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Abstract: With global warming, arable land in boreal regions is tending to expand into high latitude
regions in the northern hemisphere. This entails certain risks; such that inappropriate management
could result in previously stable carbon sinks becoming sources. Agroecological models are an im-
portant tool for assessing the sustainability of long-term management, yet applications of such mod-
els in boreal zones are scarce. We collated eddy-covariance, soil climate and biomass data to evalu-
ate the simulation of GHG emissions from grassland in eastern Finland using the process-based
model DNDC. We simulated gross primary production (GPP), net ecosystem exchange (NEE) and
ecosystem respiration (Reco) with fair performance. Soil climate, soil temperature and soil moisture
at 5 cm were excellent, and soil moisture at 20 cm was good. However, the model overestimated
NEE and Reco following crop termination and tillage events. These results indicate that DNDC can
satisfactorily simulate GHG fluxes in a boreal grassland setting, but further work is needed, partic-
ularly in simulated second biomass cuts, the (>20 cm) soil layers and model response to management
transitions between crop types, cultivation, and land use change.

Keywords: ecophysiological modelling; boreal agriculture; greenhouse gases; model evaluation;
DNDGC; soil organic carbon; net-zero

1. Introduction

Global temperature rise is placing increased pressure on boreal lands from agricultural
land-use expansion and intensification to meet the needs of a burgeoning population [1].
Boreal regions also present significant opportunities for greenhouse gas (GHG) mitigation
and may have the potential to act as further sinks of atmospheric carbon [2]. We are thus
at a critical juncture in time in which holistic assessments and planning decisions regard-
ing management and land-use trade-offs will be key to ensuring long-term sustainability
[3]. Given the risks and opportunities afforded by climate change in boreal areas, decision
making needs to balance the manifold factors involved to balance increasing societal re-
quirements for the long-term preservation of the natural capital on which our agri-food
systems depend [4]-[7].

Agroecological models have increasingly been used to simulate the effects of management
[8], [9] and land use conversion [10] on biomass production [11]-[13], canopy-level phys-
iology [6], [7] [6], [7], GHG emissions [14]-[17], profitability [18] and soil carbon/nitrogen
cycling [19]. When properly calibrated, such models have been able to accurately simulate
these agriculturally and environmentally important variables and thus have the potential
to assist in management planning while promoting both production and environmental
protection, including climate change mitigation by reducing GHG emissions [20]-[22].
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The DeNitrification-DeComposition (DNDC) model [23] has been long in use worldwide,
and has demonstrated sufficient accuracy in modelling crop growth and GHG emissions
in cooler regions [10], [24]-[32]. The extensive use of this model in colder climates and its
successful simulation of relevant outputs would make it seem a sensible choice for appli-
cation in Scandinavia, although significant uncertainty remains around the performance
of DNDC in the challenging boreal environment due to the lack of studies measuring
GHG and other variables for use in model calibration in regions with extensive durations
of sub-zero temperatures [33].

Of the few agroecological modelling studies that have been conducted in boreal zones,
results for DNDC have been promising. For example a study by He et al [30] modelled
the effects of manuring on N20 emissions in Canadian grasslands, evaluating against
measured data and while most metrics were graded “good” to “fair”, soil water and N
simulations were only “acceptable”, and the authors also recommended improvements to
the models soil freeze-thaw simulations, as well as soil microbial and water processes in
grasslands. Abdalla et al [26] used DNDC to evaluate soil respiration in the Republic of
Ireland from grassland and conventionally managed arable fields under three climate sce-
narios: a baseline of measured climate data and both high and low temperature sensitivity
scenarios. They indicated that DNDC could effectively model soil respiration in both pas-
ture and arable, underestimating annual CO: efflux by only 13% and 8% respectively. An-
other study in the Republic of Ireland [34] examined management effects on N20 emis-
sions from grasslands using a two year (2008-2009) dataset. The study showed that flux
estimates tended to be higher than those estimated using IPCC emissions factors, and the
authors suggested that soil parameters needed further calibration for optimum perfor-
mance. A study in Northern Ireland [35] used DNDC95 to evaluate SOC density and an-
nual changes in temperate long-term grassland soils. They found that the model underes-
timated SOC by 0.9 t C ha', yr, a difference which was explained by differences in sup-
plied N and differences in soil C, rainfall, and air temperature as well as soil physiochem-
ical variables. Because most of the studies with DNDC have been conducted in temperate
or cool temperate regions with more moderate temperatures, different soils and different
land management, such results may not translate to Scandinavian conditions, hence the
need for a DNDC study in Finland.

The purpose of this study was to evaluate DNDC performance in simulating soil micro-
climate, biomass production and GHG fluxes against eddy-covariance measured NEE,
here defined as the net exchange of CO:z between the ecosystem and atmosphere in kg C
ha, and associated soil and plant data in a legume grassland in eastern Finland with at-
tention to model accuracy in simulating freeze-thaw cycles.

