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A B S T R A C T

While grasslands are the cornerstone of Finnish livestock industries, practices for mitigating greenhouse gas 
(GHG) emissions are not well elucidated. Here, we used eddy covariance flux data measured on clover grassland 
in eastern Finland to calibrate and validate the Heat Exchange DNDC (HE-DNDC) model in response to synthetic 
mineral (Nmin) and organic manure (Norg) fertilizer. The study covered an entire grass/crop rotational cycle, 
and the study years were represented as R1 (May 20, 2017–May 19, 2018), R2 (May 20, 2018–May 19, 2019), 
and R3 (May 20, 2019–May 19, 2020). Simulated carbon flux was good/fair, evidenced by relatively high Mean 
Absolute Error (MAE) (11.1–20.9 kg C ha− 1) for both the treatments. For over 60 % of the observations, 
simulated biomass yield values were within one standard deviation of the measured values, indicating reasonable 
simulation accuracy. Cumulative measured N2O emissions were 7.5 kg N ha− 1 (Nmin) and 10.9 kg N ha− 1 

(Norg), with simulations closely matching Nmin (6.9 kg N ha− 1), but underestimating Norg (7.3 kg N ha− 1). 
Simulated net GHG balance (NGB) indicated that grasslands were a carbon sink for Norg in R1. During R2 and R3 
(crop re-establishment) grasslands became a carbon source regardless of fertilizer treatment. We conclude that 
DNDC provides a reasonable estimation of the magnitude and timing of GHG fluxes associated with organic and 
mineral fertilizer application in boreal grasslands, although significant improvements are needed in simulating 
processes governing N2O emissions.

1. Introduction

As a signatory of the Paris Agreement (UNFCCC, 2015), the Finnish 
Government aspires to carbon neutrality by 2035 (Ministry of Finance, 
2024). The Finnish agrifood sector is the second largest source of 
greenhouse gas (GHG) emissions, contributing 13 % of national emis
sions in 2021 (Statistics Finland, 2024). Milk and beef production 
comprise the cornerstone of Finnish agriculture, with more than 4200 
farms producing 2.17 B L of milk and 85 M kg of beef in 2023 (OSF, 
2023).

Due to climatic and geological constraints, about 60 % of arable land 
in North Savo is allocated to grasslands, making it a key region for 
Finland’s milk production. The grassland in this region are typically 
managed as 3–4 year rotational leys, with mixed perennial grasses 

(timothy + meadow fescue and or red clover) cultivated with barley 
(Hordeum vulgare) as a cover crop in the establishment year (OSF, 2023; 
Virkajärvi et al., 2015).

It is well known that nutrient and manure management have a sig
nificant influence on the GHG balance of the grassland systems 
(Rawnsley et al., 2018). Mineral fertilizers have been widely used to 
enhance biomass production, and there is a growing interest in organic 
fertilizer, such as digestate slurry from biogas production (Weiland, 
2010). This shift has been partly driven by environmental concerns that 
the stored manure from livestock also contributes to GHG emissions 
(Pedersen and Hafner, 2023), and partly by potential for creation of 
circular nutrient cycles to reduce carbon footprints (Harrison and Liu, 
2024; Li et al., 2023). As such, the development of technologies, skills, 
and practices to mitigate GHG emissions and improve carbon 
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sequestration will be essential for improving food production while 
minimising environmental impacts of agriculture (Liu et al., 2020). 
However, the heterogeneity of grassland production systems and the 
perennial nature of the grasses make field experiments challenging and 
costly (Bilotto et al., 2021).

To develop mitigation and adaptation strategies, there is thus 
growing demand for model-based paradigms to contrast the influence of 
various management scenarios on GHG emissions (Harrison, 2021). 
Process-based models, such as DNDC (i.e., 
DeNitrification-DeComposition) (Li et al., 1992), DayCent (Parton et al., 
1998), STICS (Brisson et al., 2003), APSIM (Muleke et al., 2022), esti
mate GHG emissions via dynamic simulations of crop growth and 
biogeochemical processes, driven by climate factors, and human activ
ities (Ogle et al., 2010). However, most models were developed for 
temperate or tropical climatic conditions, and thus have not been 
extensively evaluated for use in boreal regions, leading to uncertainties 
in their performance (Forster et al., 2022a).

Recent progress in the simulation of GHG flux from cold regions has 
been made using modified versions of DNDC. For example, Dutta et al. 
(2016) improved evapotranspiration predictions in a Canadian version 
of DNDC, while He et al. (2019, 2020) enhanced crop growth simula
tions by updating alfalfa (Medicago sativa) growth curves and incorpo
rating winterkill effects. However, these versions provided limited 
mechanistic processes simulating snowpack and soil freeze–thaw dy
namics. Cui and Wang (2019) further improved DNDC’s performance by 
refining rain–snow partitioning, soil temperature estimation, and 
freeze–thaw simulation. Despite these enhancements, their model did 
not explicitly simulate key snowpack properties such as snow density 
changes and snow depth dynamics, which are critical for accurately 
modelling energy and heat transfers of snowpack and soil.

Most of the modelling studies have focused on Canadian boreal 
systems, and limited efforts have been made to test DNDC’s performance 
under European boreal conditions. Particularly in Finland, where 
grasslands are intensively managed and experience strong seasonal 
snow cover, there remains a need to assess the model’s robustness under 
different fertilizer treatments. Heat Exchange DNDC (HE-DNDC) model 

used in the current study, originally developed to enhance simulations of 
surface energy exchange, soil freeze-thaw cycles, and carbon gas fluxes 
in cold environments (Deng et al., 2014, 2020). This model incorporates 
a mechanistic soil thermal sub-model adapted from a permafrost 
modeling framework (Deng et al., 2014), explicitly simulating soil 
freeze–thaw cycles and snow cover as part of the soil–atmosphere en
ergy exchange. Forster et al. (2022b) showed that when calibrated for 
Finnish boreal grasslands, modified DNDC (HE-DNDC) satisfactorily 
reproduced seasonal soil microclimate and GHG flux dynamics.

