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PREFACE 

This dissertation is comprised of six chapters (four main articles) that present and discuss the 

development and application of a process-based biogeochemical model, TRIPLEX-GHGv2.0 to 

simulate and forecast nitrous oxide emissions from global agricultural ecosystems. All four papers 

involved in the dissertation are original contributions to my Ph.D. in Environmental Sciences at the 

Université du Québec à Montréal. 

Chapters I and VI are the general introduction and general conclusion, respectively. Chapters II to 

V are correspondingly based on the following Four publications: 

 

1. Song, H., Peng, C., Zhang, K., & Zhu, Q. (2022). “Integrating major agricultural practices into the 

TRIPLEX-GHG model v2. 0 for simulating global cropland nitrous oxide emissions: Development, 

sensitivity analysis and site evaluation”. Science of the Total Environment, 843, 156945. 

2. Song, H., Peng, C., Zhang, K., Li, T., Yang, M., Liu, Q., & Zhu, Q. (2023). “Quantifying patterns, 

sources and uncertainty of nitrous oxide emissions from global grazing lands: Nitrogen forms are 

the determinant factors for estimation and mitigation”. Global and Planetary Change, 223, 104080. 

3. Song, H., Zhu, Q., Blanchet, J. P., Chen, Z., Zhang, K., Li, T., Zhou, F., & Peng, C. (2023). “Central 

role of nitrogen fertilizer relative to water management in determining direct nitrous oxide 

emissions from global rice‐based ecosystems”. Global Biogeochemical Cycles, 37(11), 

e2023GB007744. 

4. Song, H. and Peng, C. “Projection of nitrous oxide emissions from global agricultural ecosystems 

under future climate change and management practices”. (To be submitted) 

 

With the guidance of my Ph.D. supervisor, Dr. Changhui Peng, I developed all hypotheses and 

improved the process-based biogeochemical model, TRIPLEX-GHGv2.0. I collected in-situ 

observations of N2O emissions from agricultural ecosystems soils across the globe based on the 

published literatures. These data are used for model calibration and validation under varying 

environmental and management conditions. Afterwards, I conducted model simulations with different 

scenario designs to quantify and analyze the spatiotemporal variations of historical and future N2O 

emissions from croplands, grazing-lands, and rice-based ecosystems at a global scale, respectively. My 

committee members, Dr. Jean-Pierre Blanchet and Dr. Zhi Chen advised and discussed with me about 
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my project. Dr. Qiuan Zhu and Dr. Kerou Zhang provided tutorial to early version of the TRIPLEX-

GHG model and discussed programming issues. All co-authors contributed valuable suggestions to 

improve the quality of the published articles.  
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RÉSUMÉ 

Les écosystèmes agricoles mondiaux sont une source majeure de protoxyde d'azote (N2O), un 

gaz à effet de serre puissant contribuant significativement au changement climatique. Malgré les 

effets importants qu’on les émissions de N2O provenant d’agroécosystèmes, beaucoup d’incertitude 

subsiste quant à leur ampleur, les facteurs les modulant de même qu’à leur variations potentielles à 

l’échelle globale. Cette thèse à pour objectifs de (1) simuler les variations spatio-temporelles des 

émissions de N2O agricoles mondiales, (2) quantifier les contributions des différents facteurs 

déterminants et (3) projeter les tendances futures sous divers scénarios climatiques et de gestion. 

Pour atteindre ces objectifs, un modèle biogéochimique basé sur les processus, TRIPLEX-

GHGv2.0, a été amélioré en y incorporant des processus microbiens majeurs, des pratiques agricoles 

et des impacts environnementaux pour simuler la dynamique du N2O dans les sols agricoles. La 

validation par rapport aux bases de données d'émissions de N2O observées a suggéré de bonnes 

performances du modèle pour les terres cultivées (R2 = 0,87), les pâturages (R2 = 0,85) et les rizières 

(R2 = 0,78) à l'échelle globale. Les simulations historiques ont révélé une tendance générale à la 

hausse des émissions de N2O en terres agricoles de 1960 à 2020, avec une légère diminution au XXIe 

siècle. Au cours de cette période, ce sont les terres cultivées qui ont contribué le plus  aux émissions 

totales de N2O (3,06 ± 0,18 Tg N an-1), suivies des pâturages (2,04 ± 0,02 Tg N an-1), puisdes 

écosystèmes rizicoles (0,17 ± 0,005 Tg N an-1). À l’échelle régionale, des réductions significatives 

des émissions de N2O agricoles ont été observées au sein des points chauds d'émissions persistant, y 

compris l'Europe occidentale et l'Amérique du Nord, tandis que l'Asie de l'Est et l'Inde ont connu des 

augmentations rapides depuis les années 1980. Les engrais chimiques à base d'azote représentent la 

principale source des émissions de N2O pour les terres cultivées (~48%) et les rizière (~25%), tandis 

que les excréments déposés étaient le plus grand contributeur pour les pâturages (~31%) . L'étude a 

également révélé que l'effet des engrais azotés sur les émissions de N2O semble être contrôlé par la 

fraction de nitrate et les dépôts d'azote pour les terres cultivées à l'échelle mondiale, tandis que la 

quantité d'excréments de bétail et l'irrigation accrue sont les principaux facteurs modulant les 

réponses du N2O à la fertilisation pour les pâturages et les écosystèmes rizicoles, respectivement. 

Sous trois scénarios de trajectoires communes d’évolution socio-économique (SSP1-2.6, SSP2-4.5 et 
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SSP5-8.5), les projections du modèle suggèrent une augmentation des émissions futures de N2O 

agricoles de 27,0 à 71,0 % entre 2015 et 2100, avec les émissions les plus importantes ayant  

potentiellement lieu sous la trajectoire intermédiaire (SSP2-4.5) en raison de l'application excessive 

d'engrais azotés dans les terres cultivées. La projections a indiqué que les futures émissions de N2O 

sont plus sensibles aux facteurs de gestion de l'azote qu'aux changements climatiques, ce qui 

représenterait 0,44 Tg N an-1 de l'augmentation totale. L'augmentation projetée des émissions de N2O 

provenant des agroécosystèmes dans les pays en développement est susceptible de compenser les 

réductions réalisées dans les pays développés, rendant nécessaires des collaborations internationales 

pour résoudre ce déséquilibre à l'avenir. 

Dans l'ensemble, cette étude fournit un outil fiable pour estimer les émissions de N2O des 

agroécosystèmes à diverses échelles. Les résultats historiques modélisés quantifient l'importance des 

formes d'azote ainsi que de la co-gestion des engrais azotés avec le fumier, les activités de pâturage 

et l'irrigation dans la détermination des dynamiques spatio-temporelles des émissions agricoles 

mondiales de N2O. Les projections soulignent davantage le rôle prédominant des pratiques de gestion 

agricole par rapport aux changements climatiques dans la formation des émissions agricoles futures 

de N2O et mettent en évidence les défis de la réduction de ces émissions dans le contexte du 

désiquilibre du développement mondial. Cette étude améliore notre compréhension du bilan global 

de N2O agricole historique et projeté de même que de ses facteurs contributifs, fournissant de 

nouvelles perspectives pour atténuer la contribution du secteur agricole au réchauffement climatique. 
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ABSTRACT 

Global agricultural ecosystems are a major source of nitrous oxide (N2O), a potent greenhouse gas 

contributing significantly to climate change. Despite its critical impacts, substantial uncertainties 

persist regarding the magnitude, driving factors, and potential changes of N2O emissions from 

agricultural ecosystems globally. This dissertation aims to simulate the spatiotemporal variations of 

global agricultural N2O emissions, quantifies the contributions of different driving forces, and project 

future trends under various climate and management scenarios. 

To achieve these goals, the process-based biogeochemical model, TRIPLEX-GHGv2.0 was 

improved by incorporating major microbial processes, agricultural practices, and environmental 

impacts for simulating N2O dynamics from agricultural soils. Validation against collected observed 

N2O emissions database suggested good and consistent model performances across upland croplands 

(R2 = 0.87, n = 68), grazing lands (R2 = 0.85, n = 48), and rice-paddies (R2 = 0.78, n = 50) at a global 

scale. Historical simulations revealed a general increasing trend of agricultural N2O emissions from 

1960 to 2020 with a slightly decline in the 21st century. During this period, upland croplands are the 

largest contributor to total N2O emissions (3.06 ± 0.18 Tg N yr-1) followed by grazing lands (2.04 ± 

0.02 TgN yr−1) and rice-based ecosystems (0.17 ± 0.005 TgN yr-1). Regionally, significant reductions 

in agricultural N2O emissions were found in consistent emission hotspots, including Western Europe 

and North America, while Eastern Asia and India experienced rapid increases since the 1980s. 

Chemical N fertilizer accounts for the primary source of N2O emissions for cropland (~48%) and rice-

based ecosystems (~25%) but deposited excreta were the largest contributor (~31%) for grazing lands. 

The study also found that the effect of N fertilizer on N2O emissions appears to be controlled by nitrate 

fraction and N deposition for croplands globally, whereas the amount of livestock excreta and 

expanded irrigation play the dominant roles in N2O responses to fertilization for grazing lands and 

rice-based ecosystems, respectively. Under three Shared Socioeconomic Pathway scenarios (SSP1-2.6, 

SSP2-4.5, and SSP5-8.5), model projections suggested an increase in future agricultural N2O 

emissions by 27.0 – 71.0 % during 2015 – 2100, with the largest emissions potentially occurring under 

the intermediate pathway (SSP2-4.5) due to excessive N fertilizer application in croplands. The 

projections indicated that future N2O emissions are more sensitive to N management factors than 
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changing climate which would account for 0.44 Tg N yr-1 (at least 16.7%) of the total increase. The 

projected enhanced N2O emissions from agroecosystems in developing countries is likely to offset 

reductions achieved in developed world, which requires international collaborations to address this 

imbalance in the future. However, there are still existing uncertainties to be addressed including the 

effect of land use changes. 

Overall, this study provides a reliable tool for estimating N2O emissions from agricultural 

ecosystems at various scales. The modeled historical results quantitively underscore the importance of 

N forms and co-management of N fertilizer with manure, grazing activities, and irrigation in 

determining spatiotemporal dynamics of global agricultural N2O emissions. The projections further 

emphasize the predominant role of agricultural management practices over climate change in shaping 

future agricultural N2O emissions and highlight the challenges of mitigating these emissions in the 

context of imbalanced global development. This study improves our understanding of the global 

agricultural N2O budget and contributing factors in both historical period and projected future, 

providing new insights for mitigating the agricultural sector's contribution to global warming. 
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CHAPTER I: GENERAL INTRODUCTION 

1.1 Background 

1.1.1 Climate change and greenhouse gas 

Global warming effect has been recognized as one of the most significant environmental threats 

to human society (Hansen et al., 1981). The mean temperature of the Earth surface has increased by ~ 

1.09 (0.95 – 1.20) ℃ from the industrial revolution in the 1850s to the present decade, with the fastest 

growth rate occurring since the 1960s in the past 20 centuries (Figure. 1.1 a) (IPCC, 2023). Projections 

suggest that between 2014 and 2100, the global mean surface temperature may continue to rise by 0.7 

to 3.5 ℃, under the lowest and highest forcing scenarios, respectively (Fig 1.1 b) (IPCC, 2021; O'Neill 

et al., 2016). Such rapid warming exacerbates extreme weather events, raises sea level, threatens 

biodiversity, and poses significant risks to human health and food security (Cai et al., 2014; Church & 

White, 2006). Human activities that lead to excessive greenhouse gas (GHG) emissions are largely 

responsible for this phenomenon (IPCC, 2023; Tian et al., 2016). From 1850 to 2020, atmospheric 

concentrations of the three major GHGs including carbon dioxide (CO2), methane (CH4), and nitrous 

oxide (N2O) have increased substantially: CO2 from 300 parts per million (ppm) to 410 ppm (a ~ 40% 

increase), CH4 from 801 to 1866 parts per billion (ppb), and N2O from 270 to 335 ppb by 23% during 

this period (IPCC, 2021; Tian et al., 2016).  

Among these GHGs, nitrous oxide (N2O) has the lowest concentration in the atmosphere but 

possesses the strongest radiative forcing. As a long-live trace gas (~ 120 years), N2O has a global 

warming potential over a 100-year horizon that is 265 – 298 times larger than that of CO2. More than 

10% of the overall global radiative forcing in the current decade is attributed to N2O, and there is a 

growing trend for its contribution to global warming to constantly increase in the future (IPCC, 2023; 

Tian et al., 2020). Moreover, rising atmospheric N2O levels causes the ozone depletion in the 

stratosphere and the formation of acid rain, which significantly affects both environment and human 

health (Ravishankara et al., 2009). Currently, the mean global atmospheric N2O concentration is 

experiencing an unprecedented annual growth rate of ~ 1.3 ppb yr-1, necessitating effective control 

measures (Figure. 1.1 c) (Lan et al., 2024).  

N2O emissions from global agricultural ecosystems, largely driven by intensive management 
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practices, are identified as the primary source of increasing atmospheric N2O (~ 3.8 – 6.8 Tg N2O-N 

yr-1), accounting for more than 75% of total anthropogenic N2O emissions in the early 21st century 

(Davidson & Kanter, 2014; Tian et al., 2020). However, significant uncertainties remain in existing 

N2O budgets (including global, region, and country levels), particularly for agricultural ecosystems, 

which are hotspots for N2O emissions (Figure. 1.1 d) (IPCC, 2023; Liang et al., 2024; Tian et al., 2024). 

These uncertainties arise from several factors. First, variability of N2O fluxes from agricultural soils 

is difficult to accurately measure and understand on site scale because of the strong heterogeneity of 

biotic and abiotic factors (Rees et al., 2013; Wu et al., 2021). Second, existing models often 

oversimplify the biogeochemical processes involved or rely on inadequate information for their 

development. For example, empirical models tend to overlook the potential joint effects of other 

management practices and environment changes with N fertilizer (Hergoualc’h et al., 2021; Shcherbak 

et al., 2014), while a number of models training only focus on emissions during growing seasons, 

resulting in possible underestimated annual emission rates (Shang et al., 2024; Wagner-Riddle et al., 

2017). Finally, inconsistent definitions of N2O sources across models complicate the intercomparison 

(Tian et al., 2024). Empirical modeling results, such as those from FAOSTAT, only accounts external 

nitrogen inputs (e.g., N fertilizer and manure) induced N2O as agricultural source, excluding soil 

background emissions.  

Given the increasing demand for agricultural production, it has been reported that up to half of the 

global terrestrial CO2 sink could be offset by rising N2O emissions, significantly accelerating climate 

changes (Reay et al., 2012; Stocker et al., 2013). Reducing N2O emission from agricultural soil is the 

central action for mitigating the agricultural carbon footprint and achieving the 1.5 (or 2.0) ℃ climate 

goal of the Paris agreement (Schleussner et al., 2016). In particular, Canada has committed to reducing 

its GHG emissions to 40–45% below 2005 levels by 2030 and aims to achieve net-zero emissions by 

2050 while agriculture contributes ~10% of Canada’s total GHG emissions. Therefore, a 

comprehensive understanding of trend, magnitude, and driving forces of global agricultural N2O 

emissions is vital for scientists and policymakers in developing strategy of global sustainable 

development.  
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Figure 1.1 Changes in global surface temperature over the past 170 years (black line) relative to 

1850–1900 and model simulated results separating anthropogenic and natural drivers (brown 

and blue lines and shades), derived from IPCC (2021) (a); projected future changes (after 2014) 

in global temperature from model ensembles of CMIP6, from IPCC (2023) (b); global mean 

atmospheric N2O concentration (dry mole fraction) and growth rate estimated by AGAGE, 

NOAA, and CSIRO observations (c); agricultural and natural source of N2O in atmosphere 

under climate changes (d). 

