Report No. 136
|

COQAResearch

Climate - Water - Sustainability

Identifying pressures e informing policy e Developing solutions

Development of Methodologies and
Modelling for Accounting Greenhouse Gases
and Organic Carbon Stocks in Agricultural Soils

Mohammad I. Khalil, UCD

.
Comhshaol, Po bal agus Rialtas Atidil
Environment, Community and Local Government . .



ENVIRONMENTAL PROTECTION AGENCY

The Environmental Protection Agency (EPA) is responsible for
protecting and improving the environment as a valuable asset
for the people of Ireland. We are committed to protecting
people and the environment from the harmful effects of
radiation and pollution.

The work of the EPA can be
divided into three main areas:

Requlation: We implement effective regulation and
environmental compliance systems to deliver good
environmental outcomes and target those who don’t comply.

Knowledge: We provide high quality, targeted
and timely environmental data, information and
assessment to inform decision making at all levels.

Advocacy: We work with others to advocate for a
clean, productive and well protected environment
and for sustainable environmental behaviour.

Our Responsibilities

Licensing

We regulate the following activities so that they do not
endanger human health or harm the environment:

o waste facilities (e.g. landfills, incinerators, waste transfer stations);

e large scale industrial activities (e.g. pharmaceutical, cement
manufacturing, power plants);

® intensive agriculture (e.g. pigs, poultry);

e the contained use and controlled release of Genetically
Modified Organisms (GMOs);

e sources of ionising radiation (e.g. x-ray and radiotherapy
equipment, industrial sources);

e large petrol storage facilities;
e waste water discharges;
e dumping at sea activities.

National Environmental Enforcement

e Conducting an annual programme of audits and inspections
of EPA licensed facilities.

e Qverseeing local authorities” environmental
protection responsibilities.

e Supervising the supply of drinking water by public water
suppliers.

e Working with local authorities and other agencies
to tackle environmental crime by co-ordinating a
national enforcement network, targeting offenders and
overseeing remediation.

e Enforcing Regulations such as Waste Electrical and
Electronic Equipment (WEEE), Restriction of Hazardous
Substances (RoHS) and substances that deplete the
ozone layer.

® Prosecuting those who flout environmental law and damage
the environment.

Water Management

e Monitoring and reporting on the quality of rivers, lakes,
transitional and coastal waters of Ireland and groundwaters;
measuring water levels and river flows.

e National coordination and oversight of the Water
Framework Directive.

e Monitoring and reporting on Bathing Water Quality.

Monitoring, Analysing and Reporting
on the Environment

* Monitoring air quality and implementing the EU Clean Air
for Europe (CAFE) Directive.

e Independent reporting to inform decision making by
national and local government (e.g. periodic reporting on the
State of Ireland’s Environment and Indicator Reports).

Regulating Ireland’s Greenhouse Gas Emissions
e Preparing Ireland’s greenhouse gas inventories and projections.

e Implementing the Emissions Trading Directive, for over 100
of the largest producers of carbon dioxide in Ireland.

Environmental Research and Development

e Funding environmental research to identify pressures,
inform policy and provide solutions in the areas of climate,
water and sustainability.

Strategic Environmental Assessment

e Assessing the impact of proposed plans and programmes on
the Irish environment (e.g. major development plans).

Radiological Protection

e Monitoring radiation levels, assessing exposure of people in
Ireland to ionising radiation.

e Assisting in developing national plans for emergencies arising
from nuclear accidents.

e Monitoring developments abroad relating to nuclear installations
and radiological safety.

® Providing, or overseeing the provision of, specialist radiation
protection services.

Guidance, Accessible Information and Education

e Providing advice and guidance to industry and the public on
environmental and radiological protection topics.

e Providing timely and easily accessible environmental
information to encourage public participation in environmental
decision-making (e.g. My Local Environment, Radon Maps).

e Advising Government on matters relating to radiological
safety and emergency response.

® Developing a National Hazardous Waste Management Plan to
prevent and manage hazardous waste.

Awareness Raising and Behavioural Change

e Generating greater environmental awareness and influencing
positive behavioural change by supporting businesses,
communities and householders to become more resource
efficient.

e Promoting radon testing in homes and workplaces and
encouraging remediation where necessary.

Management and structure of the EPA

The EPA is managed by a full time Board, consisting of a Director
General and five Directors. The work is carried out across five
Offices:

e Office of Climate, Licensing and Resource Use

e (Office of Environmental Enforcement

e Office of Environmental Assessment

e Office of Radiological Protection

e Office of Communications and Corporate Services

The EPA is assisted by an Advisory Committee of twelve
members who meet regularly to discuss issues of concern and
provide advice to the Board.
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Executive Summary

Agriculture and associated land-use changes contribute a significant portion to global
greenhouse gas (GHG) emissions (N2O, CO, and CH,4), whereas soil organic carbon (SOC)
has enormous sequestration potential. As an Annex-1 country, the Republic of Ireland (ROI)
submits annual national inventories of GHGs under the United Nations Framework
Convention on Climate Change (UNFCCC), mainly following the Intergovernmental Panel
on Climate Change (IPCC) default emission factors (EFs). The development of
methodologies and modelling of soil processes will profoundly enhance the value of national
inventories, both in terms of more accurate reporting and in identifying mitigation policy
options. The current priority research focus is to substitute the IPCC default EFs by using
country-specific ones, either through measurements and/or modelling, and to advance
previous studies by reducing uncertainty in their estimates. This research fellowship
progressed in three areas: (i) estimation of SOC stocks within major agricultural land uses;
(i) detailed model simulation of GHGs and SOC stock changes using the ECOSSE model;
and (iii) the intercomparison of the ECOSSE, DNDC, and DailyDayCent process-based

models calibrated to Irish conditions.

To develop methodologies and estimations of SOC, an analysis of high spatial resolution
databases (Irish NSDB — National Soil Database) and other spatial database was performed.
This included collation for major land covers, soil types and land-use areas. Empirical models
were developed using measured data following a depth-distribution function and the bulk
density (pg) using a pedotransfer function to estimate the NSDB-derived SOC concentrations
up to 100 cm depth. The models were validated using separate independent datasets. The
SOC densities for grasslands on mineral and organo-mineral soils at depths of 0-10, 0-30, 0—
50 and 0-100 cm were estimated at 52, 127, 170 and 214 t C ha™, respectively. For arable
lands, the corresponding SOC densities were 30, 81, 118 and 167 t C ha™.

From this work, the estimated total national SOC stocks were 888 Tg for a reference depth of
0-30 cm, and 1832 Tg for 0-100 cm reference depth. For the complete soil profile, including
peats >100 cm depth, the national estimate was 2824 Tg.



The selection of an appropriate process-based model to represent Irish agricultural and
environmental conditions is vital for GHG balance studies and inventory purposes. A multi-
pool dynamic model ‘ECOSSE’ (Estimating Carbon in Organic Soils — Sequestration and
Emissions, v5 modified) was tested and calibrated with further improvement, including
parameterizations. The model run simulated the 8-year (2003-2011) observations of a
research site, and used site-specific inputs such as soil properties to a depth of 0-25 cm and
available management information. The sensitivity of GHGs and SOC stock changes to soil
properties and management practices was also tested. The simulated values were validated

with the available measured (either seasonal and/or annual) data.

The integrated measured seasonal (crop growth period) N,O losses were 0.39-0.60% of the N
applied, and the modelled estimate was 0.23-0.41%. This suggests a model underestimation,
perhaps due to the mismatching of peak fluxes between the measured and simulated values
during the growing season. However, the measured annual N,O loss (integrated) was 0.35%,
and the corresponding simulated value 0.45%. On an 8-year average the modelled N,O EF
was 0.53+0.03%, indicating the importance of intensive samplings for precise estimation of
N2O EFs. This is less than the IPCC default EF and both model and field observations are

consistent.

Sensitivity tests showed a clear response of GHG emissions and SOC stock changes to SOC
content, available water, soil pH and management practices (type and amount of N
fertilizers), bulk density and clay content. Preliminary results suggest that the model can be
used to estimate the GHG balance in arable fields, subject to further refinement and analyses
to fully determine the uncertainty in their estimates.

Comparative performances of three dynamic models (ECOSSE, DeNitrification
DeComposition (DNDC, v9.4) and Daily Day Century (DailyDayCent) were evaluated
against the same measurement data. All the models, the simulated daily or seasonal trends of
GHG fluxes matched the measured values but differed significantly in terms of cumulative
estimates, particularly for N,O emissions and SOC stock changes. All models had some
difficulties in simulating soil mineral nitrogen and water content, especially for the DNDC
and DailyDayCent. Only the ECOSSE simulated values showed a significant correlation

(R?=0.33*) with measured values, and the overall performance of all models was not robust



for unfertilized plots. The DNDC and DailyDayCent significantly underestimated total
(seasonal/annual) N,O fluxes compared to the ECOSSE.

Both DAYCENT and DNDC showed good agreement with the ecosystem respiration
measured by Eddy Covariance (EC). The SOC stock changes between the DNDC and
ECOSSE models were highly variable, with either sinks (9.4-13.1; DNDC) or sources (302—
410 kg C ha' yr'; ECOSSE). Overall, the ECOSSE model performed better under Irish
conditions than the other models in simulating GHGs and SOC stock changes.

However, refinement and validation of all models are recommended based on measured data
to improve the prediction and coupling of C and N emissions, including full determination of
the uncertainty in their estimates across land-use and soil types.



1 Introduction

Globally, agricultural activity is estimated to be responsible for approximately 14% of
anthropogenic greenhouse gas (GHG) emissions (Intergovernmental Panel on Climate
Change [IPCC], 2007). In the European Union (EU), it was estimated that about 10% of these
are due to CH; and N,O, of which 49 and 63% have been attributed to agriculture,
respectively (Weiske and Petersen, 2006). In the Republic of Ireland (ROI), this estimate is
more than double the EU average (30%; Duffy et al., 2011) and remains a key component of
the national emissions profile despite a recent decrease in Irish national GHG emissions
(which are linked mainly to factors associated with the recent economic downturn; EPA,
2010). The Cancun Agreements’ emphasize that significant reductions in anthropogenic
GHG emissions are needed to keep global temperature below 2°C relative to pre-industrial
times. It is recognized within the United Nations Framework Convention on Climate Change?
(UNFCCC) that significant efforts are required to place global agriculture and food

production on an environmentally sustainable, climate-resilient low-carbon pathway.

The soil organic carbon (SOC) pool — one of the most important reservoirs of the global-C
cycle — could have the potential to act as a main source or sink of GHGs due to its large
extent and active interaction with the atmosphere (Lal, 2004; Gal et al., 2007). Agricultural
land is one of important pools in the global C cycle, and management practices associated
with arable lands in particular determine C source or sink categories. Annual respiration rates
correspond to short-term net exchange and do not give an indication of long-term soil C
sequestration (Johnson et al., 2007). The potential for C sequestration, particularly in arable
lands, is found to be high when related to conservation tillage, mulching, introduction of
cover crops, increasing crop rotation and management practices, leading to increased crop
and biomass productivity (West and Post, 2002; Six et al., 2004; Khalil et al., 2004;
Franzluebbers and Follett, 2005; Johnson et al., 2007; Lal, 2007). Increases in SOC from
reduced tillage now appear to be much smaller than previously claimed, at least in temperate
regions, and in some situations increased N,O emission may negate any increase in stored C

(Powlson et al.,, 2011). However, detailed information from European studies on the

! http://cancun.unfccc.int/
2 http://newsroom.unfcce.int/



environmental benefits is sparse and disparate (Holland, 2004). To achieve the targets set
under the Kyoto Protocol,® overall GHG balance under variable inputs, soils and climatic
conditions should be estimated, including elucidation of factors that regulate the processes
that lead to the emission or removal of GHGs (Baggs et al., 2003; Six et al., 2004; Helgason
et al., 2005; Venterea et al., 2005) and identification of the management-induced trade-off
relations (Khalil and Inubushi, 2007).

Agriculture and associated disturbances regulate the distribution of carbon (C) and nitrogen
(N) pools. Among the GHGs, nitrous oxide (N,O) is a potent GHG with a global warming
potential (GWP) of 298 compared to methane (CH,;) (GWP-25) and carbon dioxide (CO,)
(GWP-1). Frequent soil disturbances such as tillage practices, fertilizer application and
harvesting regulate the turnover of C and N in agricultural soils, and contribute substantially
to GHG emissions (e.g. Richter and Roelcke, 2000). Nitrous oxide is produced mainly by two
microbial processes in the soil: (i) nitrification and (ii) denitrification, sometimes
simultaneously, and the main regulating factors are pH, temperature, oxygen status, soil
water, substrate supply, and so on (Conrad, 1996; Smith et al., 1998; Khalil et al., 2002;
Khalil and Baggs, 2005; Stehfest and Bouwman, 2006). Important C substrates that provide
an energy source for heterotrophic organisms (denitrifier), and produce N,O, are animal
manure and plant litter (Drury et al., 1998; Khalil et al., 2002; Rochette et al., 2008).

The end product of oxidation of C in organic materials is CO,, which is released primarily
from microbial decay, the burning of plant litter and soil organic matter (SOM) or lime
application, and is associated with soil disturbance and land-use changes (Janzen, 2004).
Methane is produced during organic matter turnover under oxygen-limiting conditions,
notably from histosols and rice grown under flooded conditions (Mosier et al., 1998). Under
aerobic conditions, both methanogenesis to form CH,; in anaerobic microsites and
methanotrophy to oxidize CHy in the interface to aerobic zones occur simultaneously, and are
associated with other driving forces (Chan and Parkin, 2001; Khalil and Baggs, 2005;
McLain and Martens, 2006). Soils can either be a net sink or source of CH,, depending on
moisture, N level and ecosystem (Chan and Parkin, 2001; Gregorich et al., 2005; Liebig et
al., 2005). In agricultural systems, particularly under upland conditions, CH, oxidation
prevails (Chan and Parkin, 2001; Abdalla et al., 2011; Khalil et al., 2012a) but may vary

® http://unfccc.int/kyoto_protocol/items/2830.php



dependent on management-induced spatial variability of GHG emissions. Thus,
understanding the association of controlling factors across the landscape, their interactive

relationships and site-specific soil conditions is vital (Oenema et al., 2001).

The IPCC Tier 1 approach is used to establish trends in GHG emissions (IPCC, 1996; 2006).
Tier 2 emphasizes the development of country and regional-specific emission factors (EFs)
for key activities. Tier 3 requires additional resources to develop more sophisticated
methodologies include modelling, which can lead to improvements in estimates of GHG
budgets. The higher tiers reflect more robust emission accounting, and are required to
identify specific mitigation options across land use management (LUM) and land-use change.
In transition to a Tier 2 approach, robust country-specific research and activity data are
needed to reflect the diversity of management practices. Further refinement should include
regional variations. This is also relevant to the Land Use, Land Use Change and Forestry
(LULUCF) sector. The quantification of baseline SOC stocks with soil depth associated with
the variety of land uses and practices is essential for assessing changes in SOC associated
with land-use change. This is highly pertinent for the sustainable management of soil and
thereby the identification of source and sink categories for offsetting GHG emissions. Tier 3
estimates of the GHG balance are based on an improved understanding of the relative
importance of country-specific different sink and source categories and their spatial
distribution. The current research explorestne use of dynamic models to develop
methodologies for SOC accounting and simulation of GHG emissions and removals. This
was to reflect the soil and environmental conditions correctly and provide more accurate

estimation of C and N emissions for inventory reporting.



2 Estimation of Organic Carbon Stocks in Agricultural
Soils in Ireland

2.1  Introduction

With reference to the Kyoto Protocol and accounting rules set out within the Marrakech
Accords,” it is important that revisions to inventory methodology are compatible with the
net—net accounting rules. This includes the comparison of emissions and removals during the
first (2008-2012) and second (2013-2020) commitment periods of the Kyoto Protocol from
cropland, grazing land management, and re-vegetation with the base year. This is highly
relevant to national SOC stock estimates where enormous uncertainty prevails, and where a
description of the vertical distribution of SOC with depth and its spatial variation is often
absent. The SOC distribution with depth has been examined by either: (i) grouping the
measurements into fixed depth increments or by (ii) fitting continuous functions to the data
(e.g. Omonode and Vyn, 2006). Pedotransfer functions and regression modelling, taking into
account soil, land use, drainage, climate, and so on, have been used to obtain a more
complete and detailed spatial distribution of SOC stocks (e.g. Meersmans et al., 2008; 2009).
Exponential functions have been used widely (e.g. Meersmans et al., 2009) while
logarithmic, power or polynomial functions have also been employed (e.g. Jobbagy and
Jackson, 2000).

In line with commitments under the UNFCCC, the Republic of Ireland (ROI) publishes
annual estimates of changes in SOC stock (McGettigan et al., 2011) using the IPCC Good
Practice Guidelines (GPG) Tier 1 methodology (due to limited country-specific data, except
forestry) but is committed to achieving Tier 2 or better methodology. In the ROI, previous
studies predominantly focused on grassland and interpolations of SOC values to map the
spatial distribution of SOC at a finer resolution using geostatistics and GIS techniques, but
were limited to characterisation of the near surface soil. Previous estimates of SOC stocks in
the ROI were derived mainly from: national data, including Co-ordination of Information on
the Environment (CORINE) land cover map; the General Soil Map (GSM); and UK datasets

* http:/lunfcce.int/cop7/documents/accords_draft.pdf



(e.g. SOC concentrations and bulk densities for a particular soil type) with limited spatial
resolution (Tomlinson, 2005; Eaton et al., 2008).

To reconcile the above discrepancies and the lack of information on SOC stocks for
disaggregated agricultural land covers and soil types, a more detailed spatial assessment of
baseline SOC stocks is required. Data on measured SOC concentrations and bulk densities
that would reflect the SOC stocks are essential. A combination of modelling and GIS
techniques provide a suitable technique for estimating soil C stocks of disaggregated
agricultural land covers (Cruickshank et al., 2000; Tomlinson, 2005; Eaton et al., 2008; Xu
and Kiely, 2009; Xu et al., 2011a; Zhang et al., 2011). The objectives of this study were to:

1 Collate spatially explicit pedon data and land areas for disaggregated agricultural land
covers available in the ROI,

2 Develop empirical models from measured data to estimate SOC concentrations and bulk
densities;

3 Estimate SOC densities (i.e. the product of SOC concentration and bulk density) for
selected grid-points of the NSDB using the models (from (ii) above), relating to the
various soil types; and

4 Calculate the national SOC stocks, disaggregated into grassland and arable lands using
the highest- resolution spatial data available.

2.2 Materials and Methods

2.2.1 Data Acquisition
Data for land cover, land use, soil type and SOC concentration and related properties were

collated to estimate the SOC densities and thereby stock (the product of SOC density and
land cover area) for disaggregated agricultural land covers in the ROI. Empirical models were
developed using available pedon data so as to estimate SOC densities at increments of 10 cm
down to 100 cm soil depth. To achieve this, currently available relevant higher spatial

resolution maps and databases were collected and the steps followed are shown in Fig. 2.1.
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Figure 2.1. Flow paths of methodologies to estimate organic C stocks in soils under disaggregated
agricultural land covers and to develop empirical models using measured pedon data
(NSDB=National Soil Database, SOC=Soil Organic Carbon, GSG=Great Soil Group, LPIS=Land
Parcel Information System, IST=Indicative Soil Type).

Measured SOC concentration data to a depth of 10 cm were acquired from the National Soil
Database (NSDB; Fay et al., 2007). Land cover at the sampling sites comprised of grassland,
arable, forestry and peat land types. In a later study, measurements of SOC concentration and
bulk density (pg) data to a depth of 50 cm were made at 69 selected sites of the NSDB (Kiely
et al.,, 2009). For validation of models, independent but limited datasets on SOC
concentrations and bulk densities, measured recently across soil depths (>100 cm) in Teagasc
(Irish Agriculture and Food Development Authority) projects were collated and interpolated
to match with soil depths (Richards et al., 2009; Diamond and Sills, 2011).



To integrate the measurement data (Kiely et al., 2009), the CORINE map was initially used to
identify land cover classes based on the year 2000.° Out of 44 land cover classes, a subset of
land cover classes as devised by Eaton et al. (2008) representing agricultural sectors
(grassland, rough grazing, arable and heterogeneous agricultural areas/other) was used. The
selected agricultural land covers in combination with ArcGIS (version 10, ESRI, Ireland)
were used to elucidate SOC contents derived from the NSDB within a land cover and also

between the land covers.

