climate Observing System, 2020). It is

highly variable in space with scales ranging from centimetres to kilometres, and time scales
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from minutes to years (Vereecken et al., 2014). It impacts the exchange of water, carbon and
energy (Berg and Sheffield, 2018; Seneviratne et al., 2010) and influences the distribution of
rainwater between run-off, evapotranspiration and infiltration (Mimeau et al., 2021). Soil
moisture provides input into models for crop growth and grassland production (Krueger et al.,

2021), and it dictates the management of cattle grazing (Tuohy et al., 2015).

Soil moisture can be directly measured in the laboratory using thermogravimetric techniques
on field samples or in the field using ground-based methods, such as electromagnetic sensors
(Robinson et al., 2008). The availability of low-cost sensors has driven the development of
regional soil moisture networks, allowing measurements at many sites and at several depths
(Babaeian et al., 2019a). These measurements, however, have uncertainties due to salinity
variations, variable local contact with the soil and site-specific calibration and they only
provide measurements at depths > 5 cm in the soil, with a few exceptions (Sheng et al., 2017);
moreover, local (~10 cm) sampling around the sensor is not always representative of the
surrounding area (Petropoulos et al., 2013). Nevertheless, networks with systematic
observations of soil moisture have long been useful to support agricultural decision making

(Robock et al., 2000).

Satellite remote sensing technology provides a solution to measure soil moisture across scales
such as a field (100s of m?), catchment (0.1-1 km?), sub-watershed (1-80 km?) and beyond.
Reviews of recent satellite soil moisture products have summarised the different methods of
estimation, the limitations, the advantages/disadvantages, the trends in the evolution of thermal
and optical sensors (Zhang and Zhou, 2016) or microwave sensors (Mohanty et al., 2017), and
the potential synergies from multi-sensor fusion (Petropoulos et al., 2015). Most of the
currently employed techniques have been deployed at relatively coarse scales (>3 km) in the
optical (Sadeghi et al., 2017a), thermal (Shafian and Maas, 2015) and microwave (Entekhabi
et al., 2010) parts of the electromagnetic spectrum. Microwave sensors, on satellite missions
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such as Soil Moisture and Ocean Salinity (SMOS) (Kerr et al., 2010) , Soil Moisture Active
Passive (SMAP) (Entekhabi et al., 2010) and Advanced Scatterometer (ASCAT) (Wagner et
al., 2013), have the advantage of operating in all weather conditions as they are not affected by
cloud or variable solar illumination. Sentinel-1 synthetic aperture radar satellites have been
used for higher resolution soil moisture estimation (Bhogapurapu et al., 2022; Singh et al.,
2020), but are sensitive to fine-scale features and (currently) need fusion with other microwave
sensors and resampling to ~1 km scale to reduce the complexity in the interpretation of their
data (Bauer-Marschallinger et al., 2019; Das et al., 2019). The use of satellite radar soil
moisture products for field-scale agricultural decision support is therefore limited but is an

active area of research (Peng et al., 2021).

In situ soil moisture networks are invaluable for validating satellite soil moisture retrievals
(Bogenaet al., 2015; Dorigo et al., 2021). The comparison of in situ and satellite measurements
with different spatial and temporal resolutions is complicated (Gruber et al., 2020), and its
investigation is partially driven by requirements for datasets at sub-daily temporal and <1 km

spatial resolutions, at multiple soil depths and with consistent error information.

The objective of this study was to investigate high-resolution (10 m to 20 m) normalised
Surface Soil Moisture (nSSM) at depths < 0.2 cm from Sentinel-2 (S-2) data using a
modification of the Optical Trapezoid Model (OPTRAM; (Sadeghi et al., 2017a)) and very
sparse soil moisture networks over grassland sites. The sites are in Ireland, a country which
typifies a temperate, high-rainfall climate (Cui et al., 2021) with intensive agriculture.
OPTRAM has been used to estimate soil moisture from Landsat (Sadeghi et al., 2017a), S-2
(Acharya et al., 2022; Mananze and Pdgas, 2019) and MODIS (Babaeian et al., 2018; Chen et
al., 2020; Sun et al., 2021). These studies were conducted in crop fields in arid or semi-arid
climates, which are quite different from the climatic conditions in this study. They tend to
follow the original OPTRAM formulation of (Sadeghi et al., 2017a) which incorporates the
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Normalised Difference Vegetation Index (NDVI). This study explored the use of other
vegetation indices appropriate for temperate climate and poorly draining soil conditions.
Previous studies (Babaeian et al., 2019b; Chen et al., 2020; Sadeghi et al., 2017a) have obtained
typical correlations between in situ VSM measurements and satellite-derived SSM (~0.2-0.8)
but they did not take into account the sensor depths beneath the surface. This study combined
laboratory measurements of saturated and residual VSM in representative soil samples with an
approximate solution to the Richards’ Equation (Farthing and Ogden, 2017; Sadeghi et al.,
2017b) to establish relationships between optically derived nSSM and in situ sensor VSM. This
deals with the time lag between a satellite pass and a sensor measurement to reduce

uncertainties in the validation process (Urraca et al., 2017), especially in poorly draining soils.

This study also introduced an analysis of temporal stability (TS) (Vachaud et al., 1985) to the
S-2 nSSM. TS studies have been used for improving hydrological models, filling of missing in
situ data and some limited environmental management (Vanderlinden et al., 2012) but tend to
be based upon in situ sensor networks (Fry and Guber, 2020). This study is the first to use the
TS of S-2 nSSM to explore 10 m scale variations in grassland to identify locations where the
soil is consistently wetter or dryer than the average; this could be useful in decisions for targeted
irrigation and drainage. We recognise that grassland occupies one third of the global land
surface area and plays an important role in carbon sequestration, food production and other
ecosystem services (Sollenberger et al., 2019).

2.3 Data and Methods

2.3.1 Study Area

The Republic of Ireland in North-West Europe borders the Atlantic Ocean which results in
humid weather all year round with abundant rainfall: ~1000-1400 mm/year in the west and
~750-1000 mm/year in the east (MetEireann, 2022). The CORINE Land Cover 2018 inventory
shows agriculture as the dominant type in Ireland, accounting for ~67% of the national land
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cover. Within agriculture, pastureland (grassland) is the major class (~55%) followed by
pastureland interspersed with other natural vegetation (6.9%) and arable land (4.5%). The other

major land cover categories include wetlands (14.9%) and forests (9.5%) (EPA, 2018).

The study focuses on two areas (Figure 2.3.1) ~7.5 km? and 16 km? in size surrounding two
farms, Rossmore (52°N, 8°W) and Stradone (53°N, 7°W), respectively. Both farms are part of
the Teagasc Heavy Soils Programme (Teagasc, 2021b) and are ~50 ha. The objective of this
programme is to improve the sustainability of grassland farms dominated by poorly drained
soils used for grazing livestock. Rossmore is flat and contains loam and sandy loam soils, the
dominat soil sub-group being surface water gley while Stradone has elevation differences less
than ~ 3 metres and is comprised of loam and clay loam soils, and the dominant soil sub group
is brown earth. A high-resolution soil survey of each farm was carried out following the
protocol of the Irish Soil Information System (Environmental Protection Agency, 2014). The
soils are classified (Schulte et al., 2015; Tuohy et al., 2018) as poorly drained (those that reach
saturation during rainfall events and hold excess water for multiple days following rainfall
events) or moderately drained (those that hold excess water during rainfall events but not
afterwards). The farms are equipped with in situ soil moisture sensors providing daily
measurements of VSM and a weather station recording daily measurements of rainfall,

evapotranspiration (ET) and wind speed.
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Figure 2.3. 1: Locations of (a) Rossmore and (b) Stradone sites. Yellow polygons indicate zones of
forests and water bodies excluded from the analysis. Note the different scales for each area.
Background imagery from Google Earth.

2.3.2 Satellite and In Situ data

The S-2 mission comprises two satellites (2A and 2B) that offer global coverage from 56°S to
84°N. The S-2 level 1C product (ESA, 2013) was downloaded from the United States
Geological Survey (USGS) Earth Explorer platform. All the data were atmospherically
corrected in QGIS using the Semi-automatic Classification Plugin (SCP) and the Dark Object
Subtraction (DOS) algorithm (Gilmore et al., 2015). S-2 band 12 (centred at a wavelength of
2190nm) is resampled from 20 m to 10 m using the nearest neighbour algorithm in the SCP
tool (Congedo, 2021) and as suggested by other studies (Asam et al., 2022). The cloudy S-2
data were masked using a cloud mask available with the S-2 Level-1C product as part of the
quality information (Coluzzi et al., 2018). The method in this study requires two S-2 datasets.
The first dataset consists of cloud-masked images of the two sites, available since the launch
of the S-2 satellites in 2015. A total of 30 S-2 images for Rossmore are available, out of which
17 are cloud free; for Stradone, 25 images are available, out of which 23 are cloud free (Table

Al). The second dataset consists of S-2 data, resampled onto 12 windows of 3 by 3 10 m pixels,
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with each window covering an area of 900 m? and centred on each in situ sensor since the start
of VSM monitoring; the centre of the central pixel in each window is therefore directly above
its corresponding in situ sensor. This dataset is only used to establish relationships between
OPTRAM nSSM estimates and in situ VSM for the validation of the model; it consists of 13
and 12 S-2 images from January 2021 to the end of 2022 for Rossmore and Stradone,

respectively (Table Al).

Two fields in each of the two farm sites are each equipped with three Sensoterra (Sensoterra,
n.d.) in-situ sensors (vertically aligned according to the manufacturer’s instructions), which
were placed in representative of the soil types at the sites and measure volumetric soil moisture
(VSM). The in situ VSM (m3m?®) sensor data are acquired at a depth of ~15 cm to avoid
disturbing the high-intensity dairy farms. Four soil samples representative of the two sites were
used to calibrate the sensors. The samples were saturated in a laboratory and allowed to dry at
room temperature over several weeks during which VSM was measured using the gravimetric
technique (Robinson et al., 2008). This allowed a calibration of sensor readings from saturated

to residual VSM for each sample.

2.3.3 OPTRAM Basics

The OPTRAM method (Sadeghi et al., 2015)) estimates nSSM from optical satellite data
based upon the Kubelka—Munk radiative transfer theory and vegetation indices (V1) which
are spectral imaging transformations of two or more satellite image bands. OPTRAM
represents a linear relationship between normalised surface soil moisture, W over bare soil,

and short wavelength infrared (SWIR) transformed reflectance, STR:
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W = (9 - Hres)/(esat - gres)

= (STR — STRyyry)/(STRwet — STR4ry) Equation 1

STR = (1 - RSWIR)Z/ZRSWIR Equatlon 2

where 0 < W < 1, 6 isthe VSM at the surface (<0.2 cm), 6,..s is the residual VSM, 6,,; is
the saturated VSM, Rgyr is the reflectance at an SWIR wavelength, and STR ., and STR ¢

are the STRs in soils with 8,..; and 6,;, respectively. 6,..; is the VSM measured in the lab for
the soil sample after saturation and drying of soil at room temperature (not the WP), whereas
B4 1S the VSM when all pores are filled with water, and is not equal to the FC. Equation (1)
is valid for vegetated soil if there is also a linear relationship between root zone VSM and
vegetation volumetric water content (Sadeghi et al., 2017a). This assumption is based on
studies which suggest that SWIR reflectance is sensitive to vegetation water content (and leaf
internal structure), and that STR reflectance is linearly correlated with vegetation water
content. In this study, following (Sadeghi et al., 2017a), SWIR Band 12 was used to compute

STR.

The water content of vegetation, and therefore vegetation spectral characteristics, is dependent
on soil moisture status (Santos et al., 2014). Such changes can be captured by a VI required in
OPTRAM. If the VI does not change, Equation (1) assumes that a change in the STR is a linear
function of nSSM. If the value of a VI changes due to a change in water content or fractional
surface area of vegetation in a pixel, the values of STR,-, and STR,.; Will change. Therefore,
the estimation of nSSM over vegetated soil requires a close assessment of how time-varying
rainfall, evapotranspiration and infiltration has different effects on the changes in the amplitude

of the STR for changes in the VI and associated VSM. This is partly achieved in OPTRAM
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using a scatter plot in the STR-VI space based on many different hydro-meteorological

conditions to estimate STRgy,, and STR,,,.; (Figure 2.3.2).

STR
10 20 30 40

0
I

Vegetation Index

Figure 2.3. 2: Idealised representation of OPTRAM STR-VI scatter plot. The blue line represents the
(saturated) wet edge, the black line represents the dry edge and red dots represent STR-VI couplets
allocated to VI bins of width 0.01 and STR bins of height 0.01 multiplied by the range of STR.

Optical scenes may include oversaturated pixels (e.g., due to standing surface water after heavy
precipitation) above the wet edge which will increase the STR. As nSSM is only valid for
partially and fully saturated soils (0 < W < 1) and VSM cannot increase beyond 6y, all
pixels on and above the wet edge are assumed to be saturated (W = 1). The dry edge represents
pixels with 6,..;. Equation (1) demonstrates that the nSSM for a pixel with an STR value is
equivalent to the fractional distance between the two edges at the coincident V1. The geometry

of the two edges changes with the choice of VI.

2.3.4 Relationships between VSM and nSSM

Linear correlations between a VI and its associated VSM from multiple in situ sensors within
the root zone (<1 m) beneath a pixel can be optimised if the VSM has a time-delay after the VI
acquisition date. (Santos et al., 2014) attribute this delay to the time required by plants to adjust

their biological processes to match the surface conditions and water availability in the soil.
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Correlations between nSSM and VSM from sensors within the root zone used to investigate
uncertainties in the satellite retrievals must therefore account for time delays between the
surface signal and the sensor response. These could be days depending upon, e.g., vegetation
and soil hydraulic conductivity. This study addresses this problem using a solution to a model
based on a 1-dimensional Richards’ Equation, originally developed to retrieve root zone VSM
from NASA’s AirMOSS mission (Sadeghi et al., 2017b) .This establishes the relationship

between satellite-derived nSSM and in situ sensor VSM at depth. The solution is:

0(2) = [c1z + crexp(z/he) + c3]7P Equation 3
K=K ( = gm‘)P = s* Equation 4
S \Bsar— Ores sat
—h 0— Ores A
exp (Pth) = (esat_ gres) Equation 5

where z is the depth; P is related to the soil pore size distribution and is an empirical parameter
that defines a relationship between saturated hydraulic conductivity, K,,;, and unsaturated
conductivity, K; h.y, is the effective capillary drive; c1, ¢2 and cs are time-invariant constants;
S is the effective saturation; and h is the pressure head. The solution is most accurate during
soil drying, i.e., concurrent evapotranspiration and infiltration after a rainfall event. It

represents a common scenario for acquiring optical satellite data above persistent cloud cover.

