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Abstract

Most nitrogen (N) lost to the environment from grazed grassland is produced as a result
of N excreted by livestock, released in the form of nitrous oxide (N,O) emissions, nitrate
leaching and ammonia volatilisation. In addition to the N fertiliser applied, excreta depos-
ited by grazing livestock constitute a heterogeneous excess of N, creating spatial hotspots
of N losses. This study presents a yearlong N,O emissions map from a typical intensively
managed temperate grassland, grazed periodically by a dairy herd. The excreta deposi-
tion mapping was undertaken using high-resolution RGB images captured with a remotely
piloted aircraft system combined with N,O emissions measurements using closed statics
chambers. The annual N,O emissions were estimated to be 3.36+0.30 kg N,O-N ha™!
after a total N applied from fertiliser and excreta of 608 +40 kg N ha™' yr~!. Emissions of
N,O were 1.9, 3.6 and 4.4 times lower than that estimated using the default IPCC 2019,
2006 or country-specific emission factors, respectively. The spatial distribution and size
of excreta deposits was non-uniform, and in each grazing period, an average of 15.1% of
the field was covered by urine patches and 1.0% by dung deposits. Some areas of the field
repeatedly received urine deposits, accounting for an estimated total of 2410 kg N ha™".
The method reported in this study can provide better estimates of how management prac-
tices can mitigate N,O emissions, to develop more efficient selective approaches to ferti-
liser application, targeted nitrification inhibitor application and improvements in the cur-
rent N,O inventory estimation.
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Introduction

Nitrous oxide (N,O) plays a major role in the depletion of the ozone layer (Ravishankara
et al., 2009), as well as being a powerful greenhouse gas (GHG) (IPCC et al., 2013). N,O
is naturally produced in the soil, predominantly by two microbial processes; (i) nitrifica-
tion, which is an aerobic process that depends on the availability of oxygen and ammo-
nium (NH,*), and (ii) denitrification, an anaerobic process that depends on the availability
of nitrate (NO;™), oxygen and carbon (C) (Davidson, 1991). N,O emissions are enhanced
by the anthropogenic supply of nitrogen (N), largely due to agricultural activities such as
fertiliser application and livestock waste management. As well as N availability (e.g. fer-
tiliser, livestock excreta, mineralising crop residues), microbial N,O production is also
dependant on soil conditions (e.g. texture, pH, and moisture content) and, weather condi-
tions (e.g. rainfall, temperature) (Martins et al., 2017; Rowlings et al., 2015; Samad et al.,
2016). These conditions can be highly spatially and temporally variable within fields and
the wider environment, leading to high uncertainties in reporting of N,O emissions from
heterogeneous ecosystems such as grazed grasslands (Chadwick et al., 2018; Cowan et al.,
2015; Hutchings et al., 2007; Luo et al., 2017).

The N content of the livestock excreta depends on multiple factors such as the livestock
diet (percentage of crude protein), gross energy, air temperature and livestock N use effi-
ciency (NUE) (Angelidis et al., 2019). In grazing systems, a large proportion of N ingested
by livestock is returned to the soil as excreta (75% to 95%) (Van Middelaar et al., 2013).
The excreta deposits become hotspots of N loss due to their high N loading in a small con-
centrated area, exceeding the potential of the soil and vegetation to assimilate it (Chadwick
et al., 2014). The heterogeneity of the emissions at the field scale is reflected in very large
variabilities associated with the national inventory of N,O emissions. For instance, the UK
GHG inventory was estimated to include over 250% uncertainty for N,O emissions from
soil (Misselbrook et al., 2011). The default emissions factor (EF) for excreta often overesti-
mates observed pasture emissions (Bell et al., 2015; Chadwick et al., 2018) with EFs asso-
ciated with urine deposition ranging from 0 to 14% (n=40) (Aarons et al., 2017; Selbie
et al., 2015). N,O emissions have been observed to have a nonlinear response to N loading
and in particular cattle urinary N have high N loading rates up to 2000 kg N ha™', making
them especially prone to high N,O losses (Cai & Akiyama, 2016; Selbie et al., 2015).

Other studies have attempted to improve field scale N,O emission measurements using
eddy covariance flux tower or fast-box methods (Briimmer et al., 2017; Jones et al., 2011;
Scanlon & Kiely, 2003; Voglmeier et al., 2019). However, grazed grassland has an addi-
tional challenge due to the randomly deposited excreta which makes the use of conven-
tional up-scaling methods difficult (e.g. kriging) without a map of the precise location of
the depositions (Cowan et al., 2015; Jolly et al., 2019; Levy et al., 2016). In recent years,
the importance of spatial variability in N deposition from livestock has been recognised as
a critical factor controlling N,O emissions with new studies providing state-of-the-art flux
measurements (De Rosa et al., 2020; Wecking et al., 2020). Currently, modelling N losses
from grazed systems requires data on excreta deposition (i.e. frequency, volume, N load-
ing, composition, their spatial distribution) (Cook & Kelliher, 2016; Snow et al., 2017).
Better models will improve our understanding of N cycling from a grazed landscape and
enable the location of critical source areas of N emissions so that emissions mitigation can
be targeted (Betteridge et al., 2010).

In this study, small-scale plots were utilised to quantify N,O emissions from animal
excreta using static chambers, and then overall pasture emissions were estimated based on
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the up-scaling of these emissions combined with excreta deposits maps. The maps were
created from a Remotely Piloted Aircraft Systems (RPAS) survey before and after each
grazing period, to estimate the areas where urine or dung was deposited. The method
employed for this experiment uses the grass response to the N input from urine and directly
assesses the dung deposits through an object-based algorithm improved from Maire et al.,
(2018).

The use of remote sensing and RPAS in particular is expanding across all types of farms
and applications (Kim et al., 2019). The market for agricultural RPAS is therefore expected
to continue growing in parallel with related technologies. Using RPAS imagery is reasona-
bly easy to implement, gives timely results that can be integrated into existing management
practices and application systems, and more importantly, is cost effective to operate (Zhang
& Kovacs, 2012). Therefore, RPAS technology appears to be well placed to gain traction
with the farming and advisory community with repeatable and non-invasive sampling,
offering a quick and systematic way to treat and analyse the data from the images, while
limiting potential human error. Moreover, their applications are spreading in many areas
of agriculture, including for instance landscape prospecting and fertiliser spreading, seed
planting, variable rate application of fertiliser, lime or other treatments, fertility assessment
and crop yield forecasting (Florence et al., 2020; Kim et al., 2019; Lehmann et al., 2016;
Mogili & Deepak, 2018; Wang et al., 2017). Remote sensing technologies such as RPAS
equipped with sensors have been used to study crop and grassland systems, however, these
studies have mostly been limited to individual grazing events and focussed on biomass esti-
mation (Alvarez-Hess et al., 2021; Griiner et al., 2019; Wang et al., 2017). Nonetheless,
RPAS technology is limited by the quality of the data that can be captured and field proto-
cols need to be followed to assure the data quality as well as environmental conditions to
allow stable conditions and illumination (Von Bueren et al., 2015).