2. Materials and Methods
2.1 Site description

This study was conducted at the Antilla field site, located in Maaninka, eastern Finland,
(63°09" N, 27°140" E, 89 m a.s.l.); a location with mean annual temperature (1981-2010) of
3.2°C and mean annual precipitation of 612 mm year. In the study period, mean, maxi-
mum and minimum temperatures were 5.1, 25.0 and -26.5 °C respectively, and annual
rainfall was 613 mm, 515 mm, and 532 mm for 2017, 2018 and 2019 respectively (Figure
1). The study site was a 6.3 ha agricultural field where the mineral soil is classified as a
haplic cambisol (silt loam: clay 25 +7.8%, silt 53 + 9%, sand 22 + 7.8%) based on the USDA
classification system (Table 1).
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Figure 1: Measured air temperature (°C) and precipitation (mm) per day over the modelled period

(Data obtained from Finnish Meteorological Institute (FMI).

Table 1: Topsoil (0-5cm) measurements in the Antilla.

Unit Value
Soil pH 5.8+0.19
EC mSm?! 14+2.4
SOM% 52+09
SOC% 3.0+0.52
C/N ratio 15+0.4
Total N% 0.2 +0.03
P mg L! 54+1.28
Kmg L1 104 +12.9

The field was cultivated with a mix of timothy (Phleum pratense L. cv Nuuti), meadow
fescue (Festuca pratensis) and red clover (Trifolium pratense) at a rate of 15 and 5 kg ha! for
grasses and legumes respectively in 2015, was reseeded in May 2017, and ploughed in the
autumn of 2018 when glyphosate was also applied. The grassland was renewed in Spring
2019 with a cover crop of barley (Hordeum vulgare L.) in a fresh rotation. Mineral fertilizer
was applied (106 kg N, 28 kg P and 50 kg K/ha') divided evenly over two applications at
the start of the growing season and after first cut in 2017 and 2018, with a single applica-
tion in the renewal year of 45 kg N, 20 kg P, 38 kg K/hal. Cuts were carried out twice
annually in late June and mid-August for 2017 and 2018, and a single cut in early August
in the renewal year with a disc mower to remove biomass material to 8 cm, which was
then swathed, baled, and removed from the field site.

2.2 Eddy covariance data

An eddy covariance (EC) tower was setup in the centre of the study area in 2017. The CO:
and H2O measurements were performed by a closed-path EC system with adjacent
weather station providing supporting climate and meteorological data. The EC system
was a Li-7000 infrared gas analyser (IRGA, for CO2 and H>O mixing ratios, Li-COR inc.,
Lincoln, NE, USA), a sonic anemometer (wind velocity, sensible heat flux and sonic tem-
perature components R3-50, Gill Instruments Ltd, UK) mounted 2.5 m above the soil sur-
face on an instrument tower. Air samples pass through a heated intake tube at a flow rate
of 10 L min, (a PTFE tube, internal diameter 6 mm, length 8 m) with two 1.0 pm pore size
filters (Gelman®). The IRGA was housed in a climate-controlled cabin and calibrated
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monthly during the growing season. Supporting climate data was net radiation, relative
humidity, photosynthetically active radiation, soil temperature, volumetric soil water
content (at 5 and 20 cm depths) and air pressure. A CR3000 (Campbell Scientific Inc.) 10
Hz data logger collected raw EC data. Missing supporting meteorological data were gap
filled using data from the Maaninka weather station (Finnish Meteorological Institute),
located 6 km southeast of the field site. Eddy covariance data processing was carried out
using EddyUH [36]. Annual EC data for the period of the experiment (20t May 2017 to
31t May 2020) was employed for calibration and evaluation purposes.

2.3 The DNDC model

The DeNitrification-DeComposition (DNDC) model is a process-based biogeochemical
model developed for quantifying C sequestration as well as emissions of C and N gases
from agricultural ecosystems [37]-[39]. The model is comprised of six sub-models: soil
climate, plant growth, decomposition, nitrification, denitrification, and fermentation. The
soil climate, plant growth, and decomposition sub-models convert the primary model
drivers, such as climate, soil properties, vegetation, and anthropogenic activity, into soil
environmental factors (e.g., soil temperature and moisture, pH, redox potential) and con-
centrations of substrates of relevant biogeochemical processes. The nitrification, denitrifi-
cation, and fermentation sub-models simulate C and N transformations that are mediated
by soil microbes and controlled by soil environmental factors and concentrations of rele-
vant substrates[39], [40]. The DNDC model adopted in this study was further improved
to simulate surface energy exchange, soil frost and thaw dynamics, and C gas fluxes in
cold regions [41]-[43].