First, we estimate the VSM at the surface z~0 from the nSSM, W:

0 = Ores + (Osaqr — Ores) W Equation 6
For VSM measured at a sensor at depth zg, Equation (6) can be written as:

0% = [c1z5 + crexp(zs/hey) + c3]1/P Equation 7

andatz =0:

29



0=[c,+ 03]1/P Equation 8

07 = {[arzs + azexp(zs/hew) + as]p} 0 Equation 9

0% = A%S[0ros + (Osqr — Ores) W] = Oin + g W Equation 10
Therefore,

where 6,,,;, is the intercept, g is the gradient and A*S is a positive scalar calibration constant
to transform nSSM to VSM at the sensor. This establishes the relationship between satellite-
derived nSSM and in situ sensor VSM at depth. In principle, if 6,5 and 6,,, are known, A?s
can be estimated using Equation (10) from a nSSM-VSM plot for multiple satellite estimates
of nSSM and coincident VSM measurements under different hydro-meteorological conditions.
In practice, this still requires some winnowing of data (Section 2.5) to guarantee that the VSM
measurements are responding to infiltration at the S-2 acquisition date. In these scenarios,
A%s > 1, 1.e., the VSM at the sensor depth z is greater than the VSM at the surface at the time
of the S-2 data acquisition. This implies that the soil reaches saturation at zg, when the nSSM

W% < 1 so that:

Osat = A*S[Ores + (Osar — Opes) W5S] Equation 11
which is only true when

w?s = (esat — A% Hres)/AZS(Bsat - Hres) Equation 12

For a value of nSSM such that W#s < W < 1, the soil reaches saturation at a depth z,,;, where
Zs > Zgqr = 0. The volumetric soil moisture at depths > z,,; is constant (6,,:). The model is
like Case B in ((Sadeghi et al., 2017b); Figure 7). The approach is sufficient to predict VSM at

a sensor from nSSM and requires no knowledge of P or h.y,.
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2.3.5 Considerations for Implementing OPTRAM

2.3.5.1 Choice of Vegetation Index

Alongside the most popularly used Normalised Difference Vegetation Index (NDVI), we
evaluated a suite of other VIs: Enhanced Vegetation Index (EVI), Modified Soil Adjusted
Vegetation Index (MSAVI) and, since the S-2 satellite provides the only freely available optical
dataset containing the red-edge band, Normalised Difference Red-Edge Index (NDREI). Their
computation is summarised in Table S2. The aim was to determine which V1 is least correlated
with its concurrent and coincident STR to maximise the sensitivity of the soil moisture estimate
from the STR in the presence of vegetation water content which influences the VI. The choice
for optimum VI was quantified through Spearman’s and distance correlations between STR

and VI, and the smoothness, shape, and practical range of the wet and dry edges.

2.3.5.2 Determination of Edge Curves and Calculation of nSSM

The original OPTRAM was developed with linear edge curves and recent studies have explored
the use of non-linear edges. Some studies have shown that the VI-STR relationship with high
vegetation cover may be non-linear (Hassanpour et al., 2020; Mananze and Pdc¢as, 2019) and
that non-linear parametrization of OPTRAM leads to better accuracies in soil moisture
estimates compared to linear parametrization (Ambrosone et al., 2020). After the choice for an
appropriate VI, the STR-VI couplets were allocated to an appropriate bin with a width of 1%
of the range in the VI and STR. We used a numerical method which sweeps over the STR bins
and then across the V1 bins in the scatter plot to guide our selection of the dry and wet edges.
A double logistic function (Equation (14); (Lipovetsky, 2010)) was fitted to each empirically

determined edge, defined as the curves below and above which 1% of the couplets are regarded
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as noise (e.g., man-made features or over-saturated pixels beyond the wet edge). Each edge

was fitted using ‘trial and error’ forward modelling with the 7 free parameters in the function:

P i STRj- —STRj- SIRj —STRj- f
] — ] . mid min max mid
STR) = STRnin + Traxp(caviery T TrexpCevied) Equation 13

The free parameters in the double logistic function are flexible to approximate linear,
exponential, or sigmoidal behaviour that is sufficiently complex to characterise the observed
edge curves. The nSSM for each pixel was calculated as a linear distance between the dry and

wet edges.

2.3.5.3 Land Cover Masks

Vegetation growth and root water uptake play an important role in soil moisture temporal
dynamics at the field scale (Hupet and Vanclooster, 2002). An application of OPTRAM at the
field scale needs to focus on classes within a complex land cover, e.g., grassland, forests, and
water bodies, to minimise soil moisture variations associated with distinct types of vegetation
or stages of growth. Therefore, a mask was created for forests and water bodies to identify
‘exclusion zones’ (Figure 2.3.1). Other land cover classes were not considered since they
represent less than 1% of the areas and do not influence the scatter between the VI and STR

significantly.

2.3.5.4 Normalised SSM and Time-Delayed VSM Data

For validation of satellite-derived nSSM and in situ VSM, the nSSM was estimated at the
central pixel over a window of 3 x 3 pixels, centred above each sensor, by fitting a second
order polynomial over the window to minimise any local spatial heterogeneity at a scale of 10
m. This becomes the variable W (Equation (10)). A coincident VSM can be chosen if the time
series of daily sensor readings for 6t (0 < 6t < 5) days after the date of the S-2 acquisition

shows a monotonic decrease in VSM implying consistent drying conditions which are the most

32



suitable for the model. The VSM, 6% (Equation (10)), is a weighted average of any two
consecutive daily VSM observations delayed by 8t days to capture infiltration times from the
surface to the sensor. The weights on the two VSM values represent the proportion of the day

contributing to the weighted average.

The time-delay, &t, and calibration constant, A%s, for each field can then be estimated from a
linear regression of 6%s vs. W for the three sensors at depth zg by iteratively adjusting their
values so that 6,,,;,, = 6,..c When W = 0, and 6,,,,, = O, at WZs; this is the nSSM which
results in saturation at the sensor depth (Equation (12)). The final values are those which
minimise the Root Mean Square Error (RMSE), maximise the coefficient of determination (R?)
and are consistent with Equation (9 and 10) and laboratory measurements of VSM from the

soil samples.

2.3.6 Temporal Stability (TS) Metrics

Temporal stability is traditionally used in hydrology (Vereecken et al., 2014). It is based on a
statistical approach to analyse any time-varying dataset. This study used TS equations to
analyse the nSSM dataset. TS is a result of complex interactions among local (<30 m) and
nonlocal weather, soil properties, vegetation, surface topography, sub-surface hydrology and
agricultural practices (Vereecken et al., 2014).The grassland sites have minimal topographic
variations, so the prima facie assumption is that TS is primarily controlled by time-invariant
soil properties. The Mean Relative Difference (MRD) and the Standard Deviation Relative
Difference (SDRD) are the most popular metrics to evaluate the TS of soil (Vanderlinden et

al., 2012):
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RD;; = (Wy; — W) /W, Equation 14

MRD; = (1/]) ¥JZ) RD;; Equation 15

SDRD; = Jl/U -1) Z;Z(RDU' — MRD;)? Equation 16

where RD;; is the relative difference between the nSSM, W, at pixel i, satellite pass j and J is
the number of passes. We modified these equations to obtain the Median Relative Difference
(W;) and Median Absolute Deviation Relative Difference (o).

2.4 Results

2.4.1 Satellite and VSM Data

The nSSM interpolated onto the centres of the central pixels in each of the 3 x 3 windows
(Section 2.5.4) surrounding each sensor showed minor differences (~0.01) from nSSM values
at each pixel in the corresponding window. This indicates that (1) interpolation of the 10-20 m
optical data onto a 10 m grid does not introduce significant uncertainties, and (2) surface
moisture conditions are homogeneous over 30 m scales. For the validation exercise only, the

nSSM value was calculated for the centre of the central pixel and is directly located above the

in situ VSM measurement.

The laboratory calibrations (Table 2.4.1) indicate that the soils have higher than average values
for saturated VSM (e.g., [37]; Table 2.4.1), consistent with the characteristics of poorly drained
soils which dominate these sites. The hydro-meteorological time series (Figure 2.4.1) showed
that the VSM ranged from 0.03 to 0.49 m®*m?® for Rossmore and 0.10 to 0.67 m3/m? for
Stradone. Although the normalised linear correlations for the six sensors at both sites were
>0.96, some sensors had significantly different amplitudes from the other sensors in the same

field. The differences (0.2 m3/m?®) in concurrent VSM values are explained by heterogeneity
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in soil hydraulic properties and a possible systematic difference between laboratory calibration

and field observations.

Table 2.4. 1: Laboratory measurements of soil samples around sensors at the two sites. The
measurement uncertainties are <+0.02 m®/m?. Ross = Rossmore, Stra = Stradone.

Saturated Residual VSM

Sensors  Soil Type Soil Texture

VSM (m3/m3) (m3/m3)
Ross 1-3  Brown Earth Loam 0.64 0.06
Ross 4-6 Surface Water Gley Sandy Loam 0.50 0.04
Stra1-3  Luvisol Loam 0.59 0.09
Stra4-6  Stagnic Brown Earth Clay Loam  0.57 0.08
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Figure 2.4. 1: (a) VSM and (b) daily rainfall and evapotranspiration for Rossmore; (c, d) equivalent
time series for Stradone. Vertical lines date S-2 observations since the installation of the network. Stral,
Stra3 and Stra5 VSM sensors record values > saturated VSM after high rainfall/low ET events,
indicating over-saturated conditions with free water at the surface. ET peaks and VSM is at its minimum
in mid-summer (July); cumulative rainfall is higher in winter (October—March) than summer
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2.4.2 Choice of Vegetation Index

The results (Table 2.4.2) of the pair-wise correlations between STR and Vs show that the STR-
EVI Spearman’s coefficients for Rossmore and Stradone were consistently negative and had
lower values compared to the MSAVI and NDREI. STR was negatively correlated with NDVI
and NDREI at Stradone and positively at Rossmore. The difference in scatter plots between
the two sites is responsible for the change in sign in the Spearman’s coefficients (Section 4.1).
The average STR-EVI distance correlation coefficient from the two sites was consistently at

the low end.

Table 2.4. 2: Distance correlation coefficient d,, and Spearman’s rank correlation coefficient p.,, (in
brackets) between STR and VIs for Rossmore (lower triangle with orange background) and Stradone
(upper triangle with blue background). Coefficients are for data that have been masked to remove
exclusion zones.

NDREI MSAVI EVI NDVI STR

STR 1.00 (1.00) 0.89(0.92) 0.58(0.87) 0.96(0.95) 0.27 (-0.07) NDREI

NDVI  0.23(0.17) 1.00(1.00) 0.69(0.93) 0.90(0.96) 0.36(-0.29) MSAVI

EVI 0.26 (-0.13) 0.51(0.53) 1.00(1.00) 0.57(0.90) 0.30(-0.08) EVI

MSAVI  0.32(-0.18) 0.79(0.83) 0.80(0.83) 1.00(1.00) 0.30(-0.15) NDVI

NDREI  0.31(0.34) 0.88(0.89) 0.51(0.53) 0.71(0.73) 1.00(1.00) STR

STR NDVI EVI MSAVI NDREI

2.4.3 Fitting of Edge Curves

The STR-EVI scatter plots (Figure 2.4.2) for both sites show that the edges are non-linear. The
double logistic function defined the wet and the dry edges well. For both sites, a bulge in the
scatter was seen around an EVI1 of 0.7 and STR of 20 and 15 for Rossmore and Stradone (Figure
2.4.2a,c), respectively, indicating the effect of water bodies and forests. After masking these

land cover classes, the bulges in the EVI-STR scatter plots were removed (Figure 2.4.2b,d).
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Figure 2.4. 2: STR-EVI scatter plots. (a) Rossmore without land cover masks; (b) Rossmore
with land cover masks; (c) Stradone without land cover masks; and (d) Stradone with land
cover masks.

The STR-VI scatter plots for the other VIs (Figure 2.4.3) demonstrated complicated behaviour
at the wet edges for NDVI and NDREI; it is difficult to meaningfully fit edge curves. The STR-
MSAVI scatter plots are comparable to the STR-EVI scatter plots, as expected from the
correlations in Table 2. We noted that the maximum values of MSAVI and EVI were ~0.85
and ~1.0, respectively. The low STR-EVI correlations, the smoothness, shape, and full range
of the edge curves for the EVI scatter plots led us to choose EVI as the preferred VI for further

analyses.
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Figure 2.4. 3: Scatter plots of STR-VI with land cover masks at each site. (a) Rossmore STR-MSAVI,
(b) Stradone STR-MSAVI, (c) Rossmore STR-NDVI, (d) Stradone STR-NDVI, (e) Rossmore STR-
NDREI, (f) Stradone STR-NDREI.

2.4.4 Relationships between Satellite and In Situ Sensor Soil Moisture

Regressions between VSM and normalised SSM after choosing an A*S consistent with
Equation (6) and the laboratory measurements of 6,..; and 8,,; were used to make a quantitative
judgement on uncertainties in the relationship between S-2 estimates and in situ VSM
measurements. The results (Figure 2.4.4) suggest that a linear transformation of nSSM to VSM
is associated with RMSE uncertainties of ~0.06 m3/m? for regressions limited to nSSM < 0.5.
Without the introduction of time lags, the RMSE uncertainties were ~0.1 m3/m?3. The best fit

line started at the residual VSM and finished at the saturated VSM determined from the
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laboratory measurements of the soil sample in each of the four fields. The calibration constants

were 1.0 < A% < 1.65.
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Figure 2.4. 4: Correlations between VSM and nSSM for the two farm sites. Each circle corresponds to
a sensor reading. The S-2 data that did not meet the conditions of drying (Section 2.5.4), i.e., during a
period with an increase in VSM, were excluded from the regression (blue circles). The absolute
differences in the means (MD m®/md), the unbiased Root Mean Square Deviations (m®m?) and Percent
Bias (PB) between the predicted VSM and observed VSM are, respectively, (a) 0.001, 0.05 and 0.23,
(b) 0.003, 0.06 and —1.25, (¢) 0.001, 0.06 and 0.19, (d) 0.003, 0.06 and —0.96. The MD and PB between
the predicted and observed VSM are insignificant in the limited range of 0.1 < nSSM < 0.5.

2.4.5 Maps of nSSM

Figure 2.4.5 shows examples of nSSM values derived from the STR-EVI scatter plots with
land cover masks after events of high and low net water flux (NWF; the difference between
cumulative infiltration and evapotranspiration) over 5 days prior to and including the day of
the S-2 pass. The maps show the overall differences in nSSM and a spatial variability in nSSM

that was correlated strongly with high and low NWF conditions within farm areas.
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Figure 2.4. 5: nSSM maps for Rossmore for (a) high NWF and (b) low NWF, and Stradone for (c)
high NWF and (d) low NWF. White areas are exclusion zones. Co-ordinates are in meters in the Irish
Transverse Mercator (ITM) projection.

2.4.6 Temporal Stability of nSSM

The maps of Median Relative Difference, W, and Median Absolute Deviation Relative
Difference, o, showed spatial variations (Figure 2.4.6) that were less noisy than the maps of
MRD and SDRD. Linear features (roads and field boundaries) and buildings could be

identified, and variations within fields were visible.
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Figure 2.4. 6: Temporal Stability for Rossmore (a) W and (b) o, and Stradone (c) W and (d) o. Farm
boundaries shown by solid black lines. White areas are exclusion zones. Co-ordinates are in meters in
the Irish Transverse Mercator (ITM) projection.

The distinctive patterns in the TS behaviour can be better appreciated by focusing on the farm
sites with W and o, shown with Great Soil Groups (GSGs) based on the extrapolation of data
from auger points and soil pits, and local expert knowledge (Figure 2.4.7). In Rossmore,
features 2 (Figure 2.4.7a) and 4 (Figure 2.4.7b) represent areas of high TS (W~0 and o~0),
associated with roads and a sub-surface artificial drain, respectively. Feature 1 (Figure 2.4.7b)
with ¢ ~ 0.2 represents one of the driest areas on this farm over moderately drained soil, while
feature 3 (Figure 2.4.7b) with o ~ 0.5 represents an area of low TS over poorly drained soil. In
Stradone (Figure 2.4.7d), feature 1 with W ~ — 0.1 was associated with a dry area on this farm,
feature 2 with W~ — 0.7 was associated with a building, feature 4 with W > 1 was associated

42



with a wet area around small tree patches which were not excluded by masking, and feature 5
with W~0 was associated with sparse vegetation (scrub) and/or bare soil. Feature 3 (Figure
2.4.7e) with o ~ 0.5 is in an area of low TS over poorly drained soil. In both sites, individual
fields could be identified from W and o, and variations in TS could be observed within the

presumed Great Soil Groups.
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Figure 2.4. 7: Median Relative Difference, W, Median Absolute Deviation Relative Difference, o, and
Great Soil Groups for the two farm sites. (a) Rossmore W, (b) Rossmore o, (¢) Rossmore Great Soil
Groups, (d) Stradone W, (e) Stradone o, (f) Stradone Great Soil Groups. Numbers refer to areas
discussed in the text.