The NSDB was overlaid on the combined General Soil Map (GSM; Gardiner and Radford,
1980) and CORINE 2000 maps to estimate the SOC for a specific Great Soil Group (GSG)
under each given land cover. Ten GSGs (Brown Podzolics, Grey Brown Podzolics, Brown
Earth, Gleys, Podzols, Rendzinas, Lithosols, Regosols, Basin peats and Blanket peats)
predominantly fall within the agricultural land covers. Basin and Blanket peats were merged
into one as ‘peats’ while Regosols were omitted as they hold no agricultural land covers.
Based on the similarity/difference in soil properties, the first four and the next three were
classified as mineral and organo-mineral soils, respectively. The EPA Indicative Forestry
Soils map (the Indicative Soil Map’ [ISM]), was used to derive a set of Indicative Soil Types
(IST) for each combination of land cover/land use and GSGs. In this updated system, the
mineral soils are classified on the nature of their parent rock, deep or shallow, and wet or dry.
Peats are classified by location, elevation and evidence of human modification.

2.2.2 Data Compilation
To better represent the diversity of soil type and vegetation, the CORINE land cover, the

GSM and the NSDB spatial data were imported into ArcGIS. Buffer zones were defined with
a 1 km radius centred on the NSDB sample grid-points. To ensure that the SOC data from the
NSDB were representative of the local landscape, only those sample sites where the GSG and
the land cover identified by the NSDB soil survey team were consistent with >50% of the
GSG and land cover within the larger buffer zone were selected for further analysis. This
resulted in a subset of 1028 from the total 1310 NSDB sample points. These included 350 for
grassland, 51 for rough grazing, 46 for arable lands and 581 sites for other land cover type.
The SOC content (10 cm depth) in the NSDB was used as the only source of accounting its

densities/stocks for across land covers and soil types.

5 http://www.epa.ie/soilandbiodiversity/soils/land/corine/#.VFi4onYuLOM
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The data for both the SOC concentration and the bulk density (pq), measured by Kiely et al.
(2009) were sorted according to land cover and thereafter GSGs within a land cover, and the
data were interpolated with soil depth using non-linear relationships. To estimate SOC.
(baseline) stocks for the disaggregated land cover and soil type, the Land Parcel Information
System (LPIS) database (2004) maintained by Department of Agriculture, Food and the
Marine (DAFM) was sorted into two categories: (i) grassland and (ii) non-grassland, using
ArcGIS. A total of 703,181 grassland and 180,584 non-grassland polygons were identified.
These polygons were then integrated with the GSM and ISM, from which an estimate of land
areas for all soil types under a land use was derived. Areas for disaggregated agricultural land
covers were devised as: grassland (Pasture, Rough, Hay, and Silage) and arable crops
(Cereals, Roots + Tubers, Oilseed + Forage + Fodder + Silage, and Horticulture + Fruits +
others). The total area for grassland acquired from the LPIS was higher (4,333,008 ha) than
the area estimated by the Central Statistics Office (CSO, 3,881,000 ha). The proportions of
the CSO areas were considered to be more relevant for calculating the disaggregated areas for
grassland activities. The total area of agricultural grassland is best represented by the LPIS

analysis.

2.2.3 Development of Empirical Models
Empirical models were developed using the extended soil database of Kiely et al. (2009). The

SOC concentration and pgq with depth up to 50 cm measured were fitted with an exponential
function and extrapolated to 100 cm. Data for SOC and pg were arranged according to the
GSGs available under the agricultural land covers. Three approaches to develop empirical
models were:

1 Soil type specific (STS) based either on the mean value of several measurement points or
the measured single dataset available, and Land Cover Specific (LCS);

2 The mean value of GSGs under a land cover (LCS-Mean); and
3 All data points for GSGs under a land cover with removal of some outliers (LCS-All).
The rough grazing showed bidirectional profile of SOC content with depths, and an LCS-

mean was taken.

Soil organic carbon content at depths more than 10 cm were calculated using the empirical
models developed from distribution ratios of the measured/interpolated SOC with depth as:
z >10cm: SOC, = a ek*? x S0C,,, (Eq. 2.1)

11



Where SOC,=Soil organic carbon content (%) at z depth (from 10-100 cm); a and
k=Constants derived from the shape of the exponential part of the curve where ‘a’ is the
initial state and ‘K’ the scale/depth constant of proportionality; SOC,10=s0il organic carbon
concentration (%) at 10-cm depth from NSDB.

Owing to the unavailability of bulk density (pa; g cm™) in the NSDB, empirical models were
developed to calculate pq from the pedotransfer function (herein SOC), as:

z =10 —100 cm: p, = a e(F*50C2) (Eq. 2.2)

2.2.4  Soil Mass and SOC Density
The depth distribution models were used to estimate SOC content at the NSDB sample points

to 100 cm depth, but tightly constrained by the original 0—-10 cm measurement data in each
case. Where not available, the SOC contents across soil depths for the ISTs were derived
from the values of the respective GSGs. Following the estimation of SOC content across soil
depths for each soil type under the agricultural land covers derived from the NSDB, the soil
depth (z=cm) was multiplied by Equation 2.2 to get soil mass (SM,, t ha™) as:
SM, =z X p, x 100 (Eq.2.3)

Then, SOC content (%) for the respective incremental soil depth (0-100 cm) was multiplied
by Eq. 2.3 to calculate SOC density (t C ha), referring to SOCD (soil organic carbon

density), for each soil type (GSG versus IST) under the agricultural land covers chosen.

s0c,
100

SOCD, = SM, x (Eq. 2.4)

2.2.5 Total SOC Stocks in Disaggregated Agricultural Soils and National Estimates
Total organic carbon stocks (TOCS) for the respective soil type under a land cover were

pooled to represent specific reference soil depth (0-10, 0-30, 0-50 and 0-100 cm, except for

Rendzinas, which is assumed to be 50 cm due to the presence of rocks/gravels), as:
100

TOCSy_100 = Z SOCD(2)dz (Eq. 2.5)
0

The TOCS were calculated by multiplying the respective areas derived from the LPIS with
SOC stocks under a land use for grassland or a group of land use for arable lands using the
stocks for soil types under the land cover. For national estimates, the TOCS for other land

cover classes were adopted from Eaton et al. (2008).
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2.2.6  Statistical Analysis and Evaluation
The data and model outputs were subjected to statistical analysis to establish the potential

relationships between SOC content, bulk density, carbon stocks (where applicable) , soil type,
land cover and land cover classes, including for model validation. In addition to analysis of
the coefficient of variations (CV) comparing the degree of uncertainty for variables within
soil groups, two validation indices from the measured and predicted SOC content and bulk
density across soil depths i.e. relative mean errors (RME) and the root mean square error
(RMSE) were considered (Smith et al., 1997). In addition, the degree of closeness analysis
comparing the output from the empirical models of SOC content and pq to the measured
datasets and a validation of the empirical models developed using independent datasets were
performed. To test the significance of non-linear functional relationships, the In-transformed

linear bivariate fit (centred polynomial) model was followed.

2.3 Results

2.3.1 Initial Interpolation and Quality Evaluation
The initial interpolation of data showed a good fit of SOC to an exponential function (Range

of R?=0.90-0.99), whilst py to a natural logarithmic function (In, R*=0.76-0.99, majority
>0.85) and both were significantly correlated (Table 2.1). Overall, the 50 cm average
standard errors of means across land covers and soil groups were very small. The non-linear
functional relationships provided good estimates of SOC up to 50 cm depth (R®=0.93-0.99)
and pg (R?°0.76-0.99), with lowest pq for the Peats. The RME demonstrated slight under- and
over-estimations for SOC and pg (<1.2%) and especially a huge variation for SOC under
rough gazing (0.01- -13.04%). The RMSE was small for both variables under the most soils
under grassland and arable land covers (0.18-15.11%), with the exception of the Brown
Podzolics and Grey Brown Podzolics under grassland. The range of RMSE was also quite

high for all soil groups present under rough grazing (22.94-39.18%).
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Table 2.1. Initial verifications of the simulated values for soil organic carbon (SOC) and bulk density
(pg) with measured data (50 cm) used to develop models by relative mean error (RME, %), root mean
square error (RMSE, %) and coefficients of determination (R?).

Soil Gleys Podzols Brown Grey Brown | Brown Earth Lithosols Peats

depth Podzolics Podzolics

(cm) SOC [ pq SOC [ pq SOC [ pq SOC [ pq SOC [ pq SOC [ pq SOC_ [ oo
Grassland

SE 0.06 0.06 0.09 0.04 0.10 0.04 0.05 0.02 0.04 0.05 0.03 0.13
RME 0.93 <-0.01 0.68 <-0.01 -0.62 -0.60 -0.38 <0.01 -0.15 0.31 <-0.01 -0.67
RMSE  15.02 3.61 9.49 1.64 2751 324 22.94 2.24 11.20 2.15 0.18 6.67
R* 0.97 0.96 0.99 0.99 0.90 0.97 0.95 0.99 0.98 0.97 0.99 0.97
Rough grazing

SE 0.11 0.06 0.13 0.14 0.06 0.07 0.04 0.19
RME -0.41 <-0.01 -2.07 -6.07 -5.75 <-0.01 0.29 -13.04
RMSE  39.18 10.49 26.87 14.96 26.05 6.88 8.00 38.72
R?* 0.94 0.98 0.95 0.93 0.99 0.98 0.99 0.76
Arable lands

SE 0.13 0.09 - 0.07 0.03 0.10 0.08 0.07 0.06

RME 0.45 0.187 -0.75 <0.01 0.44 <-0.01 0.12 111

RMSE  9.41 1.20 11.26 1.10 15.11 3.36 10.68 3.76

R** 0.93 0.97 0.97 0.99 0.94 0.95 0.96 0.96

SE=Standard error (50 cm average); * Significant at <0.05 level of probability

2.3.2 Development of Empirical Models

2.3.2.1 Soil organic carbon estimates and validation of models
The exponential depth-distribution models, developed using soil-depth ratio functions, fitted

well for all GSGs under the agricultural land covers (Table 2.2). The R? of a STS approach,
explaining 87 to 99% of the variance at <0.05-0.001 levels of significance, confirmed these.
The k values (scale constant, cm™; negative) differed between the GSGs within or between
land covers. The models were validated with independent datasets separately for both up to
50 and 100 cm, covering major soil types, and found to have equal statistical agreements. The
models of mineral and organo-mineral soil types yield RME of <44% and RMSE of <61%.
with the exception of the model for Gleys soils under rough grazing, which showed larger
bias and low accuracy of the predictions. However, the R? was high, explaining 87% of the

variance, and was significantly correlated (p<0.05).
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Table 2.2. Parameters of depth distribution models derived from measured soil organic carbon
(SOC) ratio function to estimate SOC content (%) at lower depths based on its amount at the 0-10
cm in the NSDB (SOC (z £ 10 cm)=S0C,,o) and their statistical evaluations.

Soil type specific (STS)

Statistical evaluation for STS

Land Cover Specific (LCS)

Great Soil Group Equation (x SOC.10) | R? RME | RMSE | R? Mean | All data points
Grassland§

Gleys 12653 e(—0.0311) 0.99*** -14 53 0.88* 14556 e(—0.0372) 1499 e(—0.0AOz) X
Podzols 1.0769. g(0:029) 0.87* 32 36 0.99* X SOC,10 SOC,10
Brown Podzolics 1.5477. g003%) 0.99%** 6 26 0.97* R?=0.99%** R?=0.76***
Grey Brown  1.6339.e(0042 0.99%** 7 31 0.96*

Podzolics

Brown Earth 1.4895. g(0:05%) 0.99%** 4 26 0.96*

Lithosols 1.9668. g 008092 0.99%**

Rendzinas 1.2359. g00232)b 0.97***

Peats 1.4211. gt00c 0.99*

Sand 1.3456- 0% 0.95%*

Rough grazing8§§

Gleys 16975 e(-0.0421) 0.98** _78 128 087* 11531 e(-0.0ZOz) 11531 e(-0.0ZOz)
Podzols 1.5357. ¢00462) 0.99%*** -12 28 0.97* X SOC,10 X SOC10°
Brown Podzolics 1.1054. gt00tEa 0.96%** R?=0.98** R?=0.98**
Grey Brown  1.1054. (0022 0.96%**

Podzolics

Brown Earth NA

Lithosols 1.9668- g0 0.99%**

Rendzinas 1.2359. gt0022)0 0.97**

Peats 1.1457. ¢t000%) 0.95***

Sand NA

Arable lands

Gleys 12909 e(-0.0161) 091* 13518 e(-0.0le) 13535 e(-0.0le)
Podzols NA X SOC10 X SOC,10
Brown Podzolics 1.3993. gt0:02%) 0.93** R?=0.95*** R?=0.83***
Grey Brown 1.4355. 002 0.96** -44 61 0.94*

Podzolics

Brown Earth 1.3217. t0022) 0.98**

Lithosols NA

Rendzinas NA

Peats NA

Sand NA

z=s0il depth (0-100cm); NA=not available;
Error (%); R°=Coefficient of determination; *, **, *** Significant at <0.05, 0.01 and 0.001 levels of
probability. § For grassland: a=derived from rough; b=derived from IFS 12, 22 and 31, representing Brown
Earth & peat mineral; c=derived from both grass and peat, 8§ For rough grazing: a=derived from Gleys

(IFS 41); b=derived from grassland; c= mean taken due to huge variations

RME-=relative mean error (%); RMSE=Root Mean Square

The LCS models also showed very high prediction power for SOC with depth (R*“0.83-0.99;

p<0.01-0.001). A comparative study between the STS and LCS models demonstrated little
variations in SOC within a land cover, but some over- or under-estimations for a specific
GSG under a land cover were observed (data not shown). Thus, STS models were finally
adopted to estimate the SOC concentration (%) to 100 cm using the 10-cm depth values
available in the NSDB. Based on the SOC concentration of 0—10 cm depth available in the
NSDB, the estimated concentrations (mean) using the depth-distribution models (STS) for the
acquired GSGs under a land cover varied significantly (p<0.05-0.001) with depths between

soil types within a land cover as well as between land covers (Fig. 2.2a,b,c).
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Figure 2.2. Estimated (mean) soil organic carbon (SOC) concentration (%) and bulk density (g cm™)
of the Great Soil Groups (GSG) except peats with soil depth under major agricultural land
cover/use: (a, d) grassland, (b, e€) rough grazing, and (c, f) arable lands. Within GSGs under a land
cover/use, the standard error (SE) for SOC content and bulk density is the averaged SE of 0—100 cm
profile.
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2.3.2.2 Bulk density estimates and validation of models

Table 2.3 shows the STS and LCS empirical equations to estimate pyq from pedotransfer
function (SOC) for individual GSGs within land-cover data. Regardless of land covers, the k
values varied between the GSGs and the R? were greater than 90% of the variance except for
the Peats and Rendzinas under grassland/rough grazing (p<0.05-0.001). Statistical evaluation
of the models showed an RME of <21% (£) and an RMSE of <22% except for Podzols under
rough grazing (45%). The R? (except for Brown Podzolics and Brown Earth under grassland)

were also high and significantly correlated (p<0.05), explaining >84% of the variance.
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Table 2.3. Estimate parameters for soil bulk density (py) derived from measured pedotransfer
function [soil organic carbon (SOC), %] across soil depths and their statistical evaluations.

Soil type specific (STS) Statistical evaluation for | Land Cover Specific (LCS)
Great Soil Group STS
Equation (x SOC,10) | R? RME | RMSE [ R® Mean | All data points
Grassland§
Gleys 1.466- ¢0005350¢) 0.99** 10 14 0.87*  1.3342. 075900 1 3699. gl007650C2)
2 2
Podzols 1.5001. g(08150C) (g5 4 6 098«  R=0.997 R=0.70***
Brown Podzolics 1.1272. gl003850C2) 0.93** 4 9 0.68*
Grey Brown 1.3828. g(008250C2) 0.99%** 12 14 0.81*
Podzolics
Brown Earth 1.2542. gt0.05050C2) 0.99** 18 22 0.74*
Lithosols 0.7437. gt0027s0cna (. 91*
Rendzinas 1.2177. gt0057s0cab 0 g5*
Peats 1.4045. e(-0‘048-SOCz)c 0.86**
Sand 11701 e(-().313-SOCZ) 0_90**
Rough grazing8§§
Gleys 15232 e(-0.0?S-SOCz) 0_95** 3 18 085* 1624 e(-0.064~SOCz) 1624 e(-0.0GAvSOCz)d
Podzols 0.9749. gl-0.067:50¢2) 0.97* 21 45 0.93* R?=0.98** R?=0.98**
Brown Podzolics 1.5232. gl007550Ca g g7**
Grey Brown 1.5232. g007380C9a 0 g7**
Podzolics
Brown Earth NA
Lithosols 0.7437- gt0.027:80¢2) 0.95*
Rendzinas 1.2177. gt0057s0cab 0 85*
Peats 1.4045. gt0048socze 0 8g*
Sand NA
Arable lands
Gleys 15257. gH00%250¢) 0.98* 1.4018- et0%259%) 1 6296. gl *15750%2)
Podzols NA R?=0.98** R?=0.73%**
Brown Podzolics 1.0454. gt0-01650¢7) 0.93*
Grey Brown 1.6925. gt015250¢2) 0.97** -7 10 0.84*
Podzolics
Brown Earth 1.4289. g010550¢7) 0.99***
Lithosols NA
Rendzinas NA
Peats NA
Sand NA

z=soil depth (0-100cm); NA=not available; RME=relative mean error (%); RMSE=root mean square error (%);
R?=Coefficient of determination; *, **, % Significant at <0.05, 0.01 and 0.001 levels of probability. §For
grassland: a=derived from rough grazing; b=derived from IFS 12, 22 and 31, representing Brown Earth & peat
mineral; c=derived from both grass and peats. §8For rough grazing: a=derived from Gleys (IFS 41); b=derived
from grassland; c=derived from both grass and peat; d=mean taken due to large variations.

The model based on mean values of all GSGs, labelled LCS (Mean) in Table 2.3, under the
land covers, explained >98% of the variance (p<0.01-0.001), whereas when the individual
data points under each land cover, labelled LCS (All), resulted in a lower predictive power
for pg from SOC, particularly for grassland and arable land (R?=0.70 versus 0.73; p<0.001)
than with LCS (Mean). The estimated pq (mean) using the STS pedotransfer function for the
corresponding soil depths of GSGs under a land cover/use varied significantly (p<0.05-

0.001) between soil types within a land cover as well as between land covers (Fig. 2.3d,e,f).
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Finally, the STS empirical models were adopted to estimate soil mass for individual soil

types and thereby SOC density for disaggregated agricultural land covers.

2.3.3  Soil Organic Carbon Density Variations
Under grassland, large differences in SOC density up to 60 cm soil depth between the GSGs

were detected, being significantly (p<0.001) greater in the Peats across soil depths and in the
surface and bottom layers of the Rendzinas (data not shown). The Lithosols had higher SOC
density but decreased substantially at the deeper layers. There were mostly insignificant
variations among the Gleys, Brown Podzolics, Grey Brown Podzolics and Brown Earth.
Under rough grazing, the SOC density for the Peats was significantly (p<0.001) higher than
other soil types (except Lithosols) in the surface layer. For the Lithosols it was higher in the
surface soil only though it did not differ significantly with other soil groups. The Brown
Podzolics and Rendzinas demonstrated higher SOC density in the surface only but varied
insignificantly from the Grey Brown Podzolics and Gleys. The Podzols had SOC values
significantly lower from 30 cm downwards than in the other soil types with the exception of
Lithosols. Under arable lands, the overall SOC densities were smaller than those under rough
grazing and grassland — except for the Peats, which were significantly (p<0.001) different
from other soil groups. Soil organic carbon densities across soil depths were estimated to be
higher for the Gleys but similar to the Grey Brown Podzolics, Brown Earth and Brown

Podzolics.