The DNDC model requires daily climate data, including minimum and maximum tem-
peratures (°C) and rainfall (mm), as well as humidity (%), windspeed (m/s), and solar
radiation (MJ/m?). The model also requires rainfall N concentrations, atmospheric NHs
and CO: concentrations, and annual increases of atmospheric CO:, although model de-
fault values can be used when such information is not available. In addition, we used
measurements of actual snow depth to drive the model [42]. Using measured snow depth
in this way improves the surface energy balance and hence the simulated soil temperature
and water filled pore space (WFPS cm3/cm?). Soil input data includes soil properties ac-
cording to the USDA soil classification system, as well as information on initial soil or-
ganic carbon (SOC), pH and other soil physiochemical factors. The input parameters of
farming management practices, including crop types, planting and harvest dates, tillage,
fertilization, residue return, and irrigation, were taken from Li et al (unpublished). The An-
tilla site using soil data from Lind et al [44]. Initial model output evaluations were carried
out against EC data for net ecosystem exchange (NEE), gross primary production (GPP,
defined as the total CO: taken up by the ecosystem in photosynthesis in kg C ha') and
ecosystem respiration (Reco, defined here as the total ecosystem respiration (sum of
aboveground plant and root (autotrophic) and heterotrophic respiration) in kg C ha™).
Output data assessment and analysis was conducted in R version 4.1.1 (R development
core team 2021) and RStudio (version 1.4.1106).

2.4 Model initialisation calibration and evaluation

The model was calibrated using data in 2017 and 2018 and then ran continuously from
2017 to 2019, with 2019 used to evaluate the model. The calibration process included op-
timisation of crop phenological parameters (thermal days to maturity, biomass fraction,
root:shoot ratios, stem:leaf:grain fraction, water demand, N fixation index, and optimum
temperature, Table 2). For modelling purposes, a 16-year spin-up period was introduced
to allow time for simulated soil carbon stocks to stabilise.

Table 2: Crop calibration parameters used in this study. Figures in grey are automatically produced
model outputs in response to calibration, and not directly subject to manipulation.
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Perennial grass Grain Leaf Stem Root
Max. biomass production (kg C/ha/yr) 400

Biomass fraction 0.04 0.28 0.28 0.4
Biomass C/N ratio 35

Annual N demand (kg N/ha/yr) 143

Thermal degree days to maturity 1500

Water demand (g water / g dry matter (DM)) 150

N fixation index (crop N/N from soil) 1.5

Optimum temperature (°C) 18

Barley

Max. biomass production (kg C/ha/yr) 2496

Biomass fraction 0.3 0.23 0.23 0.23
Biomass C/N ratio 45 75 75 85
Annual N demand (kg N/ha/yr) 129

Thermal degree days to maturity 1500

Water demand (g water / g DM) 150

N fixation index (crop N/N from soil) 1

Optimum temperature for crop growth (°C) 18

The crop setup consisted of two systems, the first consisted of a perennial grass ley (land
put down to grass and/or clover for a limited period) calibrated to simulate a grass/legume
mixture. The second system simulated the same, with the addition of a barley cover crop,
though no cuts were carried out in 2020 (Table 3). Input parameters for soil and manage-
ment are as described in section 2.1, though fertiliser applied (106 kg N/ha/year) was di-
vided equally among the number of fertilisation events for that year.

Table 3: Management details used in DNDC simulations in the present paper based on Li et al (un-
published). ‘Model setup” indicates the division between calibration and evaluation datasets. The full
model was run until May 2020, although that year was not used in model evaluation and is shown
in grey to reflect this.

Year 1(2017) 2 (2018) 3(2019) 4 (2020)
Model setup Calibration dataset Evaluation NA
dataset
Crop: perennial grass 18th May 2017 — 30th Oct 2018 4th June 2019 - 31st May 2020
Cover crop: barley NA NA 4th June 2019 - 31st May 2020
Cuts 29th June 26th June 6th Aug -
16th Aug 7th Aug
Overseeding/reseeding 18th May NA 16th Aug -
Fertilisation 22nd May & 22nd May & 2nd July *22nd May &
3rd July 2nd July 2nd July
Tillage NA 30th Sept 3rd June -
(crop killing
till), 30th Oct

Both calibration and evaluation were conducted using base R and the package ‘Hy-
droGOF’ [45]. Four evaluation metrics were used to evaluate model performance against
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measured GHG fluxes. These were Spearman’s rho (p, equation 1), where p is the spear-
man’s rank correlation coefficient, di is the difference between the two ranks of individual
measured and corresponding simulated data pairs, and n is the number of observations.
Mean absolute error (MAE, equation 2) which assesses the size of prediction errors at the
individual level, but does not allow comparison between positive and negative predictors.
Root mean square error (RMSE, equation 3) measures absolute quadratic prediction error.
Si is the simulated, and M are the measured variables. Percent bias (pBIAS, equation 4)
gives a relative bias estimation to determine over or underestimation in the simulation.

6Y d?
—1_ 1
p=1 nnz-1) @
n 1S _ M.
MAE = % ()
n (S, — M,)2
RMSE = % 3)
n (S _ M.
pBIAS = 100 %M) 4)
i=1 i

Following setup and calibration we again ran the model continuously from 2000 to 2020
and used 2019 for model evaluation against gross primary production (GPP kg C ha'), net
ecosystem exchange (NEE kg C ha') and ecosystem respiration (Reco kg C ha), soil tem-
perature (°C) at 5 cm, and soil moisture (WFPS cm3/cm?) at 5 cm and 20 cm according to a
pre-determined criteria (Table 4).