The main goal of this study was to quantify and map the N input to an intensively man-
aged dairy farm field grazed over the whole year, in the forms of fertiliser or livestock
excreta to estimate their related N,O emissions. The knowledge of the spatial pattern of
the N input is a fundamental need to create variable rate application (VRA) of N ferti-
liser or to target nitrification inhibitor applications to the field to mitigate N,O emissions
(Balafoutis et al., 2017). Therefore, the objectives of this study were to 1) calculate EFs for
cattle urine, cattle dung and, fertiliser; 2) calculate total excreta N input into the field using
excreta patches mapping; 3) apply EFs to the N input map to estimate total N,O emissions
and the source partitions of these emissions; 4) compare the resulting field emissions with
the results of the IPCC based calculations for the same field.

Materials and methods
Site description and grassland management

The methodology used in this study begins with the measurement of the emissions from
excreta deposition and fertiliser applications and is described in Maire et al. (2020). Map-
ping of the excreta depositions using the RPAS surveys was then used to spatially and tem-
porally scale the emissions from discrete grazing events to the field scale for the entire
year. The experiment was conducted at an intensively managed grazed field, which formed
part of the research dairy farm at Teagasc Johnstown Castle research centre, co. Wexford,
Ireland (52°17'54.1" N, 6°3001.1" W).The grassland sward mainly consisted of perennial
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ryegrass (Lolium perenne L.). The field was managed as a rotational grazing system with
a typical rotation period of about 20 days. As well as chamber flux measurements, soil
and grass samples were collected during the experimentation period in an excluded experi-
mental area within the middle of the 1.42 ha field from March 2017 to December 2017.
The whole field was surveyed using a small RPAS before and after each grazing period
(Figs. 1, 2). During the experiment, the intermittent grazing started in early April and fin-
ished mid-November. During this time, nine full rotations took place, corresponding to a
total of 29 days grazing (stocking density of 3.4 LSU ha™!, 60 dairy cows). Over the same
period, the field was fertilised nine times with calcium ammonium nitrate (CAN) at a total
of 261 kg of N ha™!. During the grazing period, N input to the field mainly occurred in the
form of N excreta and to a less extent as synthetic mineral N fertiliser.

Field N,O flux measurements

As described in Maire et al. (2020), a randomised block plot experimental design was
used conducted in the grazing excluded area in the centre of the field. Five replicates of
(a) untreated control; (b) cattle urine; (¢) CAN mineral fertiliser; and (d) cattle urine with

Start End Activity Survey i
01/03/2017 Beginning of the experiment
13/03/2017 Fertiliser CAN 35 kg ha™'
31/03/2017 01/04/2017 Grazing
04/04/2017 RPAS survey (a)

@ 10/04/2017 Fertiliser CAN 30 kg ha™'

‘S 29/04/2017 01/05/2017 Grazing

9 02/05/2017 RPAS survey (b)
04/05/2017 Fertiliser CAN 30 kg
20/05/2017 21/05/2017 Grazing
23/05/2017 RPAS survey (c)
23/05/2017 Fertiliser CAN 30 kg ha”'
02/06/2017 RPAS survey (d)
06/06/2017 08/06/2017 Grazing
09/06/2017 RPAS survey (e)
14/06/2017 Fertiliser CAN 30 kg ha'
28/06/2017 30/06/2017 Grazing

5 01/07/2017 RPAS survey (f)

£ 03/07/2017 Fertiliser CAN 30 kg ha

§ 13/07/2017 RPAS survey (g)

D 18/07/2017 19/07/2017 Grazing
31/07/2017 RPAS survey (h)
31/07/2017 Fertiliser CAN 25 kg ha'
16/08/2017 17/08/2017 Grazing
21/08/2017 RPAS survey (i)
25/08/2017 Fertiliser CAN 21 kg ha
13/09/2017 Fertiliser CAN 30 kg ha
22/09/2017 26/09/2017 Grazing

E 25/09/2017 RPAS survey (j)

-g 13/11/2017 RPAS survey (k)

< 14/11/2017 16/11/2017 Grazing
23/11/2017 RPAS survey (1)
01/12/2017 End of the experiment

Fig. 1 Timeline of the experimental field management including mineral fertiliser application events in the
form of CAN and days of grazing for a herd of 60 dairy cows. Images show detailed field conditions (urine
and dung patches) of the exact same spot on the ground at each RPAS survey (~4 m.?) marked in surveyed
chronological order with letters from (a) to (1)
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Hedge

Instrument area

Experimental plot
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I o
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Fig.2 a Entire orthomosaic of the field captured on the 21st of August 2017 showing the classified deposi-
tion of urine and dung and showing the different sections of the field (experimental plot, scientific instru-
ment area and hedges) which were excluded from the classification; b A section of the original orthomosaic
of (a), the area covered is approximately 65 m.%; ¢ Classification map of the excreta deposition showing
the same area as (b). The class “untouched” including the area where no excreta have been detected is not
represented. This figure was created using Quantum GIS from the orthomosaic and the classification raster
from eCognition

[0 15 30 60 Meters]

CAN mineral fertiliser, were applied inside static chambers and over the separate area
for gas, soil and grass samples. Applications were made in spring (27/04/2017), summer
(03/07/2017) and autumn (02/10/2017). Urine was collected for each season from dairy
cows and stored at 5 °C prior to analysis and application. Urine N loading was measured
in each season by analysing N content (Aquakem 600 discrete analyser Rigas Labs S.A)
of the urine collected at the farm during milking, while dung N loading was taken from
an experiment conducted in 2014 on the same farm by Krol et al. (2016) (Table 1). The
N applied in the urine ranged from 573 to 671 kg N ha~! (Table 1). Urine was applied
in compliance with the work of Forrestal et al. (2016) where the urine patch simulation
method mimics natural deposits by using a urine volume and N content similar to that of
the animal. This practice allows for natural infiltration of the urine volume into the soil,
replicating real conditions.