This study addresses this gap by calibrating and validating DNDC 
using high-precision eddy covariance (EC)-based GHG flux measure
ments from Finnish boreal grasslands, improving model accuracy for 
cold-region agricultural systems. This study evaluates the HE-DNDC 
model, performance with two specific objectives: (1) to assess simu
lated GHG emissions and biomass yields under organic and mineral 
fertilizer treatments, and (2) to compare annual GHG exchanges and net 
GHG balance (NGB) between the two treatments.

2. Materials and methods

2.1. Experimental site

The field study was established at Maaninka, located in eastern 
Finland (63◦09′ 49′′ N, 27◦14′ 3′′ E, 89 m a.s.l., Fig. 1). The region has an 
mean annual temperature (MAT) of 3.8 ◦C and mean annual precipita
tion (MAP) of 619 mm (1991–2020) (Finnish Meteorological Institute, 
2024). During the experimental period from 2017 to 2019, the average 
temperature recorded was 5.1 ◦C with extremes of 25.0 ◦C and − 26.5 ◦C. 
Annual precipitation was 613 mm in 2017, 515 mm in 2018, and 532 
mm in 2019. The soil is silty loam (25 % ± 6 % clay, 53 % ± 9 % silt, 22 
% ± 8 % sand) and classified as Haplic Cambisol (USDA) 
(Supplementary Table S1).

2.2. Management

The study site, covering 6.3 ha (280 m × 220 m), featured grass/crop 

Fig. 1. Experimental setup of Nmin (Mineral Fertilizer) and Norg (Organic Manure) Treatments in Maaninka, Finland.
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rotational cycles described as R1 (May 20, 2017–May 19, 2018), R2 
(May 20, 2018–May 19, 2019), and R3 (May 20, 2019–May 19, 2020). A 
legume grassland was established in 2015 with a seed mix of timothy 
(Phleum pratense L., cv. Nuutti; 15 kg ha− 1), red clover (Trifolium pratense 
L., cv. Ilte; 5 kg ha− 1), and barley (cv. Kaarle; 160 kg ha− 1) as a cover 
crop, and sown using a tractor-mounted seed drill. Red clover reseeding 
(cv. Ilte; 3 kg ha− 1) was done in May 2017 (R1). Vegetation was cleared 
with glyphosate in autumn 2018, left bare over winter. Re-establishment 
in 2019 include timothy (15 kg ha− 1), red clover (3 kg ha− 1) and barley 
(160 kg ha− 1). Management details are provided in Table S2.

The site was divided into two sections: one receiving organic inputs 
(Norg) via biogas digestate slurry and the other receiving mineral inputs 
(Nmin) with chemical NPK fertilizer (Fig. 1). During R1 and R2, Nmin 
treatment received 106:28:50 kg NPK ha− 1 annually. P, K, and half of 
the N were applied at the beginning of the growing season in spring, and 
remaining half of the N after the first cut. The Norg treatment received 
98 (53 Soluble N): 13:83 kg NPK ha− 1 annually after the first cut, applied 
using tractor-mounted spreaders. In R3, the Nmin treatment received 
45:20:38 kg NPK ha− 1, while no manure was applied in the Norg 
treatment. Harvesting occurred biannually in R1 and R2 (late June and 
mid-August) and once in R3 (early August). Biomass was cut to 8 cm 
using a disc mower, followed by swathing, and baling.

2.3. Eddy covariance GHG flux measurements

The eddy covariance (EC) technique quantifies GHG flux by ana
lysing the covariance between the gas concentrations and vertical wind 
velocities (Baldocchi, 2003). To measure CO2, H2O, and N2O fluxes, the 
EC tower was equipped with an ultrasonic anemometer (R3-50; Gill 
Instruments Ltd., UK), an infrared gas analyzer (IRGA; LI-7000; LI-COR 
Biosciences), and a pulsed quantum cascade laser spectrometer 
(ARP-QC-TILDAS-76-CS; Aerodyne Research Inc., USA) (Shurpali et al., 
2016). The EC tower was centrally located between the Nmin and Norg 
treatment plots (Fig. 1), so measured soil microclimate and carbon flux 
data represent a mixture of both treatments. N2O fluxes were attributed 
to individual treatments based on prevailing wind direction (Li et al., 
2023). EC fluxes were calculated from 30-min co-variances between the 
relevant scalar variables and vertical wind velocity, with due consider
ation given to the impact of humidity on temperature flux. Raw data 
were processed using EddyUH software (http://www.atm.helsinki. 
fi/Eddy_Covariance/EddyUHsoftware.php) and underwent quality 
control, spectral corrections, and gap-filling. Flux partitioning was 
performed using REddyProc (Reichstein et al., 2005). Missing meteo
rological data were filled using Maaninka weather station data (6 km 
from the site). Detailed instrumentation, calibration, and data process
ing methods are provided in Supplementary Section S1.