 

1.1.2 Mechanisms of soil N2O production and environmental controls  

N2O emission from natural and managed soils are predominantly controlled by biotic processes, 

accounting for more than 70% of global emissions, primarily through nitrification and denitrification, 

which are essential components of the N cycles (Figure. 1.2) (Braker & Conrad, 2011; Butterbach-

Bahl et al., 2013).  

Nitrification is the aerobic oxidation of ammonium (NH4
+) or ammonia (NH3) to nitrate (NO3

-) 

via nitrite (NO2
-). Ammonia-oxidizing bacteria (AOB) and archaea (AOA) are responsible for 

autotrophic ammonia oxidation, while nitrite-oxidizing bacteria (NOB) complete the subsequent 

conversion to NO3
- (Daims et al., 2016; Prosser & Nicol, 2012). Both steps produce N2O as a by-
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product (Wrage et al., 2001). Meanwhile, heterotrophic nitrification, mainly performed by fungi, can 

also contribute to N₂O emissions by oxidizing organic N compounds to NO2
- and NO3

- under specific 

conditions (Martikainen, 2022). Denitrification involves the stepwise reduction of NO3
- to nitrogen 

gases (e.g., N2O, N2) under low soil oxygen availability by different denitrifying groups (Knowles, 

1982; J. Wang et al., 2018). N2O is a regular intermediate product during denitrification, and 

metabolizable organic C influencing its production as an electron donor, competing among these 

reduction steps (Knowles, 1982). Besides these well-known pathways, other soil biogeochemical 

processes also contribute to soil N₂O emissions with varying extents (Butterbach-Bahl et al., 2013). 

These complex interactions and the variety of microbial processes highlight the intricate nature of N₂O 

production in soils (Figure. 1.2). For instance, nitrifier denitrification, as a pathway of nitrification, 

reduce NO2
- provided by NH3 oxidation process to N2O and N2 by AOB (Wrage-Moennig et al., 2018; 

Zhu et al., 2013). Dissimilatory nitrate reduction to ammonium (DNRA) and anaerobic ammonia 

oxidation (anammox) play essential roles in soil N cycles and can potentially produce N2O in certain 

ecosystem types (Nie et al., 2019; Putz et al., 2018).  

These biological processes, and thus N2O emissions, are significantly influenced by environmental 

factors such as soil moisture, soil temperature, and pH. Understanding these relationships is crucial for 

developing effective management strategies to mitigate soil N2O emissions, especially in 

agroecosystems.  

Soil moisture is a key driver of soil N2O emissions, as it regulates oxygen availability to N-cycling 

soil microbes, and thereby affecting redox potential and microbial activities. Optimal soil moisture 

levels for soil N2O production and emissions are typically within the range of 60 – 90% water-filled 

pore space (WFPS) due to enhanced denitrification, depending on different soil physical properties 

and vegetation cover (Butterbach-Bahl et al., 2013; Liu et al., 2022). It is noteworthy that N2O 

emissions may decrease under extreme high soil moisture conditions because of favored reduction to 

N2, although such conditions are rarely observed in upland soils (Luo et al., 2013; Wu et al., 2017). 

Soil temperature not only has direct impacts on denitrifier activities given the tight microbial C-N 

coupling in denitrification (Barnard et al., 2005; Qiu et al., 2018), but also indirectly influences N2O 

production by altering soil moisture levels. In addition, soil pH, organic C content, and changes in 

vegetation communities are also important drivers of soil N2O emissions (Butterbach-Bahl et al., 2013). 

For example, low soil pH promotes N2O emission and its sensitivity to external N inputs by inhibiting 
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N2O reductase activity (Y. Wang et al., 2018).  

More importantly, agricultural practices significantly alter these environmental factors, greatly 

stimulating soil N2O emissions globally (Reay et al., 2012). Synthetic N fertilizer and manure 

applications increase soil N supply for nitrification and denitrification, making them primary 

contributors to increasing atmospheric N2O levels (Davidson, 2009; Tian et al., 2020). Urea, a 

commonly used fertilizer, can stimulate N2O emission by acidifying the soil (Qiu et al., 2024). As for 

fertilizer rich in NO3
-, abundant soil NO3

- enhance denitrification and N2O emissions because NO3
- is 

a more preferred electron acceptor than N2O (Wrage et al., 2001). Manure provides both organic C and 

N in various forms, favoring different soil N2O producers (Zhou et al., 2017). Besides N management, 

irrigation generally increases N2O emissions by creating more frequent anaerobic conditions, though 

different methods (e.g., flooding .vs. drip irrigation) can capture diverse impacts (Kuang et al., 2021). 

Similarly, tillage, whether conventional or reduced, appears to stimulate N2O emissions from 

agricultural lands (Mei et al., 2018). However, there are strong spatiotemporal variations in the 

responses of N2O emissions to changing practices across the globe due to the heterogeneity of 

environmental conditions and microbial activities. Furthermore, the interaction between ongoing 

climate changes and diverse management further complicates the dynamics of N2O emission from 

agricultural soils (Barnard et al., 2005). Coupled Model Intercomparison Project (CMIP) Phase 6 

(CMIP6) provides a valuable opportunity for model projection to quantitively evaluate the range and 

trajectories of agriculture N2O emissions globally. 

Therefore, given the necessity of balancing the mitigation of climate change and global food 

security, we need better understand the magnitudes of responses of N2O emission to different 

agricultural practices under changing environmental conditions through both field measurements and 

large-scale modeling.  
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Figure 1.2 Biotic processes related to nitrous oxide (N2O) production and consumption. Major 

pathways and their associated N compounds and oxidation states are shown. Revised from 

Butterbach-Bahl et al. 2013.  

 

1.1.3 Measurement and modeling of soil N2O emissions 

The most widely applied method for measuring soil N2O fluxes is the closed chamber technique 

(including automated versions), which covers a limited soil surface area (~1m in diameter). However, 

this method faces several challenges and limitations: it inadequately addresses the spatial heterogeneity 

of N2O flux and has significant uncertainties related to sampling frequencies (typically weekly or bi-

monthly) (Barton et al., 2015), flux calculation methods (Venterea et al., 2020), and flux values 

obtained through quality-controlled chamber methodology (Rochette & Eriksen-Hamel, 2008). In 

recent years, micrometeorological methods, eddy covariance in particular, have been used to 

continuously detect and quantify N2O flux over relatively large areas (e.g., 0.5 – 2 ha) in various 

ecosystems (Cowan et al., 2020; Huang et al., 2014; Lognoul et al., 2019). However, uncertainties 

associated with gap filling approaches and complex terrain continue to limit the quality of their 

estimated N2O budget (Goodrich et al., 2021).  

Modelling approaches are the core to constrain and upscale existing observations to better reflect 



11 

 

and simulate the spatial-temporal variation patterns of soil N2O emissions, especially on large scales 

(i.e., landscape to global). Additionally, modelling offers opportunities to evaluate the effects of large-

scale management or policy strategies on N2O emissions and to better understand potential changes in 

the context of global change (Kanter et al., 2020; Shang et al., 2019). To date, empirical models, such 

as Emission Factors-based (EFs) models, and process-based biogeochemical models are commonly 

used in bottom-up approach for estimating N2O emissions. EF-based models, like the IPCC Tier1 

approach (i.e., 1.0 % of input N converted to N2O), oversimplify the relationship between N inputs 

(mostly N fertilizer) and N2O emissions across different agroecosystem types (Mancia et al., 2022; 

Shcherbak et al., 2014). This result in large estimated discrepancies at finer spatial or temporal scales 

(Gerber et al., 2016; Shang et al., 2020). Moreover, the incomplete descriptions of environmental 

controls and biotic interactions in these models undermine their ability to evaluate the interactive 

effects of combined mitigation efforts and environmental changes (Butterbach-Bahl et al., 2013).  

On the other hand, process-based modelling provides a more robust framework for representing 

and simulating the dynamics in N2O emissions from different ecosystem soils, underpinned by 

explanations of the underlying biogeochemical mechanisms (Tian et al., 2019). These models also 

have the potential to systematically assess the responses of N2O and multiple ecosystem variables 

simultaneously to management and climate changes. Currently, a number of process-based models are 

developed and applied at varying scales to simulate soil N2O fluxes (please see section 2.3). However, 

their inconsistent performances and inaccuracy of simulations due to parameter uncertainties, 

insufficient model calibration and validation at site level, and limited global datasets for model inputs 

cast doubt on the estimated global N2O budget (Ehrhardt et al., 2018; Tian et al., 2019).  

Machine learning-based models are emerging as an alternative to quantify N2O emission at various 

scales (Hamrani et al., 2020). For example, the BP-neural network and gradient boosted regression 

tree were applied to explicitly build explicit denitrification models (Oehler et al., 2010). Philibert et al. 

(2014) demonstrated the good performance of random forest in estimating cumulative N2O emission 

from croplands globally, while quantitively discussing the importance of driving factors. These models 

have also been successfully used for daily time-step estimation at the site level (Saha et al., 2021). 

However, these models are data-driven “black box” and their algorithms as well as performances are 

largely dependent on the training data quality and quantity, rather than a reasonable understanding of 

the underlying biogeochemical mechanisms (Hamrani et al., 2020).  
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In summary, improved soil N2O emission modeling at various scales warrant advanced models that 

can address the mechanisms of N2O emissions related biotic and abiotic processes, and undergo 

extensive calibrations and validations against field measurements to accurately reflect the 

spatiotemporal variation patterns in soil N2O fluxes under changing environments and management 

conditions (Butterbach-Bahl et al., 2013; Tian et al., 2024). 

1.2 Scientific questions, objectives, and dissertation structure 

Given the large uncertainties and the need for systematical quantification of global terrestrial N2O 

budgets to mitigate agricultural source N2O emissions, this dissertation aims to address the following 

key questions: 

1. What are the spatial and temporal variation patterns of historical N2O emissions from global 

agricultural ecosystems? 

2. What are the dominant drivers influencing the trends of historical N2O emissions from global 

agricultural ecosystems? 

3. How might N2O emissions from global agricultural ecosystems respond to different scenarios 

of future climate and management changes?  

To address the questions and fill current knowledge gaps, the overall objective of this dissertation 

is to develop and use an improved model to better simulate historical N2O emissions from global 

agricultural ecosystems and estimate its possible trajectories under global changes.  

The specific objectives are:  

1. Development and improvement of the process-based biogeochemical model, TRIPLEX-

GHGv2.0 to better quantify the dynamics of N2O emissions. 

2. Simulation of historical N2O emissions from global agricultural soils and attribution to 

different management or environmental driving factors quantitively. 

3. Projection of future possible trends under changing climate and management scenarios (i.e., 

share social-economic pathways, SSPs). 

Given the diversity and complexity of agricultural ecosystems and the various management 

practices they involve, I have categorized the agricultural ecosystems into three types: upland 

croplands, grazing-lands, and rice-paddies for model development and historical simulations. For 

future prediction, these ecosystems are addressed as a whole to provide a broad perspective. 
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Consequently, Chapter II, III, and IV address objectives 1 and 2 for upland croplands, grazing-lands, 

and rice-paddies, respectively.  

These three chapters have already been published in Science of the Total Environment (Song et al., 

"Integrating major agricultural practices into the TRIPLEX-GHG model v2. 0 for simulating global 

cropland nitrous oxide emissions: Development, sensitivity analysis and site evaluation." Science of 

the Total Environment 843 (2022): 156945.), Global and Planetary Change (Song et al., “Quantifying 

patterns, sources and uncertainty of nitrous oxide emissions from global grazing lands: Nitrogen forms 

are the determinant factors for estimation and mitigation” Global and Planetary Change. 223 (2023): 

104080), and Global Biogeochemical Cycles (Song et al., "Central Role of Nitrogen Fertilizer Relative 

to Water Management in Determining Direct Nitrous Oxide Emissions From Global Rice‐Based 

Ecosystems." Global Biogeochemical Cycles 37.11 (2023): e2023GB007744.).  

Chapter V addresses objective 3, in which I evaluated the possible changes in N2O emission from 

global agricultural ecosystems in the future, with specific contributions from climate change and 

management scenarios. This Chapter will be submitted to the journal Earth Future shortly. Chapter I 

provides the general introduction, while Chapter VI offers the conclusion of the dissertation and 

discusses potential future directions. 
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2.1 Résumé 

Les émissions de protoxyde d'azote (N2O) provenant des terres cultivées représentent l'une des 

sources les plus importantes de gaz à effet de serre, tandis que l'estimation de ces émissions demeure 

largement incertaine à l'échelle mondiale. Pour simuler les émissions de N2O des terres cultivées 

mondiales, le modèle biogéochimique basé sur les processus TRIPLEX-GHG v2.0 a été amélioré par 

le couplage des principales activités agricoles. Une expérience de sensibilité a été utilisée pour mesurer 

l'impact des processus intégrés sur les émissions de N2O modélisées. La fertilisation azotée chimique 

a eu les effets relatifs les plus importants. Le coefficient de consommation de NO3 pour la 

dénitrification (COEdNO3), contrôlant la première étape du processus de dénitrification, a été identifié 

comme le paramètre le plus sensible d'après une analyse de sensibilité des paramètres du modèle. Le 

modèle a bien fonctionné pour simuler l'ampleur des émissions journalières de N2O sur 39 sites de 

calibration (flux journaliers moyens de N2O, R2 = 0.87, pente = 1.07; et facteurs d'émission, EF, R2 = 

0.70, pente = 0.72) pendant les périodes expérimentales. La fiabilité du modèle a été confirmée par 68 

sites de validation avec des corrélations élevées entre les résultats des émissions moyennes de N2O 

modélisées et observées (R2 = 0.86, pente = 0.82) et des FE (R2 = 0.66, pente = 0.83). Les simulations 

mondiales suggèrent qu'entre 1901 et 2016, les émissions annuelles de N2O provenant des terres 

cultivées mondiales ont considérablement augmenté, passant de 0.13 à 2.96 Tg N an-1. L'augmentation 

depuis les années 1960 a été significativement plus importante, mais les émissions ont légèrement 

diminué depuis leur pic en 1994, principalement en raison des déclins en Europe et aux États-Unis. 

Les engrais azotés ont été le principal moteur de cette augmentation, avec une moyenne de 1.44 Tg N 

an-1 depuis 2000. Des améliorations supplémentaires dans des estimations plus détaillées des variations 

des facteurs environnementaux, des effets de gestion et des entrées de modèles précises sont 

nécessaires pour réduire les incertitudes dans les simulations du modèle. 
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2.2 Abstract  

Nitrous oxide (N2O) emissions from croplands are one of the most important greenhouse gas 

sources while the current estimates remain large uncertainties globally. To simulate N2O emissions 

from global croplands, the process-based TRIPLEX-GHG model v2.0 was improved by coupling the 

major agricultural activities. Sensitivity experiment was used to measure the impact of the integrated 

processes to modeled N2O emission, revealing chemical N fertilization have the highest relative effect 

sizes. While the coefficient of the NO3
- consumption rate for denitrification (COEdNO3), controlling the 

first step of the denitrification process was identified to be the most sensitive parameter based on 

sensitivity analysis of model parameters. The model performed well when simulating the magnitude 

of the daily N2O emissions for 39 calibration sites (the means of the measured daily N2O fluxes, R2 = 

0.87, slope = 1.07; and emission factors, EFs, R2 = 0.70, slope = 0.72) during the experiment periods. 