Emission factors
A mix of IPCC and experimental EFs were used in this study to account for the whole

nitrogen input to the grazed grassland. The field-specific EFs of fertiliser application and
urine deposition were defined in Maire et al. (2020) while the field-specific EFs allocated
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Table 1 N input and calculated

EFs associated with the 2017 Spring  Summer  Autumn

experimental set up .for CAN, Fertiliser (CAN)

urine and dung application under . 4

the different EFs hypothesis Ninput (kg N'ha.™") 125 106 30

(field-specific, country-specific, EF field-specific (%) © 0.31 0.07 0.72

IPCC 2006 and IPCC 2019 EF country-specific (%) * 1.49 1.49 1.49

revisions) IPCC default 2006 EF (%) 1 1 1
IPCC default 2019 EF (%) ® 1 1 1

Urine
N input (kg N ha.™") 573 680 671
EF field-specific (%) ¢ 0.33 0.28 0.82
EF country-specific (%) * 1.2 1.2 1.2
IPCC default 2006 EF (%) 2 2 2
IPCC default 2019 EF (%) ® 0.4 0.4 0.4
Dung

N input (kg N ha™!).2 490 469 420
EF field-specific (%) * 0.06 0.16 0.24
EF country-specific (%) 0.31 0.31 0.31
IPCC default 2006 EF (%) 2 2 2
IPCC default 2019 EF (%) ® 0.4 0.4 0.4

*Data from (Krol et al., 2016)
Table 11.1 (updated) IPCC 2019 revisions GHG guidelines
“Data from (Maire et al., 2020)

to dung depositions were collected previously on the same farm by Krol et al., (2016).
To match the fertilisation rate with surrounding grazed areas, the CAN application rates
varied depending on the season (Table 1). From this experiment, EFs were calculated for
the treatments applied in spring, summer, and autumn and are presented in Table 1 named
as “field-specific EFs”. The EFs were calculated over a 40 day period after application to
ensure the comparability of the treatments between seasons (Skiba et al., 2013).

The IPCC 2019 revisions of the EF for urine and dung deposits was updated from IPCC
2006 EFs based on the work of Cai and Akiyama (2016) and 27 additional studies with a
total of 461 recently measured EFs. The updated EFs for excreta deposits are disaggregated
by climate (dry and wet), and are much lower than the IPCC 2006 EFs and are lower than
the Irish country-specific EFs.

IPCC calculations for annual N,0 emissions estimation

The spatial calculations performed for this study were compared to the IPCC methodology
results based on an annual account of the N,O emissions from the herd of grazing dairy
cows and the fertiliser applied during the year. The calculations followed the IPCC meth-
odology published in 2006 in the IPCC guidelines for national greenhouse gas inventories
(IPCC et al., 2006) but also the 2019 revisions of the IPCC guidelines (IPCC et al., 2019).
In brief, in the Tier 1 approach, the amount of N applied to the field is multiplied with the
EF; EF, refers to the percentage N lost as N,O emissions per kg N applied in the form of
synthetic nitrogen which is set to a default value of 1%; EF; refers to the N,O emission
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associated per N kg animal excreta applied directly to the pasture, which has a default value
of 2%. The Tier 2 approach is similar to the Tier 1 approach, except it applies more defined
emission factors and other parameters which are specific to the country. IPCC method-
ology is commonly used to quantify total emissions at a country level; however, similar
approaches can be used to estimate annual emissions at a field level using Egs. (1) and (2).
N,O Direct = |n % N,, % AWMS % EF5 + N,y * EF|| % % 1)

N,O Direct: annual direct N,O emissions produced from soils from urine and dung deposi-
tion, kg N,O yr~! (per ha if divided by the total area of the field in ha).

n: number of livestock head.

N,,: annual amount of urine and dung N deposited on pasture by grazing animals, kg N
yr._1

AWMS: fraction of total annual nitrogen excretion that is managed in manure manage-
ment system (pasture/ paddock) =ratio of annual days of grazing per year.

EF;: emission factor for N,O emissions from urine and dung N deposited on pasture,
range and paddock by grazing animals, kg N,O —N (kg N input).™

Nyt annual amount of synthetic N fertiliser applied on pasture.

EF;: emissions factor for N,O emissions from synthetic fertiliser kg N,O -N (kg N
input).™!

(44/28): conversion of N,O —N emissions to N,O emissions

N =N TAM

ex rate ¥ m * 365 (2)

N,,: annual amount of urine and dung N deposited on pasture by grazing animals, kg N
head™ yr.”!

N,,,.: default N excretion rate, kg N (1000 kg animal mass)~' day.™!

TAM: typical animal mass kg animal.™"

To calculate the total N excreted by the herd during the year of grazing, two approaches
were used: (i) calculated using Eq. 3 from IPCC recommendations with 0.54 as N, and
600 kg as TAM which are the default revised 2019 IPCC value for west European agricul-
ture (IPCC et al., 2019) which is equivalent to 0.320 kg of N deposited per animal per day
of grazing in the form of dung and urine (Oenema et al., 2014; Velthof et al., 2015); (ii)
using the default Irish-specific value for N,, which is 100.9 kg head™! yr™! (Duffy et al.,
2018). Based on the calculations above and the data in Table 1 the total emissions pro-
duced in the field during 2017 were calculated and presented in Table 2. Grass residues

related emissions were not accounted for in the calculations.

Remote sensing
Aircraft, inboard sensor and image acquisition

The aircraft deployed for surveying was a small RPAS (DJI Phantom 4, Shenzhen, China)
with a 1/2.3" CMOS camera (effective pixels:12.4 M). The small RPAS followed the same
flight plan for each survey conducted. The flight plan was created prior to the survey,
for a flight at 35 m altitude, taking 182 pictures over the whole area with 80% forward
and side overlapping. The JPEG images collected were orthorectified and turned into an
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orthomosaic using the photogrammetric software Agisoft Photoscan (v1.2.0; Agisoft LLC,
St. Petersburg, Russia), using highest image alignment options and high dense cloud set-
tings with mild depth filtering. The red, green, blue (RGB) orthomosaic and digital surface
model (DSM) were created with a resolution of 1.37 cm and 2.76 cm per pixel respectively.
Twelve ground control points placed around and within the studied field were recorded
using a Trimble R8S GNSS Real-Time Kinematic (RTK) GPS total station (maximum pre-
cision of 8 mm horizontally and 15 mm vertically) (Trimble Germany GmbH, 2013) and
were used to improve the geolocation accuracy of the RGB orthomosaic and DSM.