When the SOC values for the Peats were combined with the other soil groups, huge
differences between the land covers were found, with CV ranging between 58 and 163%
(data not shown). Rough grazing had the highest SOC density up to 100 cm depth over
grassland and arable lands, and they varied significantly (p<0.001). When the Peat data were
removed, the CVs reduced to 46 and 67%. Under rough grazing, the SOC density was again
significantly (p<0.001) higher throughout the profile than for the other two land covers, with
significant (p<0.001) variations only at the surface soil. For arable lands, significant
(p<0.001) increase in SOC density from 70 cm depth downwards over grassland was found.
For the Peats, the average of land covers reduced the huge variations to 65%, but the SOC

density mostly differed significantly (p<0.001) across soil depths between land covers.
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The model-based estimates of SOC density varied significantly (p<0.001) and for grassland
(on average including rough grazing and without Peats), it was 52.2, 127.1, 170.9 and
213.8 t ha™ at the 0-10, 030, 0-50 and 0-100 cm reference depths, respectively (Table 2.4).
The corresponding amount for arable lands was significantly lower (29.9, 81.3, 117.6 and
167.5 t ha™). Relative to grassland (land use factor of 1), the SOC references at the 0-30 cm
depth of mineral soils under arable are 0.67, corresponding to 40 t C ha™ lower than grassland
soils; and under rough grazing is 1.51, corresponding to 62t C ha™ higher than grassland
soils.

Table 2.4. Estimates of soil organic carbon (SOC) density (tonne per hectare) derived from the
respective GSGs under grassland, rough grazing and arable lands with and without Peats, with
standard error (SE) of mean and coefficient of variation (%) in the parenthesis.

Reference | SOC density + SE (t C ha™)

soil depth | Grassland Rough grazing Grassland + Rough grazing | Arable lands

(cm) (average)

With peat

0-10 52.3 +0.9c (26) 78.6 +2.3a (29) 56.0+0.9b (32) 39.1+2.3d (78)
0-30 124.7 + 2.7¢ (29) 228.3 +6.7a (28) 139.1 +2.5b (39) 109.2 + 6.7c (84)
0-50 164.5 + 4.7¢ (32) 363.4 + 11.6a (35) 1925+ 4.3b (50) 165.6 + 11.7bc (94)
0-100 204.1 £+ 10.9c (60) 641.3 + 27.0a (52) 265.0 +10.1b (85) 268.6 + 27.3bc (120)
Without peat

0-10 50.9 + 0.6b (22) 95.1 +2.0a (18) 52.2£0.6b (24) 29.9+1.6¢c (33)
0-30 1215+ 1.7b (25) 183.2 +5.5a (17) 127.1+1.7b (28) 81.3+4.5¢c (34)
0-50 160.6 + 2.8c (28) 274.0 +8.8a (37) 170.9 +2.7b (34) 117.6 +7.2d (33)
0-100 194.9 + 4.7¢ (47) 404.1 + 15.0a (44) 213.8 +4.5b (47) 167.5 + 12.2c (33)

The mean values followed by the same letter are not significantly different between the land uses

2.3.4  Total SOC Stocks in Disaggregated Agricultural Land Cover and National Estimates
Being the dominant land use under grassland, pasture had a higher SOC stock of 139.4,

332.1, 441.3 and 537.1 Tg at 0-10, 0-30, 0-50 and 0-100 cm soil depths, respectively (Table
2.5). The nation total in the ROI (the sum of disaggregated grassland) SOC stocks (TOCS)
for grassland was estimated to be 246.9, 608.1, 829.5 and 1079.3 Tg at the corresponding soil
depth. Cereals, which were the dominant land use under arable lands, had a SOC stock of
10.6 for the 0-10 cm, 28.7 for the 0-30 cm, 40.2 for the 0-50 cm and 52.2 Tg for the 0-100
cm soil depths, which was several times higher than the estimate for other crops. The TOCS
for arable lands was 13.5 for the 0-10 cm, 36.7 for the 0-30 cm, 50.2 for the 0-50 cm and
67.0 Tg for the 0-100 cm soil depth.
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Table 2.5. Areas (ha, hectare) and soil organic carbon (SOC) stocks (Terragram, Tg) for
disaggregated land-use classes under grassland and arable lands derived from Land Parcel
Information System (LPIS, 2004) and their total estimates at four reference depths.

Land Disaggregated, grouped land | Area (ha) SOC stocks (Tg) at a reference depth (cm)
cover cover/use LPIS (2004) | CSO (2004) 0-10 | 0-30 | 0-50 | 0-100
Grassland
Pasture 2,476,435 2,218,100 139.4 3321 441.3 537.1
Rough 506,318 453,500 33.6 97.9 150.5 240.4
Hay 211,012 189,000 11.2 27.5 374 47.1
Silage 1,139,243 1,020,400 62.7 150.6 200.3 254.6
Total* 4,333,008 3,881,000 246.9 608.1 829.5 1079.3
Arable Cereals 319,955 310,100 10.6 28.7 40.2 52.2
lands Roots + Tubers 41,054 49,700 13 36 43 6.6
Oilseed + Foliage + Fodder 30,103 36,900 1.0 2.7 3.6 5.1
Horticulture + Fruit + Other 18,496 26,100 0.6 1.7 2.1 3.2
Total 409,608 422,800 13.5 36.7 50.2 67.0
Grand total 4,742,616 4,303,800 260.5 644.8 879.8 1146.2
National estimates SOC stocks (Tg) at a reference depth (cm)
0-30 | 0-100 | 0-100+ (>100 for peats)
This study** 888 1832 2824
Eaton et al. (2008) 728 1469 2437
Tomlinson (2005) — 2021

* The proportions of CSO are taken for best estimation of land-use classes in the LPIS (2004). For
disaggregated CSO under arable, fodder beet is included under Roots and Tubers. ** For comparison, land-use
areas under CORINE 2000 used by Eaton et al. (2008) and Tomlinson (2005) were taken.

The TOCS for grassland and arable lands were summed with the other land cover classes
from Eaton et al. (2008) to calculate national stocks. A TOCS of 888 for the 0-30 cm and
1832 Tg for the 0-100 cm soil depth were found (Table 2.5). For the complete soil profile
that includes peats >100 cm depth (0-100+) using the values from Tomlinson (2005) and
Eaton et al. (2008), our estimated TOCS is 2824 Tg. Grassland accounted for 68.5% for the
0-30 cm, 58.9% for the 0-100 cm and 38.2% for the 0-100+ cm soil depth of the total
national stocks. For arable lands, this amount was 4.1% for the 0—30 cm, 3.7% for the 0-100
and 2.4% for the 0-100+ cm soil depth, and the remaining accounted for other land cover

classes.

2.4  Discussion
The depth distribution models based on exponential functions developed using the data of
Kiely et al. (2009) perform well, explaining 87 to 99% of the variance. The total error and

bias differences between measured and simulated values were mostly <61% and correlated
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highly significantly. This indicates that these empirical models can estimate SOC across soil
depths reliably, particularly for mineral and organo-mineral soils. Despite the high R?
(>87%), the large SOC variability for the Gleys under rough grazing specifies that the
amount of independent datasets should be land use specific and large enough to validate a
model. The LCS models show a little variation for SOC within a land cover type compared to
the STS models. Use of a single empirical equation to describe SOC might not capture the
importance of land cover and soil type, which is in line with Xu and Kiely (2009). The
empirical models developed to estimate py from the pedotransfer function (SOC) are
applicable for each GSG within a land cover, which is in accordance with the statistical
evaluation of the model’s predictability with total error and bias of <45%. Exponential
functions provided the best fit to the measurement data, in agreement with others (e.g.
Meersmans et al., 2009; Xu and Kiely, 2009). To minimise uncertainty within a soil type and
to better represent a soil type under a land cover/use, the soil-type specific models explaining
more than 86% of the variance were adopted to estimate SOC below the surface layers and ps

from SOC across soil depths.

Analysis based on the GSGs shows that SOC densities in mineral soils (Gleys, Brown
Podzolics, Grey Brown Podzolics, Brown Earth and somewhat Podzols) — particularly under
grassland and arable lands — are similar but vary with the amount across soil depths. In a few
instances, there is evidence of organo-mineral soil layers, particularly within Lithosols and
Rendzinas. However, influences of particle-size distribution, bulk density, elevation and
climatic conditions, including rainfall distribution, which regulate the degree of
decomposition and thereby organic C accumulation in soils, are thought to be important
factors for long-term SOC stocks (Meersmans et al., 2009). Unlike under grassland, the SOC
density for the Peats under rough grazing and arable lands provide a reasonable estimate.
Arable crops are generally not grown on peat soils, and errors associated with GSM should be
corrected through reinvestigation. Despite some variations within the organo-mineral soils
under all land covers near the surface layers, the models provide a good estimate of the SOC

concentration and thereby density across the soil depths.
A high spatial variability (CV of 50%) for SOC density in grassland compared to arable lands

has been reported by Cannell et al. (1999) where soil samplings with depths had a large
contribution (Chevallier et al., 2000). In our study, Peats played a key role in uncertainty and
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the separate analysis of Peats reduced the CV in the analysis of the other soil groups to 28%.
The average estimate of three land covers for the Peats, with CV of 65%, may be used for a
realistic estimate under the agricultural land covers. The large SOC variability for the Peats
suggested that it is useful to separate analysis of Peats from other soil types, including the
requirement of a large number of sampling sites. Our estimate is consistent with the IPCC
default values (IPCC, 1996; 2007) for the SOC references at 0—30 cm depth of the mineral
soils under arable lands relative to grassland (considering land-use factor of 1). The factor for
rough grazing is higher (1.51) than the ‘IPCC natural reference=1" but this probably reflects

the poor-quality high peat content of these low-productivity soils.

On average, the SOC density for all soils (excluding peats) under grassland (including rough
grazing) is greater for the 0-10 cm and 0-30 cm (11 versus 4%) but lower for the 0-50 cm (-
4%) than the estimates of Xu and Kiely (2009). Considering the 0-30 cm versus 0-100 cm
depths, it is 27 and 7% greater than estimates of others (Bradley et al., 2005; Eaton et al.,
2008). In this study, the estimated amount of arable lands is 34 and 24% lower compared to
reference depths estimated by Xu and Kiely (2009) but higher by 8 and 25% compared to the
amounts estimated by Bradley et al. (2005). The main reasons for the SOC density
differences with ours are most likely the use of a common equation, variable data sources,

absence of land cover/use as variables and inclusion of peats/peaty soils in their calculations.

Considering the 0—-100 cm depth values, our estimate for SOC density for grassland (without
Peats) is 16% greater than for arable lands, which is similar to the estimates (16%) in Great
Britain by Cruickshank et al. (1998). The inclusion of values for rough grazing raises the
estimate to 28%, which is lower (except for the latter conditions) than the estimates (24—
43%) made by others (e.g. Meersmans et al., 2009; 2011). When Peats are included, the
estimate for grassland SOC density either increased or decreased at deeper depths over arable
lands, again implying separate accounting of Peats for reliable estimates of SOC density.
Grassland is the dominant land cover in the ROI and pasture SOC stocks account for 50% of
the total grassland stocks, silage (24%), rough grazing (22%) and hay (4%). In comparison
with Eaton et al. (2008), our estimates for the 0-30 cm and 0-100 cm depth are 61 and 79%
higher. Moreover, our estimates are 38% at the 0—10 cm, 32% at the 0-30 cm and 24% at the
0-50 cm higher than the estimates of Xu and Kiely (2009). Although cattle-grazing and
silage under grassland is the dominant land use, the high amount of SOC in soils under rough

grazing prompted us to estimate the carbon stocks under rough grazing separately in this
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study, in contrast to the approach taken in other studies (Eaton et al., 2008; Xu and Kiely,
2009).

In this study, for the first time for the ROI, the higher-spatial resolution data were used to
estimate the total SOC stocks for the selected soil depths under disaggregated agricultural
land covers. The estimated national SOC stocks of 888 and 1832 Tg at the 0-30 and 0-100
cm soil depth are considerably higher (22 versus 25%) than previous estimates (Eaton et al.,
2008). For the 0—30 cm soil depth, our estimate is slightly lower (2%) than that of Xu and
Kiely (2009). Considering the complete soil profile by taking values for other sectors from
Eaton et al. (2008), the total SOC stock 2824 Tg is 16 and 40% higher than the estimates of
Eaton et al. (2008) and Tomlinson (2005), respectively. The advantages of the findings of Xu
and Kiely (2009) over the previous studies are mainly in terms of the use of measured data.
Compared to the current research, they have reported similar estimates of national SOC
stocks, but lack information for the 0-100 cm depth. However, the SOC density differences
found by Xu and Kiely (2009) between the land cover classes seem unrealistic and may
constrain their future use in carbon accountings for agricultural soils. In this study, the
methodological approaches used take into account the SOC variations across soil depths, and
the estimates of its stocks are consistent with — but larger than — previous estimates.
Compared to the previous approaches, the empirical models developed here represent
disaggregated land-use classes and soil types. Thus, these models can potentially be used to

estimate SOC stocks, particularly the changes occurring in the LULUCF.

2.5 Conclusions
The exponential relationships derived from the measured SOC concentration and bulk density
data provide the best estimates of SOC and pq4 for mineral and organo-mineral soils. The large
variability of SOC content for the peats across land covers makes it necessary to analyse peat
separately from other soil types to minimise this uncertainty. Soil type specific models can
estimate SOC at depths below the surface layers. Bulk densities can then be estimated from
the estimated SOC across soil depths with less ambiguity within a soil type and also under a
land use. The higher spatial resolution data for land-use areas, providing disaggregated
agricultural land covers, offer advantages over the CORINE map. Soil disturbances
associated with arable lands lead to lower total SOC stocks than for grassland, having

enormous potential to offset GHGs from other sectors and/or opportunities to claim carbon
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credits. The estimated baseline SOC stocks for disaggregated agricultural land covers could
be useful for the LULUCF accounting, including the supply of stratified input data for use in
any ecosystem model and their verification. Results imply that the methodological
approaches of the present study can provide robust estimates of SOC stocks for the

development of Tier 2, and thereby for associated land-use changes.
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3  Simulation and Sensitivity Analyses of Greenhouse
Gases using the ECOSSE Model

3.1  Introduction
In the ROI, agricultural activity is estimated to be responsible for approximately 30% of
anthropogenic GHG emissions (Duffy et al., 2011). Despite a recent decrease in national
GHG emissions (Duffy et al., 2011), agricultural emissions remain a key component of
Ireland’s emissions profile. In line with the commitments under the UNFCCC, the ROI
publishes annual estimates of agricultural GHGs mainly using IPCC GPG Tier 1
methodology, but is committed to developing Tiers 2 and 3 using the activity data currently
available. Many factors are linked to a model’s capability of reproducing exchange processes
in an ecosystem with particular reference to the simulation of N,O emissions. Evaluation of a
model’s performance is a challenging task, and its reliability depends mainly on validation
against measured high-quality activity data and the addressing of relevant issues. Data
collection across land use, soil type and management is time consuming and expensive. A
process-based model which takes into consideration the most vital processes for producing
GHGs and represents the influence of field and management conditions is an alternative

approach for overcoming the these problems.

There are fundamental functional relations between organic C and N derived from either
inorganic or organic sources towards GHG emissions (Khalil and Inubushi, 2007). Inputs
(above- and below-ground C and N), short-term management history and detailed
measurement data for N,O, CO,, and CH, as well as ancillary information such as soil water
content, soil temperature, changes in mineral N and C content are keys for evaluating models
(Del Grosso et al., 2009). The application of inorganic and organic fertilizers, tillage intensity
and type, crop rotation and cover crop are major management practices that regulate the
degree of GHG emissions from arable fields. However, linkages between the sources and
sinks processes influenced by different management approaches might offset the benefits,
particularly of storing soil C, through enhanced emission of one or other of the non-CO,
GHGs (Johnson et al., 2005; Khalil and Inubushi, 2007). A process-based model could take
into account the functional relations and would provide a flexible and structured way for
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assessing how different scenarios and measures for land-use management and change can
affect GHG emissions and soil C dynamics. From the viewpoint of climate change, the
pivotal component is to enable the integrated assessment of net GHG fluxes to elucidate
overall management impacts and thereby find mitigation options. To enable a realistic
simulation of C and N emissions, all important agricultural activities, having either a major or
minor impact, should be considered. Sensitivity analysis for land-use types, site
characteristics (soil properties) and major N fertilizers are indispensable criteria for

improving the value of a model’s performance.

In the ROI, the current research focus is on the simulation of GHG emissions and balance
estimates for Agriculture and LULUCF, including the reduction of uncertainty in their
estimates. Several process-based models are used to simulate GHGs where complex
processes and interactions in the ecosystems are well thought out (DNDC, DayCent, PASIM,
etc.). The recently developed ECOSSE model (Smith, 2010) has several advantages
compared to many other process models — including a requirement for limited metrological
and soil data to run, (Smith et al., 2010). It can simulate the impacts of land-use and climate
change on C and N emissions/stores for both mineral and organic soils at the field through
national scales. In the ROI, spring barley is the principal cereal crop, occupying 84% and
56% of the total spring cereals (barley, wheat and oats) and total cereals, respectively grown
in 2009 (CSO, 2011). The ECOSSE model was initially adapted to predict coupled C and N
emissions from spring barley field. The main focuses of this work were to:

1 Simulate N,O, CO, and CH,4 emissions from spring barley field and validate the
ECOSSE model outputs with measured data;

2 Evaluate the performance of the model in simulating SOC stock changes in
comparison to literature data available across temperate regions; and

3 Test the sensitivity of the model for coupled GHG emissions and SOC stock changes
to site characteristics and land-use managements.

3.2 Materials and Methods

3.2.1 Study Sites
Data on inputs and management practices were collected from field experiments (small and

large plots) conducted at the Teagasc Oak Park Research Centre, Carlow, Ireland. The soil
(0-10 cm depth) at Oak Park site is classified as a sandy loam (overlying loam) in texture,
free draining, and Euteric Cambisol (Grey Brown Podzolics). Detailed site characteristics

(and some managements), which may differ with others (Abdalla et al., 2009; 2012) due to
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averaged out of samples taken from both small and large plots/fields are given in Table 3.1.

Thirty years (1982-2011) annual mean rainfall, air temperature and potential

evapotranspiration measured from the nearby weather stations (Kilkenny and Oak Park

Carlow) by Met Eireann were also used as inputs to run the ECOSSE model.

Table 3.1. Site characteristics of experimental field.

Location

Latitude—Longitude

Mean annual air temperature (°C)
Mean annual precipitation (mm)
land-use history

Soil type (FAO/Irish GSG)

Soil texture: 0-10/0-25 cm

Clay (%): 0-10/0-25 cm

Silt (%): 0-10/0-25 cm

Sand (%): 0-10/0-25 cm

Bulk density (g cm™): 0-10/0-25 cm

Total soil organic carbon (kg ha™): 0-10/0—
25cm

Total inert soil organic carbon (kg ha™): 0—
10/0-25 cm

Soil pH: 0-10/0-25 cm

Available water (AW) at field capacity
(mm): 0-10/0-25 cm

Water content at saturation (%): 0-10/0-25
cm

Water content at field capacity (%): 0—
10/0-25 cm

Water content at wilting point (%): 0-10/0—
25cm

Initial NH, and NO; (kg N ha™): 0-10/0-25
cm

Annual atmospheric N deposition (kg ha™)
Slope (%) and water table depth (cm)

Depth of impermeable layer (cm) and
drainage class

Oak Park, Carlow

52°86' N — 6°54' W

9.8

870.5

Cereals (15 years), croplands (50 years), received
140-160 kg N ha® in 2003 and the year before.
Spring barley since 2000.

Euteric Cambisol/Grey Brown Podzolics

Sandy loam

15.13/14.73

25.63/33.73

59.24/51.55

1.42/1.46)

19,912/42888

3,863/8163

7.24/7.35
22.69/55.13

47.21 (AW=29.51mm)/45.56=113.87 mm
(AW=71.17)

4039 (AW=22.69 mm)/38.97=97.43 mm (AW=
54.73mm)

17.70 (=17.70 mm)/17.08=42.7 mm

2.8/6.92 and 9.5/ 23.17
11

0.004% from vertical and 240
>150 and High

3.2.2  Description of Field Experiments

An experiment was carried out in small plots to determine the impact of N fertilizer

application rates on N,O and CH, fluxes and ancillary properties (e.g. mineral N, soil water

content). Eddy Covariance (EC) for the measurement of soil/ecosystem respiration (Reco) Was

installed in a large plot (~2.5 ha), receiving the highest rate of N fertilizer (135-159 kg N ha’

1, next to the small plots. The depth of conventional tillage (CT) was 22—25 cm (mouldboard

ploughing), which was done prior to planting. The crop residues were chopped and left on the
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field following harvest of each crop (July or August) over the autumn and winter period
(Table 3.2). A light tilling was considered for the CT treatment required to sow seeds (spring
barley, var. Tavern or Quench) using cultivator drill followed by rolling. N fertilizer was
applied in the form of calcium ammonium nitrate (CAN). The experiment was arranged in a
complete randomized block design with four replicates (details can be found elsewhere:
Abdalla et al., 2009, 2010a, b, 2012). The amount of N applied varied somewhat from year to
year (2004-2006) and splits into two from 2005 onwards. The unfertilized control started in
2003 and, prior to that, the whole field received 140-160 kg N ha™.