Table 4: Model evaluation based on classifications as per[26], [30], [33]. Overall scores are calculated
as the mean performance of variables across all four metrics.

Evaluation method _ fair good excellent

Spearman’s rank correlation () 0.30 0.50 0.70 1.00

MAE 4.0+ 3.0-3.9 2.0-29 1.0-1.9

RMSE >40 20-39 10-19 0-10

pBias% >20% 15-20% 11-15% <10%
3. Results

Greenhouse gas exchange (Figure 2), soil climate simulations (Figure 3) and crop biomass
simulations (Figure 4) were generally in agreement with measurements through most of
the modelled timeframe. For GPP, there was a good correlation p between simulated and
measured data, though MAE was poor, RMSE was fair, and the model pBias% underesti-
mated and scored poor. For NEE, there was a good p correlation between simulated and
measured data, though MAE was poor, RMSE was fair, and the model scored good over-
all, with a small pBias% underestimate. For Reco, there was a good p correlation between
simulated and measured data, though MAE was poor, RMSE was good, but model
pBias% underestimated and scored poor (Table 5).

Table 5: Validation results for simulated versus measured GHG exchange and soil microclimate.
The ‘Mean score’ column represents the overall assessment when all four measures are accounted
for.

p MAE RMSE pBias%  Mean score
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GPP (kg Cha') 0.80 (p <.001)
NEE (kg Cha™) 0.72 (p <.001) -14.2%
Reco (kg Cha) 0.85 (p <.001)
Soil Temp (°C) 1.00 (p <.001) 0.1 1.2 18.2% Excellent
WEPS (cm?/cm?)
Sem 0.73 (p <.001) 0.1 0.1 -11.2% Excellent

WEPS (cm?/cm?)
0.1 0.1 -5.0% Good
20cm

For soil temperature there was a correlation p score of excellent, MAE was excellent,
RMSE was excellent and pBias% scored fair, and showed that the model overestimated
compared to measured data. Soil water (WFPS) at 5 cm scored “good” p for Spearman’s
correlation, MAE was excellent, and RMSE was also excellent, while there was a small,
but good underestimation for pBias%. For WFPS at 20 cm there was a poor p correlation,
whereas MAE was excellent and RMSE was excellent, whilst there was only a small
pBias% underestimation, which scored excellent (Table 5).

The DNDC model simulated seasonal patterns of GHG exchange (Figure 2) and soil cli-
mate (Figure 3) well. Seasonally, GHG's tended to be close to 0 between October and
April, although in the evaluation year eddy covariance did not show the simulated uptick
in ecosystem respiration and NEE (Figure 2 b & c) until six weeks later in mid-June, and
DNDC did not pick up on this and also did not pick up on wintertime ecosystem respira-
tion (Figure 2c).
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Figure 2: Simulated and measured GPP a), NEE b) and Reco c) over the three modelled growing
seasons.

Soil temperature at 5 cm (Figure 3a) was very similar to measured data, although WEPS
at 5 cm (Figure 3b) showed less accuracy in January and May, and in the 20 cm layer
DNDC overestimated in May 2018 and underestimated between December 2018 and May
2019 (Figure 3c).
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Figure 4: Comparison of simulated (—) and measured (x) biomass production (DM kg/ha™) for grow-
ing seasons 2017 to 2019. For 2017, the difference for cut 1 was 5.6% and cut 2 was 21.3%. For 2018
cut 1 was 4.0% and cut 2 was 30.5%, and for 2019 the simulated cut was 8.7% higher than measured
DM and the black arrows (‘ploughing event’ and ‘tillage and spring sowing’.

Biomass (DM kg/ha) simulation were compared with measured cuts using an independ-
ent sample t-test. Measured DM (mean = 3117, sd = 915) was compared to simulated DM
(mean = 4517, sd = 926) and there was a significant difference between the two f (8) =-2.4,
p <.05.

Total annual GHG exchange was measured for the calibration and evaluation years 2018
and 2019 (Table 6) indicating that DNDC simulated GPP, NEE and Reco followed a similar
pattern to measured eddy-covariance figures and both field measurement and simula-
tions showed reduced respiration in 2019 compared to 2018.

Table 6: Comparison of total annual GHG exchanges for calibration (2018) and evaluation (2019)
years. The 2017 year is omitted as measurement did not begin until May.

Measured Simulated Difference
GPP (T Chatyr?)
2018 14.79 10.09 -4.70
2019 4.15 5.19 1.04
Mean 9.47 7.64 -1.83
NEE (T C ha' yr)
2018 -3.64 -1.97 1.68
2019 0.22 -0.35 -0.57
Mean -1.71 -1.17 0.55
Reco (T C ha yr)
2018 11.15 8.12 -3.03
2019 4.58 4.84 0.26
Mean 7.87 6.48 -1.38

The DNDC model predicted that the Antilla site would be an overall sink of atmospheric
C by an average of -1.17 T C ha! yr?, although eddy covariance indicated that in 2019 the
field site was a small source of C, but still an overall sink.