Object-based classification in eCognition

Each orthomosaic was classified using the object-based image analysis (OBIA) software
eCognition Developer (v9.3.1; Trimble, Munich, Germany). The goal of the classification
was to detect three different classes of vegetation/terrain: (i) urine patches (i.e. visible con-
sequences of urine deposition on grass growth, such as greener, darker and taller grass), (ii)
dung deposits, (iii) untouched areas of the field (i.e. areas with no visible enhanced grass
growth or dung deposit). For each survey, the entire field area was segmented into individ-
ual image objects using eCognition’s multiresolution segmentation algorithm (parameters:
RGB weight of 1 each; scale=20; shape =0.3; compactness =0.9). Then a supervised clas-
sification was applied based on sample objects selected from areas representing each of
the three classes. As for the ground control for the remote sensing imagery, a Trimble R8S
GNSS RTK GPS was used to select a location in the field of urine and dung deposition in
August before the RPAS survey was conducted. The GPS locations were used to create the
training samples using eCognition user interface. The classification was performed using
eCognitions Nearest Neighbour (NN) method (Trimble Germany GmbH, 2013). The NN
method is a supervised classification that is trained by using a set of samples of different
classes selected by the user, to assign membership values to all other objects. Membership
values in the range 0 (no assignment) to 1 (full assignment) are assigned to each object,
according to the distance in the feature space using an exponential membership function.
The slope of the membership function is a combination of fuzzy function and is adjusted
from the samples selected by the user, with each image object being allocated a member-
ship value to each class (Benz et al., 2004). The closer the image object is located in the
feature space to a sample of a class, the higher the membership degree to this class, with
the highest membership being the class selected for each particular image object (Trimble
Germany GmbH, 2013). 21 spectral and geometric attributes were considered as predictor
variables for the classification (Table 5). The spectral attributes included the object’s mean
RGB values, brightness and skewness for each band, colour indices (Table 3) and the geo-
metric attributes of object area, shape index, compactness and roundness.

Classification calibration and training samples

The classification training samples used to adjust the classification algorithm was selected
in the segmentate image of the 21st of August survey. About 50 polygons from the seg-
mentation for each category were selected representing less than 1% of the total field area
and manually classified. The classification results were tested using 214 randomly selected
samples within the survey and validated (see ‘“Performance of the object-based classifica-
tion” section for more details). To apply this algorithm to other surveys from different sea-
son, an addition of 10 to 30 manually classified samples were added and the algorithm was
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readjusted using again the entire parameters selection used in this study. The re-adjustment
step allowed the algorithm to be more precise for surveys where the grass growth were
changed by the seasonal changes such as the grass becoming brown in autumn. The param-
eters selected in the re-adjustment step is presented in Table 5. Although, the accuracy
reached with the NN algorithm for this study was over the suggested overall accuracy level
(Ye et al., 2018), some objects were misclassified. To limit misclassification, the central
experimental plot, hedges, fences and the instrument areas were removed from the clas-
sification. When shadows, bare soil and other plant species (weeds) were misclassified, fur-
ther samples were added during the re-adjustment step to improve the NN classification
(Alirezaie et al., 2018). Consequently, different NN classifications were applied to the sur-
veys. A total of 12 surveys were classified, each using a separate combination of samples
from the algorithm training dataset which were randomly selected for each survey date
with a total of 793 samples (Table 4) and optimised set of attributes for the NN method
(Table 5).

The purpose of considering surveys for detecting only dung or only urine patches was to
minimise classification error by choosing the best survey available in terms of time period
after grazing. Indeed, dung was more visible just after grazing when it was untouched and
fresh in contrast to being dried (whiter) and dispersed by birds or animals at later time peri-
ods after deposition. Urine patches were easier to detect 10 days after grazing, as the effect
on grass becomes more obvious (Dennis et al., 2011; Jolly et al., 2019).

Accuracy assessment

The eCognition version used did not offer a tool for selecting random samples for accu-
racy assessment, therefore the assessment for each supervised classification was completed
using Quantum GIS (QGIS Development Team, 2019). For each survey date, points were
generated randomly following a stratified random sampling method, where a minimum
number of 50 observations are randomly placed within the classified objects of each class.
The objects that were selected as the samples for the classification were not used for the
accuracy assessment. All the points were then manually identified by the user before being
compared with the classification from the producer (the NN classification) (Ramezan et al.,
2019). User’s and producer’s accuracies, overall accuracy and the kappa coefficient were
calculated for each survey classified. The kappa score is a statistic that is used to measure
inter-rater reliability for qualitative items. It is known to be more robust measure of classi-
fication accuracy than simple percentage of agreement between the algorithm and the user
as the kappa score takes into account the possibility of the agreement occurring by chance
and the potential representation imbalance of the classes in the image (Ye et al., 2018).
In this study, a minimum of 85% of overall accuracy was considered as an effective clas-
sification. This threshold is the traditionally accepted objective and the average accuracy
reported in the literature according to Ye et al. (2018).

Annual N input and N,O emissions mapping

In this study, the RPAS imagery recorded the grass stage (grass growth level and grass
damaged) within the field. The grass stage coupled with a powerful trained algorithm
helped to identify the location of the excreta depositions within the field. Combining the N
load of one deposition associated with the average surface area by one deposition (urine or
dung) from literature and field measurements, and from it, the N loading at each location
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Table 5 Selection of attribute features as predictor for the NN algorithm used for classifying each survey to
detect urine and\or dung patches

£
s E

ilzlzlelelz=lzlzs| 2]z aze

Survey date % é EET % H—T‘ ’;-.1 '% :? ‘*? é.) Z? Z? ‘E g %

Ile|s|g|g|S|R | |R|&|2|&| gz
o
Area X X X X X 42
Roundness X X X X X 42
Compactness X X X 42
Skewness B X X X X X X X X X X 83
Skewness G X X X X X X X X X X X X 100
Skewness R X X X X X X X X 67
Skewness DEM X X X X X 42
Shape Index X X X X 33
Mean B X X X X 33
Mean G X X X X X X X X 67
Mean R X X X X X X X X X X 83
Hue intensity X X X X X X X X X 75
Hue saturation X X X X X X 50
EXG X X X X X X X 58
CIVE X X X X X X X 67
DGR X X X X X X X X X X X X 100
VARI (also named EVI) X X X X X X X X 67
NDI X X X X X X X X 83
ExGR X X X X X 42
VEG 0
GLI 0

“ survey used for dung only
b survey used for urine patches only

A cross signifies that the feature has been selected as necessary after the classification optimisation. The
percentage of survey using each feature represents the features most selected across the year of surveys

Survey used for dung only
®Survey used for urine patches only

within the field for all grazing periods is established. From the resulting N load field map
and EFs from measurements or literature, the total N,O emissions of each location within
the field was calculated. By summing each location emissions for all grazing period by
season and by year, the total annual and seasonal emissions were estimated. A model in
R software (R Development Core Team, 2019) was created for this study to map N input
across the field and calculate the associated N,O emissions for each pixel of the RPAS
imagery. The model takes into account the different sources of N in grazed grassland,
synthetic fertiliser as well as urine and dung deposited on pastures by grazing animals.
However, the N from crop residues above or below-ground N from N-fixing crops such as
clover were not taken into account and only the direct N,O emissions were estimated (i.e.
no secondary emissions from NH; deposition). The upscaling of the N input or emissions
to the whole field for the whole year was undertaken by allocating to each pixel of each
survey an amount of N input and an emission factor that was dependent on the classes
assigned and the timing of the survey (Table 1). The layers were then summed by season
and for the whole year using code written in the statistical data handling program R soft-
ware (R Development Core Team, 2019).
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Statistics and uncertainty calculations