3.2.2.1 Measurements of N,O, CO, and CH,
During the 2004-2005 experimental periods, seasonal (crop growth period; April to August)

measurements of N,O concentrations were carried out using a closed chamber method. Gas

Table 3.2. Inputs and management practices (EC=Eddy Covariance/large plot received highest N
rate).

Land use Spring barley (var. Tavern or Quench)
Date of previous crop 17/08/03

harvested

Type and depth of tillage ~ Conventional (22-25 cm)

practices

Date of tillage practices 19/02/04 and 25/03/04; 09/03/05 and 14/03/05; 10/03/06 and 19/03/06;
(Ploughed and light till) 24/02/07 and 18/03/07; 22/02/08 and 19/03/08; 18/02/09 and 18/03/09;
02/03/10 and 08/03/10; 02/03/11 and 08/03/11

Date of sowing 26/03/04; 16/03/05; 20/03/06; 21/03/07; 20/03/08; 19/03/09; 09/03/10;
09/03/11

Residue incorporation 3.0t DM ha(1.32 t C ha), chopped and left on the field; incorporated
during tillage operation only

Type of N fertilizer Calcium Ammonium Nitrate (CAN)

Number of fertilizer 2003-04: 1; 2005-11: 2

application

Fertilizer N rates (kg N 2003: 140; 2004: 0 and 140; 2005: 0 and 159 (106 + 53); 2006: 0 and

ha™) 140 (90 + 50); 2007—2011: 0 and 135 (67.5+ 67.5)

Date of fertilizer 27/04/04; 12/04/05 and 10/05/05; 12/04/06 and 11/05/06; 20/04/07 and

application 10/05/07; 16/04/08 and 15/05/08; 21/04/09 and 22/05/09; 13/04/10 and
07/05/10; 04/04/11 and 10/05/11

Date of harvest 17/08/03; 17/08/04; 09/08/05; 09/08/06; 17/07/07; 22/08/08; 12/08/09;

06/08/10; 14/08/11

was sampled at 0, 30 and 60 minute intervals between 9 and 11 a.m. every week and more
intensively (twice a week) following fertilizer application and measured using a gas
chromatography (Abdalla et al., 2009). Following the two-year gap, gas samples for the
measurement of both N,O and CH, were collected from September 2008 to September 2010

and from April 2009 to September 2010 respectively, where small cylinder steel chambers,
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with 18 replicates were used (Abdalla et al., 2012). Gas was sampled weekly during the crop
growth period and less frequently (2—-3 weeks) during the fallow period. Soil respiration (CO,
effluxes: Reco) Was measured daily using EC from 2003 onwards, but processed data were
available until 2007. The ECOSSE model can predict soil heterotrophic respiration (Ry, CO,
emissions) only. For comparison and validation with measured data, Rec, measured by EC
from the large fertilized field was transformed to Ry using DailyDayCent fractions. Gas
samples were also collected from the large plot for the measurement of N,O and CH,4 but

only the latter was included owing to flux trends found to be similar to the small plots.

3.2.2.2 Ancillary measurements
Gravimetric soil water content (% dry weight) was measured at locations adjacent to each

chamber placement at the 0-10 cm depth using a WET-2 Sensor connected to a HH2
moisture meter (both Delta-T devices, United Kingdom). The measured values were

transformed to water-filled pore space (WFPS) using the following equation:

9*6b

%p
1-27)
Sp

WFPS (%) = —=5- 100 (Eq. 3.1)

Where, d; is the measured bulk density (g cm™), dp s soil particle density (2.65 g cm™®) and 6
is the measured gravimetric water content (%). Soil up to 20 cm depth was also sampled
during gas samplings and on other occasions to determine soil mineral N using standard

laboratory methods. A ratio function was used to achieve values for the 0-10 cm depth.

3.2.3 ECOSSE Model Descriptions
The ECOSSE (Estimating Carbon in Organic Soils — Sequestration and Emissions) model

(Smith, 2010) was developed to simulate SOC in highly organic soils from concepts
originally derived for mineral soils in the RothC and SUNDIAL models. The ECOSSE
contains additional descriptions of a number of biogeochemical processes in mineral soils,
including simulation of anaerobic processes in organic soils (Smith et al., 2007, 2010). It uses
a pool type approach, and all of the major processes of C and N turnover in the soil are
included using simple equations driven by readily available input variables. It is a tool for
site-specific simulation without high loss of accuracy and makes full use of the limited
information that is available to run models at a national scale. Any data available describing
SOC, soil water, plant inputs, nutrient applications and timing of management operations are
used to drive the model. In the case of missing information, it can still provide accurate
simulations of GHGs (N,O derives from nitrification and denitrification, CO, corresponds to
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Ry and CHy4 through a balance between methanogenesis and methanotrophy) and changes in
SOC stocks. It can deal with both organic and mineral soils, providing more accurate values
of net change to soil C and N in response to changes in land use and climate. This model
considers variations for outputs by calculating them on each soil layer for each time step.
Thus, it may be used to inform GHG inventories at the field and national scales, assess
mitigation options and make policy decisions. The ECOSSE version v5.0 updated in 2012
was used for this study.

3.2.4  Sensitivity Analysis
For sensitivity analyses, key driving variables such as site characteristics (SOC, bulk density,

clay, pH, available water) and management (tillage practices, major N fertilizer types and
rates) were selected. As it can commonly be seen and based on the database of Khalil et al.
(2012a), the sensitivity of the model ouput to a specific parameter was assessed based on an
extreme but realistic value of the parameter while other parameters were kept constant.
Tillage practices included as inputs were conventional (22-25 cm depth), non-inversion
(reduced=15 and minimum=7.5 cm depth) and zero tillage. In addition to CAN (main N
fertilizer followed by urea used in Ireland), others like ammonium sulphate and potassium
nitrate were also taken to estimate the response of GHG emissions to both ammonium and

nitrated-based fertilizers.

3.2.5 Statistical Analyses and Evaluation of the Model
The ECOSSE model was run under the initialization of soil C pool at steady state equilibrium

values with crop residue input and of N as NO3 content measured immediately before the
start of experiments. In order to match IPCC methodology, all inputs for soil properties up to
25 cm depth with an initiation depth of 0—-30 cm were included, and the model was run for 8
years (harvest of previous crop in 2003 until the harvest of the crop in 2011). For the
measured and simulated data, cumulative seasonal or annual fluxes (N,O, CO, and CHy,)
were calculated by numerical integration. Seasonal and annual cumulative fluxes for the
simulated values were also calculated as the sum of simulated daily fluxes. For the measured
data, N,O EFs were calculated by subtracting cumulative (seasonal/annual) flux data for
unfertilized fields from that of the fertilized fields and dividing by the amount of N fertilizer
applied. Further evaluation for EFs was made by integrating the daily fluxes measured

(seasonal/annual), and the corresponding simulated ones to determine the integration
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discrepancies over measurements taken at longer intervals. Similarly, changes in SOC stocks
derived from the slope of the linear-fit regression equation of daily changes in total organic
carbon stock over the simulation period (8 years) were compared with the amounts derived
from the differential approach.

The simulated values were evaluated in terms of accuracy of model runs with the measured
data available either from two years seasonal or annual (day after harvest to harvest, where
applicable) studies. The outputs were converted into standard units to match with measured
datasets and collated. An analysis of variance for significant test at 0.05 level of probability
was performed and the exact 95% confidence intervals were calculated using both SAS v. 9.3
(SAS Inc.) and MODEVAL v 2.0 (Smith and Smith, 1995). Evaluation of the consistency of
seasonal (crop growing period)/annual measured data for N and C emissions with simulated
values was carried out. A simple mean and standard error of the values for each dataset was
taken, and statistical approaches that describe model fits for all data points simulated by

placing equal weight on all values was followed.

3.3 Results

3.3.1 N,O0 Emissions
The minimum peaks for N,O emissions measured were -8 g N ha™ d* from the fertilized and

-10.4 from the unfertilized fields, and the corresponding simulated values were 0.7 and 0.0 g
N ha™ d (Fig. 3.1a, b). The maximum peaks for N,O emissions varied from year to year and
the measured fluxes (56 and 16.6 g N ha™ d*) were smaller than the simulated ones (80.7 and
22.4 g N ha™ d*). The impact of tillage and fertilization on N,O emissions was clear for the

simulated values more than the measured ones.
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Figure 3.1. Daily measured and simulated N,O emissions from the unfertilized (a) and fertilized (b)
fields cropped to spring barley. The arrows indicate the day of fertilization as CAN, and the day of
previous crop harvested is 17/08/2003.

The simulated daily N,O fluxes were consistent with measured values over years (Table 3.3).
The bias in the total difference between the measured and modelled N,O fluxes was large but
in good agreement. For the unfertilized control, the R* was poor (-0.06), but the RMSE and
RE were within the 95% confidence level. For the fertilized fields, significant correlation
between the simulated and measured N,O fluxes was observed, with an R? of 0.33, and the
total error and bias differences did not vary significantly. The model somewhat overestimated
the seasonal and annual total N,O fluxes (integrated) compared to the measured values (Table
3.3). Based on the seasonal and annual integration, the measured seasonal N,O EFs were
higher than the simulated values. The corresponding annual (2008-2009) and 8 years average
simulated N,O EFs obtained by summing the modelled daily fluxes was 0.59 and 0.53%.
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Table 3.3. Statistical evaluation of the simulated with measured with the daily N,O fluxes and their
seasonal and annual total fluxes as well as the emission factors.

| Unfertilized control | Fertilized | Emission factor (%)
n=130 n=89
R? -0.06 0.33*
RMSE/RMSEgsy, 193 485 151 372
(%)
RE/REgsy (%)  -27 305 51 367
MD (%) 1 3

Total flux (g N ha” | Measured | Simulated | Measured | Simulated | Measured | Simulated

)

Seasonal: 2004 -19.9 704.3 522.4 1020.3 0.39 0.23
2005 193.5 3115 1144.5 960.1 0.60 0.41
Annual: 2008-2009 689.3 1296.4 1168.1 1933.4 0.35 0.47
(0.591)
Average: 8 years 1174.0+£5 1914.7+8 0.53+0.03
7 1

n=number of population; *=Significant association at <0.05% level; RMSE/RMSEgsy,-Root Mean
Square Error and its 95% confidence level; RE/REgsy,=Relative Error and its 95% confidence level;
MD=Mean difference; !=Calculated from the sum of daily simulated values.

3.3.2  Soil Respiration/CO; Effluxes
A small difference was found between the measured and simulated Ry (Fig. 3.2a,b). For the

unfertilized field, the simulated minimum and maximum peaks ranged from 0.07 to
0.59.43kg C ha™ d™ and for the fertilized fields from 0.02 to 56.49. For the latter, the
measured (estimated) minimum value was 0.49 kg C ha™ d™* and the maximum 59.17. A clear

influence of tillage on Ry was seen, but the emissions following harvest of each crop.
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Figure 3.2. Comparison between the daily measured and estimated using the Eddy Covariance data
and the modelled heterotrophic respiration (Ry) of the unfertilized (a) and fertilized (b) fields
cropped to spring barley. The day of previous crop harvested is 17/08/2003.

There was a significant association between the measured and simulated daily CO, fluxes (R?
=0.45) (Table 3.4). The total bias and error differences were small and within the 95%
confidence levels. The model predicted the annual Ry well, showing small variation over a 4-
year period with the measured values (3249 versus 3072 kg C ha™). The annual Ry on an 8-
year average was 2962 for the unfertilized and 3191 kg C ha™ for the fertilized fields.

Table 3.4. Statistical evaluation of the measured (estimated using the Eddy Covariance data) with
the simulated daily CO, (heterotrophic respiration) and the annual total fluxes.

Fertilized Total emissions Unfertilized control Fertilized

. . -1
Validation only (kg C ha”) Measured | Simulated | Measured | Simulated
n=1596
R? 0.45* Annual (4 years) 3072+157 3249156
RMSE (%) 88 Annual (8 years) 2962+112 3191+89
RE (%) 6.8
MD (%) 0.8

n=number of population; *=Significant association at <0.05% level; RMSE_-Root mean square error;
RE=Relative error; MD=Mean difference. Standard errors (+) correspond to variations within years.
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3.3.3 CH,Emission/Oxidation
The simulated pattern of CH,; emissions for both unfertilized and fertilized fields was

somewhat inconsistent but within the peak ranges compared to the measured data (Fig. 3.3).
The measured data showed both emissions and oxidation regardless of seasons, and the

simulated data demonstrated emissions following harvest of the crop (autumn—winter period).
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Figure 3.3. Comparison between the daily measured emissions over two years in fertilized field only
and the modelled CH, fluxes of the unfertilized (a) and fertilized (b) fields cropped to spring barley.
The day of previous crop harvested is 17/08/2003.

Statistical evaluations for the daily CH, fluxes derived over a year of measurement depicted
poor R? (0.06 versus 0.13) (Table 3.5). In contrast to the fertilized field, the overall bias and
error differences were significantly large for the unfertilized field. Though small, integration
of CH, fluxes over a year resulted in oxidation for both measured and modelled values for the
fertilized field only. Integration of fluxes measured over a year in the unfertilized field
showed small CH, emissions, and its uptake decreased from -31.37 to -26.61 g C ha™ in the
fertilized field. The model predicted a consistent decrease in CH, oxidation due to N

fertilization over the 8-year period, and went down from -30.51 to -28.43 g C ha™ yr™.
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Table 3.5. Evaluation of the simulated with measured daily CH, fluxes and their annual total.

| Unfertilized control | Fertilized
n=41 n=60

R 0.06 0.13

RMSE/RMSEgs, (%) 2309* 2071* 1430 1768

RE/REgsy, (%) 1704* 1318* 919 1487
MD (%) 0* 0*

Total flux (g C ha‘l) Measured Simulated Measured Simulated
Annual: 2009-2010 2.29 -31.37 -3.64 -26.61
Average: 8 years -30.51+0.97 -28.43+1.18

n=number of population; *=Significant association at <0.05% level; RMSE/RMSEg¢sy-Ro0t Mean Square Error
& its 95% confidence level; RE/REgs,=Relative Error & its 95% confidence level; MD=Mean difference.

3.3.4  Soil Properties
Compared to measured soil NO3 content, the ECOSSE model was unable to predict <5 kg N

ha regardless of fertilization practices. This is evidence of some disagreements but matched
the peak amounts with the timing of N fertilization (Fig. 3.4a,b). Nitrogen fertilizer was
applied in two (mainly) equal splits where the second application raised the soil NO3 level
more than the first application. The relationship between simulated and measured soil NO3
values was poor for the unfertilized and a good significant association was observed for the
fertilized (R?=0.54) fields (Table 3.6). Unlike the bias, the total error difference between the

measured and simulated values was significant and large for the latter.

The trends and/or the amounts of soil water content measured in 2004 and 2005 were not
similar to the measured values obtained from the later years (Fig. 3.4c,d). The model showed
a limitation in predicting soil water content in that it was unable to predict <41 and >65%
WFPS. The statistical evaluation yielded poor R? and significantly large total error
differences between the measured and simulated WFPS (Table 3.4). The bias in total

difference between them was relatively small and within the 95% confidence level.
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Figure 3.4. Comparison between the daily measured and modelled soil nitrate and water content of
the unfertilized (a) and fertilized (b) fields cropped to spring barley. The day of previous crop
harvested is 17/08/2003.

Table 3.6. Statistical evaluation of the measured with the simulated daily soil nitrate content (kg N
ha) and soil water content (water-filled pore space, WFPS %).

| Unfertilized control | Fertilized
Soil NO3 n==53 n=94
R®  0.07 0.54*
RMSE/RMSEgsy, (%) 163* 157* 111* 105*
RE/REgsys (%)  -70* 65* 40 70
MD (%) -2 -4
WFPS n=88 n=129
R®  0.00 0.01
RMSE/RMSEgsy, (%) 32* 24* 32* 23*
RE/REgs, (%) 9 17 6 17
MD (%)  5* 3*

n=number of population; *=Significant association at <0.05% level; RMSE/RMSEgs,,=Ro0t mean square error
& its 95% confidence level; RE/REys,=Relative Error & its 95% confidence level; MD==Mean difference.

3.3.5 SOC Stock Changes
The simulated initial SOC stock matched well with the amount of SOC used as an input for

the 0-25 cm (42,888) and thereby 0-30 cm (49,561 kg C ha™) soil depth (Fig. 3.5). The
initial SOC density used as an input for model initialization was 19,912 kg C ha™ for the 0—10
cm. The predicted SOC density was smaller than the measured amount for the 0-10 cm but

similar for the 0—-30 cm depth, and the changes in SOC stocks over years differed markedly
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between the two depths. Both linear (showing significant R* at <0.05 level of probability) and
differential estimates of SOC losses were adopted, but the former overestimated the SOC
stocks irrespective of fertilization practices. For the 0—10 cm depth, the linear and differential
estimates of SOC losses were 193 and 165 kg C ha™ from the unfertilized, and 174 and
143 kg C ha™ from the fertilized fields, respectively. Allowing the 0-30 cm, these losses were
higher, and the corresponding amounts were 601 and 559 kg C ha™ from the unfertilized, and

564 and 513 kg C ha™ from the fertilized fields.
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Figure 3.5. Daily simulated soil organic carbon (SOC) stock changes in unfertilized (a) and fertilized
(b) spring barley fields. The day of previous crop harvested is 17/08/2003.

3.3.6  Sensitivity to Soil Properties and Management Practices
The model responded well for total N,O fluxes, and thereby EFs to various indigenous SOC

contents, showing a higher scale constant (k) for the former (fertilized 5E-06 and unfertilized
6E-06) than the latter (4E-06) (Table 3.7). It was exponential for the Ry (k=7E-06), and the
CH,4 went from a sink to a source. Though linearly correlated, the loss of SOC was notably
larger (2.3-6.7 times) at the two highest SOC levels (2.2-2.7%) than the measured SOC
content, and the lowest SOC content demonstrated a small sequestration. Unlike other
properties, the model did not respond to variable soil bulk densities, excepting a marked
influence on CH, oxidation that increased with decreasing bulk density, and particle size
distribution (%clay). The total N,O response to drier conditions (<80% available water) was

unrealistically large and the rate of increase between soil water content at saturation and field
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capacity was small, including for N,O EFs (Table 3.7). The model showed little impacts on
Ry and therefore little relationship between the loss of SOC and water levels. However, the
CH, oxidation/sink at drier conditions turned to emissions with the increase in water levels.
The predictions for total N,O flux, increased with increasing soil pH and the N,O EFs
decreased, particularly at very acidic and alkaline conditions. The response of the model to
soil pH was the opposite for CH, oxidation, with no influence of management at pH neutral

or above and overall the influence is very low.

Table 3.7. Response of C and N emissions to soil properties.