The model reliability was further confirmed by 68 validation sites with high correlations between the 

results of modeled and observed mean N2O emissions (R2 = 0.86, slope = 0.82) and EFs (R2 = 0.66, 

slope = 0.83). Global simulations suggested that from 1901 to 2016, annual N2O emissions from global 

upland croplands rose significantly from 0.13 to 2.96 Tg N yr-1. The increase since the 1960s was 

notably larger, but emissions slightly decreased after peaking in 1994 which were mainly due to 

decreases in Europe and the USA. N fertilizer was the primary driver of the increase, averaging 1.44 

Tg N yr-1 since 2000. Further improvement on more detailed estimations for the variation of the 

environmental factors, management effects as well as accurate model input model driving data are 

required to reduce the uncertainties of model simulations.  
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2.3 Introduction 

Nitrous oxide (N2O) is a long-lived trace gas that has a global warming potential on a 100-year 

time horizon that is 265–298 times larger than that of carbon dioxide (CO2), and it simultaneously 

results in ozone depletion in the stratosphere (Ciais et al., 2014). The atmospheric concentration of 

N2O has significantly increased (i.e., by 20%) since the industrial revolution (Tian et al., 2016; Tian 

et al., 2020). Generally, N2O is produced as an intermediate product of soil microbial nitrification and 

denitrification processes and is regulated by multiple biotic (i.e., vegetation type, microbial biomass) 

and abiotic factors (i.e., climate, soil temperature, humidity, nutrient content, and texture) (Bouwman 

et al., 2002; Butterbach-Bahl et al., 2013; Li et al., 2000; Stehfest & Bouwman, 2006; Tian et al., 2018). 

Cropland is a primary source of terrestrial N2O emissions (Reay et al., 2012; Tian et al., 2020). 

The current larger emission rate of cropland soil comparing with natural soil (Davidson & Kanter, 

2014) results from extensive agricultural practices, including N-fertilizer input (synthetic and manure) 

(Davidson, 2009; Zhou et al., 2017), irrigation (Li et al., 2000; Li et al., 2010), and tillage (Mei et al., 

2018; Powlson et al., 2014), because these agricultural practices directly and indirectly interfere with 

soil N flow and microbial activities (Cavigelli et al., 2012). Therefore, substantial observation studies 

have been conducted in croplands to understand the effects of different agricultural practices on N2O 

emissions in order to enable sustainable agricultural production (Burney et al., 2010; Carlson et al., 

2017; Snyder et al., 2009). However, because of the characteristics of the varying magnitudes across 

the study sites and periods (Tian et al., 2016; H. Tian et al., 2019), the emission pattern of N2O requires 

models to be quantitatively investigated on large scales (Li et al., 2000; Tian et al., 2018; Wrage et al., 

2001). 

Modeling is an important approach for quantifying the N2O emissions from various ecosystems, 

especially croplands, under changing environments and management. Linear and non-linear models 

based on emission factors (EF) have been widely used to estimate direct N2O emissions on different 

scales (Davidson, 2009; Gerber et al., 2016; Hoben et al., 2011; Shcherbak et al., 2014). However, the 

EF method has been questioned due to the large uncertainty generated by its inability to depict spatial 

(i.e., site, regional and global) and temporal (i.e., monthly, daily) variations (Berdanier & Conant, 2012; 

Ehrhardt et al., 2018; H. Tian et al., 2019). Models based on machine learning algorithms such as the 

random forest algorithm (Philibert et al., 2013), artificial neural network (Oehler et al., 2010), and 
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Bayesian inversion (Berdanier & Conant, 2012) have recently been applied to cropland N2O emission 

estimations, but these methods strongly depend on the quality of the training data, instead of the 

underlying mechanism of the N2O-related processes. 

Process-based biogeochemical models, which serve as an alternative, have been demonstrated to 

be an effective tool for assessing and predicting the N2O flux by describing the nitrification, 

denitrification processes and N2O dynamics at different scales (Tian et al., 2018; H. Tian et al., 2019). 

However, the global N2O Model Intercomparison Project (NMIP) with ten process-based models 

reported that large uncertainties still exist in the current estimations of the global N2O emissions, 

especially for croplands (H. Tian et al., 2019). Esemble model simulations on site scale also pointed 

out models showed diverse and inconsistent performances in estimating cropland N2O (Ehrhardt et al., 

2018). The differences in the model structures probably account for these uncertainties. For instance, 

the DAYCENT (Daily Century) model has provided adequate simulations of N2O fluxes for a variety 

of agroecosystems with different scales (Alvaro-Fuentes et al., 2017; Cheng et al., 2014; Del Grosso 

et al., 2005; Del Grosso et al., 2009). Nevertheless, because it predominately utilizes simple functions 

based on soil water, inorganic nitrogen (N) concentrations, respiration, and texture (Del Grosso et al., 

2000; Parton et al., 1996), the limited model descriptions for oxygen diffusion and consumption 

processes lead to relatively large uncertainties (Alvaro-Fuentes et al., 2017; Butterbach-Bahl et al., 

2013; Song et al., 2019). Tian et al. (2010) developed a process-based biogeochemical model, i.e., the 

Dynamic Land Ecosystem Model (DLEM), which has been successfully used to estimate N2O 

emissions at continental and global scales (Tian et al., 2010; Xu et al., 2017). However, due to the 

absence of the effect of soil pH, the nitrification and denitrification processes were simulated based on 

empirical equations (Chatskikh et al., 2005; Heinen, 2006), which might be responsible for the bias of 

the modeled results. In addition, insufficient parameterization schemes and the limiting model 

calibration could also constrain the model performance at varying scales. The Vegetation Integrative 

SImulator for Trace gases (VISIT) overestimated the cropland N2O emission from eastern Asia due to 

limited model testing on sties level (Ito et al., 2018).  The DyN-LPJ model, a dynamic global 

vegetation models (DGVM) coupled with N2O-related processes, has not been extensively tested 

against N2O emissions from fertilized agricultural soils before global applications, which may account 

for the estimated uncertainties (Xu & Prentice, 2008; Xu et al., 2012). The DeNitrification-
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DeComposition (DNDC) model, a well-known process-based model, has been widely used to estimate 

N2O emissions and crop production in agroecosystems on site to regional scales (Giltrap et al., 2010; 

Li et al., 2000; Lugato et al., 2010). However, the proper application of the DNDC requires detailed, 

complex input information and parameter setting, which limits its large-scale modeling ability 

(Perlman et al., 2014). Therefore, further improvement of the process-based N2O emission models is 

critical for reducing the global modeling uncertainties and for closing the global N2O budget in order 

to cope with the global change. 

As a recently developed process-based model, the TRIPLEX-GHG (Zhu et al., 2014) can simulate 

multiple ecological processes and has been successfully applied to simulate N2O fluxes from natural 

ecosystems (grasslands, forests) (K. Zhang et al., 2017). However, the impact of human disturbances 

(e.g., agricultural practices, land use changes, and management) have not been considered so far (Tian 

et al., 2018). In this study, we enhanced the TRIPLEX-GHG model’s capability by addressing the 

impacts of major agricultural practices on the N2O production and emission processes in order to 

simulate N2O emissions from global croplands. The objectives of this study were: (1) to integrate major 

agricultural practices into the framework of an extant process-based model (i.e., the TRIPLEX-GHG); 

(2) to conduct a sensitivity experiments and sensitivity analysis of model parameters to evaluate the 

model response to integrated processes and identify the most sensitive parameter; and (3) to test the 

modeled results using field observations of various cropland sites at the global scale. 

 

2.4 Model description 

2.4.1 Overview of the original TRIPLEX-GHG model 

The TRIPLEX-GHG model (K. Zhang et al., 2017; Zhu et al., 2014) is a process-based terrestrial 

ecosystem model, which is based on the Integrated Biosphere Simulator (IBIS) (Foley et al., 1996; 

Kucharik et al., 2000) and TRIPLEX (Peng et al., 2002). The basic structure of the original TRIPLEX-

GHG model and the integration of agricultural management processes are shown in Figure 2.1, and 

are described in detail below. 

 



25 

 

 

Figure 2.1 Model’s structural concept and integration of agricultural practices into the 

TRIPLEX-GHG (revised from Zhang et al. (2017b)). The rectangular insert with the light grey 

background represents the different agricultural practices and how they interact with the other 

submodules (e.g., the land surface module). 

 

The original TRIPLEX-GHG model consists of four key submodules: a land surface submodule 

for simulating the energy budget and hydrological cycle between the soil surface, vegetation canopy, 

and the atmosphere; a dynamic vegetation submodule that is used to determine the geographic 

distribution of specific plant functional types (PFTs) under climate change; a plant phenology 

submodule that describes the dominate phenological behavior of each PFT based on a set of 

phenological parameterizations (Botta et al., 2000); and a soil biogeochemical submodule that 

simulates the dynamics of the C and N flows and the major microbial processes, including nutrient 

mineralization, immobilization, and their interactions with the environment. Specifically, the 

biogeochemical processes mostly focus on the C cycle within three plant biomass pools (leaf, root, and 

wood, each of which can be further divided into the metabolic, structural, and lignin pool) and three 

soil organic matter pools (litter, humus, and microbial), which are comprised of non-protected, 

protected, and passive organic matter. However, the N cycle’s scheme is coupled with the C cycle and 

relies on the corresponding C:N ratios of the different organic matter pools and two additional 

inorganic N pools (nitrite-N [NO3
-] and ammonium-N[NH4

+]). As a trace N gas, the N2O emitted by 
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nitrification and denitrification were simulated according to the anaerobic balloon concept calculated 

in Supporting Information Table 2.S1 (Equations (2.1–2.3)) to separate the nitrification and 

denitrification processes. Nitrification is an aerobic process converting ammonium (NH4
+) into nitrate 

(NO3
-) (Equations (2.4—2.7) in Table 2.S1) based on the growth and death rate of nitrifiers (Equations 

(2.8—2.10) in Table 2.S1) as well as the effects of soil properties (Equations (2.11—2.12) in Table 

2.S1) (Li et al., 2000; Morkved et al., 2007; K. Zhang et al., 2017). 

Denitrification is the process through which the nitrate is reduced stepwise into different nitrogen 

gases as a chain reaction process inside of the anaerobic balloon. Four independent steps of the chain 

reaction are linked by the competition for dissolvable organic carbon (hereafter, DOC) of the specific 

denitrifiers during each step (Betlach & Tiedje, 1981). The growth and mortality rates of the different 

denitrifiers are caliculated based on DOC and nitrogen oxides (hereafter NOx) (Equations (2.13–2.14) 

in Table 2.S1). The consumption of 𝑁𝑂𝑋 was calculated at an hourly time step as is shown in the 

following Eq. (2.1) (Leffelaar and Wessel, 1998; Li et al., 2000) 

𝐹𝐴𝑁𝑁𝑂𝑋 =  𝐶𝑂𝐸𝑑𝑁𝑂𝑋 ·  𝐵𝑑𝑒𝑛𝑖𝑡 · (
𝑅𝑁𝑂𝑋

𝐸𝐹𝐹𝑁𝑂𝑋
+

𝑀𝐴𝐼𝑁𝑂𝑋·[𝑁𝑂𝑋]

[𝑁]
) · 𝑓𝑁𝑂𝑋(𝑝𝐻) · 𝑓(𝑡)                   (2.1) 

Here, 𝐹𝐴𝑁𝑁𝑂𝑋 is the consumption rate of NOX (kg N m-3 h-1); 𝐶𝑂𝐸𝑑𝑁𝑂𝑋 is the coefficient of 

𝑁𝑂𝑋 consumption; 𝐵𝑑𝑒𝑛𝑖𝑡 is the biomass of the denitrifiers (kg C m-3); 𝑅𝑁𝑂𝑋 is the NOX reduction 

rate (h-1); 𝐸𝐹𝐹𝑁𝑂𝑋  is the efficiency of the NOX denitrifiers (kg C kg N -1); 𝑀𝐴𝐼𝑁𝑂𝑋  is the 

maintenance coefficient of NOX (h-1); [𝑁𝑂𝑋] and [𝑁] are the NOX and total N concentrations in the 

anaerobic balloon, respectively; and 𝑓𝑁𝑂𝑋(𝑝𝐻) and 𝑓(𝑡)  are the effects of the soil pH and soil 

temperature on the NOX denitrification rate in each step, respectively (Equations (2.15–2.17) and 

Equation (2.18) in Table 2.S1). 

In this study, the main framework for improving the TRIPLEX-GHG model was to add a new 

component that takes into account how agricultural practices affect the biogeochemical cycle, 

especially the nitrification and denitrification processes, thus modifying the pattern of the N2O flux of 

croplands at the global scale. 

 

2.4.2 Model improvements 

N2O production and emission are controlled by varying soil management practices. Understanding 

the direct and indirect effects of the different agricultural practices on the soil N flow (N input and 
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output) is critical to accurately predict the N2O fluxes in cropland ecosystems (Liu et al., 2010). We 

improved the model description of plant N uptake and integrated major agricultural management 

practices including harvest, returned residuals, chemical N fertilizer application, manure application, 

irrigation and tillage into original model structure as described below in detail.   

 

2.4.2.1 N output 

Plant N uptake: As a plant grows, mineral N is taken up as NO3
--N and NH4

+-N, which is 

considered to be a major pathway of soil N output. Soil mineral N is set to be first uptake by plants 

before the biotic processes (e.g., denitrification) in the model design (Kucharik et al., 2000; Li et al., 

2000; Shcherbak et al., 2014; K. Zhang et al., 2017). In cropland soil, NO3
--N is more easily absorbed 

by plants due to its higher mobility and more rapid diffusion to root systems (Chalk & Smith, 2021; 

Daryanto et al., 2018; Kronzucker et al., 1997; Malhi et al., 1988). Therefore, the coefficient of nitrate 

demand, 𝐶𝑂𝐸𝑁𝑂3, was introduced to the model to set a higher priority for NO3
--N of being uptaken 

by plant roots in each soil layer using the following Eq (2) and Eq (3): 

𝑑𝑒𝑚𝑎𝑛𝑑_𝑁𝑂3
−

𝑖
= min (𝐶𝑂𝐸𝑁𝑂3 · 𝑙𝑎𝑦𝑒𝑟𝑑𝑒𝑚𝑎𝑛𝑑𝑖

·
𝑁𝑂3

−
𝑖

(𝑁𝑂3
−

𝑖
+𝑁𝐻4

+
𝑖
)
 , 𝑙𝑎𝑦𝑒𝑟𝑑𝑒𝑚𝑎𝑛𝑑𝑖

)          (2.2) 

𝑑𝑒𝑚𝑎𝑛𝑑_𝑁𝐻4
+

𝑖
=  max (𝑙𝑎𝑦𝑒𝑟𝑑𝑒𝑚𝑎𝑛𝑑𝑖

− 𝑑𝑒𝑚𝑎𝑛𝑑𝑁𝑂3
−

𝑖
, 0.0)                        (2.3) 

Here, 𝑑𝑒𝑚𝑎𝑛𝑑_𝑁𝑂3
−

𝑖
  and 𝑑𝑒𝑚𝑎𝑛𝑑_𝑁𝐻4

+
𝑖
  (kg N m-2) are the plants’ NO3

- and NH4
+ 

requirements from soil layer 𝑖; and 𝑙𝑎𝑦𝑒𝑟_𝑑𝑒𝑚𝑎𝑛𝑑𝑖 is the total plant N uptake requirement from soil 

layer 𝑖 (kg N m-2). 𝐶𝑂𝐸𝑁𝑂3 was set to 4.0 according to the model test by comparing the mean value 

of the reported and simulated soil annual N2O emission rates from unfertilized soils (Table 2.S2).  

Harvest: Harvest practices significantly reduce the soil C and N inputs for cropland compared with 

natural soil. We systematically removed all of the litterfall from the cropland area at the end of the 

growing seasons to modify the harvest. 85% and 60% the total biomass carbon (aboveground and 

belowground calculated based on the turnover rates in the plant phenology module) was lost via harvest 

practices for annual and perennial crop (some crop types are perennial crop like sugarcane with diverse 

physiology and phenology characters compared with annual or cereal crops) respectively (Kucharik et 

al., 2000; Liu et al., 2010; Liu et al., 2005). The loss of nitrogen was therefore calculated based on the 

C:N ratios of different carbon pools of plant organs (i.e., leaf, wood and root). 
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2.4.2.2 N input 

Returned residues: Returned residues are a significant C and N source for cropland soil and a 

recommended practice for improving N use efficiency. It has been reported that currently more than 

half of the N in crops (all of which is taken up from the soil) is removed from the ecosystem (Liu et 

al., 2010). Therefore, in our model, a proportion of harvested biomass is collected at the end of the 

growing season and is returned to soil surface as turn over to next year at daily time step (total detritus 

production divided by total days in a year). The returned straw is treated separately to divide their 

respective amounts accordingly between the three litter pool compartments based upon the C:N ratio 

of each residue type Eq (2.4—2.5). The cascade effect of residues on mineralization and 

immobilization balance is simulated by original biogeochemical submodule. 