4. Discussion

This study begins to address the dearth of model evaluations for boreal managed grass-
lands by presenting a comparison of model simulations for DNDC with eddy-covariance
GHG flux, soil climate and biomass dry-matter production data. There are relatively few
papers containing model evaluations for grasslands in boreal areas, but since model test-
ing during their creation is necessarily limited to regions available to the model creators,
it does not follow that they are applicable elsewhere and a careful assessment of regional
conditions is necessary to understand how a model might behave in novel environments.

A number of papers have assessed the DNDC model in cool weather regions in Canada
[28], [30] and Northern Europe [26], [42], [43], making it an ideal candidate for evaluation
with a view to using in the boreal agricultural landscapes of Scandinavia. And the present
study adds to this by demonstrating that the model can produce fair estimations of the
key GHG fluxes and good estimations of soil climate conditions when compared to meas-
ured field data, but that there remain a number of uncertainties that would benefit from
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further elucidation, for example crop parameterisation and root processes, soil moisture
simulations and GHG responses to changes in management.

4.1 GHG exchange

In general, the DNDC model simulated GHG exchange fairly well, there was a tendency
to underestimate GPP and Reco compared to measured data. This may be linked to the
model simulating little or no respiration during the colder months, and to both increase
more slowly and decrease more rapidly at the commencement and ending of the growing
season compared to measured data. Using the improved DNDC model [41] improved
model performance which was able to simulate GHG satisfactorily.

In the evaluation dataset a simulated increase in NEE and Reco beginning in May 2019
was not matched by observed data (Figures 2 b and c). This may reflect a modelled in-
creased soil respiration since the model simulated a ‘crop terminating till’ in October 2018,
followed by a ‘light mulching till’ and seeding on 3¢ and 4% of June respectively (Table 3).
The residue incorporation following crop termination and tillage event increased the
modelled soil respiration. However, the simulated an increase in soil respiration before
crop germination in contrast to the findings of Oertel et al., [46] who found that bare soils
tended to have lower GHG flux than other land-cover types.

The June 2019 sowing also included a cover crop of barley that was absent from previous
years, although the use of cover crops has been shown to increase soil microbial activity
[47]. However, there we no observed differences related to barley addition (Figure 2), and
in the 2019 (evaluation period) growing season there was a month-long difference be-
tween observed and simulated uptick of NEE and Reco (Figure 2 b and c), which was not
observed in the 2018 (calibration) season and requires some explanation. According to
Khan, [48], tillage, which is the standout feature of the 2019 (evaluation) period, can stim-
ulate soil microbial activity and thus respiration. Nevertheless, simulated NEE was not
significantly different from observed (-14%), in line with the findings of Deng et al ., [41]
who also reported a good match for NEE, and of Abdalla et al., [26] who reported a core-
lation of R = 0.6 for NEE simulations compared to measured data on permanent grassland
in the Republic of Ireland.

4.2 Soil climate

Model performance in terms of simulating temperature at the soil surface (5 cm) was ex-
ceptional, which was perhaps to be expected given the version of the DNDC model we
used was aimed specifically at improving surface exchange of energy fluxes and soil
frost/thaw dynamic simulations [41,], [42], as is evident from the close correlation between
simulated and measured outputs (Table 5). Soil moisture (WFPS) at 5cm followed a simi-
lar, though less striking trend and tended to underestimate by 11.2%, (Table 5). On the
other hand, at 20cm WFPS simulation quality was much lower, and although the two da-
tasets matched closely the spread of the data was such that it was not possible to make a
strong correlation. This discrepancy may be due to the model sensitivity to the soil wa-
ter/ice status to changes in soil temperature when this was close to zero since a variation
of + 1°C above or below freezing is small for soil temperature but makes the difference
between liquid water and ice in the soil.

4.3 Biomass

The DNDC model was able to simulate biomass production accurately for the first cut in
the two-cut system used in Finnish pastures although the second cut tended to underes-
timate. Model performance in the first cut was closer to measured figures than in the sec-
ond (2.8 + 0.008% and 25.9 + 0.05% respectively, Figure 4) and tended to assume higher
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growth rates after the first cut than were observed in the field. Testing across all years
indicated that there was a significant difference between simulated and measured bio-
mass, meaning that the model underperformed as a grass biomass prediction tool when
calibrated to greenhouse gas fluxes.

5. Conclusions

This study demonstrated that the DNDC model is able to simulate GHG fluxes, soil cli-
mate conditions in a boreal grassland on a mineral soil within reasonable levels of accu-
racy, albeit at a trade-off in accuracy of crop biomass prediction. Future work using
DNDOC could be aimed at improving crop phenology (accounting for accurate onset and
end of the growing seasons), interactions among plant species and potential benefits of
legume crops in legume grassland systems, and improving the characterization of heat
and water exchange at the soil surface layer to determine key factors influencing simu-
lated GHG exchanges. Overall, however, our results suggest that the model is suitable for
modelling crop, soil and GHG exchange from boreal grasslands.

Funding

This work was supported by funding from the Ministry of Agriculture and Forestry Fin-
land (Helsinki, FI) (Project: Clover for biogas, Project NC-GRASS: VN/28562/2020-MMM-
2).