Soil properties (0- Total N,O flux | N,O Total CO, flux | Total CH, flux (g SOC stock changes
25 cm soil depth) (kgN hatyr?) | EF (g Chatyr?) Chatyr?) (30 cm; kg C ha yr?)
UF | F (%) | UF | F UF | F UF | F
sSoC 50% 1.06 168 045 2307 2525  -0.037 -0.035 62 79
(100% 100% 117 191 053 2962 3191  -0.031 -0.028  -601 -564
2455%8 K& 4+200% 1.49 230 058 4323 4476  -0.018 -0.016  -1957 -1899
+400% 2.52 3.69 0.84 6944 7061 0.006  0.008  -4609 -4526
Bulk 1.00 1.17 184 048 2965 3162 -1.05 -1.05 -601 -564
density (g 1.46 As of 100% SOC
cm®) 1.80 117 184 048 2965 3162  -0.031 -0.029  -601 -564
Clay 100%  As of 100% SOC
(100% 200% 117 184 048 2965 3162  -0.031 -0.029  -601 -564
=1473%) 4009 117 184 048 2965 3162  -0.031 -0.029  -601 -564
Available  80% 13.79 1515 097 3018 3225 -0.056 -0.053  -640 -613
water 100% As of 100% SOC
(_15050"1/; 120% 1.17 188 051 2977 3181 0.405  0.406 -608 -582
o) 140% 120 193 053 3178 3389 0.021  0.023 -608 -574
180% 191 273 059 3100 3292 0.067  0.069 -613 -583
SoilpH  4.35 074 113 029 2567 2751  -0.073 -0.071  -214 -180
5.35 1.02 163 044 2925 3123  -0.070 -0.068  -557 -519
6.35 113 179 047 2961 3165 -0.068 -0.068  -594 -562
7.35 As of 100% SOC
8.35 1.19 1.84 047 2965 3162 0.016 -0.029  -600 -564

UF=Unfertilized control; F=fertilized on average 139.25 kg N ha™ yr™; 100% corresponds to respective initial
measured variable used as input to run the model.

The model responded well to fertilizer N containing NH, (including urea), demonstrating a
considerable increase in total N,O flux and EFs. Its sensitivity to 100% nitrate-based N
fertilizer was small, and that provided an EF of 0.17%, which was lower than the other N
fertilizers-derived EFs (0.53-0.71%) (Table 3.8). The model sensitivity for C emissions to
fertilizer N types was slight. The simulated total N,O fluxes and thereby EFs increased
exponentially from 0.51 to 0.73% with increasing rates of N fertilizer application. Unlike
CH, oxidation, the model response for Ry and thereby SOC losses to N rates were positively
linear. The model was relatively insensitive for N,O EFs to tillage practices, and slightly for
Ry and CH4 emissions, demonstrating increased SOC losses with increasing intensity of soil

disturbances.
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Table 3.8. Response of C and N emissions to key management practices.

Total N,O flux | N,O | Total CO, flux | Total CH, flux (g | SOC stock changes (30
(kgNha'yry | EF | (gCha’yr!) Cha’yr? cm; kg C ha? yr!)
Soil managements |UF | F (%) | UF | F UF_ | F UF | F
Fertilizer CAN=* 1.17 191 053 2962 3191 -0.031 -0.028 -601 -564
N type AS 2.16 0.71 3166 -0.029 -570
PN 142 0.17 3171 -0.029 -576
Urea 2.05 0.63 3191 -0.028 -556
Fertilizer 0 As of CAN
Nrateas 70 1.53 0.51 3092 -0.029 -533
CAN 140* As of CAN
210 2.43 0.60 3284 -0.028 -656
280 3.23 0.73 3308 -0.027 -671
Tillage CT* As of CAN
practices RT 1.18 1.85 048 2911 3107 -0.031 -0.029 -548 -500
MT 1.17 1.84 048 2871 3068 -0.032 -0.030 -511 -473
ZT 1.12 1.78 048 2791 3002 -0.032 -0.030 -431 -398

UF=Unfertilized control; F=fertilized on average 139.25 kg N ha™ yr''; 100% corresponds to respective initial,
measured variable used as input to run the model.* On average 139.25 kg N ha™* yr* applied. CAN=Calcium
Ammonium Nitrate, AS=Ammonium Sulphate, PN=Potassium Nitrate, CT=Conventional tillage, RT=Reduced
tillage, MT=Minimum tillage and ZT=Zero tillage.

Regardless of soil properties and management, the simulated total N,O flux and EFs were
within the ranges of 1.13-15.14 (2.55+0.52) kg N ha™ yr' and 0.17-0.97 (0.54+0.03)%,
respectively. Omission of the unusual estimate at very low available water resulted in the
corresponding values of 1.13-3.69 (2.05+0.12) kg N ha™ yr' and 0.17-0.84 (0.52+0.03)%.
The application of 100% nitrate resulted in the lowest N,O EF. Removal of this value for
both provided the total N,O fluxes of 1.13-3.69 (2.07+0.12) and EFs of 0.29-0.84
(0.54+0.02)%. The simulated SOC loss from a field having large SOC content was enormous,
and on average 233+38 kg C ha™ yr* for the 0-10 cm and 726+107 for the 0-30 cm soil
depth. By omitting the massive losses, this loss on average went down to 164+8 kg C ha™* yr*
for the 0—10 cm and 532+21 for the 0-30 cm soil depth.

3.4 Discussion

3.4.1 Simulation and Validation of N,O Emissions
The ECOSSE simulated peaks for N,O emissions from the fertilized field were higher than

the measured values. This can be attributed to the possibility of missing peak fluxes because
of the sporadic timing of gas samplings, in agreement with others (Abdalla et al, 2009; 2012),
and because N,O emissions are commonly released as a pulse from soils to the atmosphere
under the influence of tillage, rainfall events, and other management practices. On some

occasions negative values were measured from the field, similar to the finding of Khalil et al.
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(2002) whereas the model cannot simuate negative emissions. This means that any soil and
climatic conditions favourable to causing a sink for N,O could remain unaccounted.
However, the simulated daily N,O fluxes were equitably consistent with the measured values.
This conforms with the statistical evaluations, demonstrating the total bias and error
differences within the 95% confidence level and also a significant correlation, particularly for
the fertilized field. This indicates that the ECOSSE model could predict N,O emissions better
than the DNDC (version 8.9 and 9.2), dealing commonly with the same fertilized and
unfertilized arable sites (Abdalla et al., 2009; 2012). In this study, the degree of association
for the daily time-step improved from 0.25 to 0.33 although a monthly (4 weeks) time-step
was reported to be more successful in predicting N,O emissions (Bell et al., 2012) but this
was site specific. This study also showed a very poor R? for the unfertilized field, in line with
the DNDC model estimates (Abdalla et al., 2009).

The ECOSSE-simulated seasonal and annual total (integrated) N,O flux estimates were
higher than the measured values but were within the European cropland average of generally
below 3 kg N ha™ (Freibauer and Kaltschmitt, 2003). A different integration approach was
used from that used for the measured data reported by Abdalla et al. (2009; 2012),
demonstrating that an underestimation by the DNDC (v8.9 or 9.2) may somewhat vary with
the analysis presented here. Concerning annual estimates including 2008-2009, the simulated
total N,O fluxes for the unfertilized and fertilized fields increased by 88 and 66% over the
measured ones, respectively. Taking into account the seasonal and annual total, the ECOSSE
provided R? of 0.55 regardless of fertilization practices. The data did not permit weekly or
monthly estimation of aggregated N,O emissions for comparison with the findings of Bell et
al. (2012). It is inconclusive whether errors are associated with the measurements or the
model simulation. However, validation of models using seasonal data and their estimates
might always be questionable in calculating N,O EFs, and linked to errors associated with
possible missing and mismatching of peaks during integration. This discrepancy is in line
with this study where the simulated seasonal N,O EF on average (0.32%) decreased by 65%
and the simulated annual (0.47 and 0.59%, which is the sum of daily values) increased by
34% (and 69%) over the measured ones (0.50 versus 0.35%). Based on the seasonal
measured data (Abdalla et al., 2010a,b), the EF at the highest fertilizer N rate should on
average be 0.50%, which is similar to that found in the current research, instead of 0.62% as
reported. The previous ECOSSE version provided a seasonal EF of 1.11% (Khalil et al.,
2012b). The simulated N,O EF on the 8-year average was 0.53%, which is 47% lower than
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the IPCC default (1%), and even further below if we consider the range 0.3-3% (IPCC,
2006).

The simulated WFPS values were higher than the lower limits and vice-versa, leading to less
contribution of fertilizer-induced N,O emissions via denitrification to overall estimations.
However, the ECOSSE-derived EFs are within the lower uncertainty ranges (0.2 to 8%) for
cereals crops (e.g. Eichner, 1990; Kaiser et al., 1998; Smith et al., 1998, Dobbie et al., 1999;
Crutzen et al., 2008). The availability of good measured datasets could help not only to
reduce the biases and errors while improving the degree of association but also to refine the

performance and accuracy of the model.

3.4.2 Simulation and Validation of Soil Respiration
The minimum and maximum peaks for daily Ry estimated from the Rec, measured using EC

were lower but reasonably closer to the findings of Moyano et al. (2007). This may be
attributed to the possible errors associated with chamber techniques (daylight measurement)
for separation among the respiration components. Compared to our estimates, Abdalla et al.
(2011) also found larger daily and cumulative CO; fluxes, with the lowest during winter and
the maximum during summer (crop growth period). There was a clear influence of tillage
operations on Ry, which was nonethelss lower than as observed mainly following the harvest
of each crop because of the addition of crop residues following harvest; the trends were
similar to the estimated measured values. In addition to possible diffusion out following soil
disturbances, the stimulating effects of ploughing on soil respiration have been affirmed (e.g.
Miller et al., 2009; Morell et al., 2010; Abdalla et al., 2012). Considering the uppermost 30
cm soil depth, this land-use type has significant influence on annual Ry. In this study, the
modelled (3249 kg C ha™) and the measured values (3072 kg C ha™) for total annual Ry (4
years average) matched well and are within the reported range of 2000-8000 kg C ha™ for
arable soils (Kutsch and Kappen, 1997; Rees et al., 2005), and of 7500+4300 kg C ha™ yr*
for average annual RH from croplands in temperate region. The simulated amount from the
previous version was on average 4000 kg C ha™ yr* (Khalil et al., 2012). Our 8-year average
estimate (3191 kg C ha™) is closely harmonized to the total weighted Ry mean (3065 kg C ha”

1) for croplands across bio-climatic zones of Russia (Kurganova, 2003).
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The influence of N fertilization on both daily and annual CO; fluxes (Ru) was clear. On the
8-year average, the simulated annual Ry increased by 7.7%. Similar fertilizer-induced soil C
losses (Ry) up to a maximum of 10.6% regardless of N fertilizers and soil types were
cognizant where high soil pH and/or indigenous soil C displayed the highest CO; flux, in
contrast to relative C losses (Khalil et al., 2007). Likewise, N fertilizer-induced SOC losses
have also been reported (Khan et al., 2007; Mulvaney et al., 2009; Poirier et al., 2009). The
large variations between studies may be ascribed to differences in soils, seasonal microbial
activities, cropland types, N fertilizer types and application rates (e.g. Osborne et al., 2010).
The significant association between measured (estimated) and simulated daily CO, fluxes
(R?=0.45) and the insignificant small total bias and error differences observed imply that the
ECOSSE model could predict daily Ry efficiently, and uncertainty may be related to the
variable WFPS predictions when compared to the measured data and added C inputs,

warranting further refinement of the model.

3.4.3  Simulation and Validation of CH, Fluxes
The ECOSSE simulated peaks for CH,4 fluxes demonstrated predominant uptake during the

spring-summer period but were closer to the measured ones, displaying both emissions and
oxidation with little seasonal variations from either field. Similar seasonal variations,
depicting either consumers or producers or neutral for CH,4 fluxes from agricultural systems
have been reported earlier (Chan and Parkin, 2001). The daily CH, oxidation and emissions
measured may be attributed to simultaneous processes occurring in aerobic—anaerobic
microsites (Khalil and Baggs, 2005) during the spring-summer period where soil water
content and the availability of substrate are presumably the major driving factors. However,
the daily CH, oxidation rates (measured or simulated) were several times lower than as
estimated for EU-15 arable lands of 2.63 g C ha™ d™ (Boeckx and Van Cleemput, 2001).
These concurrent processes were probably not formulated properly in the model, especially
with regard to the minimization of bulk density effects and the mismatching of simulated soil
water content with the measured values, and thereby variable influences over time and space.
Despite attaining closer values, this deviation presumably resulted in poor R? with large

significant bias and error differences between simulated and measured values.

The cumulative value of simulated fluxes over a year resulted in CH, oxidation, with 7%

reduction over the unfertilized field. The previous version of the ECOSSE predicted a similar
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but relatively higher oxidation (Khalil et al., 2012b). Application of N fertilizer usually
results in a reduction of CH, uptake by on average 40% for arable soils (Mosquera et al.,
2007). The lower reduction of CH, uptake may be explained by the N fertilizer type (CAN),
containing equal amounts of ammonium and nitrate. The amount of ammonium in particular
is probably below the threshold level to develop severe toxicity for CH, oxidizers to limit
oxidation, including through osmosis (Bodelier and Laanbroek, 2004). The fertilized field
showed a 59% increase in oxidation over the unfertilized field, showing a rather small source

of CH,4 and the reason cannot be explained from this study.

On average, the simulated annual CH,4 oxidation was 29.5 g C ha™*, which is closer to the
amount observed in Belgian arable soils receiving different fertilizer treatments (Boeckx et
al., 1998). In contrast, our estimate is markedly lower than as estimated for arable land under
EU-15 of 1125 g C ha ' yr' (Boeckx and Van Cleemput, 2001). The crop fields used test
herbicides, which may have had an inhibitory effect on methanotrophs activity, and this may
also have contributed to lower CH,4 oxidation (Arif et al., 1996). There was a clear impact
from fertilization in the reduction of simulated CH,4 oxidation, and this effect was consistent
over the 8-year period. This inhibition may even result in a net increase in CH4 emissions
from soil and N,O production during nitrification caused by methylotrophs through
interactions with other driving forces (Khalil and Baggs, 2005), which should be considered

in the formulation of a process-based models to estimate a reliable ecosystem carbon budget.

3.4.4  Simulation of SOC Stock Changes
Like most biogeochemical models, the ECOSSE considers homogeneous distribution of soil

properties across depths; initialization of the model with the 0-30 cm depth resulted in a very
good estimate of initial SOC density compared to the 0—10 cm depth. Our simulated findings
suggest that a linear functional relation can also be used to estimate SOC stock changes over
multiple years. Compared to the differential approach (the day after harvest), an
overestimation by 19% for the 0-10 cm and by 9% for the 0-30 cm would be possible. The
differential estimate of SOC loss was on average 154+11 from the 0-10 cm and
536223 kg C ha™* from the 0-30 cm depth regardless of fertilization practices. In addition to
the low amount of left-over crop residues and the conventional tillage-induced massive soil
disturbance, the higher sand-fraction of the experimental soil presumably enhanced

decomposition and thereby became a source of carbon in comparison to soils having greater
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silt- or clay-size fractions (Dalal and Mayer, 1986). The previous version simulated higher
carbon loss (on average 1060 kg C ha™ yr?) with a very small difference between the
fertilizer practices (Khalil et. al., 2012a). Similar to ours, Dawson and Smith (2007) estimated
1404100 kg C ha™ yr* for UK croplands and other researchers in Europe (e.g. Sleutel et al.,
2006; Lugato et al., 2010). Contrasting results have also been reported from studies
performed in temperate regions where arable lands acted as a sink for atmospheric CO, (West
and Marland, 2003), even with or without straw (Uhlen et al., 1991; Paustian et al., 1992),
and with a high fertilizer rate (Nieder and Richter 2000; Van Meirvenne et al., 1996).

The modelled SOC loss was 13% (0-10 cm soil depth) and 8% (0-30 cm soil depth) less
from the fertilized over the unfertilized field, indicating the influence of N fertilization to
enhance carbon sequestration in the soil. This may be ascribed to the increased net primary
productivity resulted in an increased return of residual crop biomass into the soil (Snyder et
al., 2009). Since temporal fluctuations of soil moisture and temperature decrease with soil
depth, a deeper distribution of organic matter causes reduced variability of Ry by showing
less sensitivity to short timescale climatic fluctuations than a soil with a shallow distribution
(Braakhekke et al., 2011). The soil system is the main source of large uncertainty and these
relations need to be characterized properly. This is to achieve better estimates at various
scales through validation of a model with good datasets and a wider range of repeated soil C
inventories to constrain modelled soil C losses, which are lacking under Irish conditions.

3.4.5 Sensitivity Analyses
The ability of the ECOSSE model to simulate C and N emissions using limited inputs has

been reported (Smith et al., 2010; Bell et al., 2012). Sensitivity analyses using site
characteristics and land-use managements were performed to provide representations of the
model’s uncertainty estimates. The simulated values are compared with literature data that
has been generated mainly in temperate regions, bearing in mind that the high spatial

variability of soil characteristics can have significant impacts on N,O emissions.

3.4.5.1 Soil characteristics
Responses of GHGs and SOC stock changes to major soil properties were tested. An

exception was soil temperature because of the lack of an option to include this as an input
variable in the ECOSSE model. However, the model sensitivity for all soil biological and

physicochemical processes including GHG emissions and the SOM turnover to temperature
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was shown to be strong (Smith et al., 2010; Bell et al., 2012). Given the large uncertainty in
the temperature response — particularly to SOM dynamics — the ECOSSE model has a built-in
conversion of air to soil temperature for a reliable prediction of agricultural soils as a carbon

sink or source.

Soil organic carbon

The model responded well to variations in SOC inputs and found that simulated values for
total N,O fluxes and EFs increased exponentially with increasing SOC content. This means
that the model could provide good estimates at varying indigenous SOC contents. This is by
taking into consideration microbial-mediated N transformation processes that produce and
release N,O from arable soils (e.g. Stehfest and Bouwman, 2006). Based on the scale
constant differences, the model response to SOC inputs was more on the unfertilized than on
the fertilized fields, resulting in a small increase in the N,O EFs compared to the annual total.
This implies that the model underestimates — if not overall denitrification for producing N,O
— complete denitrification in the presence of lower NO3 levels and that further refinement of
the model associated with the denitrification process is needed.

With regard to N,O emissions, the model simulates showed an exponential increase in soil
CO; effluxes (Ry) with increasing indigenous SOC levels. This suggests a dominant effect of
the latter, ascribing to the simultaneous availability of mineralized N through increasing soil
biological activity and thereby the availability of mineral N as substrates for N,O emissions,
to the former. The predicted relative Ry was higher (12%) at the lowest SOC and then
decreased from 7 to 4% with increasing SOC levels. Similarly, an increase in CO, effluxes
(Ru), rather than relative C loss with increasing indigenous soil C, was reported (Khalil et al.,
2007). The model’s sensitivity for Ry to native SOC levels is reasonably effective provided

that other influencing factors are functioning well.

Considerable responses for the annual CH,4 flux, showing a linear decrease, to various SOC
contents were observed, and the highest SOC level caused an emission, indicating functional
relations with the Ry. The model predicted an increase in SOC losses and the relative losses
increase in proportion to the initial SOC levels present in the soil (1.4-2.7% of the total SOC
in the 0-30 cm for the unfertilized and 1.3-2.6% for the fertilized fields). This suggests that

the model can simulate SOC losses reliably and that the differences in relative losses between
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Ry and SOC arise. Presumably, exposure of large carbon pools is necessary for
decomposition to occur under the same management. Similar enormous losses of SOC caused
by the conversion of grassland to arable lands were reported (e.g. Arrouays et al., 2002; Guo
and Gifford, 2002). In contrast, the values though small at the lowest SOC content were
predicted to be a sink of atmospheric CO, (62-79 kg C ha™ yr™).

Bulk density

In the modified model, N,O emissions were insensitive to variation in soil bulk densities
although Bell et al. (2012) found increased emissions with increasing bulk densities. This is
ascribed to reduced aeration, particularly under moist soil conditions, leading to either
ebhanced N,O emissions or its further reduction to Ny, which is severe — particularly in clay
soils. The model was unable to show responses of Ry and SOC stock changes to bulk density
variations. Given the sensitivity of heterotrophic activity to soil temperature and moisture,
this function is linked to the interaction effects of soil texture, organic carbon content and

bulk density for the best estimate of soil-dependent SOC dynamics (Moyano et al., 2012).

Interestingly, the model exhibited a marked response of CH, fluxes to the lowest bulk density
of 1.0 g cm™ compared to >1.46 g cm™, showing 3.5 times higher annual oxidation overall.
This indicates that the CH,4 sub-model responded independently to bulk density, but was more
functional at relatively high aerobic conditions caused by the reduction in bulk density,
leading to enhanced oxygen diffusion and thereafter more oxidation. At high bulk densities,
the negligible CH, oxidation differences might be caused by the reduced aeration. However,
the extent of reduction of aeration status with increasing bulk densities on CH,4 oxidation is
negligible and unexpected. Smith et al. (2000) reported a steady decrease in oxidation rate
with increasing bulk density and with an increasing proportion of WFPS as both factors
reduce gas diffusivity. Concerning interactive relations with other soil variables, a lack of
model sensitivity to soil bulk densities could have implications for C and N emissions,

justifying further improvement of the model in order to minimize biases and errors.