Urine patches detected using the RPAS imagery can be described by i) the wetted area,
where the urine is directly discharged and ii) the area directly adjacent to the wetted
area where the grass has some access to the urinary N through horizontally reaching
root systems and where the N can diffuse through the soil pores (Selbie et al., 2015).
Indeed, the area detected by the method presented in this article is named the “effective
area” (i.e. the area of grass that can be observed to be impacted by the additional N) of
the urine patch which combined these two areas (Buckthought et al., 2016; Marsden
et al., 2016). Accounting for the effective area and not only the wetted area is essential
for accurately estimating NUE of the grass and for estimating areas of over fertilisation.
Estimating the N loading on these areas was the most complex task of the model. The
urine loading presented in this study (in kg N ha™') is in accordance with the literature
(Hoekstra et al., 2020); however, it only considers the wetted area of the patch. The dif-
ference in extent of the wetted area and effective area has been reported to be approxi-
mately 2.83 with an average of 0.24 m? for the wetted area and from 0.03 to 1.1 m? with
an average of 0.68 m? for the effective area (Moir et al., 2011; Selbie et al., 2015; Wil-
liams & Haynes, 1994). In the Johnstown Castle farm, urine patches have been meas-
ured with a larger area from 0.2 to 1.8 m? with an mean of 0.68 m? (Minet et al., 2016),
To capture a more realistic N input to the field in the form of urinary N, the N loading
for urine was divided by the wetted area ratio of 2.83 and uncertainty analysis was con-
ducted on N loading. This analysis was undertaken using a Monte Carlo method with
a range in input values from a normal distribution of the N loading (n=10,000) with
means presented in Table 6 and a standard deviation of 50. The output was used to cal-
culate the total N input and associated emissions.

Results
Performance of the object-based classification

The urine patches and dung deposits were detected efficiently for each grazing period
and allocated a hypothetical N loading depending on the season of deposition. The
performance of the classification was estimated and appears to be satisfactory accord-
ing to the standards published of over 85% of overall accuracy and over 70% for user’s
and producer’s accuracy (Ramezan et al., 2019). The supervised object-based classifi-
cation revealed an accuracy level minimum of 85% and maximum of 96% over all the
surveys classified (n=793, Table 4). The overall kappa number had a maximum value
of 0.92 and minimum value of 0.71. Details of the producer and user accuracy for each
survey are shown in the supplementary material.

In this experiment, the NN algorithm was found to be a viable algorithm to detect
the excreta patches over the year. For each survey, the NN algorithm used the same
group of initial features but was optimised prior to running the classification. This
optimisation of the NN features for each survey meant that the final feature set selected
for each classification differed for some of the surveys Table 5. These differences were
implemented automatically by drawing new sample areas to more accurately distin-
guish patches in different states of grass growth or different states of dryness of the
dung deposits.
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Fig. 3 Differences between classifications object features and classes. The x-axis represents the feature’s
values normalised between 0 and 1. Features presented are a selection of the features used for the survey on

the 21/08/2017

An example of the classification results is shown in Fig. 2 along with the field fea-
tures, which have been excluded from the classification (hedges, instrument area and
experimental plot). For instance, the selected features from samples from the survey of
the 21st of August 2017 are presented in Fig. 3. Some features such as EVI and DNI
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Annual nitrogen
input (kg N ha™)
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Fig.4 a Resulting map of the whole field presenting the annual N from fertiliser, urine and dung deposition
in kg of N ha™! based on the addition of the nine grazing times of the 60 dairy cows over 2017, b and ¢ two
different sections of the annual N map showing location of high aggregation of N input. The area covered
by each section is approximately 100 m.2. This figure was created using Quantum GIS using the combined
raster from the R model and the legend represents the range of N input rate of application which each loca-
tion in the field received during the year of study

in Fig. 3 showed differences between all classes whereas some features such as CIVE,
Compactness and DGR where more efficient at discerning between two classes. The
classes that are more efficient at discerning between urine, dung and the untouched
category are the main ones selected after NN optimisation per survey.

Total excreta coverage and nitrogen input to the field

During the typical year of grazing (April 2017 to November 2017), the average urine
patches coverage for one event of 2 to 4 days (60 cows in a 1.42 ha field) was 15.1%
with a maximum reached at the last grazing event of the year with 23.2%. The dung
coverage was lower as expected with an average of 1.0% of the field and reached a
maximum of 1.4% per grazing event (Table 6). The resulting map of total N input to
the field from the excreta deposits classification and mineral fertiliser is presented in
Fig. 4.

Upscaling the urine, dung and fertiliser N input to the entire field from the map
resulted in a total N loading during the year of 608 +40 kg N ha~! (Table 6). Some
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Summer

Annual N0 emissions (kg N;O-N ha”') [Jl] 4.0-6.0 [ 10.0-12.0
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Entire year
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Fig.5 Cumulative N,O emissions maps for the entire field over the three seasons (in kg N,O-N ha™! per
season) and the entire year (in kg N,O-N ha.™! per year). The emissions where calculated using the field-
specific EFs and the N input map and the entire year map represents the sum of the three season’s value.
This figure was created using Quantum GIS from the raster from the R model calculations

Table 7 Total annual N,0

Total N,O emissions (urine, dung and fertiliser) (kg of N,O-N

Country-specific IPCC 2006 IPCC 2019

emissigns calculated_ using the ha.™!)

RPAS imagery classification and

based on the different EFs Field-specific
Spring
Mean 1.01
Min  0.67
Max  1.36
SD 0.10
Summer
Mean 0.79
Min 0.24
Max 1.23
SD 0.13
Autumn
Mean 1.56
Min 057
Max  2.57
SD 0.25

4.40
3.15
5.67
0.36

5.24
2.86
7.13
0.55

2.48
1.01
3.97
0.37

4.62 249
2.54 2.08
6.73 291
0.59 0.12
6.78 2.69
2.81 1.89
9.93 3.32
0.92 0.18
3.60 1.10
1.07 0.61
6.60 1.59
0.61 0.12

Mean value for the season are in bold
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areas of the field were potentially touched by urine up to eight times and received a
total of 2405 kg of N ha™!. To test whether the excreta were deposited randomly over
the field, a “Global Moran’s I” spatial correlation were applied to the annual N input
map after averaging the N input over a 1 m? scale. The N input was not randomly dis-
tributed (p-value < 107%) over the field with a Morgan index of 0.57 and a Z-score of
94.85.

Cumulative N,0 emissions from the field

From the 2017 N input map of the field, the cumulative N,O emissions were estimated
using field-specific EFs for the entire year and seasonally excluding winter when the field
was not grazed (Fig. 5; Table 7). The spatial variability of the N,O emissions at the field
scale is notable with higher emissions located closer to the hedges and gates of the field
due to the non-uniform distribution of the N applied.