𝑅𝑆𝐶 = ∑ 𝑅𝑃𝑀𝑖 · 𝑅𝑟𝑒𝑡𝑢𝑟𝑛 · 𝐻𝑉𝐶
𝑛
𝑖=1                                                   (2.4) 

𝑅𝑆𝑁 = ∑
𝑅𝑃𝑀𝑖

𝐶:𝑁𝑝𝑚𝑙
· 𝑅𝑟𝑒𝑡𝑢𝑟𝑛 · 𝐻𝑉𝐶

𝑛
𝑖=1                                                  (2.5) 

Where 𝑅𝑆𝐶  and 𝑅𝑆𝑁  denote the total C and N content of returned straw (kgC m-2, kgN m-

2); 𝑅𝑃𝑀𝑖  represents the allocation ratio of plant matter type i (i.e., decomposable, structural and 

resistant plant matter) and 𝐶: 𝑁𝑝𝑚𝑙 mean the C:N ratios of them; 𝑅𝑟𝑒𝑡𝑢𝑟𝑛 and 𝐻𝑉𝐶 indicate the ratio 

of returned straw (in this study set as 20% following Liu et al. 2010) and total harvested biomass (kg 

C m-2), respectively.  

Chemical N fertilizer: Chemical N fertilizers were directly added to the NO3
- and NH4

+ pools of 

the top layer of soil: 

𝐹𝑒𝑟𝑁𝐻4
+ = 𝐹𝑟𝑁𝐻4 · 𝑇𝑁 · 𝐼𝑓𝑒𝑟                                                     (2.6) 

𝐹𝑒𝑟𝑁𝑂3
− = (1.0 − 𝐹𝑟𝑁𝐻4) · 𝑇𝑁 · 𝐼𝑓𝑒𝑟                                               (2.7) 

Here, 𝐹𝑒𝑟𝑁𝐻4
+  and 𝐹𝑒𝑟𝑁𝑂3

−  are the amount of chemical fertilizer NH4
+-N and NO3

--N, 

respectively (kg N ha-1). 𝐹𝑟𝑁𝐻4 is the fraction of ammonia while the 𝑇𝑁 means the total fertilizer N 

applied per year (kg N ha-1 yr-1) and the timing of application is decided by  𝐼𝑓𝑒𝑟. 

Manure N fertilizer: The manure-sourced N entered the different inorganic N and organic N pools 

separately. The organic portion of the manure was added to up to 3 soil organic matter (hereafter SOM) 

pools (the non-protected, protected, and passive organic carbon pools) separately for further 

decomposition (K. Zhang et al., 2017) as described in Eq (2.8—2.10): 

𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝐻4
+ = 𝑅𝑁𝐻4 · 𝑀𝑎𝑛𝑢𝑟𝑒𝑁 · 𝐼𝑚𝑎𝑛                                           (2.8) 
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𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝑂3
− = 𝑅𝑁𝑂3 · 𝑀𝑎𝑛𝑢𝑟𝑒𝑁 · 𝐼𝑚𝑎𝑛                                           (2.9) 

𝑀𝑎𝑛𝑢𝑟𝑒𝐶𝑆𝑂𝑀 = 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑆𝑂𝑀 · 𝐶: 𝑁𝑆𝑂𝑀 · 𝑀𝑎𝑛𝑢𝑟𝑒𝑁 · 𝐼𝑚𝑎𝑛                          (2.10) 

Here, 𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝐻4
+  and 𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝑂3

−  are manure-sourced NH4
+-N and NO3

--N, 

respectively (kg N m-2), which are calculated using the ratio of ammonia and nitrate (i.e., 𝑅𝑁𝐻4 and 

𝑅𝑁𝑂3) to total manure N, 𝑀𝑎𝑛𝑢𝑟𝑒𝑁 (kg N ha-1). 𝑀𝑎𝑛𝑢𝑟𝑒𝐶𝑆𝑂𝑀 is the amount of manure that entered 

the different SOM pools (i.e., unprotected, protected and stabilized SOM pools); 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑆𝑂𝑀 is 

the proportion of manure N added to the different SOM pools; and 𝐶: 𝑁𝑆𝑂𝑀 is the C:N ratio of a 

particular SOM pool. The 𝐼𝑚𝑎𝑛 controls whether fertilizer application happens for the day. 

 

2.4.2.3 Irrigation and tillage 

Some agricultural practices do not directly alter the N flow in cropland soil, instead they affect 

N2O by regulating the soil’s physical properties. 

Irrigation: The irrigation process used in this study adopted the idea of precipitation events from the 

DNDC (Li et al., 2000) and Agricultural Production Systems sIMulator (APSIM) (Thorburn et al., 

2010). In the current model, only the flood irrigation method was included, which is similar to rainfall. 

During an irrigation event, exact amount of water is applied to the surface of the soil profile as ‘puddle 

liquid’ (Eq 2.11) which is designed for further infiltration, calculated by the land surface module. The 

information of timing and amount of irrigation was based on the reported site experiments for model 

calibration and validation at site-level. 

𝑤𝑝𝑢𝑑 = 𝑤𝑝𝑢𝑑 + 𝑇𝑤 · (1 − 𝑧𝑟𝑢𝑛𝑓) · 𝐼𝐼𝑟𝑟                                            (2.11) 

𝑤𝑝𝑢𝑑 indicates liquid content of puddles per soil area (kg H2O m-2); 𝑇𝑤 means the total applied 

water per irrigation event (kg H2O m-2); 𝑧𝑟𝑢𝑛𝑓 is the run off fraction of the applied water which is 

depended on the soil texture and existing amount of water to the maxim size of puddle; 𝐼𝐼𝑟𝑟 represents 

the indicator of irrigation event of the day. Because land surface module is calculated in hourly time 

step, we designed the irrigated water was applied at 9:00 am which is a common practice during 

growing seasons if detailed application time is not provided. 

Tillage: Tillage redistributes the soil profile and increases the availability of oxygen in each soil 

layer at the same time. Because of more exposure to oxygen, the anaerobic conditions and diffusion 

pattern also vary with the different soil moisture conditions, properties, and vegetation types (Rochette, 

2008; van Kessel et al., 2013). We averaged each of the C and N pools of the top 4 soil layers (as a 



30 

 

global conventional tillage depth) after every tillage event 𝐼𝑇𝑖𝑙 as described in the following equations 

2.12—2.14.  

𝑆𝑜𝑖𝑙𝑃𝑖 =
(𝑆𝑜𝑖𝑙𝑃𝑖+𝑆𝑜𝑖𝑙𝑃𝑖−1)

2
                                                        (2.12) 

𝑆𝑜𝑖𝑙𝑂21
= 𝐴𝑡𝑚𝑜𝑠_𝑂2                                                          (2.13) 

𝑆𝑜𝑖𝑙𝑂2𝑖
=

(𝑆𝑜𝑖𝑙𝑂2𝑖+𝐴𝑡𝑚𝑜𝑠_𝑂2)

2
                                                     (2.14) 

𝑖 is the number of soil layer ranging from 1 to 4. 𝑆𝑜𝑖𝑙𝑃𝑖 means the different organic and inorganic 

soil C and N pools of the soil layer 𝑖 (kg C m-2; kg N m-2), including NH4
+-N, NO3

--N, NO2
--N, DOC, 

non-protected, protected and stabilized SOM pools. The 𝑆𝑜𝑖𝑙𝑂2𝑖
  represents the soil oxygen 

concentration of the soil layer i while 𝐴𝑡𝑚𝑜𝑠_𝑂2 means the atmospheric O2 concentration. 

 

2.5 Data and methods 

2.5.1 Summary of model set up for simulations 

Overall, 107 cropland sites were collected from published literature (section 3.2.1). Corresponding 

site-specific information of climate, environment, and agricultural management of these sites was 

obtained from either global gridded datasets (section 3.2.2) or field observation papers to drive the 

model. The improved TRIPLEX-GHG model v2.0 was run in a site-specific manner and model 

simulations were set up differently for sensitivity experiments (3.3.1), sensitivity analysis of 

parameters (3.3.2), calibration and, validation (3.4), especially for the management designs as listed in 

Table 2.  

In general, the mean values of the global management datasets (e.g., N fertilizer applications) and 

simplest, generic practices (e.g., irrigation) were used as default constantly for sensitivity experiments. 

The same intensities of the management practices were applied to provide a direct evaluation of the 

effect sizes of integrated practices across varying environments (e.g., soil properties, climate). In 

contrast, to examine the relative change rate of N2O emission induced by altering parameter values, 

we used site-specific management information directly obtained from global gridded datasets. Finally, 

for calibration and validation, the timing, intensity and property of managements of the experiment 

years were based on published papers. Other environmental input information was constantly obtained 

from grided datasets (section 3.2.2). Notably, no specific crop types (e.g., maize, wheat and soybean) 



31 

 

were included for current model and the vegetation type was fixed as cropland for most of the 

simulations. Cropland was further categorized into the plant functional types (PFT) of generic C3, C4 

crops for cereal crops (e.g., wheat, maize, barley, soybean) and vegetables based on the local climate 

as common practice for large-scale process-based models (Monfreda et al., 2008; H. Tian et al., 2019). 

For the experiment sites cultivated cash crops (e.g., sugarcane, litchi and grapes) which have diverse 

phenology and physiology characters than cereal crops, the PFTs were set as shrublands or tropical 

forests during the site-based simulation. Currently, the rice-paddy is not included for this model due to 

the different biogeochemical processes (Akiyama et al., 2005; Yan et al., 2000). 

During site-level simulations, a spin-up period of about 300 years was conducted until the soil 

biogeochemical cycles and the compositions of the different C and N pools remained in equilibrium 

under stationary climate conditions, which was the multiyear mean climate data. After spin-up, the 

model simulation was started on January 1st, 1901, and ended on December 31st, 2016 in daily timestep.  

 

2.5.2 Studied sites and model input information 

We compiled measured N2O emission data from croplands in published studies. 107 cropland sites 

were collected and the locations of which were distributed across most of the dominant terrestrial area. 

The detailed site information is listed in Table 3 and Table 2.S3 for calibration and validation 

respectively, including the geographic location, experimental period, dominate crop type, average N 

dose, soil properties (soil organic carbon, hereafter SOC, soil pH, soil texture), average daily N2O 

emissions during the experimental period, and other agricultural practice information. 

Daily climate data: We obtained daily climate data from the CRUNCEP dataset 

(https://www.earthsystemgrid.org/dataset/ucar.cgd.ccsm4.CRUNCEP.v4.TPHWL6Hrly.html), 

including the minimum, average, and maximum temperature, precipitation, specific humidity, air 

pressure, and wind speed, which were used to drive the model. 

N fertilization data: The historical chemical fertilizer (1961–2010) and manure (1860–2014) 

application data for croplands were derived from the datasets produced by Nishina et al. (2017) and 

Zhang et al. (2017), respectively. 

The synthetic N fertilization dataset is mostly based on country-specific information from the 

Food and Agriculture Organization statistics (FAOSTAT) after filling data gaps (Nishina et al., 2017). 

The dataset provided application date and monthly input N fertilizer differentiated into NH4
+ and NO3

− 
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considering the seasonal crop calendars for the dominant crops in each grid cell (Sacks et al., 2010). 

The synthetic N application rates in 2011–2015 were assumed to be the same as that for 2010.  

The manure N dataset (B. Zhang et al., 2017) included the annual manure production and annual 

application, which were reconstructed using the dataset from the Global Livestock Impact Mapping 

System (GLIMS) in conjunction with country-specific annual livestock populations and the gridded 

cropland distribution map for 1860–2014 obtained from HYDE 3.2 (Goldewijk et al., 2017). The 

manure N production and application rates in 2015 were assumed to be the same as those in 2014. 

N deposition data: We extracted the annual N deposition data based on the global maps of 

atmospheric nitrogen deposition (1993) (Dentener, 2006) supported by a three-dimensional global 

chemistry transport model (TM3) (Lelieveld & Dentener, 2000), which used N emission estimates (van 

Aardenne et al., 2001) and projection scenario data (Houghton, 1996; Nakicenovic et al. 2000). 

Vegetation types and land use data: For the model initialization, we generated vegetation cover 

data by overlaying the Global Land Cover Map for 2009 (GlobCover2009) based on Medium 

Resolution Imaging Spectrometer (MERIS) remote sensing data 

(http://due.esrin.esa.int/page_globcover.php) with the ecoregions framework from the World Wildlife 

Fund (WWF). Then, we generated a new category of global vegetation cover types that fitted the plant 

functional type of the model and relied on these land cover data. The annual cropland area from 1860 

to 2015 was acquired from the History Database of the Global Environment, version 3.2 (HYDE 3.2), 

which has reconstructed time-dependent land use using historical population and allocation algorithms 

with weighting maps (Goldewijk et al., 2017). Cropland can be classified into rain-fed and irrigated 

land, both of which were further divided into rice, generic C3 crops (except rice, e.g., wheat), and 

generic C4 crops (e.g., maize) based on the global crop distribution maps (Monfreda et al., 2008).  

Soil data: The global soil properties (soil texture and soil pH) and classification were obtained from 

the Food and Agriculture Organization/United Nations Educational, Scientific and Cultural 

Organization (FAO/UNESCO) Soil Map of the World 

(http://www.fao.org/geonetmork/srv/en/metadata.show?id514116) and the dataset provided by Batjes 

(2006), respectively. The soil C and C:N ratio data used for the model initialization were generated 

from a global soil dataset (IGBP-DIS; 2000). 

Topographic data: We used a global digital elevation model (DEM) with an approximate spatial 

resolution of 1 km (GTOPO30) for the topography input (http://www.temis.nl/data/gtopo30.html). 
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Atmospheric CO2 concentration data: The monthly atmospheric CO2 concentration data for the 

simulation period from 1860 to 2015 was obtained from the National Oceanic and Atmospheric 

Administration (NOAA) GLOBALVIEW-CO2 dataset derived from atmospheric and ice core 

measurements (www.esrl.noaa.gov). 

All of the input data were transformed into a spatial resolution of 0.5°×0.5° latitude/longitude using 

the ArcMap software (version 10.2).  

 

2.5.3 Model sensitivity of processes and parameters 

2.5.3.1 Sensitivity experiment of integrated agricultural practices 

The critical step of the development of process-based models is to conduct a sensitivity experiment 

to examining the degree of model response to the integrated new processes as an indicator of 

improvement compared with previous versions. Therefore, we analyzed the simulated responses of 

N2O emission to different agricultural treatments over 51 years (from 1960 to 2010) at 15 of the 

collected sites that were picked randomly from different continents. Outputs of the improved model 

were obtained by varying one integrated process at a time over the simulation period, while holding 

the other processes fixed as the same as original model (Table 2.S4) (Norton, 2015; Pappas et al., 2013). 

All integrated agricultural managements (including plant uptake, PU, harvest, HV, returned straw RS, 

chemical fertilizer application FN, manure application MN, irrigation IR and tillage TG) were designed 

to start from 1961 during simulation. The annual chemical fertilizer application rates and the annual 

manure application rate were derived from the global mean application rate of Nishina et al. (2017) 

and Zhang et al. (2018), respectively. While the fertilizer applied date (both chemical fertilizer and 

manure) is set once a year at the beginning of the growing season during model simulation. As for the 

irrigation and tillage practices, the amount of irrigated water is 50 mm × 1 time per year while tillage 

is only conducted once a year before growing seasons. Returning rate of straw is fixed at 30% of the 

harvested biomass and the timing of returning straw for model simulation is set at the end of growing 

season. 