Clay content

The model response for GHG emissions to particle size distribution (here in %clay) was very
poor. Variations in clay content affect the pore size structures and thereby oxygen diffusivity

which increases with decreasing clay content. Hénault et al. (1998) proved clearly that N,O
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EFs, ranging from 0.16%-2.5% of the applied N, could largely be affected by clay content,
organic matter content and alkaline pH. In contrast, Lohila et al. (2003) reported a slightly
higher — or similar to — soil respiration in sandy soil than that in clay soil. Given huge
conflicts in the literature on the effects of soil texture, the CH,4 oxidising capacity of fine
textured soils can be lower than that of coarse textured soils and depends on diffusion and
permeability. Moreover, soil texture controls the stabilization of humified SOC both by
adsorption onto negatively charged clay minerals and by entrapment from microbial
mineralization through the formation of soil aggregates (e.g. McLauchlan, 2006). The
decrease in SOC decomposition rate with increasing clay contents and thereby the increase in
SOC sequestration is sufficiently strong and originally included in the model. Hence, the

dynamic role of clay should be reactivated to make the model appropriately functional.

Available water

The model response for N,O emissions to soil water content (herein ‘available water’) was
clear. All tests showed that the model considers nitrification as the dominant process for
producing N,O. Thus, its emissions were remarkably large at drier conditions, but small at
soil water content between saturation and field capacity. Like the total fluxes, the model
sensitivity for N,O EFs to soil water content was relatively high, in agreement with Bell et al.
(2012), including denitrification-induced emissions. In our findings, the model predicted
relatively less soil water content compared to upper limits of the measured values, showing a
small contribution of denitrification for producing N,O fluxes. This was inconsistently higher
at the drier conditions, and the above saturation limit, indicating the limitation of the model
for considering soil water content variations. Large N,O emissions could occur at WFPS
between 60 and 90% and low emissions at >90% or <40% values (Linn and Doran, 1984,
Granli and Bgckman, 1994; Kaiser et al., 1998; Khalil and Baggs, 2005). Moreover,
denitrification is controlled primarily by soil O, supply, WFPS and C availability. The N,O:
(N20 + Ny) ratio could be high at abundant moisture, that is <90% WFPS, and low at >90%
WEFPS, but may vary with water-retention characteristics of a soil (Gillam et al., 2008; Ruser
et al., 2006).

Except fertilizer-induced acceleration, the model depicted small and inconsistent responses
for Ry to various available water levels. The highest and the lowest available water levels
demonstrated minor reductions of Ry. Similar to the model estimates, a poor relationship
between soil water content and CO; production was reported (Ruser et al., 2006). In contrast,
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soil CO, production is enhanced with increasing soil moisture up to 60% WFPS, and
differences in soil water content accounts for 90% of the variation (Granli and Bgckman,
1994; Linn and Doran, 1984). The negligible impact could be associated with the model’s
lower sensitivity for Ry to soil bulk density and texture, including the averaging-out of
microbial respiration to soil moisture content, indicating that soil physical factors need to be

taken into account.

The model predicted CH4 oxidation in dry conditions, and some CH,4 emissions at mid-
moisture levels and lower emissions at higher soil water levels. This is in contrast the
expectation of anaerobic conditions developing with increasing soil water content, leading to
higher CH, emissions. It is generally considered that aerated soil is a sink for atmospheric
CH, through microbial oxidation, and the consumption rate is usually found to be negative in
arable ecosystems (Koga et al., 2004). Given large uncertainties, higher correlation
coefficients between CH,4 and soil water content were observed (Del Grosso et al., 2000),
including steady decreases in oxidation rate with increasing WFPS through a reduction in gas
diffusivity (Smith et al., 2000). In our study, the model predicted higher SOC losses at the
lowest soil water (dry conditions), and thereafter an increase in SOC stock at 100% available
water followed by a slow decrease with further increase in soil water levels. Indeed, high soil
water content tends to conserve SOM, through reduced oxygen availability, resulting in slow
decomposition of SOM by soil microbes (Batjes, 2011). On the other hand, drier and well-
aerated soils accelerate rapid decomposition and accumulate less SOM, somewhat in line
with model outputs, but showing inconsistency. This suggests the need for modification
requirement of the functional relationship between C emissions and main controlling

variables in the model.

Soil pH

The model was highly sensitive to total N,O flux to soil pH. Given nitrification as the
predominant process, the predicted lower N,O emissions may be attributed to acid sensitivity
of nitrifiers as its production may stop at pH 4 (e.g. Paavolainen and Smolander, 1998).
Stehfest and Bouwman (2006) reported a significant decrease in N,O emissions at pH values
higher than 7.3 compared to at lower pH values. They found an increase in N,O/(N,O+N,)
ratio due to changes in denitrifier activity with decreasing pH. This means that the decrease in

N,O EFs can be achieved particularly at extremely acidic and alkaline conditions. The model
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response for Ry to soil pH was linear and positive. An exception was the highest pH (8.3)
that decreased Ry, particularly under fertilized conditions. Neutral or slightly alkaline
conditions favour bacterial growth and an acid pH favours fungal growth, resulting in a
drastic shift in basal respiration. Several studies showed significant effects of soil pH on soil
respiration (Anderson and Nilsson, 2001) and a biological activity of soil microorganisms is
permitted between a soil pH of a minimum of 3 and a maximum of 7 to 8 (Schaeffer and
Schachtschabel, 2002).

In contrast to the pronounced effect of soil pH on the CH, uptake capacity of soils (e.g.
Goulding et al., 1996), the simulated CH,4 oxidation increased with decreasing soil pH even
though a rather narrow pH range (5.9-7.7) appeared to allow CH, oxidation (Arif et al.,
1996). Only the high NH, application rate (240 mg N kg™) could have the persistent
inhibitory effect, attributing partly to a pH decrease during nitrification (Hutsch, 1998).
Generally, CH, oxidation in agricultural soils is of minor importance, but the model’s ability
to predict the emissions and oxidation process cannot be ignored. The model responded
linearly with SOC losses to soil pH, which is functionally linked to decomposition rates that
increase with increasing soil pH. However, microbial activity, particularly bacterial, at very
acid or alkaline pH levels is poor, leading to a stop in, or a slow down in, organic matter
mineralization (Primavesi, 1984). The highest pH level (8.35) did inhibit Ry to a small extent,
contrasting to SOC loss, though again small compared to a pH of 7.35.

3.4.5.2 Land-use managements
Addition of organic materials and cover crops

Application of organic matter in the form of plant/crop residues, compost and manure
stimulates microbial biomass growth, increases enzyme activity and soil N mineralization,
and also influences soil physical properties, resulting in variable GHG emissions and SOC
storage. In the modified ECOSSE, organic matter as an input can be included but was found
to be non-functional. The inclusion of cover/catch crops over the autumn—-winter growing
period clearly increased the total N,O, Ry and SOC losses, relating to discrepancies in
relevant submodels included in the model. This is in line partly with Bell et al. (2012)

although cover crop should commonly decrease N,O fluxes by exploiting residual nitrogen
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Fertilizer N type

The model responded well for total N,O flux and the EFs to fertilizer N containing NH,4
(including urea), contrasting to 100% nitrate-based N fertilizer, leading to an EF of 0.17%
compared to the estimates from other fertilizer N types (0.53-0.71%). The findings are
similar to the previous version (Bell et al., 2012), indicating dominance of nitrification for
producing N,O in arable soils, and in agreement with the results of Abdalla et al. (2009) and
Clayton et al. (1997). It seems that the model under-predicted the influence of high soil water
content for enhancing denitrification-induced N,O emissions. Bouwman et al. (2002)
reported lower N,O emissions for NOs-based fertilizers compared to NH,4-based fertilizers,
but differences between N fertilizer types disappeared on an identical site-specific
management (Stehfest and Bouwman, 2006). The model was also highly sensitive to fertilizer
type and a switch from the principal form of N fertilizer being applied in Ireland (CAN) to
urea or ammonium sulphate fertilizers increased N,O fluxes, presumably through

nitrification.

The model response to fertilizer N types was small for C emissions, demonstrating a negative
correlation for total Ry with CH, oxidation and SOC stock changes. Compared to the other
two N types, the model probably takes into account higher contribution of CAN and urea to
produce biomass, leading to greater total Ry but lower SOC losses and with little influence to
CH, flux. Nitrogen fertilization may cause slight increases in soil CO, flux (Khalil et al.,
2007). However, improved N use efficiency of crops can enhance C sequestration and reduce
CO; emissions (Paustian et al., 1992). Nevertheless, higher reductions in CH, uptake can be
expected from ammonium-based fertilizers (Schnell and King, 1994), meriting the need for
the model to consider the impact of various fertilizer types, particularly on C emissions.

Fertilizer N rates

The model responded well to fertilizer N rates and the simulated total N,O fluxes and thereby
EFs increased exponentially from 0.51 to 0.73%. Bouwman et al. (2002) showed relatively
static N,O emissions across a broad range of rates, relating to the amount required to satisfy
crop N demands, but an increase thereafter at higher rates. This is in contrast to the linear EF
approach adopted by the IPCC. The model response for Ry and thereby SOC losses (in
contrast to CH, oxidation), to N rates was linear. Fertilization increases soil N and organic

matter content, resulting in enhanced N,O emissions and reduced CH, consumption rates.
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The model response for CH,4 flux to N fertilizer rates was small, which can be attributed to
the adaptation of oxidizing microbial function. The model predicted an increase in SOC
losses with increasing N fertilizer rates. In contrast to the reports of others (Khan et al., 2007,
Mulvaney et al., 2009; Powlson et al., 2010), adequate levels of fertilization are found to be
beneficial for SOC sequestration through increased residue production (Alvarez, 2005;

Follett, 2001; Halvorson et al., 1999) and this needs to be included in model development.

Tillage practices

Regardless of fertilization practices, the model sensitivity for total N,O to tillage practices
was consistent, showing an increase with increasing soil disturbance. Nitrous oxide fluxes are
commonly greater under no tillage than under conventional tillage (Freibauer et al., 2004),
suggesting site-specific evaluation of the interaction of soil, climate and management systems
should be conducted. Reduced tillage promotes N,O emissions in some areas but, depending
on soil and climatic conditions, either reduces or have no measurable influence elsewhere
(Marland et al., 2001). The model response for Ry to tillage practices was linear, linking to
increased decomposition rates by disrupting soil structure and changing porosity. Many
studies showed a decrease in CO, emissions under no-tillage compared to conventional
tillage (e.g. Sainju et al., 2008), with huge differences during the high fluxes appearing to
follow tillage operations (e.g. Reicosky and Archer, 2007). A slight negative response for
CH, emissions to tillage practices was detected. Indeed, tillage-induced disturbance has a
clear negative effect on CH, oxidation in arable soils (e.g. Hutsch, 2001). However,

conservation tillage may not increase its uptake in all cases (Robertson et al., 2000).

The model was highly sensitive to SOC stock changes to tillage practices and the estimated
SOC losses for 0—30 cm depth were 11.3 (reduced tillage), 16.1 (minimum tillage) and 29.4%
(zero tillage) less over conventional tillage. The model demonstrated an increase in SOC
losses with increasing intensity of soil disturbances, but no sequestration despite 8 years of
simulation, contrasting to other reports —for example, by Franzluebbers (2005). However,
Powlson and Jenkinson (1981) found no difference in SOC between long-term ploughing and
no-tillage cereal plots when sampled to 40 cm. Since soil disturbance tends to enhance soil C
losses through increasing decomposition, reduced or no-till agriculture often results in soil C
gain, but not always (e.g. Alvarez, 2005) or unusually small at least in temperate climates
(Angers and Eriksen-Hamel, 2008).
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3.5 Conclusions
The ECOSSE simulated trends for N,O fluxes were consistent with the measured values, with
acceptable biases and errors, particularly for fertilized fields. The sum of the measured N,O
emissions taken over the crop growth period could vary with predicted values due to
integration and sporadic timing of measurements. This implies the requirement of intensive
sampling for precise estimations as evidenced by the peak differences accounted for in total
N,O emissions and the EFs. The model simulates Ry exceptionally well and also CH, fluxes,
simulating in cropland an uptake of CH,, though values measured in the nearby field caused
either uptake or small emissions. The model also indicated an average loss of SOC: however,
this cannot be verified due to the unavailability of measured data in Ireland. The modified
version is unable to predict soil water content and to some extent NO3 content well. The
model is sensitive to site characteristics except to soil bulk density and clay content, which
are vital if a model is to provide reliable estimates for the prediction of GHGs and SOC stock
changes. Its response to management practices is also strong except to the addition of organic
materials and inclusion of cover crop, which are pertinent for finding mitigation strategies.
Sensitivity analyses imply that the ECOSSE is able to provide a good estimate of N,O EFs
(0.54+0.02%) and SOC stock changes (164+8 for the 0-10 cm and 532+21 kg C ha™ yr™ for
the 0-30 cm soil depth) in arable lands. There are inconsistencies in the estimation of N,O
EFs and the processes interactively form and release GHG fluxes, leading to limited
widespread application of this tool. Similar concluding remarks are also made by Bell et al.
(2012), relating to the lack of incorporation of all of the processes necessary for describing
daily soil N turnover and N gas emissions although priority is given to the model’s ability to
simulate monthly and annual fluxes. Thus, further refinement and validation using site-
specific good datasets are imperative so as to enhance the applicability of this model for
predicting coupled C and N emissions from agricultural soils, and the inclusion of sub-
models for other land uses and land managements, and the development of robust estimates

of EFs associated with management and deployment of mitigation options.
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4 Comparative Simulation of Greenhouse Gases using
Three Process-based Models

4.1 Introduction
Most Annex-l countries use IPCC methodologies, that is both IPCC methodologies and
default EFs (Tier 1) because of a lack of detailed, spatially explicit activity data; some
countries have moved to Tier 2, that is IPCC methodologies but with country-specific EFs,
with very few countries adopting Tier 3 approaches in their national inventories. However,
many are still at the development stage. The Tier 1 approach has several limitations for a
country/region in terms of addressing planning and policy issues with regard particularly to
implementing GHG mitigation relevant to Agriculture, Forestry and Other Land Use
(AFOLU)/LULUCEF (IPCC, 2007). The development of higher tiers deserves reasonable
country/regional-specific good activity data. Compared to Tier 2, more additional resources
are required for the development of Tier 3, that is, a biogeochemical model is needed. It is
impractical to directly measure GHGs covering all soil types, land use/cover types and
associated managements over large areas and over a long period of time. To overcome this,
the development of a process-based model is highly desirable. This type of modelling
approach provides improved estimates of GHG and SOC budgets and reflects more robust
emission (sink or source) accounting by reducing uncertainty based on sensitivity analysis
and the potential impact of changes in land use and management practices, climate and soil
type. The advantages in using this type of model include: the ability to predict agricultural
GHG emissions from the site-specific to the global level the elucidation of potential
mitigation strategies and the relationship between each GHG gas and another, and improved

understanding how agricultural soils can act as a sink or source of GHGs.

In line with commitments under the UNFCCC, the ROI is committed to improving the
estimation of GHGs and changes in SOC stocks by developing Tier 3 approaches. There are
several process-based models available globally that are able to predict a variety of variables
related to different ecosystems. In the ROI, only some models (DNDC, DayCent, RothC,
PASIM, etc.) have been tested/validated using limited activity data measured from grassland
and arable systems (Abdalla et al., 2009; 2012; Rafig et al., 2011; Xu et al., 2011a; Byrne and
Kiely, 2012). The simulation of GHGs, mainly N,O, using these models had major
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operational shortcomings with respect to options for inclusion in the inventory process, for
example, a lack of activity data and complex coding and data management requirements.
Moreover, the outputs obtained are inadequate for adopting any of the models for use in the
inventory process. Importantly, the ability of models to predict coupled emissions of GHGs
and SOC stock changes in agricultural soils is meagre. For up-scaling of GHG emissions
from site to regional/national scales, continuous progress toward improving model accuracy

and precision is essential.

Based on the performances, three process-based models (updated ECOSSE v5, DNDC v 9.4
and DailyDayCent) were chosen to achieve precise reporting primarily for agricultural GHGs
and C balance. This work was designed to establish an emission inventory system that
reflects the site-specific diversity of practices influencing GHG emissions and changes in
SOC, with a future objective of including national/regional variations for refining their
analysis. Reasonable flux data for spring barley (a major cereal in the ROI) were available to
initiate model-comparison exercises. The main objectives were to:

1 Simulate daily GHG emissions and SOC stock changes in conventionally tilled spring
barley fields using the three models;

2 Assess the extents of qualitative and quantitative statistical agreements between model
outputs and measured datasets; and

3 Evaluate the differences between the measured and modelled seasonal/annual GHG
emissions and their emission factors.

4.2 Materials and Methods

4.2.1 Experimental Sites and Datasets
Details on experimental sites and datasets are given in Sections 3.2.1-4. Soil physical and

chemical properties for the 0-10 cm depth (Table 3.1) were taken to initiate the models due

to depth limitation for the above inputs.

4.2.2  Description of Models
As noted above, three dynamic models — DNDC, DailyDayCent and ECOSSE (latest

versions) — were selected for this comparison study. The inputs requirement for the models
are similar except with regard to weather data where daily maximum/minimum air
temperature and precipitation for DNDC and DailyDayCent are needed, and mean daily air
temperature, precipitation and potential evapotranspiration are required for ECOSSE. All
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models provide outputs for daily N and C fluxes. A brief description of each model is given

below.

4221 ECOSSE
Details of the ECOSSE model are given in Section 3.2.3 above.

4.2.2.2 DeNitrification and DeComposition (DNDC)
The DNDC is a widely used process-based model (e.g. Li et al., 2000, 2007), but several

modified versions that have been adapted to various production systems exist. This model
couples denitrification and decomposition processes in order to predict emissions of C, with
CH, oxidation, and of N from agricultural soils that are governed by various soil and
environmental factors. It contains four interacting submodels: (i) soil climate, (ii)
decomposition, (iii) denitrification, and (iv) plant growth, and includes subroutines for
cropping practices (fertilization, irrigation, tillage, crop rotation and manure addition) to
simulate SOM turnover. Organic matter formed during decomposition is a dependent variable
considering soil specificity associated with clay adsorption of humads. Decomposition
follows first order Kinetics. Ecosse treats soil as a series of discrete horizontal layers with
uniform soil properties within each layer. However, some soil physical properties are treated
as constant across all layers. Variations and changes (soil moisture, temperature, pH, C and N
pools) over time are considered necessary in order to provide a reliable estimate of C and N
fluxes by calculating them on each soil layer for each time-step.

4.2.2.3 DailyDayCent
DailyDayCent is a biogeochemical model built from the monthly version of Century and for

the most part the parameter files used are identical to those used by Century 4.5 and DayCent
4.5 (e.g. Parton et al., 1998; Del Grosso et al., 2002). This model simulates C and N fluxes
between the atmosphere, vegetation, and soil. Major factors (e.g. nutrient availability, water,
temperature) controlling plant growth are included to simulate GHGs and SOC changes over
time. This model considers nutrient supply as a function of SOM decomposition and external
nutrient additions. Other model inputs include timing and description of management events
(e.g. fertilization, tillage, harvest), and soil texture data. Submodels — mainly plant
production, SOM decomposition, soil water and temperature by layer, nitrification and
denitrification, and CH, oxidation — are also included. Improvement of this model is ongoing,
and a comparison of model results and plot data have shown that DailyDayCent reliably
simulates crop yield, SOM levels, and trace gas fluxes for various native and managed

systems (Del Grosso et al., 2012).
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4.2.3 Statistical Evaluation and Calculation
The models were run using the common inputs and weather data (Tables 3.1 and 3.2). The

outputs were converted into standard units to match with measured datasets and then collated.
The simulated values were compared and validated quantitatively with measured and/or

literature data; calculations and statistical evaluation are discussed in Section 3.2.7 above.