The cumulative emissions over the three seasons were estimated to be as high as
14.40 kg N,O-N ha™! at some locations within the field and the higher emissions were
estimated in autumn. In contrast, using the other defined EFs, summer was estimated to be
the larger emissions season following by spring than autumn (Table 7). The field-specific
EFs fully take account of the seasonality of the fluxes and the specificity of the year of
measurement.

Field-specific | [ Country-specific |[ 1Pcc2o06 ||  ipcc 2019

‘_I\—
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Fig.6 Annual N,O emissions partitions from different source of nitrogen (urine, dung and fertiliser CAN).
The emissions have been calculated using the IPCC calculations methodology based on herd information
(“Modelled”) and measured using the maps of layered urine and dung deposits presented in this article
(“Measured”). The calculations were performed with four EF levels: (1) field-specific measured seasonally,
(2) country-specific, (3) IPCC guidelines 2006 and, (4) IPCC revisions 2019. In the “IPCC” calculations the
partition between urine and dung emissions was calculated by applying the 21.6% dung vs 78.4% of urine
to the N,
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Nitrogen loading uncertainties calculations

The total annual N,O emissions (from urine and dung deposition and fertiliser) were
estimated to be 3.36+0.30, 12.13+0.75, 15.01+1.26 and 6.28+0.25 kg N,O-N
ha™! yr~! for the field-specific EFs, country-specific EFs, IPCC 2006 EFs and IPCC
2019 respectively. The annual N,O emissions from the field were measured with this
method with an uncertainty of 6.9% in average (Table 7). The annual N,O emissions
uncertainty includes only the urinary N loading effect as explained in “Statistics and
uncertainty calculations” section. The seasonal partitions are reported in Table 7 and
the N source partitions in Fig. 6.

Comparison of the IPCC methodology and the mapping results

The most commonly used method to estimate N,O emissions from grazed grassland is
to follow IPCC calculations methodology which is based on the total N excreted by ani-
mals grazing and the fertiliser N applied to the field multiplied by EFs. The results from
the IPCC calculations (“Modelled”) and the results from the mapping of excreta calcu-
lations (“Measured”) are shown Fig. 6, along with the partition of the emissions from
the different sources considered in this study. Both the “Modelled” and the “Measured”
methods give similar results for the emissions from application of mineral fertiliser. In
terms of excreta (urine and dung) related N,O emissions, the modelled estimates based
on mapping resulted in higher total annual emissions than the calculated results for
field-specific and country-specific EFs. In contrast, map-based measured estimates were
lower than the total emissions modelled for the IPCC 2006 and IPCC 2019 EFs (Fig. 6).

Discussion
Excreta deposits detection using RPAS imagery

The foundation of this study is the precision and accuracy of detecting excreta deposits in
the field under variable conditions throughout the year. The choice of using a supervised
classification with a NN algorithm proved to be an efficient and easy way to quickly clas-
sify the entire field with the advantages of only requiring a small number of images to give
some insights into which variable or colour indices are the most useful for the classifica-
tion. Moreover, the addition of only a few samples to the algorithm training set to adjust
the classification efficiency for newly captured surveys can be considered as a small step
for new user compared of mapping the whole field manually. Additionally, the increase
number of samples added with the addition of new surveys will eventually allow the use of
more automatically calibrated algorithms. This study isa step forward for a more precise,
repeatable and reliable detection process compared to more subjective or manual detec-
tion methods employed in previous published research (Dennis et al., 2013; Jolly et al.,
2019; Maire et al., 2018). Nonetheless, in remote sensing, other classification methods are
available, such as random forest algorithms or convolution neural networks which, with a
high number of input samples, can help to produce highly accurate algorithms to detect
objects in images captured under diverse conditions (Thanh Noi & Kappas, 2017). These
methods could integrate the entire year image collection over multiple fields to define a
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unique algorithm parametrisation to enable use of this technology on a daily basis at the
farm. Some object features were recurrently chosen in the NN optimisation such as Skew-
ness G and B, DGR, NDI, Mean R, HUE intensity that can be recommended to detect
urine and dung patches from images captured with a low-cost RGB camera. The results
of this study indicate that RPAS could offer a new approach to the monitoring and meas-
urement of excreta deposition by grazing livestock, but further academic and commercial
research is currently developing different methods to map the urine deposits. For instance,
the Spikey®© is based on using electrical conductivity to map urine patches shortly after
deposition, with the objective to spread a nitrification inhibitor to the area where the urine
was deposited to limit the N losses with a targeted product application (Bates et al., 2015).
Recently, the Spikey results from a plot experiment have been compared to thermal cam-
era and RPAS imagery on its capacity to detect urine patches (Jolly et al., 2019). In Jolly
et al. (2019), the RPAS imagery was successful in detecting all urine patches 14 days after
deposition. Roten et al., (2017) used an on-board tractor system with LIDAR technology
to detect taller grass patches created by the increase of grass growth after excreta deposi-
tion. A similar approach could be investigated using RPAS imagery to detect urine patches
through the creation of grass height data from motion photogrammetry (Rueda-Ayala
et al., 2019). To help the fast development and encourage adoption of this method, the
cost related to this technology must stay low and for this reason the images, in this article,
were captured with a low-cost standard RGB camera and a widely commercialised RPAS.
This type of camera is provided with the purchase of most RPAS and is also commonly on-
board farm machinery for obstacle avoidance or positioning (Bacco et al., 2019). Moreo-
ver, with the development of innovative farming tools, the methodology used in this study
could increase the efficiency of resource use on farms such as fertiliser application. Despite
the recent technical progress, the development of variable N fertiliser rate spreaders which
avoid application of N fertiliser on deposited excreta or to deliver precise application of
nitrification inhibitors are not yet fully commercialised (Shaw et al., 2016) but are very
promising.

Nitrogen input map at the field scale

The management of the experimental field is comparable to that of a typical temperate
dairy farm with rotational grazing and intensive management to optimise grass production
and grass quality (Duffy et al., 2018). Fertiliser applied to the field was considered as a
homogenous application over the whole area for the calculations whereas, in practice, the
mineral fertiliser pellets spreader creates a spotted layer of N fertiliser. Allocating nitrogen
loading to the area receiving urine, dung or fertiliser N during the entire year was challeng-
ing for the following reasons.

Firstly, the wetted area of a urine patch and the actual response of the grass may differ
(Buckthought et al., 2016). The allocation of the N loading to the area detected as a urine
patch was modelled with a range of possible values and divided by 2.83 to keep the ratio
between effective area and wetted area (Moir et al., 2011; Selbie et al., 2015; Williams &
Haynes, 1994). The urinary N loading was modelled with the summer N content which
was slightly higher than the autumn N content and does not follow reported values but was
in accordance with the measured urinary N content used for the N,O fluxes measurements
(Hoekstra et al., 2020; Maire et al., 2020).