Features or areas that are moderately- to well-drained were associated with a high TS of surface
moisture whereas poorly drained areas had a low TS, although there is insufficient evidence to
rigorously quantify these associations.

2.5 Discussion

2.5.1 Edge Curves and Vegetation Index

The choice of the most appropriate VI for our study sites, EVI, was based on correlation

analyses between STR and the selected VIs (Table 2.4.2) and the simplicity of the shape of the

edge curves over the largest range of the VI (Figure 2.4.2).
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If the edge curves are approximately linear, a non-zero Spearman’s or distance correlation
would result from a non-zero algebraic sum of the (signed) slopes of the two edge curves, e.g.,
if the wet edge has a negative slope whose magnitude is greater than the positive slope of the
dry edge, the STR is negatively correlated with the VI in proportion to the difference.
Electromagnetic radiative transfer theory requires a non-zero correlation between STR and a
VI due to interactions with a vegetated canopy over soil. The reflectance from soil increases
monotonically with wavelengths from ~500-900 nm (the range encompassing the VIs
considered here), plateaus, dips and then peaks at ~2200 nm (Lobell and Asner, 2002) in the
S-2 SWIR Band 12 used to compute the STR. Vegetation with increasing leaf water content is
associated with increasing canopy reflectance, particularly at wavelengths > 700 nm, which
increases the VI values (Gao, 1996) and decreases the SWIR band reflectance (Yilmaz et al.,
2008); the canopy reflectance can even exceed that from the soil at a high VI (Yang et al.,
2017). The negative STR-EVI (and STR-MSAVI) Spearman’s correlation coefficients are
therefore consistent with theory. As EVI increased (e.g., in the growing season), the reduced
transmittance through the canopy lowered the sensitivity of the STR to soil conditions. The
reduced STR difference between the wet and dry edges in an STR-EVI scatter plot is therefore

also consistent with theory.

Other studies (Ojha et al., 2021) have documented the limitations of NDVI (it plateaus over
areas with high vegetation density, it is influenced by soil in sparsely vegetated areas and is
affected by atmospheric noise) and the benefits of EVI, which was developed to mitigate
against these shortcomings. Our study showed that there was no improvement using NDREI
within OPTRAM. A comparison of Figures 2.4.2 and 2.4.3 also demonstrates that there is little
practical difference between the scatter plots of STR-EVI and STR-MSAVI at low values of
vegetation cover, probably because grass is present at all stages of the agricultural/cattle

grazing cycle for the study areas. The study also corroborates results from Sentinel-1 and S-2
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imagery which indicate that EVI is optimum for the classification of Irish grassland (Saadeldin

etal., 2022).

2.5.2 Variable Vegetation Cover and Soil Moisture

The use of land cover masks to exclude water bodies and forests demonstrates that STR values
associated with forests are higher than those over grassland with the same EVI (Figure 2.4.2).
A previous study on peatlands (Burdun et al., 2023) concluded that OPTRAM is insensitive to
water table depth, especially for high (>50%) tree-cover areal density. This result also implies
insensitivity to soil moisture in tree-covered areas and justifies the use of land masks to focus
the analysis on grassland. Where data from small tree patches were included in the analysis
(e.g., feature 4 in Figure 2.4.7d), they showed high values of soil moisture TS. This is consistent
with observations which demonstrate that soil moisture below trees is higher than that below
grassland in pasture landscapes because of reduced soil evaporation, greater soil infiltrability

and groundwater recharge, and preferential water flow under trees (Benegas et al., 2021).

In grassland with high vegetation cover at high values of EVI, there was stronger coupling of
soil moisture to vegetation water content; in these conditions, it was more accurate to categorise

‘normalised surface soil moisture’ estimated from OPTRAM as ‘normalised surface moisture’.

2.5.3 Time-Delayed VSM and nSSM

Previous studies have identified the problem of deriving soil moisture at depth from (near-)
surface remote sensing data (Collow et al., 2012; Peng et al., 2021; Wagner et al., 1999). At
present, there are limitations in our understanding of water fluxes in near-surface, variably
saturated, porous soil. These are due to complex interactions among wetting and drying which
can create large transient downward and upward water fluxes, respectively (Brutsaert, 2014;
Salvucci and Entekhabi, 1994), bioturbation and water uptake by plant roots (Santos et al.,
2014)) and time-varying pore structure dynamics of, e.g., soil bulk density, pore size
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distribution and connectivity (Schwen et al., 2014). In agricultural regions, tillage, compaction
due to animal and vehicle traffic, freeze/thaw events, periods of bare soil, etc., are common
(Meurer et al., 2020) and can exacerbate changes in soil structure dynamics. The theory under-
pinning numerical models for relationships between soil moisture in the upper few cm and the
deeper root zone is lacking and while classical approaches (e.g., Richards’ Equation) can deal
with variable soil hydraulic parameters, they are limited when dealing with root water (Verrot
et al., 2019),an important mechanism for controlling VSM in the top 15 cm and deeper. This
study demonstrated that there is a (weak) statistical correlation between nSSM satellite
retrievals with in situ VSM measurements at a depth of 15 cm. It can provide reasonably
accurate estimates of the time lags introduced to account for vertical flow of water between the
surface and the in situ sensor. In general, time lags may be considerable, e.g., 15 to 20 days at
depths of 20 cm to 100 cm, respectively (Wagner et al., 1999), or 5-10 days depending on
chlorophyll content, growth rate and previous weather conditions (Santos et al., 2014). In our
study with sensors at a depth of 15 cm, the optimal choice of time lags was ~2—-3 days and ~3—
4 days for the fields in Rossmore and Stradone, respectively. These lags correspond to an
effective unsaturated hydraulic conductivity of ~4—7 cm/day. The resulting uncertainties in the
correlations between nSSM and VSM are comparable with those from the agriculture study
(Babaeian et al., 2019b) and regional studies in the United States (Babaeian et al., 2018) and
China (Chen et al., 2020). The maximum reliable value of nSSM in our dataset to establish the
nSSM-VSM relationships was ~0.5 because of the unavailability of S-2 data due to persistent
cloud cover during and after heavy rainfall events when the soil approaches saturation. This is
a source of bias in the linear regressions which can only be remedied by additional data. The
permanent wilting point and field capacity are also critical reference points for soil moisture,

but we have no data on these variables.
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2.5.4 Satellite-Derived Surface Moisture TS for Land-Use Management

Whilst most land-use managers would probably prefer to work with temporal stability of
volumetric soil moisture, this is not practical for high spatial resolution temporal stability
analysis over large areas. VSM is the time-varying volumetric soil moisture that exists at a
point in the soil. Satellite-derived VSM, predicted using correlations in Figure 2.4.4, are
estimates of VSM at specific times and at specific locations/pixels of the in situ sensors. A map
of predicted VSM for an area would have the same pattern of colours as the map of nSSM if
(a) there is a perfect correlation, and (b) the residual and saturated VSM is constant over the
whole area; the only difference would be in the values allocated to the colours in the colour
bar. In OPTRAM, residual and saturated VSM are assumed to have the same value in every
pixel with the same VI because vegetation is a major contributor to soil moisture in the top few
cm. The OPTRAM’s use of nSSM is attractive because it is based only on satellite data and its
assumptions are transparent. The predicted VSM contains soil hydraulic parameters of residual
and saturated VSM which are only appropriate for the limited number of pixels that contain
the observed in situ VSM used in the validation. It is practically not feasible to create a map of
VSM from nSSM without residual and saturated VSM observations at every pixel. Without
these observations, spatial variations in residual and saturated VSM due to soil texture
variations will not be captured over a broad study area. Any subsequent analysis of temporal
stability based on the predicted VSM will be corrupted by introducing noise associated with

spatial variations in hydraulic and soil texture properties over the area.

This study therefore used satellite-based normalized surface soil moisture temporal stability. It
focused on areas of moderately- to poorly-drained soil within a pastoral system where surface
moisture is closely linked to soil drainage and grass productivity (Tuohy et al., 2018). The
deployment of livestock and machinery can be severely compromised in poorly draining soil
(e.q., associated with ~ 50% of Irish farms) that can be saturated for prolonged periods of the
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year, resulting in economic impacts on production. Forecasts of the most likely areas with
saturated soils within a farm can support management strategies to locate artificial drainage,
reduce the risk of soil compaction from grazing cattle (Paul et al., 2018) and minimise parasite

infection of cattle (Naranjo-Lucena et al., 2018).

We suggest that the dominant factor leading to the W patterns (Figure 2.4.7) is the near-surface
soil texture, which controls soil hydraulic properties and the spatial distribution of soil
moisture, particularly in wet conditions (Baroni et al., 2013). Terrain variations, which could
drive sub-surface water flow are minimal, and time-varying net water flux patterns over two
years are both unlikely to influence W over these km-scale areas. A combination of seasonal
changes, weather and time-varying management intervention of grass production is probably

responsible for ¢ patterns.

The meteorological data (Figure 2.4.1) demonstrate that cumulative rainfall is higher in winter,
and evapotranspiration peaks around the end of June in mid-summer and is minimum around
the end of December in mid-winter; the mid-summer peak is inversely correlated with VSM at
depth.  Seasonal variation in nSSM probably follows this pattern, especially as the
evapotranspiration is most active in the top few cm. Without claiming that these are
representative of long-term (> 10 years) seasonal variations, they are probably the main causes
of seasonal changes in net water flux, illustrated in Figure 2.4.5, e.g., by high net water flux at
Rossmore in winter (1st March 2020) and low net water flux in summer (30th June 2018). The
temporal stability maps (Figure 2.4.6) are based on 30 and 25 S-2 passes, respectively, over
Rossmore and Stradone. Table Al (supplementary information) shows that there are 19 S-2
passes in the 2 months either side of mid-winter and 14 S-2 passes in the 2 months either side
of mid-summer. This is not substantial, but it is probable that there are unquantifiable biases in

temporal stability statistics due to the limited period over which the data have been acquired.
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More generally, surface moisture TS derived from S-2 optical data has implications for land
use scenarios which require information on local areas that are significantly drier or wetter than
the surroundings. These include indications for the onset of fires, drought, and flood risks,
modelling hydrological processes, managing water resources, agricultural plant production and

productivity, and sustaining ecosystem services (Vereecken et al., 2014).

TS analyses at sub-field level have mainly been confined to ground-based techniques (Abdu et
al., 2017; Fry and Guber, 2020). Whilst other studies have used satellite radar to estimate soil
moisture TS, mostly at coarser spatial scales (Mohanty and Skaggs, 2001; Rétzer et al., 2014;
Wagner et al., 2008; Zhang and Shao, 2017), we have demonstrated that surface moisture TS
derived from S-2 optical data can identify distinct natural areas at 10 m spatial scale. We note
however that its efficacy at broader spatial scales (~ 500 m) is degraded due to an increase in
vegetation mixtures with different water contents, and the reduction of variance in the data
(Burdun et al., 2020b).The complexity of soil moisture TS results in agricultural fields over

many scales and environmental conditions is well-summarised in Fry and Guber (2020).

The approach in this paper may have implications as global grassland systems are monitored
for irrigation design and land use intensity (Lange et al., 2022; Reinermann et al., 2020). It is
relevant for rewetting efforts in the European Union (EU, 2022) where member states are
committed to restoring 20% of degraded ecosystems, including grassland and drained peatlands
under agricultural use, after centuries of wetland loss due to artificial drainage (Fluet-
Chouinard et al., 2023). Soil moisture information at ~10 m scale can also help target the re-
wetting of peatlands for carbon sequestration (Burdun et al., 2023; Ojanen and Minkkinen,
2020; Schwieger et al., 2021) which require assessments of soil moisture and drainage status

prior to, during and after re-wetting efforts.
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2.6 Conclusion

The paper demonstrated the potential of Sentinel-2 satellite optical data to provide meaningful

retrievals of normalised surface soil moisture at a 10 m resolution in a region with persistent

cloud cover. The study was conducted on moderately to poorly drained soil within a pastoral

system where soil moisture is linked to soil drainage. The data were analysed using OPTRAM

but required a re-assessment of the model to suit the wet conditions associated with

heterogeneous land cover overlying soil with low hydraulic conductivity. The modification and

validation of OPTRAM, and interpretation of the results are summarised below.

1.

4.

An exploration of four vegetation indices used in scatter plots of STR-VI identified EVI
as the index which provided upper and lower boundaries (wet and dry edges,
respectively) best suited to estimate normalised surface soil moisture. The wet and dry
edges in the STR-VI space were clearly non-linear and could be characterised, for
example, using a double logistic function.

The introduction of a time lag for the responses of in situ volumetric soil moisture
sensors improved correlations with the normalised soil moisture by a factor of ~ 2 but
only if S-2 data were used at the start of a dry-down period. The time lag was estimated
from a semi-empirical solution to the Richards’ Equation and measurements of residual
and saturated soil moisture from field soil samples. The results are comparable with
other validation studies despite the sparse sensor networks in this study.

Retrievals of OPTRAM normalised surface soil moisture are most suited to temporal
stability analyses, given the absence of regular time series of satellite optical data in
cloudy regions.

An interpretation of the surface soil moisture temporal stability, where local
topographic controls on subsurface-water flow are negligible and the vegetation type is

uniform, suggest that local areas are systematically wetter or dryer than their
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surroundings. This is associated with local drainage, hydraulic conductivity and soil

texture.

These techniques are useful for any grassland sites in temporal climates and may be extended
to other applications for agricultural and land-use management, including the identification of
areas at risk from extreme natural events (drought, flooding), soil compaction, parasite
infection associated with ruminant grazing, land rewetting for carbon sequestration and input

into crop growth models.
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3.1 Abstract

In Atlantic Europe, on poorly drained grasslands soils, compaction negatively affects soil
health when trafficked in wet conditions, while optimum grass growth cannot be achieved in
excessively dry conditions. In Ireland, daily soil moisture deficit (SMD) information is
forecasted at regional scale for all soil drainage classes. Optimal paddock conditions can occur
between trafficking (10 mm) and optimum grass growth (50 mm) SMD thresholds for an
identified drainage class. The objective of this farm scale study is to improve the identification
of optimum conditions in time and space by combining high resolution spatial soil moisture
estimates with soil drainage class specific SMD data. For that purpose, Sentinel- 2 (S-2) data
was used in a modified Optical Trapezoid Model (OPTRAM) to derive normalised surface soil
moisture (nNSSM) estimates at farm level. In-situ soil moisture sensors providing daily estimates
of volumetric soil moisture were used for validation of OPTRAM with an RMSE of 0.05.
Cumulative 7-day SMD prior to the date of each S-2 image was analysed for each year from

2017-2021 to select nSSM maps corresponding to negative, 0 or ~0 and positive SMD. Results
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established a relationship between nSSM and SMD indicating optimal conditions changed
spatially and temporally. The months of April, May, August and September always presented
at least 35% of the farm area available for optimum management operations. Future refinement
of this methodology utilising daily high resolution remote sensing data could provide near real-

time information for farmers.

Keywords: Grassland, Heavy Soils, Remote Sensing, Decision support, OPTRAM

3.2 Introduction

Globally, grasslands are one of the major ecosystems, covering one-third of the earth’s
landmass (Bengtsson et al., 2019; Lemaire et al., 2011). In Europe, permanent grasslands cover
34% of the agricultural area and provide a wide variety of ecosystem services (Habel et al.,
2013; Schils et al., 2022). They are also diverse due to natural factors such as climate and soil,
but also due to varying intensities of management practices resulting in gradients of fertilisation
and grazing intensities (Blithgen et al., 2012). Permanent grasslands in Europe have been the
main source of livestock production and nutrient cycling on farms for centuries (Hejcman et
al., 2013; Schils et al., 2022). Grass remains the cheapest source of high- quality feed for meat

and dairy production (Schils et al., 2022).