2.4. DNDC

2.4.1. Overview of the DNDC model
The DeNitrification-DeComposition (DNDC) model consists of six 

sub-models. (The soil climate, plant growth, and decomposition sub- 
models) are influenced by ecological drivers, and simulate soil envi
ronmental factors (e.g., soil temperature, moisture, pH, Eh) and content 
of substrates (e.g., NH4

+, NO3
− and dissolved organic carbon (DOC) (Li, 

2000). These factors and substrates content drive the remaining three 
sub-models, denitrification, nitrification, and fermentation. These 
sub-models simulate the production, consumption and emissions of CO2, 
CH4 and N gases (i.e., NH3, NO, N2O, and N2) from the plant-soil systems 
(Li, 2000).

2.4.2. Snow and soil freeze/thaw dynamics
Heat Exchange DNDC incorporates enhanced processes related to the 

reflection, absorption, and allocation of short and long wave radiation 
between canopy and ground surface. The model also includes advanced 
calculations of sensible and latent heat fluxes, allowing it to dynamically 

adjust based on snow cover (Deng et al., 2020). In addition, the model 
has been enhanced by incorporating a permafrost model to simulate 
snowpack dynamics, ground thermal dynamics, and soil freeze/thaw 
dynamics (Deng et al., 2014; Zhang et al., 2012). The effects of climate, 
vegetation, snowpack, ground features, and hydrological conditions on 
the soil thermal regime have been incorporated into the HE-DNDC on 
the basis of energy and water exchanges within 
soil-vegetation-atmosphere system (Deng et al., 2014). The model has 
been evaluated against field data of soil freeze/thaw dynamics and GHG 
fluxes in European boreal regions (Deng et al., 2014, 2015). The en
hancements and evaluation make the HE-DNDC particularly suited for 
cold-region studies such as in Finland (Forster et al., 2022b) and the 
northeastern United States (Deng et al., 2020) where snow and 
freeze-thaw cycles significantly influence energy and carbon dynamics 
as well as GHG fluxes.

HE-DNDC simulates snowpack thickness using snow water equiva
lent and density profiles and calculates snowmelt based on surface en
ergy excess and heat conduction from the ground (Zhang et al., 2003). 
Snow and soil temperatures are estimated as apparent temperatures and 
adjusted for phase changes by conserving energy during thawing and 
freezing. The fractions of ice and liquid water in each soil layer are 
dynamically updated, influencing both thermal properties and water 
movement (Zhang et al., 2003; Deng et al., 2014). Detailed description 
of the snow dynamics and freeze-thaw soil thermal processes in 
HE-DNDC is provided in the supplementary section S2.

2.4.3. Model evaluation and application
The model was run using daily climate data, including minimum and 

maximum temperatures (◦C), rainfall (mm), humidity (%), wind speed 
(ms− 1), and solar radiation (MJ m− 2). Model calibration was carried out 
for crop-specific parameters including maximum biomass production 
(kg C ha− 1 yr− 1), biomass fraction, biomass C:N ratio, thermal degree 
days to maturity, water demand (g water g− 1 dry matter), nitrogen 
fixation index (crop N/N from soil), and optimum temperature (◦C), as 
per Forster et al. (2022b). These crop parameters are summarized in 
Table S3 (a). No changes were made to model parameters related to 
energy and snow dynamics (Table S3 (b)). As shown in Fig. 3d, the 
simulated snowpack depth aligned well with observations, suggesting 
the original snow-related coefficients performed adequately under 
Finnish boreal conditions. The dataset from 20-May-2017 to 
31-Dec-2018 was used for model calibration, while the dataset from 
1-Jan-2019 to 31-May-2020 was used for model validation. The infor
mation pertaining to manure fertilization was updated as per the 
treatment (Table S4). The ‘slurry animal waste’ type was chosen as the 
closest available option to simulate Norg treatment in the HE-DNDC 
model. To stabilize the soil carbon stocks, the spin-up for the Nmin 
treatment was carried out by repeating the 2017 climate file 17 times, 
followed by the 2017–2020 experimental setup. For the organic treat
ment, 2016 climate file was repeated 17 times, followed by the 
2017–2020 experimental setup. The results were studied for trends in C 
and N gas fluxes.

The model’s performance against measured carbon and nitrogen gas 
fluxes was evaluated using four statistical measures: Mean Absolute 
Error (MAE), Root Mean Square Error (RMSE), Spearman’s Rank Cor
relation Coefficient (ρ), and Percent Bias (pBias %). These measures 
provide insights into different aspects of model performance 
(Supplementary Section S3). Furthermore, model evaluation was con
ducted based on predetermined criteria (Table S5), which provides 
thresholds for each statistical measure, allowing for the classification of 
the model’s performance as Excellent, Good, Fair, or Poor.

2.5. Net GHG balance (NGB)

NGB was calculated as the sum of NEE, harvested biomass carbon 
(Charvest) and N2O flux in C-equivalents (GWP100 = 273 for N2O; Li et al., 
2024), expressed in T CO2 ha− 1. NGB was calculated separately for 
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measured (NGB1 (Nmin); NGB2 (Norg)) and simulated (NGB3 (Nmin); 
NGB4 (Norg)) treatments. For Norg treatment, carbon added as organic 
fertilizer (Cnorg) was also included. Methane emissions were very low 
hence, they are disregarded in this analysis due to their expected min
imal impact. The negative NBP values indicate C sequestration, while 
positive values represent C emission or release into the atmosphere.