4.3 Results

4.3.1 Simulated and Measured Soil Nitrate-N and Water Content
The N fertilizer (CAN) was applied as a single dose in 2004 only and in two splits in later

years. The measured soil NO3 content was found to be a maximum of 71.3 following
fertilization and went down to 0.82 kg N ha™ at later periods (data not shown). In the
unfertilized field, the minimum and maximum NOj levels (seasonal/annual) measured were
0.20 and 25.2 kg N ha™, respectively. The DailyDayCent and DNDC predicted NO3 contents
were markedly higher for the fertilized field than the measured and those simulated by
ECOSSE. Only the ECOSSE predicted values were closer to the amount of NO3 applied, and
consistent over the 8 years. No models simulated the soil NO3 contents well, showing poor R?
(Table 4.1). For the fertilized field, the ECOSSE (R?*=0.55) and the DNDC (R?=0.31) models
estimates correlated significantly (p<0.05) with the measured ones. The total error and bias
differences were large and significantly (p<0.05) greater than their 95% confidence intervals
for both fields.

Table 4.1. Comparison of daily NO; concentration (kg N ha™) simulated by the three models with
values measured on a conventionally tilled field cropped to spring barley.

Statistical Fertilized Unfertilized (Control)
parameters DNDC | DailyDayCent [ ECOSSE DNDC | DailyDayCent | ECOSSE
R 0.31* 0.14 0.55* -0.07 0.00 0.13
RMSE (%) 925* 2847* 115* 837* 684* 169*
RMSEgsy, (%) 103 103 103 157 157 157
RE (%) -610* -1807* -46* -419* -497* -86*
REqgsy; (%) 66 66 66 65 65 65
MD (%) -68 -203 -5 -14 -16 -3

* Significant at 5% level of probability. R=Coefficient of Determination; RMSE=Root mean square error;
RE=Relative error (Mean); MD=Mean difference; n=53

Field measured soil water content (water-filled pore space, WFPS) showed an upper limit of
88.8% and a lower limit of 25.0% (data not shown). The DNDC simulated lower WFPS, with
a maximum of 40% and a minimum of 3% WFPS — a level, below the wilting point. The
DailyDayCent predicted similar trends except for the upper limit but not closer to the

measured values and these were highly variable. The ECOSSE simulated trends for WFPS,
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with a minimum of 41.4% and a maximum of 65.1%, and was similar to the measured data
(except 2004 and 2005). Irrespective of the models, there was no significant correlation
between the simulated and measured WFPS values (Table 4.2). The total bias and error

differences were relatively small but significantly higher than their 95% confidence intervals.

Table 4.2. Comparison of simulated daily WFPS (%) with values measured on a conventionally tilled
field cropped to spring barley.

Statistical Fertilized Unfertilized (Control)
parameters DNDC | DailyDayCent [ ECOSSE DNDC | DailyDayCent | ECOSSE
R 0.01 0.02 0.01 -0.18 0.00
RMSE (%) 70* 54* 32* 52%* 32*
RMSEgsy, (%) 23 23 23 24 24
RE (%) 57* 26* 6 36* 9
REqss, (%) 18 18 18 17 17
MD (%) 29* 14* -3 19* 5*

* Significant at 5% level of probability. R=Coefficient of Determination; RMSE=Root Mean Square Error;
RE=Relative Error (Mean); MD=Mean Difference; n=129 (DNDC), 85 (DailyDayCent), 88 (unfertilized).

4.3.2  Performance of Models to Simulate GHG Emissions

4.3.2.1 N,O emissions
The only maximum peak for N,O flux measured from the fertilized field in 2004 (56.0 g N

ha* d™) and the other years showed the maximum 17.6 and the minimum -8.0, demonstrating
small differences with the unfertilized field (16.6 versus -10.4 g N ha™ d™*). Regardless of the
models, the simulated N,O fluxes were consistent over years but differed with the measured
values, and none of the models predicted fluxes less than zero. The N,O fluxes varied largely
between the fertilized (80.0-100.9 g N ha® d?) and unfertilized (24.5-56.5) fields, with
DailyDayCent yielding the highest estimate and including an unusual and unexpected peak
for the unfertilized field (110.1). The ECOSSE simulated values correlated well with the
measured values (R?~0.33, p<0.05) under fertilized conditions only (Table 4.3). Overall, the
total bias and error differences did not vary significantly with their 95% confidence levels.
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Table 4.3. Comparison of simulated daily N,O fluxes (g N ha™) with values measured on a
conventionally tilled field cropped to spring barley.

Statistical Fertilized Unfertilized (Control)
parameters DNDC | DailyDayCent | ECOSSE DNDC | DailyDayCent | ECOSSE
R -0.02 0.19 0.33* -0.02 -0.03 -0.04
RMSE (%) 189 367 154 186 183 197
RMSEgsy, (%) 372 372 372 305 305 305
RE (%) 87 74 -59 94 87 -43
REqss, (%) 267 267 267 305 305 305
MD (%) 5* 4* -3 2% 2% -1

* Significant at 5% level of probability. R=Coefficient of Determination; RMSE=Root mean square error;
RE=Relative error (Mean); MD=Mean difference; n=130

For the fertilized fields, both DNDC (87%) and DailyDayCent (81%) underestimated total
N,O fluxes (seasonal/annual), and the ECOSSE overestimated it by 59% (Table 4.4). On an
8-year average, the DNDC simulated total N,O fluxes for the fertilized (207 kg N ha™) and
unfertilized (81 kg N ha™) fields were 2 to 15 times lower than the estimates of other two.
Both DNDC and DailyDayCent provided an underestimation of N,O EFs while ECOSSE
estimates were closer to the measured values. Compared to the measured annual, the DNDC
decreased EF by 94% and the DailyDayCent by 44%, and the ECOSSE increased it by 35%.
An estimation discrepancy for total fluxes and thereby EFs between integrated values and the
sum of daily fluxes was observed. On an 8-year average, the simulated EF was 0.09% with
the DNDC, 0.31% with the DailyDayCent and 0.52% with the ECOSSE.

Table 4.4. Comparison of simulated seasonal and annual N,O fluxes (g N ha™) and emission factors
(EFs) with values measured on a conventionally tilled spring barley field.

Fertilized Unfertilized (Control)
Total N,O fluxes  Measured | DNDC | DailyDayCent | ECOSSE | Measured | DNDC | DailyDayCent | ECOSSE
Seasonal (04) 522 137 94 1091 -20 18 83 816
Seasonal (05) 1145 33 74 1066 194 2 64 342
Annual (08-09) 1168 88 380 2049 689 61 119 1423
Annual (8 yrs Av) - 207 644 2037 — 81 218 1319
N,O EFs
Seasonal (04) 0.39 0.09 0.01 0.20
Seasonal (05) 0.60 0.02 0.01 0.46
Annual (08-09)* 0.34 0.02 0.19 0.46
Annual (08-09)** - 0.06 0.34 0.48
Annual (8 yrs Av) - 0.09 0.31 0.52

* Integrated (harvest to harvest); ** Sum of daily simulated values (harvest to harvest); EF=Emission factor

4.3.2.2 Soil/Ecosystem respiration
The Reco measured using EC from the large fertilized field demonstrated only a maximum

flux of 75.6 kg C ha™* d* during the crop growth and went down to 0.59 during the non-crop
period, corresponding to Ry. The DNDC simulated values for Re, showed trends similar to
the measured values, with a R? of 0.34 (p<0.05), and the total bias and error differences were
<34% and < 91%, respectively (Table 4.5). The estimated R, for the DailyDayCent also

showed trends similar to the measured values, with higher fluxes from 2007 onwards, an R?
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of 0.41 (p<0.05) and relatively small biases (<50%) and errors (<85%). The DNDC fractions
did not match well to estimate Rec, from the ECOSSE or simulated values of Ry. Considering
the statistical significance, the DailyDayCent fractions were used to estimate measured Ry.
Given possible uncertainties, all models were found to simulate Ry efficiently, with an R?
range from 0.44-0.62 (p<0.05) and with small biases (<50%) and errors (<87%).

The annual total Ree, measured using the EC was on average 6771 kg C ha™*, which is closer
to the DailyDayCent value (6736) but higher than the DNDC estimate (4455; Table 4.5). The
ECOSSE estimate is omitted due to large mismatching. On a 4-year average, the measured
Ry (estimated) was 3624 kg C ha™, which is closer to the ECOSSE and the DailyDayCent
simulated values but higher than the DNDC estimate (1794). On an 8-year average, the Ry
somewhat differed with the above although the simulated amount was similar.

Table 4.5. Validation of daily soil (Reco) and heterotrophic respiration (Ry) simulated by three
process-based models with values measured from spring barley fields.

Statistical Reco Ru

parameters Measured | DNDC | DailyDayCent | ECOSSE | Measured! | DNDC | DailyDayCent | ECOSSE¢
R 0.34* 0.41* 0.58* 0.62* 0.44*
RMSE (%) 85 91 85 68 87
RE (%) 34 1 50 24 7
MD (%) 6* 0 5* 2* 1*
Total CO, fluxes

kg C ha™

Annual total Reco 6771 4455 6736

Annual total Ry 1826 2668 3218
Annual total Ry (4 3624 1794 2744 3387

yrs average)

* Significant at 5% level of probability. '=estimated using DailyDayCent derived ratio; $=Re, estimated using
a conversion ratio derived from DNDC outputs for ECOSSE and DailyDayCent. R=Coefficient of
determination; RMSE=Root mean square error; RE=Relative error (Mean); MD=Mean difference

4.3.2.3 CH, fluxes
The measured CH4 fluxes (emission and oxidation) were small and varied significantly

between the fertilized (-040 to 0.36 g C ha™ d™) and unfertilized (-0.09-0.12) fields. The
highest simulated oxidation and emission respectively were 2.92 and 0 g C ha™ d™* with the
DNDC, 4.02 and 0 with the DailyDayCent, and 0.24 and 0.31 with the ECOSSE, which
provides values closer to the measured ones for the fertilized field only. The DNDC and the
DailyDayCent simulated values correlated poorly with the measured values, demonstrating
large biases and errors (Table 4.6). The ECOSSE simulated values correlated well (R*~0.34,
p<0.05), with the total bias and error differences less than their 95% confidence intervals. For

the unfertilized fields, either model estimates showed poor R?, large biases and errors.

60



Table 4.6. Validation of daily CH, effluxes (g C ha™ d) simulated by three process-based models
with values measured from spring barley fields and their total fluxes.

Statistical Fertilized Unfertilized (Control)

parameters DNDC | DailyDayCent | ECOSSE DNDC | DailyDayCent | ECOSSE
R 0.02 0.02 0.34 0.02 0.07
RMSE (%) 18926* 183761* 401 38037* 2286*
RMSEqgsy, (%) 14821 14821 14821 2071 2071
RE (%) 17564* 16786* -65 35238* 1670*
REgs, (%) 101499 101499 101499 1318 1318
MD (%) 2% 2% 4* 2% 0*

Total annual

fluxes (g C ha™) Measured | DNDC | DailyDayCent | ECOSSE | Measured | DNDC | DailyDayCent | ECOSSE

Integrated 3.50 -646 -612 -25 2.35 =729 -31.1
Sum of daily flux -682 -657 -28 =712 -314
8 years average -666 -704 -28 -667 -30.3

* Significant at 5% level of probability. R=Coefficient of determination; RMSE=Root mean square error;
RE=Relative error (Mean); MD=Mean difference

Annual estimations of the measured data showed the arable land an unusually small CH,4
source, with the emission of 2.35 g C ha™ under the unfertilized field increased to 3.50 g C
ha™® under the fertilized field (Table 4.6). On an 8-year average, the model estimates the
Spring Barley land use is a sink for CH,, with the annual oxidation of 666 g C ha™ from the
DNDC, 704 from the DailyDayCent and 28 from the ECOSSE. There were no clear and large
differences between the integrated and sum of the daily flux for the calculation of total CH,4

fluxes.

4.3.3  Predictability of the Models for SOC Stock Changes
The DNDC predicted 22% (using soil depth ratio function) or 38% (based on homogenous

distribution) lower SOC than the amount included as an input (0-10 cm soil depth) to run the
model and the ECOSSE model simulated 40% more (Table 4.7). The DailyDayCent
simulated values for SOC changes were not available for comparison. The ECOSSE model
simulated consistently well the changes in SOC stock over years (linear function showed R?
of 0.96-0.97) compared to the DNDC estimates (R*0.06).

There was a negligible difference between linear and differential approaches for the
estimation of annual SOC stock changes. The DNDC predicted small sinks (9.4-13.1 kg C
ha™) and the ECOSSE losses (302—410) of SOC from the arable land receiving 1.32 t C ha™
as crop residues. Both models were able to predict the influence of N fertilization on SOC
stocks and that increased with increasing rates of N application. Statistical evaluation of the
model’s performance was performed using the literature data due to the unavailability of
measured data (Table 4.7).
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Table 4.7. Comparison of annual SOC stock changes (kg C ha™) in the arable land simulated by
three process-based models with values measured elsewhere in temperate crops.

Simulated Measured References
DNDC* | DailyDayCent [ ECOSSE**
Fertilized
Linear model 13.1 -386 30-570  West and Marland,
2003
Annual balance (7 yrs) 10.1 -302
0.05-0.20%  Uhlen, 1991
Unfertilized control 160  Triberti et al., 2008
Linear model 9.7 -410 -5%  Stockfisch et al.,
1999
Annual balance (7 yrs) 9.4 -332 0.47-0.73% Janson, 1975

‘where a minus sign indicates a loss of carbon * Soil depth 0-50 cm; ** Soil depth 0-10 cm;: literature review,
arable crops, N fertilized + crop residues and NOT corresponds to simulations. Considering SOC stock for 0-10
cm of 19,912 kg ha™, the estimates for Uhlen, 1991=10-40; Stockfisch et al., 1999: -996, and Janson, 1975: 94—
145 kg C ha™ yr).

4.4 Discussion

4.4.1 Performance of the Models for the Simulation of Soil Nitrate-N and Water Content
Compared to the unfertilized field, the measured soil NO3 content following CAN fertilizer

application, containing half the NO3 level, was mostly in order of magnitude. The peak for
soil N mineralization during the later years of measurements might be missed and/or
denitrified rapidly. The decrease of soil NO3; concentration over time is pre-assumed to be
through plant uptake and other N loss processes. The DailyDayCent and DNDC predicted
soil NOj3 levels were noisy, attributing to a mismatch with plant N uptake and other N loss
processes. Moreover, the simulated peak for NO;3 levels was not within the measurement
ranges. Similar large overestimations were reported by others (Abdalla et al., 2009; 2012; Del
Grosso et al., 2002; 2005) using the previous versions of DNDC and DailyDayCent. This
may be ascribed to their limitations in the treatment of soil depth increments to consider for
inputs/outputs and/or assumptions of high availability of mineralized N and high nitrification
rates. As discussed below, the low predictions of soil water content and Ry — particularly by
the DNDC — might limit the contribution of the relevant process to that effect. The ECOSSE
simulated values were closer to the amount of NOs-N applied, in line with Bell et al. (2012),
and consistent over 8 years in contrast to the other two models. Except fertilizer-induced
peaks for NOj3 levels, there were small differences between fertilized and unfertilized fields.
Statistical evaluations confirm that the ECOSSE simulated soil NO3 well (R%0.50, p <0.05)
for the fertilized field, and that it performed better than the DNDC (R*~0.31, p <0.05) and the
DailyDayCent (R?=0.14). The models were unable to predict lower limits of NO3 levels
compared to the measured data and the DNDC v9.2 predicted maximum peaks for NOg,
showing underestimations (Abdalla et al., 2012). However, the total bias and error differences
are within their 95% confidence intervals. Among the models, the ECOSSE had a greater
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predictive power for soil NOjz than the other two models, except with regard to the

unfertilized fields.

The measured WFPS were consistent over time, but in some instances the values were below
the wilting point. Compared to the measured data, the DNDC underestimated the upper and
lower limits of WFPS. A similar discrepancy in soil water dynamics with the previous
version of the DNDC was observed (Roland et al., 2010). This is in contrast to the DNDC
v9.2 (R?*=0.58) where most of the dataset included was similar to this study (Abdalla et al.,
2012). Among the models, the ECOSSE predicted values were closer to the measured values,
but the upper limits of WFPS were not favourable for denitrification to occur, within the
range set in the model, and therefore underestimation of N emissions would be possible (Bell
etal., 2012). The poor R? and the large total bias and error differences indicate the inability of
models to simulate well soil NO3 and WFPS, and thereby take into account the processes

involved in C and N emissions.

4.4.2  Simulation Capacity of the Models for GHG Emissions

4.42.1 N,O emissions
The measurement intervals of N,O emissions were sporadic and the maximum peak that

appeared in 2004 may be missed in the sampling campaign (Abdalla et al., 2012), as the
rainfall pattern and thereby soil water content did not vary largely. Simulation of N,O
emissions using the three models was reasonably consistent over years. However, none of the
models was able to predict N,O fluxes less than zero. This is in contrast to the measured
values where a sink of N,O under conditions of low oxygen and mineral N was observed, in
line with others (Khalil et al., 2002; Chapuis-Lardy et al., 2007). The DailyDayCent
simulated N,O fluxes well except for an unusual peak derived from the unfertilized field. The
total bias and error differences were somewhat large but within their 95% confidence levels.
This indicates quite high predictive potentials of the models, although only the ECOSSE
simulated values showed a significant correlation with the measured ones under fertilized
conditions. Similar R? for daily N,O fluxes was observed for all models, including
DailyDayCent (Del Grosso et al., 2002; Bell et al., 2012). Higher R* was reported with the
DNDC by Abdalla et al. (2012) but this did not correspond to to the daily fluxes. Similar
strong relations for total N,O fluxes might be achieved from the other two models, but overall

performance seems to depend mainly on daily fluxes. Given the simulated values within 95%
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confidence intervals, none of the models simulated well daily N,O fluxes for the unfertilized

field, showing poor R?.

For the fertilized fields, both DNDC and DailyDayCent underestimated (81-87%), and the
ECOSSE overestimated (59%) the total N,O fluxes (seasonal/annual). On an 8-year average,
the DNDC simulated total fluxes were 2 to 15 times lower than the DailyDayCent and the
ECOSSE estimates. The variations between the model estimates and their relationship with
key driving forces such as soil water and NO3 levels are assumed to be functionally limited to
the production and release of N,O. This conforms with the DNDC-simulated low soil water
content, in line with Beheydt et al. (2007) when default values were used, and creates a noisy
simulated output with the DailyDayCent, including high NO; content. This indicates that both
models consider denitrification as the major contributor to N,O production, but the simulated
low soil water content is thought to limit the process. In contrast, nitrification might be the
major pathway formulated in the ECOSSE and the N,O emissions, though overestimated,
were somewhat consistent with the simulated soil water and NOj3 levels. This means that the
ECOSSE could further enhance the emissions with increasing soil water contents, provided
that the substrates and thereby denitrification process are not limiting. These are in agreement
with the literature values for total N,O emissions measured from crop fields, ranging from 0.7
to 3.5 kg N ha™ yr* (Kaiser and Heinemeyer, 1996; Flessa et al., 1998; Kaiser et al., 1998;
De Gryze et al, 2010). The inconsistencies in modelled predictions emphasize the
requirement of accurate simulation of soil moisture for a reliable prediction of N,O emissions
(Frolking et al., 1998).

Similarly, huge underestimations of N,O EFs (either seasonal or annual or simulated 8 years
average) by the DNDC followed by the DailyDayCent models compared to the measured
data were observed. Estimation of EFs using simulated values was constrained by total flux
differences between fertilized and unfertilized fields. However, replacement of unfertilized
value by background annual N,O emissions of 1 kg N ha™ (Del Grosso et al., 2005) could
also be erroneous. Similar overall underestimations — particularly using the earlier versions of
DNDC - have been reported (Beheydt et al., 2007; Abdalla et al., 2009; 2012). The
DailyDayCent also underestimated the N,O EF by 44%, a similar finding using the DayCent
(~25%), when compared with the default annual, was reported by Del Grosso et al. (2005). In
contrast, the ECOSSE on average increased EF by 35% but within closer ranges (0.52%) to
the measured estimates. This is in line with the previous version (Khalil et al., 2012b)
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although lower than the IPCC default value (1%). There was a discrepancy in calculating
total/cumulative N,O fluxes and therefore EFs, which may lead to an under- or over-estimate
of the EF, depending on the corresponding peak sizes, and the sum of daily fluxes. Nitrous
oxide emissions vary largely, either temporal and/or spatial (Khalil et al., 2009), resulting in
EF uncertainty of >50% (Mosier et al., 1999; Lim et al., 1999). This uncertainty may improve
based on several years of measurements and calibration of the model against more
management-induced variations (Clayton et al., 1997; Kaiser et al., 1998). However, the
measured lower total N,O fluxes and thereby EFs may be explained by the application of
CAN during relatively dry periods, leading to less denitrification, and high SOC density,
which is favourable for complete denitrification at high soil water levels. The above
statement remains uncertain due to sporadic gas samplings for better estimates, suggesting
the need for intensive samplings following tillage, fertilization, rainfall and other
environmental factors that regulate the degree of N,O emissions. Moreover, further
improvement of the models by identifying errors associated with the processes that
interactively produce N,O and also by using robust measurement data to validate and thereby
calculate N,O EFs across disaggregated arable lands and managements is imperative.