In Atlantic Europe, excess of soil moisture is the main biophysical constraint to farm
management (Schulte et al. 2012) and one of the main grassland soil threats is compaction
induced by animals and machinery traffic, especially when the soil is excessively wet (Lepore
et al., 2023; Newell-Price et al., 2013; Piwowarczyk et al., 2011; Tuohy et al., 2015). Over
90% of the agricultural land in Ireland consist of grasslands, pasture or hay which are an
important source of feed for Irish livestock (Bondi et al., 2021). In Ireland, 56% of the livestock

farms contain land classified as Less Favourable Area (areas that are difficult for cultivation
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because of natural factors such as steep slopes, soil productivity, etc.) (Schulte et al. 2012) and

30% of grasslands are on poorly drained soils (Teagasc, 2021b)

Soil moisture is commonly expressed in terms of soil moisture deficit (SMD), which is the
amount of rainfall (mm) required to return the soil to field capacity (FC) i.e., the volume of
water that can be present in the soil against gravity. SMD is independent of pore space or
rooting depth and can be used as a proxy for volumetric water (VW) content and requires fewer
variables for measurement as compared to VW (Herbin et al. 2011; Schulte et al. 2012). In
Ireland, Schulte et al. (2005,2015) developed the hybrid SMD model for grassland capable of
predicting daily SMD applicable to five soil drainage classes. At present, Met Eireann
(National Meteorological Service) utilises this model and publishes daily SMD values across
all soil drainage classes at regional scale. Daily SMD values can vary between -10 mm to 110
mm. For the farmer, this regional scale information can inform paddock scale decisions when
the paddock soil drainage class is known. In terms of management decisions at -10 mm the soil
is sub-optimal and saturated, between 10 and 50 mm the soil presents as optimal while drought
like conditions are evident around 75 mm and the wilting point is reached at 110 mm (Schulte
et al. 2012). The 10 mm and 50 mm thresholds are important from a farm management
perspective and can be observed for any paddock of known drainage class. Although thresholds
exist for SMD conditions related to soil and crop health, no such thresholds have been defined

for soil moisture content.

Satellite remote sensing technology provides a mechanism to measure soil moisture at sub-
field (100’s m?), sub-catchment (0.1-1 km?) and catchment (1-80 km?) scales. Many optical
satellites such as Landsat , Sentinel-2 etc. offer high resolution data that has been used to
estimate soil moisture (Urban et al., 2018; Wang et al., 2020; West et al., 2018). High
resolution microwave sensors such as Sentinel 1 have the added advantage of operating in all
weather conditions and have been used to estimate high resolution soil moisture (Bhogapurapu
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et al., 2022; Chaudhary et al., 2022; Singh et al., 2020). Such technologies can help bridge the
gap in existing decision support systems (e.g. hybrid SMD model coupled with farmer
knowledge of paddock specific soil drainage class) by providing real or near real time spatial
and temporal information to farmers about on-farm optimal operational conditions. However,
both optical and radar satellites have limited penetration capabilities (Mohanty et al., 2017) and
have been evaluated for soil moisture estimation at coarser spatial scales, especially with
microwave sensors (Wang and Fu, 2023). Thus, they have restricted abilities at finer spatial
and temporal scales, and therefore cannot be used for precision-agricultural applications
(Babaeian et al., 2019b). This is especially true for Ireland where persistent cloud cover is a

reality.

The objective of the present study is to develop a methodology and application at high spatial
resolution, whereby areas of a farm that are indicative of optimal/favourable trafficable and
grass growth conditions can be identified both spatially and temporally. This is achieved by
using a combination of daily SMD data which gives temporal information and Sentinel-2
derived normalised surface soil moisture (nNSSM) which provides high resolution spatial
information (10 m) on soil moisture conditions on the farm. The focus of the study is a dairy
grassland farm in Ireland dominated by poorly drained heavy textured soils which tend to
remain wet for very long periods especially after a rainfall event. Existing models for farm
management are based on SMD thresholds alone and advisories for farm management in
Ireland are based on these SMD thresholds (Met Eireann, 2023).Since SMD values do not have
a spatial component/spatial information, any decision support tool based on SMD alone does
not include spatial information crucial for decision making on the ground. To address this
knowledge gap and to improve existing forecasts based on SMD estimates, this study uses
optical satellite data from Sentinel-2 to estimate high-resolution normalised surface soil

moisture (nNSSM) using the Optical Trapezoid Model (OPTRAM) in conjunction with existing
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SMD based models. Estimates of nSSM are combined with an SMD model to define specific
soil moisture thresholds for grass growth and trafficability on this farm to develop a decision
support tool for farmers for designing targeted paddock-based management intervention. This
study is aimed at developing soil moisture thresholds for defining favourable farm management
conditions using a combined nSSM and SMD approach. The results are validated using in situ
soil moisture data and through regular monitoring of farm conditions.

3.3 Materials and Methods

3.3.1 Study Area

The study farm (40 hectare (Ha)) is located in Rossmore, Co. Tipperary (52° 36°N, 8° 01°'W )
and is part of the Teagasc Heavy Soils Programme (HSP) (Teagasc, 2021b). The farm mostly
has a flat terrain and receives approximately 980 mm of rainfall annually. Annual grass
production on this farm in 2022 was 13178 kg DM/Ha, being 11608 kg DM grazed and 1570
kg DM as silage conserved (Dry matter (DM) is the grass/silage remaining after removal of

water content).

A soil survey at paddock scale was conducted on the farm in 2015, with every paddock assigned
to a soil subgroup and associated drainage class in accordance with protocols developed for the
Irish Soil Information System (ISIS) project. The ISIS project was established in 2008 with the
objective of constructing a national soil map at 1:25,000 scale to provide spatial and
quantitative information about the soil type in Ireland. All the soils belong to one of the 11 soil
Great Group and can be further classified into sub-groups (Environmental Protection Agency,
2014; Simo et al., 2008). Mapping of the soil type for each paddock on the farm was carried
out using an auger and test pit survey. For every Ha (0.01 km?), an auger bore was driven into
the soil to a depth of 1m and soil features such as colour, texture, mottling etc. were recorded
and soil type and drainage class (as shown in Figure 3.3.1(B)) assigned. Additionally, 3-4 soil
pits, each at depth of 1-2m were dug on the farm to further analyse the dominant soil type
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(Teagasc, 2021b). The dominant soil subgroup is Surface-Water Gley, which are wet, acidic
soils and have gleying within 40cm (Teagasc, 2014). The soil texture is mostly sandy loam
and the paddocks are generally poorly drained (i.e., those that are saturated during a rainfall
event and continue to hold excess water for multiple days after such events), except for
paddocks 8,10 and 21 (Figure 3.3.1(B)) which are well drained (i.e., those that hold excess
water during a rainfall event but not afterwards) (Schulte et al. 2015; Tuohy et al. 2018).
Knowledge of the paddock drainage class enabled the correct SMD values to be assigned to

each paddock.

A weather station
soil moisture sensor

N 0 100 200 m
| Se—

Figure 3.3. 1. (A) Study area is within the orange polygon (B) paddock boundaries and paddock
drainage class distribution in the study area i.e. orange paddocks are poorly drained and white paddocks
are well drained

3.3.2 Satellite and in-situ data for estimation and validation of normalised surface soil
moisture (nNSSM)

Optical data from Sentinel-2 (S-2) is used in an Optical Trapezoid Model (OPTRAM) to
estimate normalised surface soil moisture (hSSM) for the study area. The farm is equipped with

in-situ soil moisture sensors, installed at a depth of 15cm, providing daily estimates of
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volumetric soil moisture (VSM), based on soil resistivity and capacitance (Sensoterra, 2022),
used for validation of OPTRAM. S-2 level 1 C product (ESA, 2013) was downloaded from
the United States Geological Survey (USGS) Earth Explorer website (“USGS Earth Explorer,”
n.d.). The level 1C products comprise of ortho-rectified, Top of Atmosphere (TOA)
reflectances, based on a UTM/WGS 84 projection reference system (Baillarin et al., 2012). The
images were selected based on an initial visual interpretation of cloud cover and through an
analysis of daily rainfall and Evapotranspiration (ET) data available from weather stations
installed on the study area so as to ensure that the data represented all weather conditions for
the study area, covering both wet and dry periods. A total of 30 S-2 images were downloaded

from 2017-2021, that included cloudy and cloud-free data.

All the S-2 level 1C products were atmospherically corrected in QGIS using the Semi-
automatic Classification Plugin and the Dark Object Subtraction (DOS) algorithm (Chavez,
1988; Gilmore et al., 2015). The cloudy Sentinel-2 data were masked using a cloud mask

available with the Sentinel 1 C product as part of the quality information (Coluzzi et al., 2018).

3.3.3 OPTRAM

OPTRAM was developed to estimate soil moisture using satellite data. OPTRAM (Sadeghi et
al., 2017a) is an improvement over the Thermal-Optical Trapezoid Model (TOTRAM), which
is one of the most popular approaches to mapping soil moisture using remote sensing.
OPTRAM improved TOTRAM by replacing Land Surface Temperature (LST) in TOTRAM
with the short wave infrared band as a measure of soil moisture, thereby, eliminating the need
for calibration of each satellite observation since LST depends on parameters such as surface
air temperature, wind speed and relative humidity (Mallick et al., 2009). This modification
makes OPTRAM suitable to be used even with those satellites that do not have a thermal band

(Sadeghi et al., 2017a). OPTRAM has been found to perform better than TOTRAM (Burdun
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et al. 2020) with the former reaching positive pearson’s correlation values of upto 0.8 and the
latter with low negative correlation values with water table depth. This model uses vegetation
index (V1) and the Shortwave Transformed Infrared Reflectance (STR), calculated from short
wave infrared (SWIR) band to map soil moisture in the STR-VI space., STR has been tested
successfully for its sensitivity to soil moisture over vegetated surfaces, assuming a linear
relationship between soil and vegetation water content. Though, originally developed over arid
and semi-arid climatic conditions, in recent years, OPTRAM has been successfully applied
over a variety of land cover including wetlands and peatlands (Mokhtari et al. 2023; Burdun et
al. 2020; Burdun et al. 2023). Similarly, Basu et al. 2024 also applied OPTRAM to estimate

soil moisture in the same study site as in this paper, which is also dominated by wet conditions.

Studies have shown that the VI-STR relation for high vegetation cover may be non-linear
(Hassanpour et al., 2020; Stanczyk et al., 2023) and that non-linear parametrization of
OPTRAM lead to better accuracies in soil moisture estimates as compared to linear
parametrization (Ambrosone et al., 2020). Following from such studies, this study also
modified OPTRAM by using a non-linear double logistic function instead of a linear function
to determine the wet and dry edges in the STR-VI space. In this study, S-2 band 12 (i.e., SWIR
band centred at 2190 nm) has been used to compute STR. The normalised surface soil moisture
(nSSM) for each pixel is calculated as a linear distance between the dry edge and the wet edge

as:

nSSM=X-d)/(w—-d) Equation 17
where, X is the STR of the pixel for which nSSM is to be calculated, d is the STR on the dry

edge curve and w is the STR on the wet edge curve. All other pixels would thus, have nSSM
values between 0 and 1, with the assumption that pixels on the dry edge would correspond to
a value of 0 and those on the wet edge would correspond to a value of 1 and that oversaturated

pixels are not considered.
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Additionally, another modification made to OPTRAM in this study is the use of the Enhanced
Vegetation index (EVI) instead of the Normalised Difference Vegetation Index (NDVI) as used
originally in OPTRAM. EVI has several advantages over NDVI especially with respect to
saturation issues over vegetated lands, where its sensitivity decreases with increasing biomass
(Antunes Daldegan et al., 2020; Ojha et al., 2021; Rocha and Shaver, 2009) and based on class
separability, it has also been shown to be an optimum VI for studying Irish grassland using S-
2 data (Saadeldin et al., 2022). nSSM maps for the farm were obtained at a spatial resolution
of 10m (Figure 3.4.2). The model has been validated using volumetric soil moisture data from
in-situ soil moisture sensors installed on the farm. There are 6 in situ soil moisture sensors
installed on the farm at a depth of 15cm, providing daily estimates of volumetric soil moisture.
An RMSE of 0.05 and a correlation of 0.4 was obtained between modelled nSSM and in situ
volumetric soil moisture (Basu et al., 2024a). The range of volumetric soil moisture is between
0.1-0.6 m3/m3 .Further details about the methods and validation of OPTRAM used in this study

area is available in Basu et al. 2024.

3.3.4 Soil Moisture Deficit (SMD)

SMD is calculated using the grassland hybrid model of Schulte et al.,(2005,2015) using site
specific data from the meteorological weather station on the farm i.e. daily max and min
temperature, rainfall, wind speed and solar radiation. It is a water mass balance model that
calculates SMD from a cumulative balance of rainfall, evapotranspiration and drainage:
SMD; = SMD;_; — Rain; + ET, + Drain, Equation 18

Where, , SMD, and SMD,_, are SMDs on day t and t-1 respectively in mm. Rain is the daily
rainfall (mm/hr) , ETtis daily actual evapotranspiration (mm/hr) and Drain is the water that is
drained daily through percolation and/or surface flow. Daily estimates of rainfall and ET from

the weather station on the farm is used in this model that enable daily SMD to be calculated
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for individual paddocks on the farm for three drainage classes: well-drained, moderately-
drained and poorly-drained. For a well-drained soil/paddock, SMD would never exceed the
field capacity (SMD = 0 mm), a moderately drained paddock takes 24 hours after a rainfall
event to reach field capacity and a poorly-drained paddock can take up to days to achieve the

same (Schulte et al. 2005).

As paddocks on the farm are either poorly or well-drained (Figure 3.3.1(B)), the SMD model
was run for these two drainage classes for the years 2017-2021, co-incident with the time period
of S-2 data. The SMD time series for the farm represents temporal information where each
value in the time series is a value/point in time and does not have a spatial component. SMD
values in general can be interpreted as follows: negative SMD represents wet soils/ wet
conditions on the farm, 0 or nearly 0 SMD represents field capacity (FC) i.e., the maximum
amount of water a soil can hold against gravity and positive SMD represents dry soil/ dry
conditions on the farm. More specifically, at an SMD of -10mm, the soil is considered
saturated, percolation commences at 0Omm, and the hydraulic conductivity increases from 0
SMD to a maximum value (soil saturation) which is specific to a drainage class (Schulte et al.,

2005,2012).

3.3.5 Development of optimal thresholds using nSSM and SMD

To develop a relationship between nSSM and SMD, firstly, a cumulative sum of 7-day SMD
prior to the date of each S-2 image collected in the period from 2017- 2021 was calculated.
This helped in selecting specific S-2 dates from the time series which corresponded to negative,
0 and positive SMD values, covering the entire range of SMD conditions on the farm for the
study period. 11 such S-2 images were finally selected out of the 30 available S-2 images that
represented very wet to very dry conditions of soil moisture on the farm. To calculate a

relationship between SMD and nSSM, two linear regression models were developed between
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mean NnSSM for the 11 selected S-2 images for the farm and the corresponding SMD estimates
on those 11 dates for poorly and well drained soils, respectively. This model was run using the
Im function from the stats package in R (The R Foundation, 2018). The mean nSSM was
calculated as a spatial average of all the pixels on a particular day covering the farm. This

enabled direct comparisons between the time series of SMD and mean nSSM.