For the Nmin treatment (Equations (1) and (2)): 

NGB1 (Nmin)=NEE + Charvest + N2OCO2 − eq (1) 

NGB3 (Nmin)=NEE (sim) + Charvest + N2OCO2 − eq (2) 

For the Norg treatment (Equations (3) and (4)): 

NGB1 (Norg)=NEE + Charvest − CNorg + N2OCO2 − eq (3) 

NGB1 (Norg)=NEE (sim) + Charvest − CNorg + N2OCO2 − eq (4) 

2.6. Statistical analysis

In the R script developed for this study (R version 4.2.0; R Core 
Team, 2022), several packages were utilized for data analysis, model 
performance evaluation, and visualization. To assess the model perfor
mance HydroGOF package was employed, while for data reshaping, 
cleaning, and manipulation (Wickham et al., 2023) the tidyverse 
collection (including tidyr) ware utilized. For data visualization, ggplot2 
and ggpubr were primarily utilized, along with the egg package for 
layout adjustments.

3. Results

3.1. Climatic conditions during the study period

During the study period, MAT trended upward compared to the 
normal (1991–2020) (Fig. 2a). Among the experimental years, 2017 
recorded the lowest mean daily temperatures (3.8 ◦C), followed by 
2019, both of which were close to the normal. In contrast, 2018 and 
2020 were the warmest years. The temperature variation was also re
flected in the length of the growing season: 2017 had the shortest 
growing season of 136 days, while 2019 extended to 142 days and 2018 
had the longest growing period of 155 days.

Compared with the normal (1991–2020), MAP during 2018 and 
2019 was lower by about 17.0 and 14.1 %, respectively, classifying them 
as dry years, while 2017 and 2020 exceeded normal by 0.7 % and 9.5 %, 
respectively (Fig. 2b). This pattern was also observed during the 

growing seasons: 2017 recorded 284 mm, while 2018 and 2019 had 252 
mm and 173 mm, respectively. Throughout the study period, high pre
cipitation levels were observed from September to December (outside 
the growing season), with the lowest levels recorded during winter and 
early spring (January–April).

3.2. Model performance evaluation in simulating soil microclimate

The HE-DNDC Model closely predicted the soil temperatures 
throughout the experiment period. Although slight deviations were 
observed during winters with subfreezing temperatures, the model 
successfully simulated soil temperatures for both treatments (Fig. 3a).

Water-Filled Pore Space (WFPS) closely followed the trend of rainfall 
throughout the experimentation years, though there was wide fluctua
tion in measured data at 5 and 20 cm depth for both the treatments 
(Fig. 3b & c). During the winter months (January–April) when there is 
low precipitation and water was in freezing state, the measured WFPS 
was low. While in contrast, during the freezing and thawing events 
(May), there was a rise in measured WFPS at both depths (Fig. 3d).

Regarding the simulated results of WFPS at 5 cm and 20 cm depths, 
both overestimations and underestimations were observed throughout 
the growing period. At top layers the differences between treatments 
were more pronounced compared to the deeper layers. Additionally, the 
simulated WFPS values closely aligned with the measured data during 
the growing season, whereas larger discrepancies were evident during 
the winter months (Fig. 3b & c). The model captured snow dynamics 
well (RMSE ≈ 85 cm; d = 0.95, Table S6), slightly underestimating peak 
depths in R1 and R2, but overestimating in R3 (Fig. 3d).

3.3. Model performance evaluation in simulating CO2 exchange

The comparative analysis of carbon fluxes for both the treatments 
showed a strong correlation across all variables (Table 1). For Nmin 
treatment: Gross Primary Productivity (GPP), Net Ecosystem Exchange 
(NEE), and Ecosystem Respiration (Reco) demonstrated a robust 
Spearman’s rank correlation (ρ > 0.7, p < 0.001), indicating statistically 
significant strong monotonic relationships. However, MAE and RMSE 
values that fell into the higher range of the scale (MAE >20 for GPP; 
RMSE >20 for GPP and NEE), hence their performance was between fair 
to good. The pBias% values showed a slight tendency towards 
underestimation.

Similarly, the Norg treatment showed strong correlations, with lower 
bias for GPP (− 19.5 %) but higher bias for NEE (− 25.9 %) and Reco 
(− 23.9 %) compared to Nmin treatment. Overall, the performance of the 

Fig. 2. Monthly mean air temperature (Ta, ◦C) and total monthly precipitation (mm) during 2017–2020 compared to the normal (1991–2020).
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Norg treatment also ranged from fair to good based on predefined 
evaluation criteria.

The model simulated similar trends for GPP and NEE for both Nmin 
and Norg treatments but showed delayed onset compared to measured 
data in R1 and R2 (Fig. 4a and b), especially in R2. In R3, more pro
nounced deviations were observed in NEE and Reco between treatments. 
Early in the R3 growing season, the model overestimated NEE and Reco 
for both treatments, while by the end of the season, simulations aligned 
more closely with measured. The magnitude of the differences was more 
pronounced for Reco compared to NEE.

Though the simulated carbon fluxes generally aligned with the 
measured data trends, discrepancies occurred during specific events, 
such as the thawing and freezing cycles at the onset of the growing 
season and the first cuts in R1 and R2. Contrary to measured trends, 
model failed to detect respiration until June 2018 (R2), whereas it 
overestimated respiration in May 2019 (R3). Throughout the experi
ment, Norg treatment consistently showed higher respiration than 
Nmin, especially during peak growing seasons. These differences were 
especially pronounced in R3, where simulated treatment values devi
ated significantly from measured data.

The comparison of annual carbon fluxes between the simulated and 
measured under the Nmin and Norg treatments reveals the ecosystem 
productivity and carbon exchange (Table 2). During R1 and R2, simu
lated GPP were significantly underestimated by 9.4 and 10.1 T CO2 ha− 1 

for the Nmin and 8.7 and 9.5 T CO2 ha− 1 for Norg. These discrepancies 
were reduced in R3, with overestimations of 1.7 T CO2 ha− 1 and 1.8 T 
CO2 ha− 1 for Nmin and Norg treatment, respectively.