Secondly, urine patch overlaps cannot simply be ignored in modelling N losses when
comparing dairy systems with contrasting management practices (Romera et al., 2012).

@ Springer



1764 Precision Agriculture (2022) 23:1743-1774

This study considered overlapping urine patches over different periods of grazing but did
not include the potential consequences of overlapping urine patches in terms of N,O and
NO; losses. The effects of overlapping urine deposition have been reported and modelled
for N leaching (Betteridge et al., 2010; Cichota et al., 2013; Romera et al., 2012), but
the effect on N,O emissions is still understudied. The mapping undertaken in this study
could be improved by the addition of urine, dung or fertiliser overlap effect as a non-linear
response of the N input to the field over the year.

Thirdly, the size of the urine patch depends on the response of the grass to the N input
which is a function of the soil moisture content and time from urine deposition to allow
diffusion of N into the soil pores (Balvert & Shepherd, 2015; Forrestal et al., 2016; Mars-
den et al., 2016). Increasing soil water content has been shown to generally result in greater
N,O production and emission from urine patches (De Klein et al., 2003; Jolly et al., 2019;
Van Der Weerden et al., 2014). The RPAS surveys were captured within a variable period
after grazing, 3 to 30 days after grazing. Consequently, for the same N input of one urina-
tion event, the area detected as a urine patch could be different depending on the date of
survey. Furthermore, the mapping of the excreta deposits facilitates the separation between
N input sources and so the emissions and mitigation practices can be allocated appropri-
ately (fertiliser or type of excreta).

Avoiding patch double-counting

Remarkably, some areas of the field received urine deposition up to 8§ times over 9 grazing
events, with an estimated total N input from urine, dung and fertiliser of 2409 kg N ha™'.
It is essential for the model to avoid double-counting of patches between grazing peri-
ods. Double-counting of dung deposits is highly unlikely as the fresh dung deposits (dark
brown) are very different from the old dung deposits (dull white). To reduce the likelihood
of double-counting, the RPAS imagery used to detect dung deposits were collected just
after grazing. However, dung deposit can fertilise grass and grass patches can appear at the
location of the dung deposits which can be misclassified as a urine patch. Though grass
patches from dung deposits have previously been reported negligible (Weeda, 1967). A
15 cm buffer around freshly deposited dung (Dennis et al., 2013) from the two previous
grazing events was created and subtracted from the urine patch layer. Finally, double-count-
ing of urine patches is less likely due to the distinct difference between fresh and old urine
patches during most of the year. The likelihood of this event is high when grazing is more
common (i.e. in summer). Moir et al. (2011) measured double-counting of urine patches
using a modelling approach. Their results showed that about less than 6.4% of the patches
would overlap between grazing. The potential overestimation of the emissions from urine
patches in this study corresponded to 4.2% of the total annual emissions (0.14 kg N,O-N
ha™! yr™!). There is a lack of knowledge on the impacts of overlapping excreta deposition
on N,O emissions and other N losses (Balvert & Shepherd, 2015; Cichota et al., 2013; Dra-
ganova et al., 2016; Voglmeier et al., 2019). Using the mapping of the excreta depositions
at the field scale combined with the knowledge of the effects of overlapping depositions
could have a considerable impact on the improvement of emissions estimations (Betteridge
et al., 2013). This method could also be deployed to study the impact of grazing systems
(i.e. strip, mob, free, marble, and rotational) on excreta deposits distribution and overlap-
ping rate in order to help estimate their environmental impacts.
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Using N input mapping to estimate cumulative N,0 emissions

In addition to the spatial variability due to the microorganisms, soil properties, and the spa-
tial heterogeneity of N input across the field, N,O emissions are characterised by a random
temporal variability (Smith, 2017). Most studies utilised static chambers to quantify N,O
emissions, which are suitable for quantifying emissions on a small spatial scale but are
not ideal to measure field scale emissions from heterogeneous grazing systems (Bell et al.,
2015; Cowan et al., 2015; Flechard et al., 2007). Therefore, measuring cumulative N,O
emissions over a full grazing year at the field scale is rarely reported due to the challenging
nature of the N,O emissions and the lack of large-scale precise measurement instruments.
The modelling and prediction of the N,O emissions at the field scale is also complicated
because of: (i) the heterogeneous distribution of excreta patches of high N concentra-
tion (Di & Cameron, 2012; Snow et al., 2017), (ii) excreta patches can overlap which can
change the N,O emission rates from urine patches (Cichota et al., 2013; Cook & Kelliher,
2016), (iii) the fields considered are often grazed many times each year, (iv) the effect of
a single urination on soil can last for several months after deposition and (v) the fate of
the nitrogen from excreta strongly depends on the time of deposition (Ahmed et al., 2018;
Haynes & Williams, 1993), in relation to climate conditions at urination and the following
weeks. The modelled emissions using the excreta maps in this study are likely to be close
to the real emissions, although it is difficult to compare it to existing field measurements.
Only studies deploying eddy covariance flux towers can measure at large enough scales to
capture field scale emissions, but this method also has its own limitations (Cowan et al.,
2020). Using the total nitrogen input to the field in the form of urine or dung estimated by
the model presented in this study and the recorded days of grazing on the field per cow, it
was possible to estimate the total N excreted by animal per day. It was estimated that the
N deposited per day per animal to 284 g of N with 253 g of urinary N and 31 g of faeces
N which is similar to the reported value of approximately 320 g of N deposited per day of
grazing in the form of dung and urine (Velthof et al., 2015). The study of the spatial distri-
bution of deposition has historically been limited due to the difficulties of efficiently map-
ping at the field scale (Dennis et al., 2011; Hutchings et al., 2007; Schnyder et al., 2010).
This method allows a better approximation of the N input to the field and its spatial distri-
bution than an average value determined at the global or national level (Draganova et al.,
2016; Lush et al., 2018). As farm nutrient management is becoming more regulated to
reduce environmental impacts and audited through modelling, assumptions made in those
models should be adequate to reflect the effects of mitigation and practices.