As discussed previously, values in literature suggest that 10 mm and 50 mm are the thresholds
that represent conditions of restricted trafficability on soils (Vero et al. 2014; Schulte et al.
2012) and grass growth, respectively(Teagasc, 2021c). Any SMD value between these two
thresholds should be considered an optimum “window of opportunity” for both soil and crop.
Therefore, SMD thresholds of 10 and 50 were applied to the each of the two regression models
to arrive at corresponding nSSM thresholds of 0.235 and 0.315 respectively. Thus, three
categories (i.e., <0.235, 0.235-0.315 and >0.315) of nSSM were obtained corresponding to
“excessively dry”, “optimum” and “excessively wet” conditions respectively. Proportions of
farm area falling under each of these nSSM categories were calculated. The middle category
of nSSM (0.235-0.315) represents the optimum “window of opportunity” in terms of safe soil
and crop utilisation on the farm and will be referred to as the “optimum” category in this study
henceforth. The optimum nSSM category represents general favourable conditions for

trafficability and grass growth in the study area. A flowchart of the methodology is presented

in Appendix (Figure Al).

The patterns of soil moisture in the optimum nSSM category as well as in the other categories
are shown in Figure 3.4.2. These results have been validated using expert knowledge about the
drainage and soil characteristics of the farm as well as by interaction with farmers. Since the
farm is part of the Teagasc Heavy Soils Programme, there is complete access to and detailed
knowledge about farm conditions and data such as SMD, weather, and farm management
activities. These farms have been visited multiple times throughout the year during the study
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period and have been visually assessed for soil moisture conditions during those times which
confirm to their respective drainage classes at that time. This fine scale knowledge and data

was used to validate the results.

3.3.6 Calculation of proportion of farm area within the optimum category at a daily time step

To examine the proportion of farm area within the optimum nSSM category, a piecewise linear
regression function (from segmented package in R) (Muggeo, 2008) was fitted between the
proportion of farm area in the optimum category of nSSM for the 11 selected S-2 images (as
obtained in section 2.5) and the corresponding SMD on these dates. Using this function, the
proportion of farm area falling within the optimum category was predicted at daily time steps
from the daily SMD estimates. The daily values were averaged into monthly values for the
time series to identify trends of trafficability and grass growth for the farm across the time
series (Figure 3.4.5).

3.4 Results

3.4.1 Optimal threshold range for nNSSM
3.4.1.1 Regression between SMD and nSSM

Figure 3.4.1 ((A) and (B)) show the linear regression models between mean nSSM of the 11
selected S-2 images and the corresponding SMD for both poorly and well drained soils,
respectively. The slopes for both soil types is identical (0.002) and the intercept is similar with
minimal difference. The co-efficient of regression is highly significant for both soil types.
However, since most of the paddocks on the farm are poorly drained (Figure 3.3.1(B)), the
regression model for the poorly drained soil type was finally selected for all subsequent
analysis and this model was used to calculate thresholds for soil moisture regime based on

SMD thresholds of 10 mm and 50 mm.
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Figure 3.4. 1: Linear regression between SMD and mean nSSM for (A) poorly drained and (B) well
drained soils.

Three categories of nSSM values .i.e., “Excessively Dry” (<0.235), “Optimum” (0.235-0.315)
and “Excessively Wet” (>0.315) were obtained from the regression model between mean
nSSM and SMD. For each of these categories, the proportion of farm area falling within the
particular category was calculated as shown in Table 3.4.1.The optimum category of nSSM
(0.235-0.315) corresponding to SMD between 10mm and 50mm represents the moisture range

for optimum soil and crop conditions on the farm.

3.4.2 Spatial and temporal patterns of nSSM on the farm

Examples of nSSM maps for negative, ~0, within the optimum range and maximum SMDs in
the time series are shown in Figure 3.4.2. The maps show spatial variability of nSSM in the
farm for different SMD conditions. It is important to note that this spatial variability is not
paddock specific and shows a spatial continuum. The optimum category of nSSM (0.235-
0.315), is coloured in low to high shades of green. As can be seen from the figure, this green
region is spatially variable across the farm under different conditions of SMD and merges
across paddocks. Blue areas on the farm represent wetter than the optimum condition and red
areas correspond to drier than optimum conditions. Specifically, the soils in the blue regions

on the farm would be susceptible to poaching/surface damage in case of trafficking by animals
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or machinery while those in the red region are mostly limited by grass growth potential with

trafficability not being a key constraint (although compaction may remain a risk to soil health)..

It is interesting to note that even on the day of highest SMD (75.4 mm), which represents very

dry conditions and in this case, almost a drought situation, there is still a small proportion of

the farm where the soil moisture status is such that grass growth is not restricted. Similary, on

a relatively wet day (SMD -10 mm), small patches of green and red areas can be seen. Most of

the red regions on this image correspond to man-made features such as the fringes of the farm

yard or farm roads, while the green regions represent soil within the optimum category. It is

also important to understand that on the ground, the green region representing ideal soil

conditions is not a rigid boundary and would merge with other classes of nNSSM preceeding and

following it.
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Figure 3.4. 2: Example of nSSM maps for negative, ~0, optimum category and positive SMD. Green
regions represent soil in the “optimum” category, blue regions represent wetter than optimum conditions
and red region represent drier than optimum conditions. Units of SMD are in mm.
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3.4.3 Relationship between proportion of farm area in the optimum category and SMD

Figure 3.4.3 (A and B) shows the piecewise regression between proportion of farm area in the
optimum, and drier and wetter than optimum category of nSSM, respectively, for the 11
selected S-2 images and the corresponding SMD on these dates. In the absence of a daily S-2
time series, this model was used for predicting daily farm area proportions in the optimum
nSSM category. This ensured that the temporal scale of SMD and nSSM time series matches,
necessary for identifying trends of trafficability and grass growth (Figure 3.4.4). The variability
in scatter in Figure 3.4.3 is evident, with SMD values greater than 0 showing an almost linear
relationship with optimum farm area proportions. We, however, retain all observations to not
further limit the data points and also to avoid introducing any bias in the model. The model
was able to explain 76% (R?) of the observed variability. The residual standard error of the
model was 9.125 on 7 degrees of freedom. The Cook’s distances (Martin and Pardo, 2009)

were less than 1 and hence individual observations did not unduly influence the model fit.
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Figure 3.4. 3: (A) Proportion of farm area in the optimum category of nSSM.(B) Proportion of farm
area in the drier and wetter than optimum category. Note: Dashed lines are the piecewise regression
model between the variables.
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Figure 3.4.4 shows the time series of the daily estimates of farm area proportions in the
optimum nSSM category predicted using the piecewise regression model (Figure 3.4.3). This
proportion ranges from 20 to 50 % during the study period. Generally, the proportion of area
deemed optimum peaked between the months of April- October, with up to ~ 50% of the farm
area being within the optimum category of nSSM in these months across the study period. In
other words, up to half of the farm would have been optimal for carrying out farm management
operations safely for both soil and crop in this period. This proportion is relatively low for the
year 2018 in these months (between 10 to 40% vs ~ 50% in the other years) as expected since
this was a year of extreme weather variability in Ireland when persistent rain in spring and early
summer gave way to drought conditions by mid-summer. As such soil moisture conditions

fluctuated towards the extremes more commonly than in other years.

Figure 3.4.5(A) and 3.4.5(B) show the monthly mean proportions of farm area in the optimum
nSSM category for the time series for the months of January-June and July-December
respectively. In the study period, the months April, May, August and September typically saw
the best conditions where soil moisture was at an optimum level over a wider area and
excessively wet or excessively dry conditions are avoided. In these months, approximately 35%
of the farm area was in the optimum nSSM category at all times during the period of analysis.
This percentage is slightly less for the year 2018, especially for August (Figure 3.4.5(C)) due
to the extreme conditions as mentioned earlier. Typically, the months of October to March are
limited by excessively wet conditions while June and July have seen severe moisture deficits.
Increasing variability in climate and localised weather imposes extremes in the typical soil

moisture regimes in a given year.
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2017 and 2021, calculated using the piecewise regression function between nSSM and SMD.
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3.5 Discussion

3.5.1 Overall advantage of using optimal nSSM thresholds ranges over SMD alone

SMD based decision support tools are valuable for aiding decision making, where the farmer
has knowledge of the drainage class of individual paddocks. Examples of where the SMD tool
was used include Piwowarczyk et al. (2011) who used this model to predict the risk of damage
from animal grazing on grassland soils and Vero et al. (2014) used this model to determine
SMD thresholds, incorporating it into a decision support tool for trafficability and slurry
spreading on farms. This model has also been used to monitor nitrous oxide emissions from
grassland sites in Ireland, showing that higher soil moisture on the day of fertiliser application
tends to increase average annual emissions (Hawkins et al., 2007). Estimates of SMD obtained
from this model has also been used to identify opportunity for spring application of slurry in
Ireland (Lalor and Schulte, 2008). A study in Ireland confirmed the effectiveness of such a
decision support system which when combined with farmers’ local knowledge about drainage
conditions of paddocks on their farms helped in reducing nutrient losses and managing slurry
spread so as to increase nutrient uptake by plants (Kerebel et al., 2013). However, as discussed
previously, current decision support tools based on SMD alone have a temporal component
only. This is a crucial knowledge gap because information on spatial variability of soil moisture
conditions is also important for effective farm management. Figure 3.4.2 also confirms that on
a particular day for a single value of SMD, the patterns in nSSM are not same and vary through
the spatial extent of the farm. This means that it is prudent to use the SMD model within the
current methodology and to combine it with soil moisture content information as shown in this
study to produce the nSSM categorisation for optimal operational conditions, and produce both
temporal and spatial information This new technique as proposed in this study moves beyond
the physical boundaries of paddocks and displays data at a higher resolution in space and time,

and would thus help in taking more informed decisions for farm management.
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By including high resolution soil moisture data, this study showed that moisture regimes are
not paddock specific. The national advisory in Ireland that generates valuable advice for safe
farm management issues one set of rules/advice at a regional scale based on SMD values.
However, Figure 3.4.2 shows that for a single value of SMD which is specific to a particular
drainage class, the soil moisture regime within the same drainage class also varies in space,
and exhibits a continuum, i.e., not following paddock boundaries. Therefore, management
decisions should also vary within a paddock depending on the soil conditions and such
information could guide farmers in devising farm management strategies on their farms.
Decision support systems based on SMD alone, though useful, may not always suffice because
not all areas on the farm behave uniformally at a given day/time and can sometimes lead to
under-utilisation of resources. This study shows that across the time-series, most of the years
had around 50% of farm area with soil conditions that were at a lower risk of compaction as
compared to very wet conditions. Thus, these areas could have been accessed safely,
providing optimal management conditions. Using this improved decision support system which
uses high resolution soil moisture estimates together with SMD data, farmers can ensure
complete utilisation of farm resources, not having to restrict operations on the farm entirely.
As shown in this study (Figure 3.4.2), even on driest days, farmers can identify certain parts of
the farm that are optimum for grass growth and can for example, design targeted fertiliser
applications to those areas. Similarly, on a wet day (SMD = -10 mm), the green regions
represent soil within the optimum category probably due to topographical features, which are
at a higher elevation than the surroundings and slope to either sides. This would minimise usage
of excessive chemical fertilisers, thereby reducing emissions from the farm, particularly with
respect to chemical nitrogen (N) fertilisers. This has important implications for Ireland to meet
the Government’s Climate Action plan that aims to reduce chemical N fertilisers. As other

information is available on soil moisture through the use of remote sensing techniques this
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offers finer scale possibilities i.e. moving away from paddock specific outcomes to those that
may change for the same paddock over time and space. Increasing variability in climate and
localised weather imposes extremes in the typical soil moisture regime in a given year. This
offers challenges to standard farm management practices and results in increased volatility,
which impose significant stresses on the farm system. Soil moisture data can help us understand
recovery rates of farms to get back within the “optimum window of opportunity” after a stress
event, such as a drought, as was the case in 2018. This information can also help improve
existing decision support tools, such that, depending on recovery rates of different areas on
farms, targeted actions could be taken for farm management and precison farming such as
grazing management, fertiliser applications, etc. Farmers can adopt a number of strategies to
cope with sub-optimal conditions, which at either extreme (wet or dry) require supplementary
feed and additional labour. However, further support in decision making would ensure
optimisation of management to increase overall system sustainability, efficiency and
profitability. This is particularly important in light of efforts to mitigate the environmental
impacts of agriculture in line with agreed targets and as weather extremes (saturated soils and
drought) are likely to occur with greater frequency in coming years. This model would be most
effective in designing precision agriculture strategies across the world and when tested across
study sites, it would be able to reveal influence of local climatic conditions or management

regimes such as irrigation.

3.5.2 Future Research

The first step would be to test this improved decision support tool on other farms in Ireland,
especially those dominated by poorly draining soils and then expand this methodology to
similar farms across the world. The thresholds of nSSM obtained in this study could be tested
on other farms of the Teagasc HSP sites to ascertain if the same moisture conditions are valid
across the farms for trafficability and grass growth. Since, all HSP sites have similar soil and
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drainage characteristics, this would help improve the model if needed and make it more robust.
A study similar to Kerebel et al. (2013) could be designed where farmers’ knowledge about
drainage conditions on these farms could be used to validate the results from this tool. It would
also be interesting to test “before and after” scenarios to understand if the farmers were able to
utilise their farm resources more optimally after using this tool and not having to restrict
operations on the farm during certain times of the year. It would be hugely beneficial if the
farmers could practically use spatial maps as generated in Figure 3.4.2 to identify optimum
areas on their farm for crop growth and trafficability. The next step in the development of this
tool would be to use daily high-resolution images such that a daily high resolution trafficability
and productivity map can be made available to farmers. This could be achieved using drones
and would be especially helpful in countries like Ireland where persistent cloud cover makes it
difficult to obtain long time series of optical remote sensing data. Daily images would help
match the temporal scale of SMD data, ensuring better comparison between the two variables
(SMD and nSSM) and would, thus, help improve the accuracy of the model. This is a subject
of further research and could lead to the development of a predictive decision support tool for
farmers not just in Ireland but across the world, especially in regions where targeted irrigation
(precision agriculture) is essential for achieving food security. Similarly, a comparison of
Figure 3.4.3 across different farms over time could reveal management differences, and it
would be worthwhile to check if such information could help tackle extreme events such as
droughts. Additionally, this study acknowledges that even in Atlantic climates like Ireland,
droughts are becoming a recurrent phenomenon (Antwi et al., 2022), which would result in
soil compaction in dry soils. Thus, the model would have to be updated to account for such
conditions and new thresholds might need to be defined for favourable trafficability and grass
growth conditions. Along with trafficability, it would also be important to assess risk of

compaction in soils even under trafficable conditions, with the help of available tools like
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Terranimo (“Terranimo,” n.d.) which helps assess soil compaction by agricultural vehicles,
taking into account soil and vehicle properties such as clay content, tyre pressure, etc. Such
decision support tools could be improved even further if local meteorological data is available
for the farm representing accurate local weather conditions, improving predictions. To test this
new decision support system, it would be important to test this model on a subset of farms to
test different scenarios a) how well farmers local knowledge of their farms matches with the
predictions from the existing SMD model with regards to accessibility of the farms b) if the
predictions from the new model that also combines estimates of soil moisture with SMD can

help in achieving higher productivity from their farms.

A major threat to soil quality on farms in Ireland is from trafficking by machinery and grazing
by animals. Most of the damage happens in the form of short-term compaction of top soil or
long-term depth compaction. Bondi et al. (2021) developed a national Soil Trafficking Intensity
Index in Ireland for Compaction (STIC) which is a sum of compaction from machinery and
grazing to identify which management regime poses more threat to soil structure and also the
levels of such management intensities that “soil can cope with” based on soil conditions. In
general, it was found that grazing management has much lower risk of soil compaction because
though the pressure by animals is greater on soil as compared to machinery, the pressure is
evenly distributed on the farm as opposed to localised pressure by heavy machinery. Farmers
also thus follow grazing management regime in Ireland. However, for poorly drained soils as
in this study, a closer investigation is required because such soils are in particular more
impacted by trafficking from both management operations. Combining this index with the
proposed decision support tool could be especially valuable for managing soil and crop health
on poorly drained soils. This could provide support to different stakeholders such as farmers,
contractors and policy makers by providing high resolution spatial information on soil

condition on farms to develop tailored management response within farms. Alternatively, since
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the reliability of STIC depends on field scale data, a high resolution soil moisture estimate

could help improve this index.