Simulated NEE for both the treatments exhibited underestimations in 
R2 and overestimations in R1 and R3. For the Nmin treatment, simulated 
NEE closely aligned with the measured data, with deviations ranging 
from 2.0 to 4.1 T CO2 ha− 1. In contrast, deviations for the Norg treat
ment ranged from 1.6 to 7.8 T CO2 ha− 1. Overall, the grassland served as 
a carbon sink, with negative NEE values recorded in both the measured 

Fig. 3. Measured and simulated (Nmin and Norg) (a) soil temperature, (b) Water-Filled Pore Space (WFPS) at 5 cm depth, (c) WFPS at 20 cm depth, and (d) snow 
depth and precipitation from 2017 to 2020).

Table 1 
Evaluation of simulated Nmin (mineral fertilizer) and Norg (organic manure) 
treatment outcomes against measured carbon exchange.

Treatment Spearman’s 
rank correlation 
(ρ)

MAE 
(kg C 
ha− 1)

RMSE 
(kg C 
ha− 1)

pBias 
%

Note

Nmin GPP 0.8 (p < 0.001) 20.9 34.5 − 21.0 Fair
NEE 0.7 (p < 0.001) 16.3 26.3 − 9.4 Good
Reco 0.8 (p < 0.001) 11.2 14.4 − 24.7 Fair

Norg GPP 0.8 (p < 0.001) 20.9 34.5 − 19.5 Fair
NEE 0.7 (p < 0.001) 16.3 26.1 − 25.9 Fair
Reco 0.8 (p < 0.001) 11.1 14.5 − 17.5 Good
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data (− 6.7 T CO2 ha− 1) and the simulated data (Nmin = − 6.7 T CO2 
ha− 1, Norg = − 3.9 T CO2 ha− 1) throughout the study period.

Reco simulations for the Norg treatment aligned well with measured 
values, but the Nmin treatment showed significant underestimations. 
During R1, Reco was underestimated by 11.4 T CO2 ha− 1 (Nmin) and 
10.2 T CO2 ha− 1 (Norg). But in R2, both treatments were under
estimated, while in R3, Nmin closely matched measured values (devia
tion of 0.4 T CO2 ha− 1), and the Norg treatment was overestimated by 
3.9 T CO2 ha− 1. Reco discrepancies were more pronounced than NEE, 
especially in R3.

3.4. Biomass yield

Throughout the experimental period, the HE-DNDC model generally 
overestimated biomass yield, except for the Norg treatment in R3, where 

it underestimated (Fig. 5). For Nmin treatment, the simulated mean 
biomass (2017–2019) was 4521 kg ha− 1 (t = − 2.4, p = 0.04; SD = 952 
kg ha− 1) compared to measured mean of 3117 kg ha− 1 (SD of 915 kg 
ha− 1). Similarly, for the Norg treatment, the simulated mean biomass 
was 4550 kg ha− 1 (t = − 2.3, p = 0.05; SD = 945 kg ha− 1), while the 
measured mean was 3026 kg ha− 1 (SD = 1160 kg ha− 1).

For the two cut (harvest) system adopted here, the simulations for 
the first cut were close to measured biomass yields, while a notable 
disparity existed in the second cut. In R1, deviations in the second cut 
were 64 % (Nmin) and 122 % (Norg). In R2, simulated values were 158 
% (Nmin) and 164 % (Norg) higher than measured values.

3.5. N2O fluxes

The HE-DNDC model simulated N2O flux with varying level of 

Fig. 4. Annual simulated and measured GPP, NEE, and Reco with harvesting events (dotted line), mineral fertilizer (yellow arrows), and organic manure applications 
(brown arrows).

Table 2 
Comparison of total annual carbon exchanges under mineral and organic treatments across the rotational cycle.

Carbon exchanges (T 
CO2 ha− 1)

Study 
period

Measured 
data

Simulated Nmin 
treatment

Simulated Norg 
treatment

Difference between Measured 
and Nmin treatment

Difference between Measured 
and Norg treatment

GPP R1 43.4 34.0 34.7 9.4 8.7
R2 49.6 39.5 40.1 10.1 9.5
R3 19.5 21.2 21.3 − 1.7 − 1.8
Mean 37.5 31.6 32.1 5.9 5.4

NEE R1 − 8.1 − 10.0 − 9.6 2.0 1.6
R2 − 12.2 − 8.2 − 4.4 − 4.1 − 7.8
R3 0.2 − 2.0 2.3 2.1 − 2.1
Mean ¡6.7 ¡6.7 ¡3.9 0.0 ¡2.8

Reco R1 35.4 24.0 25.1 11.4 10.2
R2 37.4 31.4 35.7 6.0 1.6
R3 19.6 19.2 23.6 0.5 − 3.9
Mean 30.8 24.9 28.1 5.9 2.7
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accuracy across treatments (Table S7). For the Nmin treatment during 
R1, the model’s simulations (2.1 kg N ha− 1) for N2O flux were within 
11.6 % of the measured N2O flux (1.9 kg N ha− 1). However, HE-DNDC 
model overestimated N2O flux for the Norg treatment, with a simu
lated value of 3.5 kg N ha− 1 against the measured 2.6 kg N ha− 1. In the 
following R2, the simulations for the Nmin treatment showed similar 
trend of overestimation, with 3.66 kg N ha− 1 compared to the measured 
2.2 kg N ha− 1. In the final rotational year of reestablishment (R3), model 
simulated very low N2O emission (1.1 kg N ha− 1) for Nmin treatment. 
However, the model continued to underestimate the N2O flux for Norg 
treatment during R2 and R3 with 2.1 kg N ha− 1 and 1.7 kg N ha− 1 

respectively.