The absolute effects (𝛥𝑁2𝑂𝑖,𝑗,𝑘), and relative effect sizes (𝑅𝐸𝑆𝑘) of integrated processes were 

evaluated with Eq (2.15) and Eq (2.16) (Norton, 2015; Ogejo et al., 2010), respectively.  

𝛥𝑁2𝑂𝑖,𝑗,𝑘 =  𝑂_𝑁2𝑂𝑖,𝑗 − 𝑁2𝑂𝑖,𝑗,𝑘                                                (2.15) 

http://www.esrl.noaa.gov/
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𝑅𝐸𝑆𝑘 =
1

𝑛𝑖
· ∑

∑ |𝛥𝑁2𝑂𝑖,𝑗,𝑘|
𝑛𝑗
𝑗=1

𝑛𝑗·𝑁2𝑂𝑖̂

𝑛𝑖
𝑖=1                                                    (2.16) 

Where i denotes the random selected sites for sensitivity experiment and j represent the simulated 

years (i.e., 1-50). Therefore, 𝛥𝑁2𝑂𝑖,𝑗,𝑘  means the difference between the modeled annual N2O 

emissions of previous version and model with integrated process k (i.e., PU, HV, RS, FN, MN, IR, and 

TG) for site i and year j. 𝑂_𝑁2𝑂𝑖,𝑗 and 𝑁2𝑂𝑖,𝑗,𝑘 indicated the annual N2O emission estimated by 

original model and integrated model respectively. 𝑅𝐸𝑆𝑘 were calculated by the absolute changes of 

N2O emission and the mean of N2O emission rate for the site i during simulation as represented by 

𝑁2𝑂𝑖̂. 

 

2.5.3.2 Sensitivity analysis of model parameters 

We randomly selected 20 sites covered all continents to conduct initial sensitivity analysis of the 

parameters to obtain the most sensitive parameters of the production of N2O before testing the model. 

According to previous N2O modeling studies (K. Zhang et al., 2017; K. Zhang et al., 2019), the 

coefficient of nitrification (hereafter COENR) is the key parameter driving the amount of emitted N2O 

in natural ecosystems probably because of the limited NO3
- input. In this study, considering the 

increased NO3
- input from fertilizers in cropland soil, it is conceivable for denitrification to become 

the dominant N2O source as supported by increased abundance of denitrification genes under fertilized 

soil (Tang et al., 2016; J. Tian et al., 2019; C. Wang et al., 2018). Therefore, the sensitivities of 14 

major parameters that directly control the denitrification processes, plant N uptake (COENO3UP), and 

the most sensitive parameter for nitrification, COENR (Table1), were compared in a site-specific 

manner meaning that the TRIPLEX-GHG model v2.0 was run under site-specific input climate and 

management information. It is notable that the parameters introduced by new integrated management 

practices (e.g., 𝐹𝑟𝑁𝐻4 in Eq.6) were excluded in the sensitivity analysis because these parameters 

were not directly involved in the nitrification and denitrification processes and were supposed to be 

controlled by model input information (i.e., published dataset or articles). We changed one parameter 

at a time, while holding the others fixed at default value to evaluate the response rate of the model 

output (i.e., in this case N2O emission) to the changed parameter (Pappas et al., 2013) with the 

sensitivity index (SI) which was followed the method of Lenhart et al. (2002) using the following Eq 

(2.17): 
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SI =  
1

𝑛
· ∑ (

(𝑦2𝑗−𝑦1𝑗) 𝑦0𝑗⁄

2·∆𝑥 𝑥0⁄
)𝑛

𝑗=1                                                      (2.17) 

where n is the total number of months from 1961 to 2015 (because in our model, chemical fertilizer 

application started in 1961); j accounts for the number of months from 1961 to 2015; 𝑦0𝑗 represents 

the jth monthly N2O emissions with an initial parameter 𝑥0; and 𝑦2𝑗  𝑎𝑛𝑑 𝑦1𝑗 are the N2O emission 

values produced for +∆𝑥 and −∆𝑥, respectively. ∆𝑥 was set as 20% of 𝑥0.  

 

Table 2.1 List of the major parameters and their default values for processes associated with N2O 

production. 

Parameters Explanation Values Unit References 

COEdNO3 Coefficient for consumption rate of 

NO3
- 

0.05   (Li et al., 2000; K. Zhang et 

al., 2017) 

COENR Nitrification rate coefficient 0.044   (Cai et al., 2014; K. Zhang et 

al., 2017) 

NMUEMA

X 

Growth coefficient for nitrifiers 0.102 d-1  (Li et al., 2000) 

AMAX Mortality coefficient for nitrifiers 0.06 d-1  (Li et al., 2000) 

MUENO3 Maximum growth rate of NO3
- 

denitrifiers 

0.67 h-1  (Li et al., 2000) 

MUENO2 Maximum growth rate of NO2
- 

denitrifiers 

0.67 h-1  (Li et al., 2000) 

MUEN2O Maximum growth rate of N2O 

denitrifiers 

0.47 h-1  (Li et al., 2000) 

EFFNO3 Efficiency parameter for NO3
- 

denitrifiers 

0.501 h-1  (Li et al., 2000) 

EFFNO2 Efficiency parameter for NO2
- 

Denitrifiers 

0.428 h-1  (Li et al., 2000) 

EFFN2O Efficiency parameter for N2O 

denitrifiers 

0.075 h-1  (Li et al., 2000) 

MNO3 Maintenance coefficient on NO3
- 0.09 h-1  (Li et al., 2000) Leffelaar, 

and Wessel 1988) 
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COEdNO2 Coefficient for consumption rate of 

NO2
- 

1.0   (Norman et al., 2008; K. 

Zhang et al., 2017) 

COEdNO Coefficient for consumption rate of 

NO 

1.0   (Norman et al., 2008; K. 

Zhang et al., 2017) 

 

2.5.4 Model calibration and validation 

39 sites were used for the model calibration (Table 3), and 68 sites were used for the model 

validation (Table 2.S3). The model setups for model simulations were based on Table 2.3.  

For model calibration, we adjusted the value of the most sensitive parameter of the N2O emissions 

(obtained from sensitivity analysis of parameters) to fit the best model performance by comparing the 

model output of simulated daily N2O flux data with the observed data of the 39 calibrated sites obtained 

from published papers via trial and error and statistical model performance indicators, site-by-site. 

Based on the model fitting results, we used the up-scaled fitted parameters (continental mean) to 

compare the modeled and measured daily mean N2O emission rates and emission factors (EFs) during 

the experiment periods. Daily mean N2O emission rate, as a function of cumulative emission during 

the experiment periods, is an accurate unit to evaluate the overall emission compared with using annual 

emission rate because existing field studies reported inconsistent measurement periods and frequencies. 

Emission factors represent the response level of local environment to external N input. Both factors 

serve as the indicators for testing the model reliability in terms of estimated emission values and 

understanding of underlying mechanisms.   

For model validation, the calibrated COEdNO3 was used for model simulation. We also obtained 

measured daily N2O fluxes from 15 of the validation sites with relatively long observation periods 

additionally to further test the performance of the model at daily time step. Finally, we tested the 

consistency between the simulated and observed daily mean N2O flux across 68 validation sites to test 

the model performance in continent and global scale (Table 2.S3). The EFs were also examined 

globally. 

GetData Graph Digitizer software (v2.26; getdata-graph-digitizer.com) was applied to obtain the 

daily N2O fluxes data that we used for calibration and validation from figures of published literature. 

The index of agreement (D), the root mean square error (RMSE), and the coefficient of determination 

http://www.getdata-graph-digitizer.com/download.php
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(R2) was used here to evaluate our model’s performance when comparing the modeled and observed 

daily flux. The D-value and RMSE were calculated as follows: 

𝐷 = 1 −   
∑ (𝑆𝑖−𝑂𝑖)2𝑛

𝑖=1

∑ (|𝑆𝑖−¯𝑂|+|𝑂𝑖−𝑂|)2𝑛
𝑖=1

,                                                    (2.18) 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑆𝑖−𝑂𝑖)2𝑛

𝑖=1

𝑛
                                                           (2.19) 

Here, 𝑆𝑖 is the ith simulated result corresponding to the number of observations; 𝑂𝑖 is the ith 

observed value; and 𝑂 is the mean of the observed values during the experimental period. D varies 

between 0 and 1, and is excessively sensitive to extreme values (Willmott, 1981). The model 

performance was considered to be perfect and unmeaningful when the D value was set to 1 and 0, 

respectively. The RMSE is the key value representing the difference between the simulated and 

observed values, and is significantly affected by the data units (e.g., mg N m-2 day-1 compared with kg 

N ha-1 day-1). 

The daily means of measured N2O emissions for each site during experiment periods were 

calculated by the reported cumulative emissions and measurement periods. The emission factors (EF) 

of the experiment sites were calculated based on the Eq. (2.20) for both measured and simulated data. 

𝐸𝐹 =  ∑
(𝐸𝑁𝑖−𝐸0𝑖)

𝐹𝑁𝑖

𝑛
𝑖=1                                                              (2.20) 

where 𝐸𝐹 denotes the mean Emission Factor (EF) of all site years; 𝑛 and 𝑖 represent the total 

number of observation years and the calculated year respectively. 𝐸𝑁𝑖 is the cumulative emission rate 

of measurement period 𝑖 while the 𝐸0𝑖 means the simulated background emission or the emission 

rate of control plot or plot receive no external N applications. 𝐹𝑁𝑖 means the fertilizer (chemical and 

manure N but not for returned straw) application rate of measurement period 𝑖. Those sites without 

control or non-fertilizer treatment were excluded from the comparison. 

 

2.5.5 Model simulations 

The improved model is applied to simulate N2O emission from global croplands at the spatial 

resolution of 0.5° covering the period of 1901—2016 (Table 2.2). We conducted three simulation 

experiment as shown in Table 2.4 to quantitively investigate the contribution of fertilizer and manure 

to changes in historical cropland N2O emissions. S1 is the multifactor simulation, driven by all input 

data changed over time to obtain the ‘best estimate’. While for S2 and S3, synthetic N fertilizer and 
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both N fertilizer and manure are set at the level of 1901 throughout the simulation period. Their 

differences between S1 and S2, S2 and S3 reflect the effects of N fertilizer and manure, respectively. 

A high-performance computer system was conducted for global simulations. Analysis of the 

modeled results was all processed by R software (version 4.3.1) using the packages “ncdf4”, “raster”, 

“terra”, and “ggplot2.” 



39 

 

Table 2.2 List of the model set up for simulation during sensitivity experiment, sensitivity analysis of parameters and model calibration 

and validation. 
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Table 2.3 Information on selected sites for model calibration. 
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ID sites lat lon experiment 

period 

crop 

types 

Nfer (kgha-

1 yr-1) 

return 

straw 

irrigate clay silt sand pH SOC 

(%) 

soil 

C:N  

mean N2O 

(mgN m-2 d-1) 

method COEdNO3 reference 

NA-1 Woodsl

ee, 

Ontario, 

CA 

42.1 -82.6 2003-2005 corn 150 yes no 52.5 27.5 20.0 6.4 12.5 4.7 0.47 closed 

chamber 

0.05  (Drury et al., 

2008) 

NA-2 Rosemo

unt, 

MN, 

USA 

44.8 -93.1 2008-2009 corn 146 no no 23.0 55.0 22.0 6.2 2.8 9.4 0.25 Stainless 

steel 

chamber 

0.025  (Venterea et 

al., 2011) 

NA-3 Marlbor

o, MD, 

USA 

39.4 -77.3 2012-2014 tobacc

o; 

corn 

134 yes no 9.3 11.1 79.6 6.2 0.8 9.1 1.04 static flux 

chamber 

0.03  (Chen et al., 

2018) 

NA-4 Frederic

ton, NB, 

CA 

45.9 -66.6 2008-2011 potato 193 no no 11.0 39.0 49.0 6.2 1.9 14.8 0.18 non-steady-

state 

chamber 

0.04  (Zebarth et 

al., 2012) 

NA-5 Que´bec 

City, 

CA 

46.8 -71.4 2002-2003 corn 150 no no 48.2 40.6 11.2 6.9 3.4 14.6 1.68 non-steady-

state 

chambers 

0.03  (Rochette, 

Angers, 

Chantigny, 

Gagnon, et 

al., 2008) 

NA-6 Fort 

Collins, 

Colorad

o, USA 

40.7 -105.0 2002-2005 corn 134 yes no 33.4 26.4 40.2 7.7 1.3 8.4 0.30 automatedg

as 

chromatogr

aph 

0.03  (Mosier et 

al., 2006) 

NA-7 Baton 

Rouge, 

LA, 

USA 

30.4 -91.2 2013-2014 cotton 112 no no 20.5 44.8 34.7 6.2 6.6 9.9 4.40 closed 

chamber 

0.04  (Tian et al., 

2015) 
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NA-8 Sacram

ento 

County, 

CA 

38.3 -121.5 2010-2012 grape 38 yes yes 23.0 27.0 50.0 6.4 11.2 10.7 1.15 closed 

chamber 

0.029  

(VERHOEVE

N et al., 

2014) 

NA-9 British 

Columb

ia, CA 

49.2 -121.8 2005-2007 corn 150 yes no 14.0 59.0 27.0 6.1 8.0 13.6 1.04 static flux 

chamber 

0.01  (Hunt et al., 

2016) 

AS-1 New 

Delhi, 

Inida 

28.2 77.2 2008-2010 wheat 120 no no 22.0 26.0 52.0 8.1 0.6 8.6 0.27 closed-

chamber 

0.02  (Jain et al., 

2016) 

AS-2 Gongzh

uling, 

Jilin,Chi

na 

43.5 124.8 2010-2012 maize 230 yes no 23.0 38.0 39.0 6.2 2.6 9.0 0.72 static 

closed-

chamber 

0.025  (Guo et al., 

2013) 

AS-3 Yanting, 

Sichuan

, China 

31.3 105.5 2012-2015 wheat; 

maize 

300 yes no 19.6 50.3 30.1 8.1 1.2 8.3 0.80 static 

chamber 

0.01  (Zhou et al., 

2019) 

AS-4 Nanjing

, 

Jiangsu, 

China 

32.1 119.0 2013-2014 vegeta

ble 

420 no yes 54.5 30.4 15.2 5.5 1.5 8.8 3.52 static 

chamber 

0.03  (Zhang et 

al., 2016) 

AS-5 Yunche

ng, 

Shanxi, 

China 

34.9 110.7 2008-2010 cotton 70 no yes 37.6 46.0 16.6 8.7 1.0 7.1 0.79 Automatic 

chamber 

0.03  (Wang et al., 

2013) 

AS-6 Fengqiu

, Henan, 

China 

35.0 114.3 2002-2003 maize; 

wheat 

150 yes no 6.0 15.0 79.0 8.7 8.9 7.9 0.23 close-

chamber 

0.025  (Meng et al., 

2005) 

AS-7 Japan 36.0 140.1 2006-2007 komat

suna 

120 no no 21.0 47.0 32.0 5.9 10.7 8.4 0.10 automated 

chamber 

0.025  (Hayakawa 

et al., 2009) 
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AS-8 Shando

ng, 

China 

36.9 117.9 2008-2009 maize; 

wheat 

600 yes yes 17.1 66.1 16.8 8.3 1.8 7.9 1.10 static 

chamber 

0.01  (Cui et al., 

2012) 

AS-9 Xiannin

g, 

Hubei, 

China 

29.9 114.3 2005-2007 peanut 120 yes no 2.4 48.6 49.0 5.2 0.9 4.9 0.34 static 

closed 

chamber 

0.01  (Lin et al., 

2012) 

AS-10 Khorez

m 

Region, 

Uzbekis

tan 

41.6 60.5 2005-2006 cotton

; 

wheat 

250 yes yes 14.6 42.8 42.6 6.9 0.6 3.1 2.14 closed 

chamber 

0.025  (Scheer et 

al., 2008) 

EU-1 Potsda

m 

Bornim, 

German

y 

52.4 13.0 2003-2005 rape 150 no no 4.0 8.5 87.5 6.0 0.9 14.0 1.08 static 

chamber 

0.02  (Kavdir et 

al., 2008) 

EU-2 Lusigna

n, 

France 

46.4 0.1 2011-2014 corn; 

wheat 

125 no yes 17.6 69.2 13.2 6.4 13.5 10.6 0.34 Automatic 

chamber 

0.04  (Senapati et 

al., 2016) 

EU-3 St. 