Author contributions

Daniel Forster - Data analysis, model calibration and evaluation, original draft. Jia Deng
— Model calibration and evaluation, editing and advisory. Matthew Tom Harrison - Re-
view, editing and advisory. Narasinha Shurpali - review, editing, advisory and project
supervision.

Data availability statement

The data presented in this study are available on request from the corresponding authors.

Conflicts of interest

We declare no conflicts of interest.

References

1.

A. Unc et al., "Expansion of Agriculture in Northern Cold-Climate Regions: A Cross-Sectoral Perspective on
Opportunities and Challenges’, Front. Sustain. Food Syst., vol. 5, p. 663448, 2021, doi: 10.3389/fsufs.2021.663448.

S. E. Lind et al., “‘Carbon dioxide and methane exchange of a perennial grassland on a boreal mineral soil’, Bo-
real Environ. Res., vol. 25, pp. 1-17, 2020.

M. T. Harrison et al., “Carbon myopia: The urgent need for integrated social, economic and environmental ac-
tion in the livestock sector’, Glob. Change Biol., vol. 27, no. 22, pp. 5726-5761, 2021, doi: 10.1111/gcb.15816.

A. Fleming, A. P. O'Grady, C. Stitzlein, S. Ogilvy, D. Mendham, and M. T. Harrison, ‘Improving acceptance of
natural capital accounting in land use decision making: Barriers and opportunities’, Ecol. Econ., vol. 200, p.
107510, Oct. 2022, doi: 10.1016/j.ecolecon.2022.107510.

M. T. Harrison, ‘Climate change benefits negated by extreme heat’, Nat. Food, vol. 2, no. 11, pp. 855-856, 2021,
doi: 10.1038/s43016-021-00387-6.


https://doi.org/10.20944/preprints202210.0297.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 October 2022 d0i:10.20944/preprints202210.0297.v1

6. M. T. Harrison, J. R. Evans, and A. D. Moore, “Using a mathematical framework to examine physiological
changes in winter wheat after livestock grazing’, Field Crops Res., vol. 136, pp. 116-126, 2012, doi:
10.1016/j.fcr.2012.06.015.

7. M.T. Harrison, J. R. Evans, and A. D. Moore, ‘Using a mathematical framework to examine physiological
changes in winter wheat after livestock grazing’, Field Crops Res., vol. 136, pp. 127-137, 2012, doi:
10.1016/j.fcr.2012.06.014.

8. A.J.Romera, R. Cichota, P. C. Beukes, P. Gregorini, V. O. Snow, and L. Vogeler, ‘Combining Restricted Graz-
ing and Nitrification Inhibitors to Reduce Nitrogen Leaching on New Zealand Dairy Farms’, ]. Environ. Qual.,
vol. 46, no. 1, pp. 72-79, 2017, doi: 10.2134/jeq2016.08.0325.

9. I Vogeler, P. Beukes, and V. Burggraaf, ‘Evaluation of mitigation strategies for nitrate leaching on pasture-
based dairy systems’, Agric. Syst., vol. 115, pp. 21-28, 2013, doi: 10.1016/j.agsy.2012.09.012.

10. B. Grant, W. N. Smith, R. Desjardins, R. Lemke, and C. Li, ‘Estimated N20O And CO2 Emissions as Influenced
by Agricultural Practices in Canada’, Clim. Change, vol. 65, pp. 315-332, 2004, doi:
10.1023/B:CLIM.0000038226.60317.35.

11. M. Héglind, D. Cameron, T. Persson, X. Huang, and M. van Oijen, ‘BASGRA_N: A model for grassland
productivity, quality and greenhouse gas balance’, Ecol. Model., vol. 417, no. January, pp. 108925-108925, 2020,
doi: 10.1016/j.ecolmodel.2019.108925.

12. P. Korhonen et al., ‘Modelling grass yields in northern climates — a comparison of three growth models for
timothy’, Field Crops Res., vol. 224, no. June 2017, pp. 37-47, 2018, doi: 10.1016/j.fcr.2018.04.014.

13. M. Riedo, A. Grub, M. Rosset, and J. Fuhrer, ‘A pasture simulation model for dry matter production, and
fluxes of carbon, nitrogen, water and energy’, Ecol. Model., vol. 105, no. 2-3, pp. 141-183, 1998, doi:
10.1016/50304-3800(97)00110-5.

14. F. Ehrhardt et al., * Assessing uncertainties in crop and pasture ensemble model simulations of productivity
and N20O emissions’, Glob. Change Biol., vol. 24, no. 2, pp. e603-e616, 2018, doi: 10.1111/gcb.13965.

15. A.I Graux et al., ‘Development of the pasture simulation model for assessing livestock production under cli-
mate change’, Agric. Ecosyst. Environ., vol. 144, no. 1, pp. 69-91, 2011, doi: 10.1016/j.agee.2011.07.001.