3.6 Conclusion

This study presents one of the first attempts to assess optimised management capabilities at the
farm level and is a proof of concept for improving existing decision support tools for farm
management applications using estimates of both SMD and soil moisture regimes. This study
focusses on a site dominated by “heavy” or wet soils, however, previous studies have shown
that varying levels of compaction can occur across a range of moisture conditions, including
dry soils (Keller et al., 2019).The validation of this study is based on expert knowledge about
paddock soil and drainage conditions and continuous monitoring of the farms which gives
information at very fine scales both spatially and temporally. While this study acknowledges
the effectiveness of existing decision support systems, it also addresses the knowledge gap of
a missing threshold for soil moisture regimes by developing an index for soil moisture for
optimum trafficability and grass growth on farms, equivalent to SMD thresholds for same. This
makes it more practically applicable on farms, given the limitations associated with a single
value of used at farm scale. It is also essential to capture such differences to ensure complete
utilisation of resources, where a part of the farm, which is most susceptible to damage to soil
or cannot support grass growth can be closed for activities, while some areas could still be used
for crop production etc. This decision support tool also highlights specific months where
maximum usage of the farm can be made with minimum damage to the soil and optimal

production conditions.
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Table 3.4. 1: SMD values and farm area proportions (%) within the identified nSSM categories.

Saturated

FC

Drought

SMD (mm)

-10

0.6

8.9

19.1

36.8

58.3

75.4

Month /Year*

Jan/17

Jan/19

Mar/20

Nov/21

Oct/18

Apr/18

Apr/20

Jun/17

Sep/19

Jul/21

Jul/18

nSSM

categories :

Farm Area Proportions (%)

Excessively Dry

(<0.235)

20

16

41

58

12

49

97

Optimum (0.235-

0.315)

19

27

13

51

35

40

41

24

21

Excessively Wet

(>0.315)

78

70

97

84

29

49

19

64

31

Abbreviations used in the table : SMD=Soil Moisture Deficit ; FC=Field Capacity of nSSM map that matches SMD condition.
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4.1 Abstract

In the European Union (EU), the objective of the Nitrates Directive (ND) is the reduction of
water pollution caused or induced by nitrates from agricultural sources. In Ireland, the Nitrates
Action Plan states that nitrogen (N) fertilizers should not be applied to waterlogged soils or
when heavy rainfall is expected within 48 hours of application. In Ireland, a daily agri-
meteorological forecast is available which gives: a) soil moisture deficit (SMD) information at
regional scale to enable a farmer or contractor to assess soil moisture status b) predicted hourly
rainfall to inform a farmer or contractor if heavy rainfall is forecast within the 48-hour period.
The objectives of the present study were to assess soil moisture and rainfall status at and in the
48 hours after N fertilizer applications for two paddocks on a heavy textured intensive dairy
farm in Ireland for the period 2017-2021. In addition, a combined normalised surface soil
moisture (NSSM) (from satellite imagery) and SMD approach was implemented for the farm
to map and identify the soil moisture conditions during and after fertilizer applications. Results

showed that the amount of N applied to the two paddocks was generally high in the beginning
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of the year (on an average around 60 kg/ha of fertiliser amounting to 30% of the total for that
year) and there was variation in the total amount of N applied across the years. The total rainfall
received on the days of application for the two paddocks also varied across the years. The
average N applied in the time period was 283 kg/ha for paddock 9 and 252 kg/ha for paddock
10. N application followed the open and closed periods as per the ND. Additionally, for both
paddocks a variation in soil moisture conditions was observed every year, with the most
favourable conditions peaking between April and October, coinciding with the grass growing
season in Ireland. In future, this type of analysis can be made possible in real-time by using
daily satellite/drone images to produce daily soil moisture maps, which will help identify

favourable conditions of fertiliser application in space and time.

Keywords: Grassland; Fertiliser; Remote Sensing; Agriculture

4.2 Introduction

Globally, nitrogen (N) is the most widely used fertilizer in agricultural systems (Govindasamy
et al., 2023). Recent decades have seen an increasing demand globally for food, including dairy
products and this has called for intensification of agricultural systems especially grasslands,
resulting in an increase in N use (Cardenas et al., 2019; Ruelle et al., 2018). This is especially
true in Europe where 35% of the agricultural area is covered by permanent grasslands which is
an important resource supporting livestock production (Hopkins and Holz, 2006; King et al.,
2012). In temperate regions, such as Ireland, chemical N fertilisers greatly support grass-based
livestock systems (Ryan et al., 2011) and inorganic N fertilisers have been widely used to
improve yields (King et al., 2012). While the benefits of adding N fertilisers in agricultural
management is significant, N is an expensive fertiliser which can impose increased financial

and environmental cost due to over application as not all N that is applied is used efficiently
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(Buckley et al., 2016; Buckley and Carney, 2013). The current average Nitrogen Use Efficiency

(NUE) on dairy farms in Ireland is estimated to be ~25% (Teagasc, 2021d).

Soil moisture is one of the many environmental factors that governs the uptake of N by plants
and the form in which it is absorbed (Ding et al., 2021; Flynn et al., 2023; Liang et al., 2022).
Apart from nitrogen uptake, soil moisture is also a major factor governing N.O emissions
(Bracken et al., 2021, 2020). Soil moisture has also been shown to affect pasture responses to

N fertiliser (Pembleton et al., 2013).

To minimise nutrient losses to water and air, the ND, which promotes good agricultural
practices in the EU, obliges member states to set out regulations pertaining to fertilizer usage.
In Ireland, the Nitrates Action Programme (NAP) aims to reduce potential water pollution
caused or induced by nitrates from agricultural sources. The major focus of Ireland’s 5" NAP
(“gov.ie - Nitrates Directive,” 2020) that runs from 2022-2025 is on reducing chemical N
fertiliser use to a maximum of 325000 tonnes by 2030 and increasing Nitrogen Use Efficiency
(NUE) to 35%. NUE is a measure of how much of the nitrogen supplied to the crops through
fertilisers is used by the crop and ultimately how much of it is recovered in the end product
such as meat or dairy products (Teagasc, 2021d). Critical to the success of these goals will be
adherence to regulations pertaining to application of N fertilizers. For example, guidelines
within the NAP states that N fertilisers should not be applied on waterlogged soils (indicated
in Ireland with daily Soil Moisture Deficit (SMD) information for well, moderate and poorly
draining soils (Schulte et al., 2015)) or when heavy rainfall (heavy is not defined in the NAP,

rainfall is measured in Ireland by the national meteorological service) is predicted in 48 hours.

Basu et al. (2024a) estimated normalised surface soil moisture (nSSM) for two dairy farms in
Ireland, dominated by poorly draining (Tuohy et al., 2015) or wet soils, using Sentinel-2 data.

This gives soil moisture status at the paddock level for the farms at a high spatial resolution of
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10m and reveals spatial and temporal trends in the soil moisture regime. The nSSM estimates
were used in a recent study by Basu et al. (2024b), where a combined nSSM and SMD approach
was used to identify an optimum range of soil moisture conditions on poorly draining soils on
dairy farms. The combined nSSM and SMD approach identifies, and maps “soil moisture
thresholds (SMT) within which, soil can be protected against traffic induced damage and within
which, grass can grow and not wilt. These maps showed high variability in soil moisture
conditions (on any given day) and highlighted areas of paddocks that fell within or outside of
these thresholds. Beyond decisions regarding if a soil is waterlogged or if rainfall is heavy, a
more holistic approach should also consider if spreading fertilizer will damage the soil, and
whether the crop can grow on the application date. Currently, if a soil is not waterlogged with
no heavy rainfall occurring in the next 48-hour period, a farmer can spread fertiliser but

compact the soil in the process.

The objective of this study is to retrospectively analyse decisions regarding N application on
two paddocks on a dairy farm in Ireland through the lens of NAP, whilst also considering other
decisions such as soil and crop needs using SMT maps. This was achieved using paddock based
N application data along with rainfall, SMD and soil moisture status data for the paddocks and
creation of SMT maps for the farm. This study provides a proof of concept and can, thus, be
used to develop a real-time decision support system for farmers targeting sustainable fertiliser
applications.

4.3 Materials and Methods

4.3.1 Study Area

The study farm is located in, Co. Tipperary (52° 36’N, 8° 01’W ). The farm is approximately
40 Ha in size, has flat terrain and receives approximately 980 mm of rainfall annually. The

farm is equipped with a weather station and in-situ soil moisture sensors.
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A soil survey at paddock scale was conducted on the farm in 2015, according to the protocols
developed for the Irish Soil Information System (ISIS) project to assign soil subgroups and
drainage classes to the paddocks on the farm. All the soils are classified as belonging to one of
the 11 soil Great Groups and further into sub-groups (Environmental Protection Agency, 2014;
Simo et al., 2008). An auger and test pit survey was also carried out on the farm for mapping
the soil type for each paddock. This was done by driving an auger bore into the soil to a depth
of 1m, every Ha. Additionally, 3-4 soil pits, each at depth of 1-2m were dug on the farm to
analyse the dominant soil type (Teagasc, 2021b). Based on this assessment, soil type and
drainage class (as shown in Figure 4.3.1) were assigned to each of the paddocks. The soil
texture on the farm is mostly sandy loam and the dominant soil subgroup is Surface-Water
Gley, which are characterised as being wet and acidic with gleying within 40cm (Teagasc,
2014). The majority of the paddocks (Figure 4.3.1) are poorly drained (i.e., those that become
saturated during a rainfall event and continue to hold excess water for several days thereafter),
except for paddocks 8,10 and 21 which are well drained (they reach saturation during a rainfall

event but do not remain excessively wet thereafter) (Schulte et al. 2015; Tuohy et al. 2018).

0 100 200m B A Weather station
— Soil moisture sensors

Figure 4.3. 1: Paddocks on the study farm with locations of the weather station and soil moisture
sensors. Red paddocks are poorly drained and blue paddocks are well drained. The white triangle shows
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the weather station on the farm and yellow crosses are the in-situ soil moisture sensors. Paddocks 9 and
10 are the focus of this study.

4.3.2 Data collation for fertiliser application, associated moisture status of the soil and rainfall

To examine decisions around the timing of fertilizer applications between 2017 and 2021 for

paddocks 9 and 10 (Figure 4.3.1) data related to: fertilizer application (paddock specific) date

and amount; daily SMD and daily rainfall (cumulative rainfall in the 48 hour period between 5

and 10 mm) were collated as follows:.

N fertiliser application data was obtained from Pasture Base Ireland (Teagasc, 2021e)
which consists of a dated entry of the amount of N fertiliser (kg/ha) applied to each

paddock on the farm.

Daily SMD for the farm was calculated using the grassland hybrid model of Schulte et
al. (2015) for the time period 2017-2021. This model uses daily rainfall and

evapotranspiration (ET) data from the weather station on the farm (Figure 4.3.1).

A cumulative rainfall was calculated for a 48-hour window after the application of N,
including the day of application. This helps identify presence/absence of rainfall around
the date of N application. No fertiliser should be applied if heavy rainfall is forecast in
the 48-hour window after fertiliser application. This is in accordance with the ND which
suggest restricting fertiliser application if heavy rainfall is predicted in the 48-hour
period after fertiliser application. (Teagasc, 2021f). However, the amount of rainfall
that constitutes as “heavy” is not defined. We define 5 mm and 10 mm as two indicative

thresholds for rainfall in the 48-hour period of fertilizer application.

4.3.3 Development of SMT maps

Basu et al. (2024a) estimated nSSM for the present study farm using Sentinel-2 data and the

Enhanced Vegetation Index (EVI) in a modified OPTRAM approach. The nSSM helps
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understand the temporal and spatial variations of soil moisture at the paddock scale for the
farm. Information on soil moisture at this resolution is important to assess decisions about N
application with respect to moisture status (and therefore risk of soil compaction) and crop
growth conditions as detailed later in the section. The modelled nSSM was validated against
in-situ volumetric soil moisture data from the sensors installed on the farm, with an RMSE

between 0.05-0.06 and an R? of 0.4.

Following from the modelled nSSM, Basu et al. (2024b) developed a methodology for
establishing a relationship between SMD and nSSM for identifying conditions that minimise
soil compaction potential (on a dairy farm from fertilizer applications) and represent conditions
when optimum grass growth occurs (and therefore would benefit from fertilizer applications)
for the farm. The nSSM and SMD relationship, therefore, also establishes a link with the
consequences of N application on the farm. To obtain a relationship between nSSM and SMD,
a linear regression model was applied between mean nSSM for the farm and corresponding
SMD values (Figure 4.3.2). SMD thresholds of 10 mm and 50 mm (identified in Basu et al.,
(2024b)) were applied to the regression model to derive nSSM thresholds; 0.235 and 0.315,
respectively. Three categories (i.e., <0.235, 0.235-0.315 and >0.315) of nSSM corresponding
to “excessively dry”, “optimum/favourable” and “excessively wet” conditions were
established. Along with the NAP guidelines (which focusses on water quality and aims to
prevent fertiliser applications when soils are waterlogged or vulnerable to heavy rainfall),
decisions to apply fertiliser must also be cognizant of soil and crop factors. Between 0-10mm
SMD, soils are not waterlogged, yet damage to soil could occur during fertiliser application
operations. Therefore, besides assessing daily rainfall and SMD to adhere to the NAP, decision
making on poorly draining soils (that are vulnerable to soil damage by trafficking below 10mm
SMD (Vero et al., 2014)), should also pertain to soil and crop. Thus, based on these nSSM

thresholds, SMT maps were produced for the study farm at a high spatial resolution of 10 m,
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which exhibited spatial variability in soil moisture regime on any given day on the farm. Along
with NAP conditions, a separate analysis was conducted to examine if fertilizer application
occurred coincident with soil conditions that protected the soil from compaction and allowed

for optimum grass growth in the paddocks.
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Figure 4.3. 2: Linear regression between mean normalised surface soil moisture (nSSM) and Soil
Moisture Deficit (SMD) for the study farm.

4.3.4 Proportion of farm area in the favourable nSSM category

Proportion of area of each paddock on the farm falling under the “optimum” category was
calculated from the SMT maps. A piecewise regression was applied between the calculated
paddock area proportions and the corresponding SMD values. The model was able to explain
72% and 52% (R?) of the observed variability for paddocks 9 and 10 respectively. Paddock
area proportions were predicted at daily time steps using this regression model. Figure 4.3.3
shows the model applied for paddocks 9 and 10, which are representative of the drainage
classes on the farm. Henceforth, this paper shows subsequent analysis for these two paddocks
only. The proportion of paddock area in the non-optimum nSSM category can be calculated

from these proportions using simple arithmetic.
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Figure 4.3. 3: Piecewise linear regression model fitted between proportions of paddock area in the
optimum/favourable nSSM category and corresponding SMD values for paddocks 9 and 10.

4.3.5 Data analysis

The date of N application was analysed with respect to a) waterlogged status of the paddocks
(Yes/No) based on SMD values of less than 0 mm, b) rainfall conditions around the date of
application, and c) what proportion of the farm area had favourable nSSM conditions (from
the regression model in section 4.3.3) when N was applied. The analysis in this study is done
for two paddocks on the farm (paddocks 9 and 10) that are representative of the drainage
conditions on the farm and all results confirm to these two paddocks only.