Petersb

urg, 

Russia 

59.6 30.1 2003-2005 potato 120 yes no 25.5 56.5 18.0 5.8 1.5 8.8 1.22 closed 

chamber 

0.02  (Buchkina et 

al., 2010) 

EU-4 Bet 

Dagan, 

Israel 

32.0 34.8 2006-2007 cotton 240 yes yes 17.5 2.5 80.0 7.3 10.0 10.3 9.42 PVC 

sample 

chamber 

0.02  (Heller et 

al., 2010) 

EU-5 Skiernie

wice, 

Poland 

52.6 20.3 2012-2013 barley 45 yes no 7.0 5.0 87.0 6.6 11.0 11.1 0.44 closed 

chamber 

0.01  (Sosulski et 

al., 2015) 



44 

 

EU-6 Wye 

Estate, 

UK 

51.9 1.0 1999-2001 wheat; 

rye 

200 yes no 15.0 68.0 17.0 5.8 1.9 8.6 6.20 closed 

chamber 

0.05  (Baggs et 

al., 2003) 

EU-7 Stuttgar

t, 

German

y 

48.7 9.2 2008-2010 vegeta

ble 

401 no no 30.0 68.0 2.0 5.5 1.8 8.0 1.85 PVC-

chamber 

0.025  (Pfab et al., 

2012) 

EU-8 Naples, 

Italy 

40.6 15.0 2007-2008 maize 130 no no 32.9 20.1 47.0 7.5 0.8 8.4 0.10 automated 

closed 

static 

chambers 

0.04  (Forte et al., 

2017) 

EU-9 Madrid, 

Spain 

40.5 -3.3 2009-2012 maize

barley 

250 yes yes 28.0 17.0 55.0 7.9 0.8 8.1 0.77 closed 

chamber 

0.04  (Abalos et 

al., 2013; 

Sanz-Cobena 

et al., 2012) 

AU-1 Cunder

din, 

Australi

a 

-31.6 117.2 2005-2007 wheat 100;75 yes no 18.6 4.4 77.0 6.0 0.4 10.0 0.032 automated 

gas 

chambers 

0.015  (Li et al., 

2012) 

AU-2 Mackay, 

Queensl

and, 

Australi

a 

-21.1 149.0 2006–2007 sugarc

ane 

150 no no 33.0 28.5 38.5 4.7 1.7 9.4 1.61 Automatic 

chambers 

0.028  (Denmead et 

al., 2010) 

AU-3 Brisban

e, 

Australi

a 

-26.0 152.0 2007-2009 lychee 

orchar

d 

256 yes no 26.0 37.0 37.0 6.0 2.7 10.1 1.22 automatic 

chambers 

0.025  (Rowlings et 

al., 2013) 
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AU-4 Queensl

and, 

Australi

a 

-27.5 151.8 2009-2011 cotton

; 

wheat 

200 no yes 76.0 16.0 7.0 7.2 1.6 11.9 0.46 automated 

chamber 

0.023  (Scheer et 

al., 2012, 

2013; Scheer 

et al., 2016) 

AU-5 Queensl

and, 

Australi

a 

-28.2 152.1 2006-2009 wheat 90 yes no 65.0 24.0 11.0 6.9 2.0 9.7 0.83 automatic 

gas 

sampling 

chambers 

0.01  (Wang et al., 

2011) 

AU-6 Wagga 

Wagga, 

New 

South 

Wales, 

Australi

a 

-35.4 147.5 1993-1994 ryegra

ss 

200 no no 15.5 10.0 74.5 5.5 8.1 9.8 0.087 automatic 

static 

chamber 

0.01  (Galbally et 

al., 2010) 

AF-1 Kaptum

o, 

Kenya 

0.12 35.5 2013-2014 vegeta

ble 

110 yes no 27.8 9.8 62.3 6.0 4.1 12.4 0.25 static 

chamber 

0.01  (Rosenstock 

et al., 2016) 

AF-2 Kenya -0.31 35.4 2015-2016 tea 150 no no 59.0 21.0 20.0 3.9 4.0 12.4 0.34 static 

chamber 

method 

0.012  (Wanyama 

et al., 2018) 

SA-1 Arique

mes, 

Rondnia 

State, 

Brazil 

-10.5 -52.5 2001-2002 b.briz

antha 

42 yes no 23.5 5.5 71.0 5.3 6.0 9.6 0.89 recirculatin

g chamber 

0.05  (Passianoto 

et al., 2003) 

SA-2 Santa 

Maria, 

Brazil 

-29.7 -53.7 2010-2011 maize 

and 

wheat 

125 no yes 19.2 36.5 44.3 5.9 5.0 11.1 1.66 non-steady-

state 

chambers 

0.049  (Aita et al., 

2015) 
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SA-3 Campin

as, 

Brazil 

-22.9 -47.1 2011-2013 sugarc

ane 

120 yes no 41.0 17.5 41.5 5.6 5.8 10.8 0.68 PVC static 

chambers 

0.035  (Soares et 

al., 2015) 

 

Table 2.4 Simulation experiment design for global simulations. 

Input variables 

 Climate LUC N deposition N fertilizer Manure Return straw 

S1 1901-2016 1901-2016 1860-2016 1961-2016 1860-2016 Yes 

S2 1901-2016 1901-2016 1860-2016 1961(1901) * 1860-2016 Yes 

S3 1901-2016 1901-2016 1860-2016 1961(1901) * 1901 Yes 

*: N fertilizer data set starts from 1961. N fertilizer was either set at the level of 1961 or maintained at the level of 1901 throughout the period to 

achieve consistent results. 
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2.6 Results 

2.6.1 Sensitivity experiment of integrated processes and sensitivity analysis of the model parameters 

In general, the integrated agricultural and natural processes of the TRIPLEX-GHG model v2.0 

significantly changed the emission pattern of N2O comparing to that of previous version. However, a large 

divergence was found for the responses of model output to different processes. The annual N2O emissions 

from selected 15 sites for sensitivity experiment produced by original model (v1.0) ranged from 3.64 to 

348.46 mgN m-2 yr-1 with a mean of 99.53 (±2.76se) mgN m-2 yr-1 during 1961-2010 (Figure 2.2a). The 

difference between v1.0 and v2.0 simulations (Figure 2.2b) indicated that the improved description of 

plant uptake processes altered the model performance by reducing 3.50% of the mean annual N2O 

emission and the RES value was 0.06 meaning that the integration of plant uptake module resulted in an 

overall 6% changes to estimated N2O fluxes. Similar effects of harvest and returned straw were found 

during sensitivity experiment. The average annual N2O emission rates were reduced by 28.48% and 40% 

across 15 sites for harvest and returned straw compared with original model outputs respectively (Figure 

2.2c-d). Nevertheless, the impact range of returned straw was smaller than that of harvest practice as 

suggested by lower RES value. The model output showed consistent positive responses to application of 

chemical fertilizer (FN) and manure (MN) by increasing 87.66% and 24.63% of the annual N2O emission 

respectively (Figure 2.2e-f). Moreover, the median of the absolute application effects of chemical 

fertilizer increased with growing treatment period from 10.68 mgN m-2 yr-1 in 1962 to 54.35 mgN m-2 yr-

1 in 2010 whereas no tendency was detected for manure application. The impact of the timing of 

fertilization was minor comparing with the amount and properties of fertilizers (Figure 2.S1). Meanwhile, 

Figure 2.2g and 2.2h showed that the range of the annual N2O emission response to irrigation and tillage 

practices were less evident in terms of the RES as 0.08 and 0.16 respectively. The absolute effect of 

irrigation ranged from -10.38 to 10.33 mg N m-2 yr-1 and that of tillage was larger ranging between -14.82 

to 18.27 mg N m-2 yr-1. However, the absolute and relative effects of irrigation and tillage showed 

increased variation in combination with fertilizer applications (Figure 2.S1).  
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Figure 2.2 Sensitivity experiment of the newly integrated processes as indicated by the difference 

of annual N2O emission between the improved model with different practices and original model . 

The outliers are shown as open dots. The dashed red line means the δ N2O = 0.0. RES indicates the 

relative effect size of the processes (Eq. 16). (a. original model outputs; b. absolute effect of 

integrated PU, Plant Uptake; c. absolute effect of integrated HV, Harvest; d. absolute effect of RS, 

Returned Straw; e. absolute effect of integrated FN, chemical Fertilizer N application; f. absolute 

effect of MN, Manure N application; g. absolute effect of IR, Irrigation event; h. absolute effect of 

TG, Tillage event).  

 

Large variation was observed for sensitivity analysis of model parameters. The mean sensitivity index 

(SI) varied from -0.53 (EFFNO2) to 1.37 (COEdNO3) for the selected 13 parameters (Figure 2.3). All of the 

parameters had a nonunique effect on the N2O emissions of the different sites. COEdNO3, COENR, MUENO3, 

MNO3, EFFN2O, COEdNO2, and COEdNO mostly had positive effects, while the remaining parameters either 
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had negative effects (e.g., MUEN2O and EFFNO2) or had no evident impact (e.g., AMAX and COENO3UP) 

on the N2O fluxes. The coefficient of the NO3
- consumption rate (COEdNO3) was the most sensitive 

parameter in the current TRIPLEX-GHG model. The SI ranged from -0.61 to 5.39 (with a mean of 1.37) 

for the current model input information. We also noticed that the SIs of the selected parameters were not 

consistent with the different input information, especially for the variations in the amount of N fertilizer 

applied. The COEdNO3 slightly increased initially and then decreased as the N dose increased; and as the 

most sensitive parameter, it retained a large SI value (Figure 2.S2). 

 

Figure 2.3 Sensitivity analysis of the different parameters. The closed red dots show the mean 

sensitivity index value of the parameters. The outliers are shown as open dots. 

 

Overall, to simplify the parameter fitting processes and to evaluate the model’s performance, we 

selected the most sensitive parameter of the model, COEdNO3, as the fitting parameter for model 
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calibration, while we set the other parameters to their original constant values as the default during model 

calibration (Table 2.1). 

 

2.6.2 Model calibration 

The long-term daily flux data was collected from the selected cropland sites for model calibration, 

including the major crop species such as corn, wheat, barley, and tomatoes (Table 2.3). These sites were 

categorized into six main regions according to their geographical distribution, including North America 

(NA), Asia (AS), Europe (EU), Australia (AU), South America (SA), and Africa (AF). Generally speaking, 

the model’s performance was reasonably good in terms of the comparison of the site observations with 

the modeled results.  

For the sites located in the great lakes region, North Ameirca (NA-1 and NA-2), the modeled seasonal 

patterns of the N2O emission were generally consistent with the measured data (Figs. 2.4a–b), but the 

estimated pulses had longer durations than the observations (the model could not capture the detailed 

variations in the detected N2O fluxes), which resulted in low agreement indices (D=0.65, D=0.56 for NA-

1 and NA-2, respectively). For the studies carried out in the eastern Atlantic coastal region, the annual 

variation in the field data from site NA-3 was reproduced well by the model (Figure 2.4c), except for 

some underestimated peak values, which slightly reduced the level of the model evaluation indices 

(D=0.69, RMSE = 3.6, R = 0.57). Furthermore, the modeled simulation results were well matched for the 

scattered detected values of sites NA-4 and NA-5 (Figs. 2.4d–e), with model agreement indices of 0.81. 

The model’s results were also strongly correlated with the other collected observation data in the central 

(NA-6), southern (NA-7) USA, and western coastal regions of the continent (NA-8, NA-9). The model 

performed well for the long-term fertilized corn sites in Colorado (Figure 2.4f; D = 0.84, RMSE = 0.90, 

R = 0.73). Nevertheless, the general trends of the model’s results were consistent with the observation 

data at sites NA-7, NA-8 and NA-9 while failures to capture the timing (Figure 2.4g) and length of the 

intensive emission period (Figure 2.4h) led to relatively lower evaluation indices (D = 0.59, 0.61 and 0.75, 

respectively). 
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Figure 2.4 Comparison of the modeled and observed N2O emissions during calibration for cropland 

sites located in North America. Site-specific COEdNO3 values were used for model calibration to 

obtain the best estimations. Solid arrows indicate the timing of fertilizer (chemical or manure) 

applications, dashed arrows indicate tillage while dotted arrows indicate irrigation event 

respectively. 

 

In general, the model captured the main variations in the observations and agreed well with all of the 

daily observations for the ten upland agricultural sites located in Asia, except for conventional cropland 

sites AS-2. As reported by Guo et al. (2013), certain points of observation were being recorded as negative 

values without apparent regularity in the time series, while the model was less robust in terms of capturing 

the occurrence of N2O uptake, resulting in a low index of agreement (Figure 2.5b, D = 0.50). In addition, 

the simulation exhibited reasonable N2O flux variation patterns, especially the occurrence of emission 

pulses induced by fertilization, comparable to those described by Zhou et al. (2019) (Figure 2.5c) and 

Zhang et al. (2016) (Figure 2.5d), while the inaccurately estimated peak values suppressed the evaluation 

of the model’s performance (AS-3, D = 0.67; AS-4, D = 0.64). The model results for sites AS-5, AS-6, 

AS-7, and AS-8 showed that simulated N2O fluxes agreed well with the observed fluxes under different 

agricultural practices, with model agreement indices of 0.86, 0.81, 0.78, and 0.76, respectively (Figs. 

2.5e–h). Scattered observation points in a peanut site located in central-subtropical China were also 
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simulated by our model and the result showed a similar general pattern of N2O flux with acceptable model 

performance indices (Figure 2.5i; D = 0.65, R = 0.49, RMSE = 0.31). The long-term wheat cultivation site 

in Uzbekistan was characterized by extremely high emission rates (>50 mg N m-2 day-1) and the simulated 

N2O emission rate matched the observations well, except for one overestimated emission pulse in 2005/7 

(Figure 2.5j). 
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Figure 2.5 Comparison of the modeled and observed N2O emissions during calibration for cropland 

sites located in Aisa. Site-specific COEdNO3 values were used for model calibration to obtain the best 

estimations. Solid arrows indicate the timing of fertilizer (chemical or manure) applications, dashed 

arrows indicate tillage while dotted arrows indicate irrigation event respectively. 
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The simulated trends and magnitudes of N2O were generally consistent with the measured data for 

most of the calibrated sites in Europe. Based on the studies of Kavdir et al. (2008) and Senapati et al. 

(2016), the frequent failure of capturing the major emission pulses, such as the one induced by fertilizer 

input in 2003/1 for EU-1 (Figure 2.6a) and the one that occurred in 2013/6 for EU-2 (Figure 2.6b), 

accounted for the low agreement indices. Moreover, the low evaluation indices of site EU-3 (D = 0.52) 

are attributed to the estimation gap as the underestimation of the background emissions (Figure 2.6c). The 

study carried out by Hall et al. (2010) reported extremely high N2O emission rates due to the application 

of large amounts of manure. The model had a low agreement index because it underestimated the major 

peaks and the duration (Figure 2.6d; D = 0.61). The model simulation also revealed good agreement with 

the scatter measured N2O emission data for the site observations provided by Sosulski et al. (2015) and 

Baggs et al. (2003), the modeled emission rates the points (Figs. 2.6e–f). As for sites EU-7, EU-8 and 

EU-9, the modeled daily N2O emission rates matched the general trends of the N2O emissions in response 

to fertilization and irrigation practices reasonably well. However, the modeled results still mis-captured 

the minor emission pulses in 2009/1 at site EU-7 (Figure 2.6f; D = 0.77, RMSE = 1.46, R = 0.66) and in 

2007/8 at site EU-8 (Figure 2.6g; D = 0.87, RMSE = 0.23, R = 0.75). 