3.6. Net GHG balance (NGB)

The effect of measured and simulated nutrient treatments on NGB 
was assessed for the grassland rotation cycle (Fig. 6). In the Norg 
treatment, manure application initially made the ecosystem a minor 
carbon source (NGB2 (Norg) = 0.9 T CO2 ha− 1, R1), transitioning to a 
carbon sink (NGB2 (Norg) = − 2.2 T CO2 ha− 1, R2). Simulations showed 
a reverse trend, with the system as a sink in R1 (NGB4 (Norg) = − 0.3 T 
CO2 ha− 1) and a source in R2 (NGB4 (Norg) = 5.3 T CO2 ha− 1). In R3, 
measured (NGB2 (Norg) = 7.6 T CO2 ha− 1) and simulated (NGB4 (Norg) 

= 8.1 T CO2 ha− 1) values closely aligned, showing the ecosystem as a 
strong carbon source.

A similar trend was observed with the Nmin treatment, where 
measured NGB values indicated ecosystem as a carbon sink (NGB1 
(Nmin) = - 0.7 T CO2 ha− 1) in R2, while in R1 and R3 it acted as a source. 
Simulated NBG indicated the ecosystem as a carbon source throughout 
the experimental period, with varying magnitudes. Notable gaps were 
observed in R2 and R3, where simulated NGB3 (Nmin) values were 4.0 T 
CO2 ha− 1 and 3.6 T CO2 ha− 1 respectively.

4. Discussion

Management and environmental conditions significantly influence 
GHG emissions and carbon dynamics in managed grasslands (Bilotto 
et al., 2021; Taylor et al., 2016). Here, we selected fertilizer as a man
agement intervention because it is a simple lever that farmers can easily 
manipulate.

4.1. Climate impacts on grassland dynamics

Ambient temperatures during the study period significantly affected 
the length of the growing season, with higher temperatures correlating 
with extended growing seasons (Ergon et al., 2018). The early spring 
temperatures in R2 resulted in 19 days longer growing season than R1 
and 13 days longer than R3. This temperature-driven extension of the 
growing season has significant implications for grassland management 
and productivity in the context of climate change (Ergon et al., 2018; 
Harrison, 2021).

Seasonal rainfall distribution, in addition to total annual precipita
tion, has proven crucial in influencing grass growth and biomass yield 
(Phelan et al., 2018), particularly in water-limited environments 
(Harrison et al., 2011). The contrasting effects of rainfall timing in 2017 
(high rainfall outside the growing season) versus 2018–2019 (rainfall 
during the growing season) emphasize the importance of not just total 
precipitation but its timing in relation to plant growth stages. These 
results highlight the need for adaptive water management strategies in 
boreal grasslands, particularly during typically drier periods. Even 
though boreal ecosystems generally receive ample precipitation, our 
work suggests that climate-resilient management practices are very 
much necessary to maintain consistency of productivity, as this often has 
implications for farm business cash flow (Bilotto et al., 2023).

4.2. Model performance in simulating soil microclimate

The HE-DNDC model accurately simulated soil temperature dy
namics, particularly at 5 cm depth, with minor deviations below 0 ◦C 
occurred during subfreezing periods., likely due to limitations in rep
resenting snow’s insulating effects, despite advanced energy flux and 
freeze-thaw sub-models (Deng et al., 2020). However, Simulated WFPS, 
exhibited discrepancies, particularly at deeper layers i.e., 20 cm depth 
and during winter months, suggesting limitations in capturing soil 
moisture dynamics under freezing conditions and restricted water 
movement (Fig. 3c). Simulated snow depth closely matched observa
tions across years, effectively capturing accumulation and melt patterns 
under both treatments (Fig. 3d). An exception was winter 2019–2020, 
when the model overestimated snow depth due to a typical snowfall. 
Still, model performance remained strong (RMSE ≈ 85 cm; d = 0.95).

Discrepancies in WFPS likely stem from the model’s simplified linear 
root distribution, which fails to represent the complex rooting patterns 
of timothy (shallow-rooted), clover (deep-rooted), and barley (inter
mediate-rooted) across rotations (R1–R3). Underestimations during the 
non-growing season may also result from challenges in simulating im
pacts of soil freeze-thaw dynamics on soil water. For example, the model 
slightly underestimated soil temperature during most periods of the non- 
growing seasons (Fig. 3a). While the discrepancies in the soil tempera
ture were small, the under-predictions could result in large differences 

Fig. 5. Comparison of measured and simulated biomass production (DM kg 
ha− 1) for Nmin and Norg Treatments.

Fig. 6. Measured and simulated NGB for Nmin and Norg treatments across 
rotation cycles.
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between simulations and observations in soil water, given that soil water 
is very sensitive to the changes in soil temperature when it close to the 
soil water freezing point (Forster et al., 2022b). These findings align 
with previous studies highlighting DNDC’s difficulties in modelling 
heterogeneous soils, rooting depths, and water redistribution (Pedersen 
et al., 2010; Uzoma et al., 2015; He et al., 2019, 2020).