4.4.2.2 Soil respiration
We assumed that there are small differences between R, measured, showing consistent

estimations from the EC technique, and soil respiration (Rs, autotrophic plus heterotrophic).
This conforms to both DailyDayCent and DNDC simulated values, demonstrating good
correlation with the measured values (R*“0.41 versus 0.34, p<0.05) and relatively small total
bias and error differences. Similarly, the DNDC simulated cumulative CO, fluxes of cropland
site in Europe well except for some over-estimation of net CO, uptake (Dietiker et al., 2010).
Frolking et al. (1998) found that the ability of DayCent to simulate CO, emissions for various
management systems. Our study indicates that a further improvement of both models is
required to remove the discrepancy with regard to the early appearance of the simulated CO,
peaks compared to the measured values. Irrespective of the models, this shift cannot be seen
for the Ry either modelled or measured, and these correlated well (R?=0.44-0.62; p<0.05),
with small biases and errors. The DailyDayCent and DNDC simulated Ry better than the
ECOSSE. The relatively poor performance of the ECOSSE is probably caused by the

estimation errors associated with the conversion of the measured Rec, data to Ry.
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Accordingly, the annual estimates for the total Rec, measured using the EC (6771 kg C ha™)
is closer to global croplands average (5440+800, Raich and Schlesinger, 1992). The
measured value was almost similar to the DailyDayCent predictions. The DNDC
underestimated it by 34%, attributable to the poor simulation of soil water. Despite having
lower R?, the ECOSSE simulated total Ry was 7% less but closer to the measured values, and
the DailyDayCent and DNDC underestimated it by 24 and 51%, respectively. Similar
consistent simulated values on an 8-year average were also observed, implying that the
ECOSSE was better for Ry prediction than the other two models.

4.4.2.3 CH, emission/oxidation
The measured data demonstrated both CH, emission and oxidation although their extents

were relatively small. This might be linked to the fractional contribution of Ry with the
simultaneous influence of mainly soil water contents/precipitation events through creating
aerobic and anaerobic conditions (Khalil and Baggs, 2005). The measured peaks for CHy4
showed stimulating effects of N fertilization on both emissions and oxidation. The three
models were unable to predict similar trends, possibly because of constraints from several
regulating factors, and consideration of the flux variations between fertilized and unfertilized
fields may not be appropriate for judging the model’s performance. Both DNDC and
DailyDayCent predicted CH,4 oxidation, in line with former versions (Del Grosso et al., 2002;
Li et al., 2005) and the ECOSSE, providing values mainly for the fertilized field closer to the
measured ones. The simulated and measured values were poorly correlated, including
remarkably high total bias and error differences, particularly with the DNDC and
DailyDayCent. The ECOSSE modified version performed better (R*“0.34) than the previous
one (Khalil et al., 2012b). The CH, fluxes from arable lands might have less impact for
overall GHG accounting. However, evaluation of a process-based model would be necessary
to determine whether any functional relationship between C and N in association with

regulating factors is characterised properly.

The measured data showed the land use as a CH,4 source, increasing with the application of N
fertilizer. This indicates fertilizer-induced diminution unlike that observed for field-measured
CH, peaks. Methane can be produced from anaerobic microsites, having further potential to
metabolize methanotrophs, and arable soils may mainly cause a sink rather than source, if
small (Bodelier and Laanbroek, 2004; Khalil and Baggs 2005) due to high water-holding

capacity of the sandy loam soil. Indeed, tillage and N fertilization have a tendency to reduce
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oxidation potentials (Bronson and Mosier, 1994). In contrast, increased CH, oxidation in
arable soils (De Gryze et al., 2010) may be linked to well-aerated conditions with a positive
redox potential to limit methanogenic activities through draining coupled with ploughing
(Borken et al., 2003). The three models also demonstrated annual reduction of CH,4 oxidation
from the N fertilizer-treated compared to the unfertilized fields. Results suggest functional
constraints for CH4 emissions from arable fields are better predicted by the DailyDayCent
and DNDC than by the ECOSSE model.

4.4.3  Prediction Power of the Models for Changes in SOC Stocks
The validation of DNDC and ECOSSE simulated values for SOC stock changes were

constrained by the unavailability of measurement data. Previous studies reported that the
DayCent explained between 69% and 87% of the variance (De Gryze et al., 2010), and the
annual net ecosystem carbon balance estimated for 3 years (2004-2007) from the same Reco
data used in this study was 549+102 kg C ha™ (Ceschia et al., 2010). However, the input used
to run the models and the model outputs could have enormous implications in evaluating the
performance of a model. This emphasises the importance of baseline information derived
from field data, and their representativeness in comparison to data derived from similar arable
fields of temperate regions. The main constraint in the DNDC model is that it uses input for
0-10 cm soil depth whereas it provides output for 0-50 cm. On the other hand, the ECOSSE
does not perform well with the input depth, particularly for SOC stocks. In both cases,
homogenous distribution of SOC and the relevant soil properties are considered in both
models, including a series of default algorithms to distribute SOC among different pools (Li
et al., 1994; Smith et al., 2010). There appeared to be large uncertainties in the output
generations, linked to methods used to initialise SOC within the models. This leads to an
underestimation by the DNDC (22-38%) and overestimation (40%) by the ECOSSE model
for SOC density compared to the input value.

The ECOSSE model simulated consistently well the changes in SOC stocks over years where
both linear model and differential approaches were equally effective, compared to the DNDC
estimates. The DNDC predicted small sinks (9.4-13.1 kg C ha™), in line with the findings of
Uhlen (1991) but a bit lower than as reported by others (Jansson, 1975; West and Marland,
2003; Triberti et al., 2008). In contrast, the ECOSSE model showed losses, ranging from 302
to 410 kg C ha™, of SOC from the arable land, which is comparable to those estimated by

Ceschia et al. (2010). However, the ECOSSE model estimates were close to an average
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estimate of 380 kg C ha™ per cropping period in Europe where spring barley showed a small
sink, and where excluding rice sites increased the loss to 810 kg C ha™ (Moors et al., 2010),
the latter is similar to model annual estimate on average 700 kg C ha™ (Janssens et al., 2005)
and the CESAR model estimate of 830 kg C ha™ (Freibauer et al., 2004). Changes in SOC are
highly variable, and similar but higher losses and/or both sinks and sources have been
reported elsewhere (e.g. Stockfish et al., 1999; Smith et al, 2005; Ciais et al., 2009; De Gryze
et al., 2010; Smith et al., 2012). In a test with the ECOSSE model, we could not find any
functional relationship between the amount of crop residues remaining in the field and the
changes in SOC stocks. The model probably considers the fractional contribution of above-
and below-ground biomass. Based on the large variable estimates stated above and a bit
higher prediction by the previous version of the ECOSSE (Khalil et al., 2012b), it is not
appropriate to conclude from this study that the updated model performed better. Both
models simulated the influence of N fertilization in increasing SOC stocks, attributing this to
the increase in biomass production (Paustian et al., 1992). The predicted values differed
largely between the two models but within uncertainty ranges. This warrants further
refinement and validation of the models using the land use- or country-specific measured data
by taking into consideration the inherent variability of SOC and the possible imperfections in

the model estimates.

4.5  Conclusions
Compared to the measured values, the ECOSSE simulates the amount of nitrate concentration
better than the DNDC and DailyDayCent. None of the models predict soil water content well
— either under- and over-estimating — and the DNDC and DailyDayCent estimates are not
reasonable. The DNDC and DailyDayCent simulate daily and total N,O fluxes less than the
ECOSSE, predicting fertilizer-induced N,O fluxes and EFs better. All models simulate soil
and/or heterotrophic respiration well except for an underestimation with the DNDC, relating
more to soil water content variations compared to other model predictions. Only the ECOSSE
can predict field CH; emission/oxidation closer to measured ones than other two,
demonstrating overall oxidation. Though inclusive, the DNDC and ECOSSE simulated SOC
stocks are within the uncertainty ranges for arable lands. There are constraints with the
processes formulated to predict coupled C and N emissions, with special reference to soil
water contents that lead to the underestimation of GHGs. Thus, refinement and further

validation of the models using country-specific activity data are required to better predict
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coupled GHG emissions and SOC stock changes. In addition, it is important to avoid reliance
on the default values of model inputs. Country-specific input parameters shold be developed,
based on comprehensive measured programmes. This would improve model performance in
the simulation of the impact of Irish agricultural systems, including land use and land
management practices, and climate, thus enabling upscaling to national GHG estimates and

representation of the impact of deployment of mitigation options.
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AFOLU Agriculture, Forestry and other Land Use

CAN Calcium Ammonium Nitrate

CH4 Methane

CO, Carbon Dioxide

CORINE Co-ordination of Information on the Environment
CSO Central Statistics Office

DAFM Department of Agriculture, Food and the Marine
DNDC DeNitrification DeComposition

EC Eddy covariance

ECOSSE Estimating Carbon in Organic Soils - Sequestration and Emissions

EF Emission factor

EPA Environmental Protection Agency
GHG Greenhouse gas

GIS Geographical Information System
GSG Great Soil Group

GSM General Soil Map

IPCC Intergovernmental Panel on Climate Change
ISM Indicative Soil Map

IST Indicative Soil Type

LCS Land Cover Specific

LPIS Land Parcel Information System

LULUCF Land Use, Land Use Change and Forestry

NIR National Inventory Report
NIT Non-inversion Tillage
N.O Nitrous oxide

NO; Nitrate

NSDB National Soil Data Base
PASIM Pasture Simulation Model
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Reco

RME
RMSE
ROI
RothC
Rs

SOC
SOM
STS
Teagasc
TCD
uccC
UCD
UNFCCC
WEFPS

Ecosystem respiration

Heterotrophic respiration

Relative mean errors

Root mean square errors

Republic of Ireland

Rothamsted Carbon Model

Soil respiration

Soil organic carbon

Soil organic matter

Soil Type Specific

Irish Agriculture and Food Development Authority
Trinity College Dublin

University College Cork

University College Dublin

United Nations Framework Convention on Climate Change

Water-filled pore space
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AN GHNIOMHAIREACHT UM
CHAOMHNU COMHSHAOIL

Ta an Ghniomhaireacht um Chaomhnt Comhshaoil (GCC)
freagrach as an gcomhshaol a chaomhni agus a fheabhsi
mar shécmhainn luachmhar do mhuintir na hEireann. Taimid
tiomanta do dhaoine agus don chomhshaol a chosaint 6
éifeachtai diobhalacha na radaiochta agus an truaillithe.

Is féidir obair na Gniomhaireachta a
roinnt ina tri phriomhréimse:

RialQ: Déanaimid cérais éifeachtacha rialaithe
agus comhlionta comhshaoil a chur i bhfeidhm chun
torthai maithe comhshaoil a sholdthar agus chun
dirit orthu sidd nach gcloionn leis na cérais sin.

Eolas: Soldthraimid sonrai, faisnéis agus meastinti comhshaoil
atd ar ardchaighdedn, spriocdhirithe agus trdathdil chun
bonn eolais a chur faoin gcinnteoireacht ar gach leibhéal.

Tacaiocht: Bimid ag saothri i gcomhar le gripaf eile chun
tacu le comhshaol atd glan, tdirgidil agus cosanta go maith,
agus le hiompar a chuirfidh le comhshaol inbhuanaithe.

Ar bhFreagrachtai

Ceadani

e Déanaimid na gniomhaiochtai seo a leanas a riald ionas
nach ndéanann siad dochar do shlainte an phobail n& don
chomhshaol:

® saoraidi dramhaiola (m.sh. laithredin lionta taldn, loisceoiri,

e gniomhaiochtai tionsclaiocha ar scala mér (m.sh.
déantdsaiocht cogaisiochta, déantdsaiocht stroighne,

® an diantalmhaiocht (m.sh. muca, éanlaith);

e (isaid shrianta agus scaoileadh rialaithe Organach
Géinmhodhnaithe (OGM);

e foinsi radaiochta jandchéin (m.sh. trealamh x-gha agus
radaiteiripe, foinsi tionsclaiocha);

e aiseanna mora storala peitril;

e scardadh dramhuisce;

® gniomhaiochtai dumpala ar farraige.

Forfheidhmia Naisianta i leith Cdrsai Comhshaoil

e (Clar naisinta iniGchtai agus cigireachtai a dhéanamh gach
bliain ar shaoraidi a bhfuil ceadtinas 6n nGniomhaireacht acu.

e Maoirseacht a dhéanamh ar fhreagrachtai cosanta

e Caighdean an uisce 6il, arna sholathar ag solathraithe uisce
phoibli, a mhaoirsid.

e Obair le hadarais aitidla agus le gniomhaireachtai eile
chun dul i ngleic le coireanna comhshaoil tri chomhordd a
dhéanamh ar lionra forfheidhmitchain naisidnta, tri dhirid
ar chiont6iri, agus tri mhaoirsid a dhéanamh ar leasdchan.

e Cur i bhfeidhm rialachan ar n6s na Rialachan um
Dhramhthrealamh Leictreach agus Leictreonach (DTLL), um
Shrian ar Shubstainti Guaiseacha agus na Rialachan um riald
ar shubstainti a idionn an ciseal 6z6in.

e An dli a chur orthu sidd a bhriseann dli an chomhshaoil
agus a dhéanann dochar don chomhshaol.

Bainistiocht Uisce

e Monatodireacht agus tuairiscit a dhéanamh ar chailiocht
aibhneacha, lochanna, uisci idirchriosacha agus césta na
hEireann, agus screamhuisci; leibhéil uisce agus sruthanna
aibhneacha a thomhas.

e Comhordl naisidnta agus maoirsiti a dhéanamh ar an
gCreat-Treoir Uisce.

e Monatoéireacht agus tuairiscitt a dhéanamh ar Chailiocht an
Uisce Snamha.

Monatéireacht, Anailis agus

Tuairiscid ar an gComhshaol

® Monatéireacht a dhéanamh ar chailiocht an aeir agus Treoir an
AE maidir le hAer Glan don Eoraip (CAFE) a chur chun feidhme.

® Tuairisciti neamhspleach le cabhrd le cinnteoireacht an rialtais

staid Chomhshaol na hEireann agus Tuarascalacha ar Thascairi).

Riald Astaiochtai na nGas Ceaptha Teasa in Eirinn

e Fardail agus réamh-mheastachain na hEireann maidir le gais
cheaptha teasa a ullmhda.

e An Treoir maidir le Tradail Astaiochtai a chur chun feidhme i
gcomhair breis agus 100 de na tairgeoiri dé-ocsaide carbéin is
mo in Eirinn

Taighde agus Forbairt Comhshaoil

e Taighde comhshaoil a chistil chun brinna a shainaithint, bonn
eolais a chur faoi bheartais, agus réitigh a sholathar i réimsi na
haeraide, an uisce agus na hinbhuanaitheachta.

Measiinacht Straitéiseach Timpeallachta
® Measinacht a dhéanamh ar thionchar pleananna agus clar

beartaithe ar an gcomhshaol in Eirinn (m.sh. mérphleananna
forbartha).

Cosaint Raideolaioch

e Monatodireacht a dhéanamh ar leibhéil radaiochta, measinacht
a dhéanamh ar nochtadh mhuintir na hEireann don radaiocht
iandchain.

e (abhri le pleananna naisiiinta a fhorbairt le haghaidh
éigeandalai ag eascairt as taismi ndicléacha.

e Monatodireacht a dhéanamh ar fhorbairti thar lear a bhaineann le
saoraidi nlicléacha agus leis an tsabhéilteacht raideolaiochta.

e Sainseirbhisi cosanta ar an radaiocht a sholathar, né maoirsit a
dhéanamh ar sholathar na seirbhisi sin.

Treoir, Faisnéis Inrochtana agus Oideachas

e Comhairle agus treoir a chur ar fail d'earndil na tionsclaiochta
agus don phobal maidir le habhair a bhaineann le caomhn( an
chomhshaoil agus leis an gcosaint raideolaioch.

e Faisnéis thrathdil ar an gcomhshaol ar a bhfuil fail éasca a
chur ar fail chun rannphéairtiocht an phobail a spreagadh sa
chinnteoireacht i ndail leis an gcomhshaol (m.sh. Timpeall an T4,
léarscaileanna radain).

e Comhairle a chur ar fail don Rialtas maidir le habhair a
bhaineann leis an tsabhailteacht raideolaioch agus le cdrsai
prainnfhreagartha.

e Plean Naisiinta Bainistiochta Dramhaiola Guaisi a fhorbairt chun
dramhail ghuaiseach a chosc agus a bhainistid.

Miscailt Feasachta agus Athri Iompraiochta

® Feasacht chomhshaoil nios fearr a ghinitint agus dul i bhfeidhm
ar athr( iompraiochta dearfach tri thaci le gnéthais, le pobail
agus le teaghlaigh a bheith nios éifeachtdla ar acmhainni.

e Tastail le haghaidh rad6in a chur chun cinn i dtithe agus in ionaid
oibre, agus gniomhartha leasiichain a spreagadh nuair is ga.

Bainistiocht agus struchtir na Gniomhaireachta
um Chaomhni Comhshaoil

Ta an ghniomhaiocht & bainistit ag Bord lanaimseartha,
ar a bhfuil Ard-Stidrthéir agus cligear Stidrthdiri.
Déantar an obair ar fud clig cinn d’Oifigi:

e An Oifig Aeraide, Ceadinaithe agus Usaide Acmhainni
¢ An Oifig Forfheidhmithe i leith cirsai Comhshaoil

e An 0ifig um Measind Comhshaoil

¢ An 0Oifig um Cosaint Raideolaioch

e An Qifig Cumarsaide agus Seirbhisi Corparaideacha

Ta Coiste Comhairleach ag an nGniomhaireacht le cabhrd Léi.
Ta daréag comhaltai air agus tagann siad le chéile go rialta le
plé a dhéanamh ar abhair imni agus le comhairle a chur ar an
mBord.
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Background

Agriculture and land management are major sources of emissions and removals of greenhouse
gases in Ireland, and globally, Local conditions and practices can profoundly influence the
emissions of nitrous oxide, methane and the emission or removal carbon dioxide.

Identifying Pressures

Agriculture, particularly grassland based livestock farming, is the dominant land use in Ireland, and is recognised
as the principle primary industry in the State. As a consequence, Agriculture is responsible for largest share of
GHG emissions compared to other sectors of the economy. Nevertheless, there is also the potential for removal
of carbon dioxide from the atmosphere through good practice in the management of agricultural and other
lands. Both the emissions and removal potential needs to quantified at a national level in order to better inform
decision making on future land management.

Informing Policy

¢ Findings from this study indicate that the carbon stored in Ireland’s agricultural soils is of the order of 1,146 Tg
(1m depth). The amount of carbon stored depends on a variety of factors, including climate and soil type.
However, management (pasture, rough grazing, tillage etc.) is also seen to be a major factor.

e Advance models of soil processes, which simulate the interaction between soils, climate, and management,
have greatly improved. Coupled with observations from nearly a decade of field research, it is now possible to
provide insight into the impact of farming practices on N,O emissions and soil carbon dynamics.

Developing Solutions

¢ This research investigates existing data gathered from a range of agricultural land use systems to begin to
develop a structure modelling approach to the estimation of greenhouse gas emissions and removals, and
the specific impact of changes in practices to manage these, and provide robust options for mitigation of

climate change in the agricultural land use sector.
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