Only one rainfed continuous wheat site in western Australia, AU-1, was used in the model calibration. 

The low model evaluation indices (D = 0.47, RMSE = 0.12, R = 0.25) was probably associated with the 

failure to capture the emission peaks in 2006/1, 2007/4, and 2010/3 (Figure 2.7a). For the other calibration 

sites located in eastern coastal regions, the general seasonal patterns of the simulated N2O emission were 

consistent with the observations. The model performed reasonably well for manure dominated site AU-2, 

and the underestimated peak value was responsible for the slight jeopardizing of agreement index (Figure 

2.7b; D = 0.88). Notably, a lychee (Litchi chinensis) orchard site with a high sampling frequency was 

included, so the PFT was considered to be subtropical forest for this site, and the model performed well 

(Figure 2.7c; D = 0.80) even though there was an obvious mis-capture of the emission peak in 2008/6. 

Sugarcane was planted at site AU-5, the PFT was set as shrub during the calibration because the C 

properties of sugarcane differ significantly from those of grain crops (e.g. wheat). The modeled results of 

the sugarcane-based crop systems agreed well with the measured data (Figure 2.7e; D = 0.73, RMSE = 

0.65, R = 0.55). 
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Figure 2.6 Comparison of the modeled and observed N2O emissions during calibration for cropland 

sites located in Europe. Site-specific COEdNO3 values were used for model calibration to obtain the 

best estimations. Solid arrows indicate the timing of fertilizer (chemical or manure) applications, 

dashed arrows indicate tillage while dotted arrows indicate irrigation event respectively. 

 

Unfortunately, there are insufficient observations of cropland N2O emissions conducted in the 

agriculturally dominated regions of South America and Africa (Figure 2.8 and Table 2.3). Compared with 

the results of the two sites with short experimental periods in Africa (Figs. 2.8a–b), the simulated seasonal 

N2O variation agreed reasonably well with the one year of observations as is indicated by model 

performance indices (AF-1: D = 0.92, RMSE = 0.22, R = 0.94; and AF-2: D = 0.87, RMSE = 0.65, R = 

0.93). 

In South America, both cereal and economic crop sites were included. The model results were in 

good agreement with the measured N2O emission rates reported by Passianoto et al. (2003) even though 

the number of points were limited (Figure 2.8c; D = 0.93, RMSE = 0.70, R = 0.90). Moreover, the modeled 

results also illustrated that the N2O variation patterns for the model simulations and the observations are 

good agreement for the maize-wheat site SA-2, but the model mis-captured minor pulses, slightly 

reducing the evaluation index (Figure 2.8d; D = 0.81, RMSE = 4.19, R = 0.67). For the sugarcane site SA-

3, the vegetation type was also set as shrubland and the simulated results were generally well correlated 
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with the measured N2O fluxes, which are highly regulated by the agricultural practices; however, the 

model failed to capture the consistent relatively high-level emission rates after fertilizer application 

(Figure 2.8e; D = 0.74, RMSE = 1.25, R = 0.65). 

 

Figure 2.7 Comparison of the modeled and observed N2O emissions during calibration for cropland 

sites located in Australia. Site-specific COEdNO3 values were used for model calibration to obtain 

the best estimations. Solid arrows indicate the timing of fertilizer (chemical or manure) applications, 

dashed arrows indicate tillage while dotted arrows indicate irrigation event respectively. 
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Figure 2.8 Comparison of the modeled and observed N2O emissions during calibration for cropland 

sites located in Africa and South America. Site-specific COEdNO3 values were used for model 

calibration to obtain the best estimations. Solid arrows indicate the timing of fertilizer (chemical or 

manure) applications, dashed arrows indicate tillage while dotted arrows indicate irrigation event 

respectively. 

 

2.6.3 Model accuracy in calibration in terms of emission rates and emission factors 

In summary, according to the site-level calibration results, the trends and magnitudes of the simulated 

daily N2O flux were generally consistent with the measured field data. As the values of COEdNO3 were 

significantly different for the six continents (p < 0.01 Table 2.S5, i.e., North America, Asia, Europe, 

Australia, Africa and South America), the continent mean values of the calibrated parameter COEdNO3, 

were used for simulations to compare the estimated daily mean emission rates against the measured data 

of 39 calibration sites to further confirm the effectiveness of the calibrated parameters and model. The 
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model outputs performed well as shown in Figure 2.9a, resulting in the coefficient of determination (R2) 

of 0.87 with the slope of regression close to 1 (i.e., 1.07). The emission factor (EF), an evaluation of the 

percentage of input N emitted as N2O, is an important indicator representing the sensitivity of the native 

environment to external N input. The estimated and reported mean EF were 1.19% and 1.07%, 

respectively. However, the regression result of estimation of EFs were less constrained compared with 

that of emission rates. Figure 2.9b showed that the TRIPLEX-GHG model v2.0 are able to explain 70% 

of the variances of the emission factors from the 35 calibrated sites with the continent mean parameters. 

The mean squared errors (MSEs) of simulated EFs were 0.006%, indicating a relatively low bias in the 

models which was probably due to a few of the simulated EFs that were found to differ significantly from 

observations. 

 

Figure 2.9. Calibration of the mean emission rates (a) and the mean emission factors (EFs) (b) for 

global cropland sites (39 sites) of all site years (open triangles). The value of calibrated parameter 

COEdNO3 was set as continent mean values. Closed red triangles on maps represent the location of 

calibrated sites while the closed blue triangles are the 4 sites that did not provide EFs information. 

The extremely large result (11.83, 9.42) of Figure2.9 a was moved to current position to ensure the 

readability. 

 

2.6.4 Model validation 

With the continent mean values of the fitted parameter, COEdNO3, we first compared the continuously 
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measured daily N2O emissions with modeled flux results from 15 selected field experiments as shown in 

Figure 2.10. General trends of observed N2O emissions from selected sites were reasonably produced by 

the improved model. The well-simulated timing and duration of occurred emission pulses (e.g., Figure 

2.10 h, i, k, l), as well as the pattern of background fluxes (e.g., Figure 2.10 e, n) strongly illustrated the 

reliability of the model estimations. For example, the model captured the main variations of observations 

and agreed well with the mean emission rates of all observations from an intensively managed vegetable 

field in Northwest China (Figure 2.10h, D = 0.77) and a maize site in Tanzania (Figure 2.10o, D = 0.70). 

However, discrepancies between modeled and observed daily flux data still exist, including mismatched 

major emission pulses (e.g., Figure 2.10 h) and mis-captured frequent minor fluctuations (e.g., Figure 

2.10 b, m) of N2O fluxes. In constant with the calibration results, model showed strong sensitivity to 

fertilizer applications and tended to overestimate the response rate of N2O emission to N input as indicated 

by the unexpected generated emission pulses (Figure 2.10 a, i, j). In the meantime, underestimated 

emission pulses were also observed for the validated sites such as Figure 10 d, l, n, which also accounted 

for the reduced model evaluation indices. By comparing with calibration results, the uncertainties of the 

up-scaled parameter COEdNO3 was probably responsible for the jeopardized the overall model 

performance for estimating the daily N2O fluxes (mean of the D-value = 0.55 and 0.71 for 15 validation 

sites and 39 calibration sites, respectively) but, in terms of the daily mean N2O fluxes during experiment 

periods, model generated comparable results to those of observations for the 15 selected sites (Table 2.S2).  

Globally, we further validated the improved model by comparing the simulated and measured daily 

mean of the N2O emissions for all of the 68 validated sites, and the results were presented in Figure 2.11a, 

Figure 2.S3 and Table 2.S2. During the validation, the simulated daily mean emission rates during the 

experimental periods ranged from 0.048 to 5.21 mg N m-2 day-1, and most of the values were less than 1 

mg N m-2 day-1. The regression result was close to the 1:1 line, indicating that the modeled results were 

quite consistent with the observed N2O emissions (R2 = 0.86, slope = 0.82, n = 68, p < 0.001). When we 

separately investigated the model performances for six different continents, high correlation results were 

found indicating the universality of the model and parameter settings across the globe (Figure 2.S3). 

Meanwhile, the model performance for estimating EFs during experiment periods were also tested for 

validation sites at global scale (Figure 2.11b). We found 67% of the estimated EFs produced by the 

TRIPLEX-GHG v2.0 were smaller than IPCC recommended (i.e., 1%) and the mean value of which was 

0.76 (±0.62) % as comparable to that of observed result (i.e., 0.68 %). The regression analysis presented 
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a reasonable consistency between modeled with observed EFs that our improved model can provide close 

estimations of the reported EFs (slope = 0.83) and capture the 66% variance of the EFs across all site 

years at the globe. Although less agreements of the modeled and measured N2O emissions and EFs were 

found for the model validation compared with those of calibration results, the model validation results 

still further confirmed that improved TRIPLEX-GHG model v2.0 was capable of simulating the impacts 

of both climate and agricultural practices on N2O emissions across global cropland ecosystems. 

 

Figure 2.10 Comparison of the modeled and observed N2O emissions for the 15 selected validation 

sites located in different continents. Model was driven by site-specific environment and 

management information. The continent mean values of COEdNO3 were used for validation. Solid 

arrows indicate the timing of fertilizer (chemical or manure) applications, dashed arrows indicate 

tillage while dotted arrows indicate irrigation event respectively. 
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Figure 2.11 Validation of the daily mean emission rates (a) and the emission factors (EFs) (b) for 

global cropland sites (68 sites) during experiment periods (open circles). The value of COEdNO3 was 

set as continent mean values for validation. Closed red dots on maps represent the location of 

validated sites while the closed blue dots are the sites that did not provide EFs information. 

 

2.6.5 Temporal and spatial variations of modelled cropland N2O emissions 

In general, modelled results suggested that, from 1901 to 2016, annual N2O emission from global 

croplands increased from 0.13 to 2.96 Tg N yr-1 with a significant increasing trend (p < 0.001, Figure 

2.12). In particular, the growth of global cropland N2O emission since the 1960s is 8.16 times larger than 

the increase during 1901 to 1960. However, after a rapid increase between 1960 – 1990, a slight 

decreasing trend was found after the 1990s for total N2O emission from global croplands based on SNHT 

for detecting the change points. The largest emission was in 1994 at 3.86 Tg N yr-1. Area-weighted N2O 

emission rates exhibited similar annual variation patterns with total global emissions.  

Regionally, Europe, North America and Asia are the most important contributors to historical global 

cropland N2O emissions (1901—2016), accounting for 41.4%, 26.7%, and 21.4%, respectively (Figure 

2.12). While croplands in south America, Oceania, and Africa together are responsible for ~10% of total 

emission during study period. Since the 1960s, Europe and the Great Lakes region in North America are 

consistent hotspot for cropland N2O emission (> 3 kgN ha-1 yr-1, Figure 2.13). Therefore, with large upland 

cropland area in these regions, they became the major cropland N2O emission sources historically. 
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Meanwhile, the northern China Plain and northeast China showed rapid increases in cropland N2O fluxes 

after the 1980s. Similarly, south Australia and south America presented large N2O emission rates from 

cropland since 21st century and the relatively limited cropland area resulted in a smaller contribution to 

global cumulative cropland N2O emission. 

Furthermore, I investigated changes in cropland N2O fluxes for different regions. By comparing the 

pattern of N2O emission from global croplands in 1990 against those of 1960 and 2015, reductions of 

cropland N2O emission from Europe, USA, and part of India are mainly responsible for the minor 

decreases in global N2O emission from cropland since the 1990s (Figure 2.14b).  

By comparing the difference between simulated results of designed scenarios, we quantified the 

contribution of N fertilizer and manure application to global cropland N2O emissions. Difference between 

S1 and S2 suggested the contribution of N fertilizer is the primary source for the increasing N2O emissions 

from global croplands during study period. The effect of N fertilizer showed a similar pattern with total 

emission, after peaked in the 1990s, mean contribution of N fertilizer is 1.44 (± 0.19) Tg N yr-1 since 2000 

and such positive effect is consistent across the globe (Figure 2.15a and c). Meanwhile, manure present 

stimulating effect on cropland N2O emissions globally and the effect constantly increased during 1901—

2016. However, divergent responses of N2O flux to manure were found in different regions. Modelled 

results suggested manure application reduce N2O flux from croplands in the Great Lake region, USA, and 

eastern Europe (Figure 2.15b). 

  

Figure 2.12 Historical N2O emissions from global cropland ecosystems (1901 – 2016) and 

contributions of six different continents. 
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Figure 2.13 Modelled weighted mean soil N2O emissions from cropland ecosystems in 1961 (a) 1981 

(b) 2001 (c) and 2015 (d) (kg N ha-1 yr-1). 

 

Figure 2.14 The differences of modelled N2O emission from global cropland between the 1990 and 

1961 (a), 1990 and 2016 (b) (kg N ha-1 yr-1). 

 

2.6.6 Driving factors of global cropland N2O emission changes 

Significant correlations between regional N2O emissions from croplands and N synthetic fertilizer 

and manure suggest the predominant roles of external anthropogenic N inputs in determining dynamics 
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in cropland N2O emissions. 

Difference between S1 and S2 quantitively demonstrated that N fertilizer application contributed more 

than 60% total cropland N2O emissions during the study period. In the 21st century, mean N fertilizer 

effect is 1.44 (± 0.19) Tg N yr-1. Meanwhile, the contribution of manure showed a consistent growth from 

1901 to 2016 and it is responsible for 0.9 Tg N yr-1 N2O emission from cropland since 2000 globally. 

Spatially, impact of N fertilizer dominates the general increasing cropland N2O emissions in Europe, 

North America, and China. In contrast, cropland N2O emissions present diverse responses to manure 

applications. Manure addition acts as an important cropland N2O source for India, Australia, and South 

America across the study period, however, it shows negative effects on N2O emissions from croplands in 

Great Lakes region and Europe (Figure 2.15). 

 

Figure 2.15 The differences of modelled N2O emission (kg N ha-1 yr-1) from global cropland between 

the 1990-1961 (a) and 1990-2016 (b). 

 

Table 2.5 Summary of Pearson’s correlation coefficients between manure induced changes of N2O 

emission and major soil and environment properties. 

Group Item Soil and environment properties 
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pH clay 

(%) 

sand 

(%) 

C/N ratio SOC (%) 

 

N deposition 

(kgN ha-1 yr-1) 

 

Grids where 

applied manure 

reduce emission 

(S2-S3<0) 

Df=6855 

mean 6.02a 23.00a 50.34a 10.63a 14.28a 241.86a 

r -0.15 -0.03 0.13 0.09 0.02 -0.40 

p-value <0.001 0.013 <0.001 <0.001 0.19 <0.001 

Grids where 

applied manure 

induce emission 

(S2-S3>1.5) 

Df=8905 

mean 6.65b 28.36b 41.63b 9.11b 10.62b 419.12b 

r -0.001 -0.016 -0.03 0.03 0.15 0.19 

p-value 0.95 0.14 0.003 0.002 <0.001 <0.001 

Different letters indicate significant difference between grids information (p < 0.01) 

 

2.7 Discussion 

Generally, the TRIPLEX-GHGv2.0 model reproduces the N2O emissions well under different 

managements and environmental conditions at varying time steps. Reasonable model descriptions of 

agricultural practices and parameter settings ensure the overall model performance. While there are still 

estimated uncertainties to be improved for further studies. 