The Irish country-specific EFs are specific to the temperate oceanic climate observed
there which is characterised by high rainfall and a lack of temperature extremes. These
conditions are known to enhance N,O emissions from soils (Dace & Blumberga, 2016;
Rowlings et al., 2015; Van Der Weerden et al., 2014) and could explain the higher EFs
compared to the default revised IPCC EFs. However, 2017 was not a typical year in term
of weather which could explain the low field-specific EFs. The long-term average weather
data of the experimental field (measured at Rosslare weather station, < 15 km from the site)
showed that 2017 was a year of lower rainfall in spring and higher rainfall in autumn and
at the end of the summer (Met Eireann, 2019) compared to the LTA. On the days of appli-
cation of treatments the daily mean soil moisture deficit was 32.7 mm in spring, 25.5 mm
in summer, and 1.1 mm in autumn. Dry soil conditions in spring and summer were linked
to low EFs for all the treatments and the wet conditions in autumn with high EFs. In this
study, wetter conditions were observed during the autumn application compared to spring
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and summer applications, which are in line with climate change predictions of wetter
autumns and winters and drier springs and summers in the future (Nolan et al., 2017). This
change in long term weather patterns suggests that if production of N,O is to be mini-
mised, grassland management is a key element to consider. The emissions calculated from
the mapping of the N input showed that autumn season is likely to have been the higher
emitting season in 2017, when using field-specific EFs. To the contrary, using the other
EFs revealed the higher emitting season to be summer, when the livestock has been in the
field the longest. This difference could be attributed to the fact that the approaches other
than field-specific EFs, did not account for the seasonal variability of N,O fluxes which
could have led to further agreement between estimations (Wecking et al., 2020). Account-
ing for N,O seasonal variability could improve the national greenhouse gas emissions
inventory (Smith, 2017) and shows the potential of mitigating N,O and manure-derived
methane emissions by removing cows in response to wet soil conditions (Van Der Weerden
et al., 2017). One criticism of using Emissions factors to estimate N,O from farms is that
they are designed for national inventory reporting and reflect average climatic conditions
of a number of years. However in the absence of real time meteorological data (which is
likely to control emissions on a daily basis) they offer a pragmatic approach to the estima-
tion of emissions.

Spatial distribution of excreta deposition

Excreta deposits mapping in combination with precise EFs allowed us to capture data
on the temporal and spatial behaviour of dairy cows. A visual assessment of these
data tends to suggest spatial autocorrelation or clustering. Annual N input was not
randomly distributed over the field indicating that there was aggregation of excreta
patches within the field. The spatial density patterns of the excreta deposits indicated
the physical properties (e.g. slope, presence of hedges or trees) of the field have an
effect on the excretion behaviour in this study. However, to date, there are few pub-
lished studies on excretion behaviour by grazing cattle because measurements in the
field are difficult to make. Current research is however showing a non-uniform urine
patch distribution, with some studies reporting that it is influenced by factors includ-
ing fence line, water tank positions, field slopes and night resting areas (Auerswald
& Mayer, 2010; Betteridge et al., 2010; Misselbrook et al., 2016). On the contrary,
Draganova et al. (2016) related urine patch density to the duration the cows spend in
each paddock instead of the physical properties of the field. In the current study, high
urine and dung density were observed close to the hedge and the gates, which is the
main resting area. Resting areas have been linked to location of high rates of urination
and defecation (Auerswald & Mayer, 2010). During the summer, the cows were strip
grazing, and some of the strips did not include this shaded and wind protected area.
The RPAS imagery approach of the current study can offer new ways to model animal
behaviour. Moreover, the improvement of the image classification methodology can be
used in conjunction with other methods, such as ground based cameras or animal GPS
collars already applied to monitor livestock behaviour (Nakano et al., 2020).
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Applications of the method and perspectives

Remote sensing has been employed to create variable N rate input for crops (e.g. wheat
or maize) but the scale of the heterogeneity in grazed grassland was considerably more
difficult to take into account (Bacco et al., 2019; Basso et al., 2016; Corti et al., 2019).
The importance of RPAS imagery or other forms of remote sensing is increasing in
Precision Agriculture (PA) scope (Pallottino et al., 2018). Precision Agriculture tech-
nology adoption can be increased if the end-users (farmers) receive quantified informa-
tion of the potential improvements to farm profits and positive impacts on sustainabil-
ity impact (Balafoutis et al., 2017; Moral & Serrano, 2019). This study is an essential
step forward a more precise accounting and detection of the excreta deposition in the
grazed grassland managed to reduce GHG emissions. Variable rate (VR) spreader tech-
nology seems to be a way to reduce the GHG emissions but needs to become more
precise and cheaper for farmers to purchase as well as a modification of the Euro-
pean rules on RPAS flying and spreading limitations. Spreader technology is advanc-
ing quickly (Bacco et al., 2019; Hijazi et al., 2014) as well as RPAS imagery (Mogili
& Deepak, 2018; Mulla, 2013). VR applications could be applied to avoid spreading
fertiliser on already over fertilised areas of the field due to the excreta depositions, or
spreading nitrification inhibitor directly on the excreta deposits to limit the emissions
from it (Bell et al., 2016; Minet et al., 2016). VR applications is executed currently by
applying a prescription map which can be generated from RPAS imagery or real-time
application using sensors mounted on tractors which vary the fertiliser rate depend-
ing on the data sensed (Bacco et al., 2019; Wolters et al., 2019). The carbon footprint
(including N,O emissions and direct CO, emissions) from the production, distribu-
tion and use of fertilisers is estimated at between 2 and 3% of the global GHG budget
(Brentrup et al., 2016). Reducing inorganic N fertiliser application in grazed grassland
by avoiding spreading on excreta patches could undoubtedly mitigate N,O emissions
and other N losses by better matching N supply with N demand of the grass. Finally,
having a precise N input map and N,O emissions spatial variability would offer the
potential to apply different emission factors depending on the field properties such as
high soil moisture, soil pH, soil type to better represent the high spatial variability of
the N,O production from the soil.

Conclusions

RPAS technologies are rapidly evolving into low-cost, easy-to-use sensor platforms that
can be deployed to collect fine-scale vegetation and soil data over large areas. However,
it is necessary to develop quickly effective, reliable and parsimonious methods in time for
their exploitation. In this study, RPAS imagery was employed to detect excreta deposits
over a dairy cow grazed field during a full year. The method demonstrated a great poten-
tial of precise mapping of the excreta depositions. However, further investigations and
cross-calibrations are needed, mainly with regard to overlapping excreta depositions and
more specific N,O emission measurements. It was also demonstrated that the IPCC default
EFs and Irish country specific emissions factors might have overestimated N,O emissions
during an exceptionally dry year with a wet autumn, conditions which are predicted to
be more likely in future years due to climate change. Additional research could be con-
ducted to assess the ideal time for an RPAS survey to better detect excreta patches. With
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the development of GPS on-board farm machinery and image processing, it is possible to
generate datasets for agricultural decision making and highly precise variable rate spread-
ing to limit unnecessary fertiliser application, and thus limit some of the negative environ-
mental impacts of livestock grazing. There is a significant potential in precision agriculture
for combining RPAS technology with real-time data for improved agricultural management
and the evaluation of mitigation practices.
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