4.4 Results

4.4.1 Fertiliser application timing

As a general trend, in both paddock 9 and 10, across the years, the first application of N took
place between January to March and the application period ended in September/October. The
total amount of N applied (kg/ha) for paddock 9 in the year 2017 was 292.6, followed by 282.7
in 2018, 309.0 in 2019, 276.7 in 2020 and 255.3 in 2021. The total rainfall for the dates of
application varied between 24.6 mm in 2017, to 15.6 mm in 2018, 11.0 mm in 2019, 9.4 mm
in 2020 and 16.0 mm in 2021, with the mean rainfall on the dates of application being 15 mm

across the years. Thus, the total N applied varied each year. It is interesting to note that for
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paddock 9, year 2020 stands out as being the year in which the total rainfall on the dates of

application was also lowest.

For paddock 10, the total amount of N applied (kg/ha) in 2017 was 192.9, followed by 282.7
in 2018, 265.4 in 2019, 264.4 in 2020 and 255.3 in 2021. Similar to paddock 9, the total N
applied varied across the years. The total rainfall for the dates of application varied between 2
mm in 2017, to 15.6 mm in 2018, 7.4 mm in 2019, 9.4 mm in 2020 and 16 mm in 2021, with
the highest rainfall received in 2021 and lowest in 2017. The average rainfall during the period
of application was 10mm. The average N (kg/ha) applied between 2017-2021 was 283 kg/ha

for paddock 9 and 252 kg/ha for paddock 10.

4.4.2 Soil and rainfall conditions for fertiliser application dates

Shapes in Figure 4.4.1 represent different cumulative rainfall conditions within 48 hours of N
application. Filled circles indicate the dates when total rainfall in the 48-hour window is less
than 5mm, squares indicate rainfall in the range 5-10 mm, while inverted triangles represent
rainfall greater than 10mm. As can be seen from Figure 4.4.1 (a), for paddock 9, in 4 out of the
5 years, one date of application had a cumulative rainfall greater than 10mm in the 48-hour
window (red dot). For paddock 10 (Figure 4.4.1 (b)), in 3 out of the 5 years, one N application

date had rainfall greater than 10mm.

Tables 4.4.1 and 4.4.2 show comparison between the rate and timing of N application with
SMD on that day and cumulative rainfall for the 48-hour period following application for
paddocks 9 and 10 respectively, through 2017-2021 for specific dates discussed here. The SMD
values are colour coded such that values in blue represent waterlogged conditions (SMD less
than 0 mm), those in yellow are within the SMD range 0-10mm, green represents the favourable
SMT range (SMD 10-50 mm) and red represents very dry conditions (SMD greater than

50mm).
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As can be seen from Table 4.4.1, For paddock 9, in January 2017 (28/01/2017), the highest
amount of N (60kg/ha) for that year was applied, when only around 3% of the paddock was in
the favourable nSSM category. The SMD for the same date was at its lowest (-10mm)
indicating that the soil was waterlogged and too wet for fertiliser application. The soil would
have been at a considerable risk of compaction by machinery and uptake of N by the crop
would also be low. Additionally, 9.8 mm of rain was received in the 48-hour period following

N application, which is fairly high for poorly draining soils.

During favourable SMD conditions for the farm (between 10 mm and 50mm, shown in green)
in terms of both trafficability and crop growth, the rate of N application was not as high. For
example, on 08/08/2017 (Table 4.4.1) the proportion of farm area within the favourable nSSM
condition was quite high (78%) and around 7mm of rainfall was received in the 48-hour
window. However, only 34 kg/ha (11% of the total fertiliser applied) of N was applied on this
day as opposed to 60 kg/ha in January. On the contrary, on 05/06/2017, 34.4 kg/ha of N was
applied amounting to 12% of the total fertiliser for that year. The soil and rainfall conditions
on this day were not very conducive for fertiliser application. Total rainfall in the 48 hour

period was 16.8 mm and the soil was waterlogged with an SMD of -3.4 mm .

Similarly, on certain days, when the SMD went beyond 50mm (shown in red) and the soil was
very dry, N was still applied. Particular examples include two days (15/07/2018 and
12/06/2020) when the proportion of the paddock in the optimum nSSM category was also very
low ( 4-10%) and drought like conditions were reached (SMD greater than 70mm), yet more
than 30 kg/ha of N was applied, amounting to 12% of the total N applied. It is important to
note that on 12/06/2020, the total rainfall in the 48 hour period after N application was 28.8
mm, yet the soil would have remained very dry for a short period with respect to N application.
It is possible then that N utilisation would have been low and the soil was at a significant risk
of compaction.
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On certain dates (eg.10/05/2018, 25/07/2020.), the rainfall in the 48 hour period was able to
bring back the SMD in the optimum range of 10 to 50 mm and around 80% of the paddock 9
had optimal nSSM conditions. This presented a good opportunity for N application with respect
to soil conditions. However, these dates also received significant rainfall in the 48-hour window
after application of fertiliser. A notable example is that for 12/05/2021, which represented ideal
conditions for N application and probable uptake by crops. 82% of the paddock on this day
was within the optimum SMT range, the SMD value being 16, around 8mm of rain was
received in the 48 hour window and 61 kg/ha of N was applied, amounting to 24% of the
fertiliser for that year. The farmer was in compliance with all regulations and the environmental

conditions also seem conducive for fertiliser utilisation.

Similar trends can be seen for paddock 10 (Table 4.4.2), where at the start of the year
(28/01/2017), 30% of the total fertiliser for that year was applied on a single day even though
soils were waterlogged. The SMD on that day was -10 mm, suggesting very wet soils, the
proportion of paddock within the optimum category was only 13% and 9.8 mm of rain was
received in the 48-hour period after fertiliser application(therefore sub-optimum conditions
prevailed with trafficking causing compaction and the crop not able to use the fertilizer to
grow). The year 2020 was most anomalous in terms of N application such that on a very dry
day i.e., on 12/06/2020, when the SMD was 77.7 mm, pointing towards drought like conditions,
33 kg/ha of N (12% of the total) was applied. Almost the entire paddock on that day was under
sub-optimal conditions in terms of crop growth (i.e., wilting conditions) and a very high amount

of rainfall (28.8 mm) was recorded in the 48-hour window after application.

Another example is the month of May 2018 (10/05/2018), when 82% of the paddock was under
favourable SMT conditions and 33.4 kg/ha of N was applied. The farmer was in compliance
with government directives. However, the total rain in the 48 hour window was quite high (16
mm).
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However, on 29/03/2019, a good outcome of N application can be expected as there was no

rain on the day and in the 48 hour period of application. SMD was 7.4 mm, though outside of

SMT thresholds as defined in this study, yet within the guidelines as defined by the government

and 44.5 kg/ha of N (17% of total) was applied.

Table 4.4. 1: Date of N application and associated soil and rainfall conditions for paddock 9. Blue colour
represents waterlogged conditions (SMD less than 0 mm), green colour represents SMD between 10-
50 mm and red colour represents SMD greater than 50 mm.

Date of N Total N SMD on Rainfall Total Proportio | Proportio
application applied(kg/h | date of received on Rainfall | n of n of
a applicatio | date of receive addock addock
(op/mm/vyy | PP e ) ' P
v n (mm) application(m | dinthe | area (%) area (%)
) m) 48 hour | in SMD 0- | in SMD

windo | 10mm 10-50mm
w (mm)

28/01/2017 60.2 9.8 6.0 3.0

08/08/2017 34.2 6.8 6.5 78.0

05/06/2017 34.4 16.8 8.03 27.4

15/07/2018 33.4 8.0 0.0 10.1

10/05/2018 33.3 16.2 7.8 80.0

12/06/2020 33.0 28.8 0.0 4.02

25/07/2020 25.3 5.8 7.7 82.0

12/05/2021 61.0 16 7.4 8.0 7.0 82.4

Table 4.4. 2: Date of N application and associated soil and rainfall conditions for paddock 10. Blue
colour represents waterlogged conditions (SMD <0mm), green colour represents SMD between 10-
50mm, yellow colour represents SMD between 0-10mm and red colour represents SMD greater than

50 mm.
Date of N Total N SMD on | Rainfall Total Proportio | Proportio
application applied(kg/h | date  of | received on Rainfall | n of n of
a applicatio | date of receive addock addock
(DD/MM/YYY ) PP - ) P P
v n (mm) application(m | d in the | area (%) area (%)
) m) 48 hour | in SMD 0- | in SMD

windo | 10mm 10-50mm
w (mm)

28/01/2017 60.3 9.8 7.0 13.1
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10/05/2018 334 10.7 0.8 16.2 7.4 82.4

29/03/2019 44.5 7.4 0.0 0.0 8.0 75.2

12/06/2020 33.0 - 0.0 28.8 0.0 4.0

4.4.3 Fertiliser application dates with respect to favourable soil and crop conditions

The SMT thresholds give detailed insights into N application and its utilisation with respect to
soil and crop conditions during fertiliser application. Figure 4.4.1 (a and b) show the proportion
of paddocks in the favourable nSSM (0.235-0.315) category compared to the total N applied
on the paddocks. The blue line in Figure 4.4.1 shows the farm area proportion in the optimum
nSSM category across the year and the shapes (according to amount of rainfall in the 48 hour
window) represent the date on which N was applied to the paddocks. It can be observed from
the figures that the proportion of farm area in the optimum category of nSSM varies highly
throughout the year. The optimum proportion peaks between April-August, sometimes
extending up to October. This also coincides with the main growing season that runs from
March to November. As a general trend in both paddocks, it can be seen that that for any
particular year, the amount of first application of N was mostly higher than at other times. Year
2017 stands out for both paddocks, since at the beginning of the year (January), when a very
small proportion of the paddock had optimal nSSM conditions, maximum amount of fertiliser
(60.25 kg/ha) for that year was applied in both paddocks. This amounted to 20% of the total
fertiliser in 2017 for paddock 9 and 30% for paddock 10. It is also interesting to note that for
paddock 10, in year 2017, more than half of the total fertiliser applied in the year was spread
over only two days in January and May. The total amount of fertiliser applied annually, also
varied across the years for both paddocks as also discussed in section 4.4.1. It is interesting to
note that even though favourable soil and crop conditions for the paddocks peaked between

April-August, this was necessarily not the time when N application also peaked.

89



(eH/By) paydde N-eloL (eH/By) pandde N-ej0)

0L 09 0§ Oy 08 0Z O O ESEERESG
(eH/BY) paidee N-eioL [ N T R P S S

a)

eH/BY) paidde N-felo
(€H/BY) paydde N-fetoL 0. 09 0 OF 0 0Z O O
0L 09 05 Oy O0F 02 O 0 L T L L L g L 2
L Lo ] seq L
rg »a " ron s
. & -8 &
[ & aoN
@ PO Fie 2
FE b s F8 dos | r&
N o5 1 M & Fa -8
& Lo & oy |
g o 4 ° Lg = 8§
8 tg g & 2 g
8 w o Le >
g s o S FE 3 = B
S Fe s
o - 2 S unr
F2 oz — g ° ] r rE
a S - L )
L = w Ao — o
'] o L& e M
@ L
(= Lg 8 iy €
sy | = =
2 L e e
Lo e e _
~ Lo - &
- [ ® qed |
] 424 - L | . Lo
g
ra uer | o ver Lo
e
Fo e e e e e e
——— 08 0: 03 05 OF OE O Ok O T 08 0. 09 05 O OC 0Z O
08 0L 09 05 0p 0% G2 0L 0 Aiobalea ySSu wnwndo up umbganmmnwu 05 n—w En__m:._nmowﬂ 0 KioBajes pesu wnwndo ul
Eomo..ﬂv WSSU wnuwido ul (%) ea.e yoopped h.i.v “,_mevﬁuuumv (9) ease yooppeg
%) eale joopped
(eH/By) paidde N-jeoL (eH/BY) padce N-jeioL
(eH/BY) paidde N-eloL (e/By) paydde N-e1oL (eH/By) paidde N-felo) (eH/BY) paijdde N-eloL
0r 09 05 OF 0E 02 O0b O oL 08 05 OF 06 02 O O
0L 09 05 OF 0¢ 0Z O 0 L L P R ! L oL 03 05 OF 08 0Z Ob O oL 09 0§ Or 02 02 OF O 0L 09 08 Or 06 0 O O
— TR TR N T R T I L I T S T E A I
o 2
2 8
& 220 | - 280 “ 8 L m
Qg g o B - 2aQ
# pon I < 8 r8
noN - g g
8 Lg ™7
%0 2 R0 FE %0 g 2 8
B - N e L w »o 4
s ws P& s g N &
w 2 2
@ F& g & & deg -
ooy | & By _{ By - -
L8 & g2 = o~ =
g ] 2 g g N &
& z Gy |
| "8 I Lo & o . & 2 = 2 = ¥
g & 8 v 5 5oz I8 g
a a & e
unp 2 unr - m unr 2 m z | = w Inr
. o a - 2
fen & Ao - Fe sen & 2 Le
2
sy - E v | = dy E & L& few
e Fe 4 g g
A N e = g
2 re 2 o | w
a8 o %d 4 g8 =
g () 5 - N
8 e
uer | uer - + ver |
- = r ° “ o 99
— T T T T T LA S S T Y o [«
02 0L 09 05 O DS OZ OF O 03 0L 09 05 Op D€ Q2 Ob O 08 0 09 05 OF 0T G2 O © o
AsoBajes WSSu wnwido ul AioBajed WSSU wnwido ul fioBeles wssu wnwido uy L o uer
(%) eale yoopped (%) eaue syoopped (95) eaue yoopped LI N R A e T S R m — T T
08 0L 08 05 Oy 0F O
08 DL 08 05 O 0E 0Z OL 08 0L 03 0§ OF OE O
.fommﬁ_m"w “(um_m_._ o_”sc._m:no “ fioBaed WssU wnwido ul fioBales WSsu wnwindo ul
%. yaopped (%) eale yoopped (%) ea.e ya0pped

90

150 175 200 225 250 275 300 325 350
DOY (2021)

100 125

75

50



Figure 4.4. 1: Paddock area proportions in the favourable nSSM category compared with N applied for
a) paddock 9 and b) paddock 10. Filled circles represent dates when rainfall for the 48-hour period after
N application was less than 5 mm, squares represent rainfall between 5-10mm and inverted triangles
represent rainfall greater than 10 mm.

4.5 Discussion

4.5.1 Insights into N application and probable consequences

Ireland is primarily a grass based economy with 80% of the agricultural area being permanent
grassland which is the major feed source for livestock (Higgins et al., 2019). Productivity of
Irish grasslands depends on the availability of N to plants and sources of N include chemical
and organic N fertiliser , mineralisation of N from soil organic matter and nitrogen fixing
legumes such as white clover (O’Donovan et al., 2021). At the same time, the main limiting
factors towards grass production also include N , temperature, soil moisture and drainage, and
pH among others (Government, 2019). These are some of the factors that are particularly
relevant to this study especially soil moisture and drainage. Additionally, the guidelines as set
by NAP form the background for N application on the farm. The study farm receives high
annual rainfall and the soil is mostly poorly drained, thereby, remains saturated for large parts
of the year. Thus, any N, applied during wet periods, can contribute to significant losses of N
to the environment. Specific examples of such soil, crop and rainfall conditions have been
outlined in section 3. N applied during non-optimal conditions (defined by SMT in this study)
could lead to potential losses of fertiliser. In Ireland, there is risk of nitrate leaching from
grassland fields in early spring and in autumn and winter of a particular year. This is because

of high rainfall and low grass growth rates during this time (Teagasc, 2021g).

Rainfall intensity and volume both show an increasing trend in Ireland (Tuohy et al., 2018). A
30 year analysis of rainfall trends for Ireland between 1991-2020 reveals an increase in average
annual rainfall by 7%, with the greatest increase observed in summer (“Met Eireann,” 2023).