4.3. Carbon flux and biomass yield simulations

Overall, the simulated carbon fluxes were reasonable, but significant 
discrepancies occurred during key management events, like grass cut
ting and fertilization (Fig. 4). R1 and R2 has very different weather 
patterns. R1 was typical, but R2 experienced an unusually early spring, 
about 20 days earlier than normal, making it an atypical year. The HE- 
DNDC model has limited phenological flexibility and fixed growth onset 
parameters likely prevented it from capturing this early seasonal shift, 
resulting in delayed simulations of fluxes. In contrast, R3, the simulated 
carbon fluxes occurred earlier than measured, likely due to its 
assumption of normal grass growth, whereas delays occurred due to 
seedling mortality and gap-filling. These temporal mismatches highlight 
the need to incorporate real-world disturbances for improved accuracy 
(Taylor et al., 2016). While Spearman’s rank correlation indicated 
strong trend simulation, high MAE, RMSE, and pBias% values (Table 1) 
point to the need for enhanced precision. The model’s monoculture 
assumption fails to capture complex interactions in mixed-species sys
tems. Future improvements should focus on simulating post-harvest 
regrowth and plant component partitioning (Harrison et al., 2011) to 
enhance carbon flux predictions.

The model accurately simulated first-cut biomass yields but over
estimated second-cut yields (Fig. 5), likely due to its monoculture 
perennial grass assumption, while the actual field comprised a mix of 
grasses (timothy, meadow fescue), legumes (red clover), and barley. The 
biogeochemical models often struggle to capture regrowth dynamics 
and species interactions in mixed-species systems (Van Oijen et al., 
2020; Donaghy and Fulkerson, 1998). The slow recovery of timothy, 
which was dominant in the yield, likely contributed to the over
estimation due to reproductive tillers losing their growing points after 
defoliation (Mäkiniemi et al., 2015). Refining the model to simulate 
mixed-species swards and varying regrowth capacities, together with 
interaction with grazing is essential. Comparing process-based models 
with different algorithms for canopy structure and botanical composi
tion may help refine biomass yield simulations (Wallach et al., 2023).

4.4. N2O flux and management effects

Our findings reveal significant impacts of fertilizer management on 
N2O fluxes in boreal grasslands. For both the treatments, measured N2O 
emissions were stable during R1 and R2 but were significantly higher in 
R3 than R2 by 55 % in the Nmin and 81 % in the Norg treatment 
(Table S7). This increase aligns with other studies indicating that soil 
disturbance (e.g., ploughing) and nutrient inputs promote microbial 
activity and organic matter mineralization, which drive nitrification and 
denitrification processes (Merbold et al., 2014; Li et al., 2022). As 
waterlogging causes spikes in N2O, judicious management of snowmelt 
may be expected to dampen the seasonal quantum of GHG emissions 
(Liu et al., 2020).

The HE-DNDC model performed well in simulating total N2O emis
sions for the Nmin treatment, with simulated values of 6.9 kg N ha− 1 

which closely match measured values i.e., 7.5 kg N ha− 1, resulting in an 
8.3 % underestimation. For the Norg treatment, total N2O emissions 
were underestimated by 33 % compared to the measured values of 10.9 
kg N ha− 1. However, the model also underestimated emissions in R3, 
simulating 1.1 and 1.7 kg N ha− 1 compared to measured values of 3.4 
and 5.4 kg N ha− 1 for the Nmin and Norg treatments, respectively. These 
discrepancies indicate that the model struggles to capture enhanced 
microbial activity and organic matter decomposition during re- 

establishment. The absence of fertilizer application in the Norg treat
ment during R3 further may have limited the model accuracy in simu
lation, as the model poorly accounted for residual organic inputs and 
their effect on denitrification (Christensen, 1983; Jones et al., 2007). 
Similar challenges have been reported, with DNDC underestimating N2O 
emissions under 100 % manure treatments (Lv et al., 2020). These 
findings emphasize the need for model improvements to better capture 
the interactions between organic carbon, microbial activity, and N2O 
production.

4.5. Net GHG balance

Net GHG Balance (NGB) analysis provides critical insights into car
bon dynamics in boreal grasslands under different management regimes. 
Fertilizer management significantly influenced the ecosystem carbon 
balance, with measured data during R2 showing the grassland acted as a 
carbon sink (Fig. 6). The Norg treatment exhibited higher sink capacity, 
likely due to increased soil organic carbon inputs from organic manure 
(Zhu et al., 2021; Li et al., 2023). However, the grassland became a 
carbon source in R3 due to reestablishment activities, such as ploughing, 
which disturbed soil organic matter and enhanced mineralization, 
increasing CO2 emissions (Hellebrand, 1998; Powlson et al., 2011). 
Lower biomass yields in R3 further reduced carbon uptake through 
photosynthesis, affecting NGB.

The model tended to simulate the Nmin treatment as a carbon source 
and the Norg treatment as a sink during R1. However, in R2, the model 
exhibited significant discrepancies, with simulated NGB values indi
cating the ecosystem as a strong source, while measured NGB values 
showed it acted as a sink for both the treatments. This divergence was 
primarily due to severe underestimations of NEE during this period, 
which ultimately impacted the ecosystem carbon balance. Additionally, 
underestimations of N2O emissions also contributed to the discrep
ancies, though to a lesser extent compared to NEE.

In R3, while the model accurately represented both treatments as 
carbon sources, it underestimated NGB for the Nmin treatment and 
overestimated it for the Norg treatment. The underestimations in the 
Nmin treatment were due to underestimated NEE and N2O emissions. In 
contrast, for the Norg treatment, despite underestimated N2O emissions, 
the overestimated NEE, driven by an overestimation of Reco, led to the 
overestimation of NGB (Fig. 4).