16. M. T. Harrison, K. M. Christie, R. P. Rawnsley, and R. J. Eckard, ‘Modelling pasture management and live-
stock genotype interventions to improve whole-farm productivity and reduce greenhouse gas emissions in-
tensities’, Anim. Prod. Sci., vol. 54, no. 12, p. 2018, 2014, doi: 10.1071/AN14421.

17. R. Sandor et al., ‘The use of biogeochemical models to evaluate mitigation of greenhouse gas emissions from
managed grasslands’, Sci. Total Environ., vol. 642, no. February, pp. 292-306, 2018, doi: 10.1016/j.sci-
totenv.2018.06.020.

18. C.K. M. Ho, T. Jackson, M. T. Harrison, and R. J. Eckard, ‘Increasing ewe genetic fecundity improves whole-
farm production and reduces greenhouse gas emissions intensities: 2. Economic performance’, Anim. Prod.
Sci., vol. 54, no. 9, p. 1248, 2014, doi: 10.1071/AN14309.

19. F. Bilotto et al., ‘Can seasonal soil N mineralisation trends be leveraged to enhance pasture growth?’, Sci. Total
Environ., vol. 772, p. 145031, 2021, doi: 10.1016/j.scitotenv.2021.145031.

20. K. M. Christie, A. P. Smith, R. P. Rawnsley, M. T. Harrison, and R. J. Eckard, ‘Simulated seasonal responses of
grazed dairy pastures to nitrogen fertilizer in SE Australia: N loss and recovery’, Agric. Syst., vol. 182, p.
102847, 2020, doi: 10.1016/j.agsy.2020.102847.


https://doi.org/10.20944/preprints202210.0297.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 October 2022

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

R. Sandor ef al., "Ensemble modelling of carbon fluxes in grasslands and croplands’, Field Crops Res., vol. 252,
no. March, 2020, doi: 10.1016/j.fcr.2020.107791.

C. A. Taylor, M. T. Harrison, M. Telfer, and R. Eckard, ‘Modelled greenhouse gas emissions from beef cattle
grazing irrigated leucaena in northern Australia’, Anim. Prod. Sci., vol. 56, no. 3, p. 594, 2016, doi:
10.1071/AN15575.

C. Liet al., ‘Simulating trends in soil organic carbon in long-term experiments using the DNDC model’, Ge-
oderma, vol. 81, no. 1-2, pp. 45-60, 1997, doi: 10.1016/S0016-7061(97)00080-3.

M. Abdalla, X. Song, X. Ju, C. E. E. Topp, and P. Smith, ‘Calibration and validation of the DNDC model to esti-
mate nitrous oxide emissions and crop productivity for a summer maize-winter wheat double cropping sys-
tem in Hebei, China’, Environ. Pollut., vol. 262, p. 114199, 2020, doi: 10.1016/j.envpol.2020.114199.

M. Abdalla et al., ‘Critical review of the impacts of grazing intensity on soil organic carbon storage and other
soil quality indicators in extensively managed grasslands’, j, vol. 253, 2018, doi: 10.1016/j.agee.2017.10.023.

M. Abdalla, S. Kumar, M. Jones, J. Burke, and M. Williams, “Testing DNDC model for simulating soil respira-
tion and assessing the effects of climate change on the CO2 gas flux from Irish agriculture’, Glob. Planet.
Change, vol. 78, no. 3—4, pp. 106-115, 2011, doi: 10.1016/j.gloplacha.2011.05.011.

M. Abdalla, M. Wattenbach, P. Smith, P. Ambus, M. Jones, and M. Williams, ‘Application of the DNDC model
to predict emissions of N20 from Irish agriculture’, Geoderma, vol. 151, no. 3-4, pp. 327-337, 2009, doi:
10.1016/j.geoderma.2009.04.021.

K. A. Congreves et al., ‘Predicting ammonia volatilization after field application of swine slurry: DNDC model
development’, Agric. Ecosyst. Environ., vol. 219, pp. 179-189, 2016, doi: 10.1016/j.agee.2015.10.028.

G. Guest et al., ‘Model comparison of soil processes in eastern Canada using DayCent, DNDC and STICS,
Nutr. Cycl. Agroecosystems, vol. 109, no. 3, pp. 211-232, 2017, doi: 10.1007/s10705-017-9880-8.

W. He et al., “Assessing the effects of manure application rate and timing on nitrous oxide emissions from
managed grasslands under contrasting climate in Canada’, Sci. Total Environ., vol. 716, pp. 135374135374,
2020, doi: 10.1016/j.scitotenv.2019.135374.

P.E. Levy, D. C. Mobbs, S. K. Jones, R. Milne, C. Campbell, and M. A. Sutton, ‘Simulation of fluxes of green-
house gases from European grasslands using the DNDC model’, Agric. Ecosyst. Environ., vol. 121, no. 1-2, pp.
186-192, 2007, doi: 10.1016/j.agee.2006.12.019.

J. Sansoulet et al., ‘Comparing the performance of the STICS, DNDC, and DayCent models for predicting N
uptake and biomass of spring wheat in Eastern Canada’, Field Crops Res., vol. 156, pp. 135-150, Feb. 2014, doi:
10.1016/j.£cr.2013.11.010.