This would result in even lesser area on the farm falling within optimal soil moisture conditions
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in general throughout the year. Additionally, high rainfall during summer would mean more
pressure in terms of water logging in the later months, increasing the probability of nutrient
losses. Thus, any amount of fertiliser applied during August-September could result in more
losses than uptake. In general, the actual evapotranspiration rates are lower than the rainfall
received in the winter months as compared to summer, and therefore would result in more
saturated soils in the beginning of the year. Any N applied during this time would result in

more losses.

This study highlights that farmers follow the open and closed period government directives
with respect to fertiliser application. However, sometimes the weather may result in poor N
uptake especially, if there was a sudden rainfall event which was not forecast. Interestingly, a
general trend of applying high N in the beginning of the year was observed, especially in 2017
for both paddocks 9 and 10 under waterlogged soil conditions. Additionally, on certain days
such as 10/05/2018 (Table 4.4.1), soil moisture conditions presented ideal conditions for
fertiliser application, yet a very high amount of rainfall received in the 48-hour window might
have resulted in losses of N to the environment. This highlights a typical case, where there
might have been a mismatch in the weather forecast vs actual weather conditions on that day.
In England, which has a similar climate to that of Ireland and where water is not the limiting
factor for crop growth, it has been found that higher the rainfall, lower is the NUE (Powlson et
al., 1992). Additionally, it is also advisable that fertilisers be applied only when the soil
conditions are conducive for trafficking by tractors (Teagasc, 2021g). Under waterlogged
conditions (SMD <0), the soil structure is destroyed by machinery and needs re-development
(Lepore et al., 2023; Teagasc, 2022). N applied on waterlogged soils could also leach to the
environment, adding to the challenges that Ireland already faces in terms of meeting targets
regarding water quality, greenhouse gas emissions and reducing the use of N fertiliser by 14%

between 2018-2025 (O’Donovan et al., 2021). Thus, fertiliser application during waterlogged
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conditions would not only lead to nutrient leaching, but also cause irreversible damage to soil.
Soil moisture status, therefore, emerges as the major governing factor for decisions on fertiliser

application.

4.5.2 Future work

Enhanced grazing management and adoption of precision agriculture technologies can help
achieve higher nutrient utilisation on Irish farms (Higgins et al., 2019; O’Donovan et al., 2021).
However, adoption of precision agriculture technology is low in Ireland (Higgins et al., 2019).
Based on weather and farm conditions, farmers often have to make decisions on their farm on
a daily basis. There are also policy initiatives and government directives that aid farmers in
taking decisions about fertiliser application. However, Daxini et al. (2019) found that adoption
of such policy advices by farmers is not uniform and that farmer typology should be considered
while framing such policies and directives. Policies and advisory regarding fertiliser
application could be made more effective if the farmers have access to near-real time
information about the farm conditions, especially with respect to soil moisture conditions,
enabling them to visualise ground situations. A recent study by Murphy et al. (2024) also
highlights the need for a farm level focus and calls for “precision grassland management
systems” to reduce N leaching especially under severe weather conditions. By providing a farm
level SMT information and a paddock level analysis for N application, this study paves the way
for developing focussed decision support systems, using high-resolution remote and other farm
level data. In order to achieve maximum utilisation of N fertilisers, it would be best to apply
fertilisers when soil moisture conditions lie in the “optimum/favourable” category as defined
by this study. This would ensure that fertiliser is available to the crop and there is least damage
to soil by compaction from machinery. The proof of concept presented in this study could be
improved by using daily high resolution optical images from drones to produce daily “SMT”
maps at the farm/ paddock level. Additionally, daily crop condition maps could also be
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produced using vegetation indices such as the Normalised Difference Vegetation Index (NDVI)
or the Enhanced Vegetation Index (EVI). This information when combined with
meteorological forecasts and government directives that are already in place, has the potential
to develop a near real-time decision support tools for farmers that can improve N utilisation on
Irish farms. High-resolution temporal and spatial information in the form of SMT maps would
enable farmers to know exactly when and where to apply fertiliser. Hackett, 2017 also suggests
use of drone/satellite images for N status of cereal crops in Ireland, at high spatial resolutions
which would help determine fertiliser application rates based on current crop growth status as
opposed to historical growth rates. Such targeted applications would pave way for adoption of

precision agriculture practices, reducing both environmental and financial losses.

4.6 Conclusion

Hackett (2017) report that it is extremely difficult to determine the exact amount of N that
should be applied in order to maximise returns and this presents one of the biggest challenges
in N management on farms. This study critically analyses various factors governing N
application and recommends that in addition to weather conditions and forecasts, SMT be
considered a major governing factor regarding N application. Optimal soil moisture conditions
prove to be beneficial for both soil and crop such that the N applied could be effectively utilised.
Through a retrospective analysis of decisions regarding N application, this study analyses
trends of N applications for two paddocks on a dairy farm in Ireland. It is clear that farmers
tend to apply a large amount of fertiliser at the beginning of the year. Though farmers follow
government directives regarding N application, a near-real time spatial and temporal
information about on-farm conditions could enable better farm management practices,
especially if there are sudden changes in weather conditions. Though retrospective in nature,
this study presents important aspects of N application by dairy farmers in Ireland and

highlights the need for a real time decision support tool for farmers in both space and time..
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Thus, it provides for an essential starting point to improve future decisions. The approach used
in this study could be applied to scenarios where water is not the limiting factor and where soils

tend to remain saturated for longer periods of time.

95



Chapter 5: Discussion and Conclusion

5.1 Discussion

This thesis demonstrates the potential of high-resolution Sentinel-2 data in estimating surface
soil moisture at the paddock level for two dairy farms in Ireland and two applications governing
farm management (Basu et al., 2024a, 2024b). A modification was made to the OPTRAM
model (Sadeghi et al., 2017a) for estimating nSSM, tailored to the characteristics of the study
sites (Chapter 2). A suite of vegetation indices were tested for their sensitivity towards surface
soil moisture. The methodology developed in Chapter 2 was used to develop a proof of concept
for farm management using a combined SMD and high-resolution nSSM (Chapter 3) that
defined threshold in nSSM for safeguarding both soil and crop health. This concept was further
used in Chapter 4 to analyse nutrient management on the farm, demonstrating that soil moisture
should be considered a governing factor for framing rules and policies around nutrient
application in Ireland. Chapters 2, 3 and 4 together provide an end-to-end framework involving
use of remotely sensed data for developing a decision support system for farm management.
The thresholds of soil moisture calculated in Chapter 3 help identify areas of the farm which
could be safely trafficked and managed even when other areas of the farm may be inaccessible
due to waterlogged and /or very dry soils. This would help enable better utilisation of farm
resources. Chapter 4 identifies individual N application events which could have led to under-
utilisation or poor uptake of nutrients by crops when applied on very wet or very dry soils or
when environmental conditions were not conducive. Thus, information on farm-level soil
moisture conditions in decision support systems could not only guide decisions regarding
trafficability and compaction, rather also provide guidelines for efficient fertiliser application.

5.2 Highlights
5.2.1. Optical Trapezoid Model
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The use of OPTRAM has limitations as discussed in Chapter 2 especially with regards to
mismatch between the actual VSM vs that recorded at the satellite due to the temporal
resolution of the satellite and visual estimation of the wet and dry edges (Stanczyk et al., 2023).
Fitting of the dry and wet edges in the OPTRAM model is also subjective as it uses visual
estimation of parameters such as lowest V1 value, highest STR value etc. for fitting the edges.
A review of previous studies and experiments carried out in this thesis demonstrate that
scenarios beyond linear wet and dry edges including edges being negatively sloped are
possible. There is a possibility of overestimation of dry and wet edges and studies have
corrected for it either by downscaling of satellite data (Sadeghi et al., 2017a) or through site-
specific calibrations (Ambrosone et al., 2020). However, downscaling has its own challenges
starting with the decision regarding the degree of downscaling and the loss of information that
entails from this process. Therefore, this thesis addresses this issue through masking of
problematic land cover classes like water bodies and trees and removing the top and bottom
1% of STR data points. However, OPTRAM remains a valuable and one of the most popularly
used methods for estimating soil moisture because of its universal parametrisation and its
effectiveness in estimating near surface soil moisture over vegetated surfaces (Sadeghi et al.,
2017a). This thesis demonstrated that OPTRAM has the potential for functioning well on
poorly draining / wet soils under gradually wet climatic conditions. OPTRAM has also been
successfully used to study dynamics of water table depth in peatlands with a high correlation
of 0.7 between in-situ and OPTRAM estimates (Burdun et al., 2020b). This method could be
extended to estimate nSSM for peat soils which are a major land cover category in Ireland,
spanning across 1.46 m ha (14600 km?), covering nearly 21% of the land surface (Tuohy et
al., 2023). However, a longer time series of satellite data and a denser network of in-situ soil
moisture sensors would be needed to increase the confidence in the methodology. Networks

like ISMON could aid such efforts in future studies.
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5.2.2. Temporal Stability of soil moisture

TS has been used as a statistical concept to study time-varying properties mostly in the field of
hydrology as detailed in Chapter 2. Recently, this concept has been used to study spatial and
temporal patterns in soil moisture across a variety of land cover types and from catchment to
plot scale, using in-situ data (Dari et al., 2019; de Queiroz et al., 2020; Zhao et al., 2020).
However, this thesis was one of the first to demonstrate the ability of TS metrics in analysing

maps of satellite derived soil moisture at the farm scale.

This thesis used median based metrics instead of the popular mean-based metrics (Brocca et
al., 2007; Martinez-Fernandez and Ceballos, 2003; Vanderlinden et al., 2012) for studying such
behaviour, showing that time-varying farm management practices could also be responsible for
the patterns in TS, apart from factors such as soil properties and weather. The farms in this
study are well-monitored throughout the year and data for farm dynamics such as grazing,
fertilizer applications, grass cutting etc. (Teagasc, n.d.) along with information on weather are
regularly recorded. Thus, the patterns observed in the TS and nSSM maps could be well

explained and verified against farm management practice, soil and terrain properties.

It is worthwhile to investigate if the ISMON network of in-situ sensors can further improve
confidence in the estimation of soil moisture at the catchment scale. Additionally, the
availability of low cost sensors (Briciu-Burghina et al., 2022) and the regular record of farm

management practices by farmers holds exciting potential for future studies.

5.2.3. Farm and nutrient management using the concept of nSSM and SMD

Information on soil moisture and its spatio-temporal variation is crucial for effective farm
management such as planning for nutrient application, irrigation scheduling or drainage
management. Satellite soil moisture data can help improve efficiencies of agriculture
management practices (Modanesi et al., 2020). SMD, though a useful concept, suffers from
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limitations such as containing only a temporal estimate of soil moisture and is not a gridded
dataset that can provide information on spatial variability of soil moisture. Since soil moisture
is known to be highly variable in space and time (Li et al., 2021) and as also discussed in
Chapter 3, SMD is a single value for any given day across a spatial region, failing to capture
the intricacies associated with spatial variability of soil moisture. This could be problematic
leading to under-utilisation of resources. This thesis addresses this gap by developing a
relationship between nSSM and SMD to calculate corresponding soil moisture thresholds
(Basu et al., 2024b) and producing maps depicting spatial variability in soil moisture on any
particular day. These thresholds were used to develop a proof of concept for an improved farm
management decision support system, safeguarding both soil and crop health, wherein farm
areas where identified supporting optimum crop growth. Thus, fertiliser application in these
areas could be optimised, resulting in reduced air and water pollution caused through run-off
and emissions. This concept was further developed for analysing nutrient management on an
Irish dairy farm, suggesting that soil moisture should be considered as a major factor while

framing policies and directives governing nutrient management.

5.3 Future work

The findings of this thesis can pave the way for the following future research topics:

e The modified OPTRAM model should be tested across more sites in Ireland including
peatlands which cover nearly 21% of the land surface or 1.46 million ha (Tuohy et al.,
2023).

e High resolution radar data such as Sentinel-1 could be used for estimating surface soil
moisture to solve the problems in obtaining longer time series of satellite data due to
persistent cloud cover. Studies have shown encouraging results for VSM estimation

from Sentinel-1 using a combination of Dubois model (for estimating relative soil
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permittivity) and Topp’s model (empirical model for relating soil permittivity and soil
moisture) (Singh et al., 2020).

e The use of multispectral data from Sentinel-2 and the polarisation bands from
Sentinel-1 could be used in conjunction with in-situ VSM data to train machine
learning models for estimating surface soil moisture (Nativel et al., 2022). This thesis
could not test this idea due to the lack of a dense network of in-situ sensors.

e The proof of concepts developed for farm and nutrient management should be tested

across other sites to improve confidence.

5.4 Conclusion

This thesis addresses two important objectives. Firstly, a methodology was developed for
estimating surface soil moisture using Sentinel-2 data at the farm level for Irish farms that are
dominated by soils with low hydraulic conductivity. Since, the soils on these farms reach
saturation during rainfall events and tend to remain wet thereafter for long periods of time, it
negatively affects crop productivity and farm management. Therefore, the other objective of
this thesis was to develop proof of concept tools for an improved decision support system for
farm and nutrient management. The study area is unique because Ireland remains cloud covered
for a significant portion of the year, thereby making it difficult to obtain longer time-series of
optical satellite data. The concept of surface soil moisture thresholds in developing a farm-
management decision support system is novel and important because soils on the study farm
are at a risk of compaction by heavy machinery in the SMD range of 0-50mm. Additionally,
nutrients can be most effectively utilised if both the soil and crop are at an optimum condition
and the surface soil moisture thresholds can help farmers take better decisions for overall farm
management. This thesis takes a step further by determining soil moisture thresholds

corresponding to existing SMD thresholds, adding a spatial dimension to existing decision
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support tools which was otherwise missing. This novel comcept highlight areas where farm
management could be applied safely leading to optimum utilisation of resources and efficient
usage of fertilisers. The methodology and applications developed in this thesis can be applied
globally for precision agriculture applications, especially in regions where water is not the

limiting factor for crop growth.
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Appendix

Table A 1: All S-2 passes for Rossmore and Stradone used in the study. Dates in bold are those used
in the validation with in situ VSM sensors

Year | Rossmore Dates (DD/MM) Stradone Dates (DD/MM)

2015 29/09

2017 | 01/01, 20/06, 08/09, 07/11 01/01, 20/06, 07/11, 27/12

2018 | 10/02, 21/04, 06/05, 16/05, 25/06, 06/01, 20/02, 25/02, 21/04, 10/07

30/06, 10/07, 18/10, 28/10, 07/12, 12/12

2019 | 16/01, 07/03, 18/09 10/02, 18/09, 28/10
2020 | 20/02, 01/03, 06/03, 15/04, 12/10 25/04, 27/09, 06/11
2021 | 25/01, 01/03, 26/03, 10/04, 25/04, 16/03, 25/04, 29/06, 28/08, 07/09, 21/11

05/05, 29/06, 19/07, 07/09, 21/11, 26/11

2022 | 16/03, 26/03, 31/03 14/02, 01/03, 21/03, 26/03, 20/04, 10/05
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Summary of Research Outputs

This thesis comprises of three research articles, of which two are published and one is under

review.

e Chapter 2 was published in Remote Sensing (IF 5.0). As lead author, | wrote the original
draft of the paper and contributed to review and editing of final version of the paper. I
was responsible for data curation, formal analysis, investigation and visualisation.

e Chapter 3 was published in Frontiers in Environmental Science (IF 4.6). As lead author,
| wrote the original draft of the paper and contributed to review and editing of final
version of the paper. | contributed towards conceptualisation, software, data curation,
formal analysis, investigation and visualisation.

e Chapter 4 is currently under review. As lead author, | wrote the original draft of the
paper and contributed to review and editing of final version of the paper. | contributed
towards conceptualisation, software, data curation, formal analysis, investigation and

visualisation.
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