These results suggest that future improvements in the model should 
focus on better representing the carbon dynamics associated with 
grassland establishment and reestablishment. Additionally, long-term 
studies that incorporate management practices impacting carbon in
puts and outputs are necessary to refine model simulations and support 
sustainable management strategies in boreal grasslands.

5. Conclusion

The HE-DNDC model performed well in simulating GHG fluxes and 
carbon dynamics in boreal grasslands but showed limitations in 
capturing soil moisture at subfreezing temperatures, mixed-species dy
namics, and nitrogen cycling during reestablishment. These findings 
highlight the need for further model refinements and field validation to 
improve simulations of GHG emissions, nutrient management, and 
biomass yields. Future research integrating diverse cropping systems 
and long-term management practices will enhance the model’s utility 
for sustainable grassland management. Overall, the HE-DNDC model 
demonstrates strong potential to assess management strategies, sup
porting carbon neutrality and sustainability goals in dairy and beef 
farming.
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Weihermüller, L., Wöhling, T., Seidel, S.J., 2023. Proposal and extensive test of a 
calibration protocol for crop phenology models. Agron. Sustain. Dev. 43 (4), 46. 
https://doi.org/10.1007/s13593-023-00900-0, 1-14. 

Weiland, P., 2010. Biogas production: current state and perspectives. Appl. Microbiol. 
Biotechnol. 85, 849–860. https://doi.org/10.1007/s00253-009-2246-7.

Wickham, H., Vaughan, D., Girlich, M., 2023. Tidyr: tidy, messy data, Version 1.3.0. 
https://tidyr.tidyverse.org.

Zhang, Y., Chen, W., Cihlar, J., 2003. A process-based model for quantifying the impact 
of climate change on permafrost thermal regimes. J. Geophys. Res. Atmos. 108 
(D22). https://doi.org/10.1029/2002JD003354.

Zhang, Y., Sachs, T., Li, C., Boike, J., 2012. Upscaling methane fluxes from closed 
chambers to eddy covariance based on a permafrost biogeochemistry integrated 
model. Glob. Change Biol. 18 (5), 1428–1440. https://doi.org/10.1111/j.1365- 
2486.2011.02587.x.

Zhu, Y., Merbold, L., Leitner, S., Wolf, B., Pelster, D., Goopy, J., Butterbach-Bahl, K., 
2021. Interactive effects of dung deposited onto urine patches on greenhouse gas 
fluxes from tropical pastures in Kenya. Sci. Total Environ. 761, 143184. https://doi. 
org/10.1016/j.scitotenv.2020.143184.

T.L. Thentu et al.                                                                                                                                                                                                                               Journal of Environmental Management 390 (2025) 126344 

10 

https://doi.org/10.1016/j.agee.2023.108697
https://doi.org/10.1016/j.agsy.2018.09.003
https://doi.org/10.1016/j.agsy.2018.09.003
https://doi.org/10.1111/j.1365-2389.2010.01342.x
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1071/AN15632
https://doi.org/10.1111/j.1365-2486.2005.001002.x
https://doi.org/10.1038/srep25739
https://doi.org/10.1038/srep25739
https://stat.fi/media/uploads/tup/khkinv/fi_nid_eu_2022_2024-03-15_v2.pdf
https://stat.fi/media/uploads/tup/khkinv/fi_nid_eu_2022_2024-03-15_v2.pdf
https://doi.org/10.1071/AN15575
https://unfccc.int/process-and-meetings/the-paris-agreement/the-paris-agreement
https://unfccc.int/process-and-meetings/the-paris-agreement/the-paris-agreement
https://doi.org/10.1016/j.agee.2015.03.014
https://doi.org/10.3390/agronomy10020259
https://www.europeangrassland.org/fileadmin/documents/Infos/Printed_Matter/Proceedings/EGF2015.pdf
https://www.europeangrassland.org/fileadmin/documents/Infos/Printed_Matter/Proceedings/EGF2015.pdf
https://www.europeangrassland.org/fileadmin/documents/Infos/Printed_Matter/Proceedings/EGF2015.pdf
https://doi.org/10.1007/s13593-023-00900-0
https://doi.org/10.1007/s00253-009-2246-7
https://tidyr.tidyverse.org
https://doi.org/10.1029/2002JD003354
https://doi.org/10.1111/j.1365-2486.2011.02587.x
https://doi.org/10.1111/j.1365-2486.2011.02587.x
https://doi.org/10.1016/j.scitotenv.2020.143184
https://doi.org/10.1016/j.scitotenv.2020.143184

	DNDC modelling of greenhouse gas exchange from a boreal legume grassland under organic and mineral nitrogen management
	1 Introduction
	2 Materials and methods
	2.1 Experimental site
	2.2 Management
	2.3 Eddy covariance GHG flux measurements
	2.4 DNDC
	2.4.1 Overview of the DNDC model
	2.4.2 Snow and soil freeze/thaw dynamics
	2.4.3 Model evaluation and application

	2.5 Net GHG balance (NGB)
	2.6 Statistical analysis

	3 Results
	3.1 Climatic conditions during the study period
	3.2 Model performance evaluation in simulating soil microclimate
	3.3 Model performance evaluation in simulating CO2 exchange
	3.4 Biomass yield
	3.5 N2O fluxes
	3.6 Net GHG balance (NGB)

	4 Discussion
	4.1 Climate impacts on grassland dynamics
	4.2 Model performance in simulating soil microclimate
	4.3 Carbon flux and biomass yield simulations
	4.4 N2O flux and management effects
	4.5 Net GHG balance

	5 Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgements
	Appendix A Supplementary data
	Data availability
	References