D. Forster et al., “Use, calibration and verification of agroecological models for boreal environments: A re-
view’, Grassl. Res., p. glr2.12010, 2022, doi: 10.1002/glr2.12010.

R. Rafique, M. Peichl, D. Hennessy, and G. Kiely, ‘Evaluating management effects on nitrous oxide emissions
from grasslands using the process-based DeNitrification-DeComposition (DNDC) model’, Atmos. Environ.,
vol. 45, no. 33, pp. 6029-6039, 2011, doi: 10.1016/j.atmosenv.2011.07.046.

M. I. Khalil, D. A. Fornara, and B. Osborne, ‘Simulation and validation of long-term changes in soil organic
carbon under permanent grassland using the DNDC model’, Geoderma, vol. 361, no. October 2019, pp. 114014—
114014, 2020, doi: 10.1016/j.geoderma.2019.114014.

d0i:10.20944/preprints202210.0297.v1


https://doi.org/10.20944/preprints202210.0297.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 October 2022 d0i:10.20944/preprints202210.0297.v1

36. 1. Mammarella, O. Peltola, A. Nordbo, L. Jarvi, and U. Rannik, “‘EddyUH: an advanced software package for
eddy covariance flux calculation for a wide range of instrumentation and ecosystems’, Gases/In Situ Measure-
ment/Data Processing and Information Retrieval, preprint, Jan. 2016. doi: 10.5194/amt-2015-323.

37. C.Lj, S. Frolking, and R. Harriss, ‘Modeling carbon biogeochemistry in agricultural soils’, Glob. Biogeochem.
Cycles, vol. 8, no. 3, pp. 237-254, Sep. 1994, doi: 10.1029/94GB00767.

38. C.Li, S. Frolking, and T. A. Frolking, “A model of nitrous oxide evolution from soil driven by rainfall events:
2. Model applications’, J. Geophys. Res. Atmospheres, vol. 97, no. D9, pp. 9777-9783, Jun. 1992, doi:
10.1029/92JD00510.

39. C.S. Li, ‘Modeling trace gas emissions from agricultural ecosystems.’, Nutr. Cycl. Agroecosystems, vol. 58, no.
1/3, pp. 259-276, 2000, doi: 10.1023/A:1009859006242.

40. C.Li, W. Salas, R. Zhang, C. Krauter, A. Rotz, and F. Mitloehner, ‘Manure-DNDC: a biogeochemical process
model for quantifying greenhouse gas and ammonia emissions from livestock manure systems’, Nutr. Cycl.
Agroecosystems, vol. 93, no. 2, pp. 163-200, Jun. 2012, doi: 10.1007/s10705-012-9507-z.

41. J. Deng et al., ‘Improving a Biogeochemical Model to Simulate Surface Energy, Greenhouse Gas Fluxes, and
Radjiative Forcing for Different Land Use Types in Northeastern United States’, Glob. Biogeochem. Cycles, vol.
34, no. 8, Aug. 2020, doi: 10.1029/2019GB006520.

42. ]. Deng, C. Li, S. Frolking, Y. Zhang, K. Backstrand, and P. Crill, “Assessing effects of permafrost thaw on C
fluxes based on multiyear modeling across a permafrost thaw gradient at Stordalen, Sweden’, Biogeosciences,

vol. 11, no. 17, pp. 4753-4770, Sep. 2014, doi: 10.5194/bg-11-4753-2014.

43. L. Deng, G. Zhu, Z. Tang, and Z. Shangguan, ‘Global patterns of the effects of land-use changes on soil carbon
stocks’, Glob. Ecol. Conserv., vol. 5, pp. 127-138, 2016, doi: 10.1016/j.gecco.2015.12.004.

44. S. E. Lind et al., ‘Carbon dioxide exchange of a perennial bioenergy crop cultivation on a mineral soil’, Biogeo-
sciences, vol. 13, no. 4, pp. 1255-1268, Mar. 2016, doi: 10.5194/bg-13-1255-2016.

45. M. Zambrano-Bigiarini, hzambran/hydroGOF: v0.4-0. Zenodo, 2020. doi: 10.5281/ZENODQ.839854.

46. C. Oertel, J. Matschullat, K. Zurba, F. Zimmermann, and S. Erasmi, ‘Greenhouse gas emissions from soils—A
review’, Geochemistry, vol. 76, no. 3, pp. 327-352, Oct. 2016, doi: 10.1016/j.chemer.2016.04.002.

47. N. Kim, M. C. Zabaloy, K. Guan, and M. B. Villamil, ‘Do cover crops benefit soil microbiome? A meta-analysis
of current research’, Soil Biol. Biochem., vol. 142, p. 107701, Mar. 2020, doi: 10.1016/j.s0ilbio.2019.107701.

48. A.R. Khan, ‘Influence Of Tillage On Soil Aeration’, J. Agron. Crop Sci., vol. 177, no. 4, pp. 253-259, Dec. 1996,
doi: 10.1111/j.1439-037X.1996.tb00243..x.


https://doi.org/10.20944/preprints202210.0297.v1