2.7.1 Model features contribute to the reasonable model performances 

The sensitivity experiment with newly incorporated processes and sensitivity analysis of selected key 

parameters are the key processes for the development of process-based models (Pappas et al., 2013; Xu 

et al., 2012). Sensitivity experiment provided a direct evaluation of the response rate of model outputs to 

the added processes in order to reflect the mechanism and effectiveness of the improved model structure 

while identifying the most sensitive parameter is an efficient method of improving the model performance 

before calibration and validation of the model (Ogejo et al., 2010; Pappas et al., 2013; Zhu & Zhuang, 

2014). Agricultural activities that directly transformed the soil N input and output (via harvest, returned 

straw, chemical fertilizer and manure applications) showed stronger and more constant impacts on the 
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soil N2O emissions than others. Fertilization, especially for the chemical N fertilizer application showed 

the largest relative effect sizes. As a result of introducing external reactive N, surplus soil N provide 

excessive substrates to stimulate nitrification and denitrification processes (Liu et al., 2010; Shcherbak et 

al., 2014). Moreover, the relative response degree of N2O increased with the history of fertilizer treatment 

(Figure 2.4e) because excessive N is retained and cumulated in fertilized soil, resulting in non-linear 

increased N2O flux with further management despite of leaching, plant uptake and utilization by soil 

microbes (Sebilo et al., 2013). Changing processes also led to a variation in the sensitivity of parameters. 

The coefficient of the nitrate consumption rate, COEdNO3, was found to have the highest sensitivity level 

for the current model instead of the coefficient of the nitrification rate, controlled the N2O emission 

process as in natural soil (K. Zhang et al., 2017). Such a divergence is probably due to the introduced 

agricultural practices, particularly increased NO3
- input from fertilizer. This assumption was supported by 

the sensitivity experiments that the growing NO3
- input of fertilizer tend to enhance the N2O emission in 

return (Figure 2.S1d). The NO3
- consumption (from NO3

- to NO2
-) controls the denitrification rate and 

thus the N2O production rate of N fertilized soil which is in agreement with the statement that 

denitrification process was the predominant contributor of cropland N2O emission (Mosier et al., 1998; J. 

Wang et al., 2018). The consistency between model character and widely observed results supported the 

reliability of the model for further model calibration and validation.  

Driven by multiple agricultural practices, the temporal and spatial variation patterns of the cropland 

N2O emissions were well simulated by the TRIPLEX-GHG model v2.0. In daily time step, both model 

calibration and validation results showed a reasonable response to fertilizer applications in terms of the 

timing and duration of emission pulses. On one hand, it is common for the high emission rates of N2O to 

be captured after fertilizer application, while on the other hand, field observations propose that N 

application alone fails to trigger the N2O emission pulses until a substantial amount of rainfall 

(e.g., >25mm) to alter the soil anaerobic condition (Senapati et al., 2016; Thies et al., 2020; Wang et al., 

2011). By combining the field observations and the model performance of previous studies, we 

conjectured that the TRIPLEX-GHG model v2.0 was capable to reproduce the immediate (e.g., Figure 

2.5c and Figure 2.10i) and postponed (e.g., Figure 2.7d and Figure 2.10g) responses of fertilizer 

applications probably because both the soil oxygen conditions and the soil water conditions were 

considered. Previous studies have highlighted that the soil O2 status is the proximal, direct, and most 

decisive environmental trigger of N2O production (Song et al., 2019; Zhu et al., 2013). However, the 
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majority of process-based models only integrated the water filled pore space (WFPS) in estimation (e.g., 

Tian et al., 2010; Ito et al., 2018). It was reported that although the WFPS is a critical element containing 

information about the soil water and gaseous status, it still requires combination with other soil structural 

parameters to better predict the soil O2 concentration, microbial respiration, and subsequent gas diffusion 

(Farquharson & Baldock, 2008; Hall et al., 2013; Rabot et al., 2015; Song et al., 2019). Our model uses 

soil air-filled porosity and soil physical properties to calculate the partial pressure of oxygen representing 

soil O2 status and separate the nitrification and denitrification processes allowing to capture small N2O 

variations (Zhang et al., 2017b, Table 2.S1). Another particular feature of the TRIPLEX-GHG model v2.0 

is to provide reasonable estimation of the manure application effect on N2O emission. N2O flux induced 

by manure input is characterized as the longer duration and higher peaks of the emitted pulses since large 

amount of N-substrates and DOC are mineralized and released gradually after application (e.g., EU-4). A 

detailed description of the manure properties and cascade decomposition processes contributed to the 

improved model performance (e.g., Figure 2.S4) because manure is a predominant soil organic carbon 

(SOC) source for croplands (Bell et al., 2015; Heller et al., 2010). The SOC serves as a key energy and 

carbon source for microbial growth, nitrification, and denitrification (Butterbach-Bahl et al., 2013; Snyder 

et al., 2009) whereas such effect is not considered by empirical models and several of the process-based 

models (e.g., DAYCENT, VISIT). Another advantage of our manure design is to show that the application 

of manure either promotes or reduces N2O emissions (i.e., as shown in calibrated sites and sensitivity 

experiment) probably because the added organic C compounds support microbial growth, but stimulates 

completing denitrification with the further reduction of N2O to N2 (Abalos et al., 2021; Meijide et al., 

2007; Zhou et al., 2017).  

The inconsistency of the irrigation and tillage effects on cropland N2O have been widely detected 

across the globe. The irrigation amount, timing as well as local management and climate determined the 

divergency of N2O responses. For daily time step, modeled results found irrigation failed to trigger 

isolated emission pulses but had legacy effect by affecting the fertilizer induced emission peaks (e.g., 

Figure 2.5j and Figure 2.6i) (Mumford et al., 2019). For the cumulative effect, sensitivity experiment 

found higher amount of irrigated water induced larger divergence of the N2O emissions than 50% reduced 

irrigation rates under fertilized soil (Figure 2.S1 i, j) due to the stronger anaerobic condition that generate 

denitrification (Trost et al., 2013). Field observation also revealed that lower frequency with higher 

amount of irrigated water increased the N2O emission than high-frequent water-fertilizer-smart practices 
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(e.g., sprinkle irrigation) (Kuang et al., 2021; Mumford et al., 2019; Scheer et al., 2012). On contrary, a 

more decisive decreasing trend of tillage effect (conventional tillage) was obtained by the sensitivity 

experiment. In agreement with our founding, a meta-analysis study claimed non-tillage systems have 19.2% 

higher N2O emission rate than cropland under conventional tillage (Gelfand et al., 2016; Mei et al., 2018) 

since soil anaerobic condition is reduced following tillage activities (Angers et al., 1997; Chen et al., 2018; 

Forte et al., 2017). Meanwhile, in several experiment site, tillage practices stimulated short-term N2O 

emission pulses (e.g., Figure 2.6b and 2.10l) which was not captured by model simulation. The limited 

description of soil carbon sequestration after tillage might be responsible for the underestimated small 

emission pulses (Luo et al., 2010) while the overall underestimation of the reduction effect of tillage might 

be attributed to the different soil physical properties (e.g., clay content, bulk density) and tillage intensities 

(e.g., tillage depth, frequency) among the selected sites of our study (Li et al., 2016; Mei et al., 2018; 

Rochette, 2008).  

Generally, site-level simulation results of the TRIPLEX-GHG model v2.0 well reflected the varying 

spatial and temporal magnitudes of N2O emission from cropland at a daily time step. On global scale, the 

model outputs with continent-mean parameters further demonstrated that the improved model was 

capable to provide reasonable estimations for both absolute daily mean emission rates (Figure 2.9a and 

Figure 2.11a) and emission factors (Figure 2.9b and Figure 2.11b) of different sites under diverse 

managements and environmental conditions during the experiment periods. Reasonably estimated daily 

mean N2O fluxes provide a potential for the current model to estimate cumulative N2O emissions across 

varying time scales, meanwhile the correlation between estimated and observed EFs further ensured that 

the modeled emission rates were derived from the understanding of the underlying mechanisms of N2O 

production and emission because EFs evaluate the response level of N2O emission to fertilizer N addition 

as the most important empirical indicator for cropland N2O (Bouwman et al., 2002; Shcherbak et al., 

2014).  

 

2.7.2 N inputs drive spatiotemporal variation of N2O emission from cropland globally 

The spatiotemporal variation patterns of N2O emission from global croplands modelled by 

TRIPLEX-GHGv2.0 align well with previous studies. Specifically, this study estimated the mean global 

cropland N2O emission since 2000 at 3.06 ± 0.18 Tg N yr-1, which falls within the range provided by 

IPCC (95% confidential interval 1.7 – 4.8 Tg N yr-1) (IPCC, 2021). As a process-based model, our 
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estimation is consistent with the ensemble mean of multiple process-based models (i.e., NMIP, 3.3 ± 1.2 

Tg N yr-1, 2007-2016) (H. Tian et al., 2019) but is larger than estimates by FAOSTAT and Syakila et al. 

(2011) using empirical models (i.e., 1.9 and 2.2 Tg N yr-1, respectively) for the same period. 

However, the high emission levels during the mid-1980s to the mid-1990s and the subsequent slightly 

decrease are not reported by previous modeling studies (Figure 2.12). Both model input data and model 

descriptions of denitrification explain this phenomenon. In general agreement with existing models, our 

estimate of fertilizer and manure application effects is 2.07 (± 0.15) Tg N yr-1, accounting for 

approximately 68.0% of total emissions during 2000—2016 (Figure 2.15) (Davidson, 2009; H. Tian et 

al., 2019). In this study, differentiated NH4
+ and NO3

- fertilizers were used to drive the model, and the 

declining NO3
- application (both in absolute value and fraction to total N input) is probably responsible 

for the reduction in global cropland N2O emissions, especially in Europe (Lu & Tian, 2017; Nishina et 

al., 2017). N2O emissions are more sensitive to NO3
- inputs than NH4

+, as denitrification is the largest 

N2O sources in agricultural soils (J. Wang et al., 2018). Additionally, TRIPLEX-GHGv2.0 highlights the 

nature of the nonlinear responses of N2O to N additions (Shcherbak et al., 2014). Therefore, the long 

history of manure usage and intensive NO3
- fertilizer application in Europe leads to the large modelled 

N2O flux from croplands (Figure 2.13). Our results are well supported by documented observations. Rees 

et al. (2013) combined N2O measurements from 13 long-term cropland sites in Europe and suggested that 

existing models such as IPCC methods significantly underestimated N2O emission from cropland soils in 

this region. Moreover, emission rates over 10 kg N ha-1 yr-1 have also been extensively recorded in Europe 

(Regina et al., 2004; Weslien et al., 2012).  

Another characteristic of our modelled results is that manure impacts N2O emission in both directions, 

with possible legacy effects (Figure 2.15). This has been confirmed by site observations globally but was 

not fully represented in model simulations (Zhou et al., 2017). On the one hand, manure provides various 

N and C forms for nutrient supply of nitrification and denitrification, stimulating N2O production to a 

greater extent than chemical fertilizer (i.e., EFmanure 1.87%, based on total manure N content). On the other 

hand, excessive organic C addition could enhance N2O consumption when soil mineral N contents are 

limited (Dalal et al., 2010; Meijide et al., 2007). Correlation analysis suggested a significant negative 

relationship between annual atmospheric N deposition and the reduction in modelled N2O due to manure 

inputs (Table 2.5). N deposition plays a key role in determining background N2O emission (Aliyu et al., 

2018; Yin et al., 2022). In high N deposition background with large SOC content, the accumulated mineral 
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N is stimulated to enhance denitrification to produce N2O after manure additions, such as in India. 

 

2.7.3 Uncertainty sources of model parameter, descriptions, and forcing datasets 

The existing discrepancies between the observed and modeled results indicated that the possible 

incomplete model descriptions of the heterogeneous environmental factors and practices resulted in some 

uncertainties to our estimations (Butterbach-Bahl et al., 2013; Zhou et al., 2015). 

First source of potential uncertainties is associated with the fitted parameter COEdNO3. During 

validation with the continent means of COEdNO3, we found overestimated N2O emission pulses in daily 

variations (e.g., Figure 2.10a, b, g, h, j) and overestimated trend of EFs (i.e., Figure 2.11b, slope<1.0), 

suggesting a larger sensitivity level of model performance to the external N additions. The uncertainty of 

the continent mean COEdNO3 values might cause this overestimation because as the most sensitive 

parameter with positive effects on modeled N2O emission (Figure 2.3), this parameter determines the 

consumption rate of soil NO3
- as the controlling factor of denitrification process. Therefore, fertilizer 

application induced N2O pulses can be overestimated due to the difference between sites level denitrifier 

NO3
- consmpution rate and the continental mean values in our model. The uncertainties of the averaged 

parameters for different continents resulted from the exhibited large range of variation in the calibrated 

results (Figure 2.4—2.8).  Such large variance can partly be reconciled by the calibration method 

because the NO3
- consumption rate for denitrification is difficult to measure directly (Y. Zhang et al., 

2019) which strongly discouraged the systematic adjustment of the COEdNO3. However, the up-scaled 

parameters were found applicable for all continents when comparing the daily mean emission rates 

between model outputs and observations except South America (partly due to the limited number of 

selected sites) (Figure 2.S3). The inconsistent agricultural development and natural resources that were 

used by different regions may explain such phenomena. Previous studies found that long-term soil 

management may result in significant changes in soil microbial community and the abundance and 

expression of functional genes of N2O production (Cui et al., 2016; Wang et al., 2021; Yang et al., 2017). 

Therefore, the varying agricultural practices, such as amounts or properties of mineral N input, probably 

accounted for a more important source of the variation of COEdNO3 compared with environmental factors. 

In the future, more field observations are required to refine the estimation of key parameters across the 

globe. 

Another issue is that underestimated or mis-captured peak values of the emitted N2O fluxes caused 
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modeling uncertainties. The incomplete description of the processes involving the interaction between 

the soil pH and the external mineral N input is probably responsible for the underestimation of peak values. 

The soil pH is one of the most important drivers of N2O production and acidic soils are more sensitive to 

N input than alkaline soils (Morkved et al., 2007; Y. Wang et al., 2018). Studies have shown that the pH 

values of agricultural soil tend to be significantly reduced by N additions at the global scale (Godsey et 

al., 2007; Guo et al., 2010; Tian & Niu, 2015). However, because the soil buffer capacity is difficult to 

quantify (Baron et al., 2014; Zhang et al., 2017b), the soil pH in our model was input information with a 

consistent pH value for each grid, and we neglected the effect of N input on soil pH such as the hydrolysis 

of urea (Tian & Niu, 2015; Y. Wang et al., 2018). The occasionally failure of capturing emission peaks 

became evident in early spring when freeze–thaw events occurred (Figs. 2.4h and 2.5g). Freeze–thaw 

induced N2O emission pulses constitute a major component of the annual total N2O emission at high 

latitudes (Kim et al., 2012; Wagner-Riddle et al., 2017). The increased soil temperature significantly 

promotes both soil physical mechanisms and microbial metabolism (Wagner-Riddle et al., 2017; Wolf et 

al., 2010) by releasing the accumulated trace gases (Groffman et al., 2006; Teepe et al., 2004) and 

triggering nitrification and denitrification processes (Sharma et al., 2006). The limited description of those 

processes, especially the simple empirical parameters and algorithms we used for modeling snow-melting 

hydrology and nutrient release, are the primary error sources (K. Zhang et al., 2017). 

Furthermore, the disagreement between modeled and observed background emissions were observed 

in our model simulation, it is still a significant challenge for the process-based model to accurately 

quantify background N2O emissions due to the following possible reasons. Our simulations used general 

crop classification (C3, C4, and rice) instead of detailed crop rotation information with different 

physiological parameters such as DNDC but was adopted by a majority of the large-scale process-based 

models (Ito et al., 2018; Monfreda et al., 2008; Saikawa et al., 2013). Generalized field observations 

revealed that rotation with different crop types or species might not change the N2O fluxes pattern except 

for legume species (e.g., soybean) (Shcherbak et al., 2014) which have stronger N fixation ability 

promoting cropland soil N pools as well as background N2O emission even without N fertilization 

compared with other cereal crops (Lenka et al., 2017; Liu et al., 2010; Yang & Cai, 2005). In addition, 

the uncertainties in the site history are also responsible for the model inaccuracy because the historical 

management has a tremendous effect on the soil properties and C, N dynamics (Gelfand et al., 2016; 

LaHue et al., 2016) with strong legacy effect on N2O emissions (Jiang et al., 2018; Liu et al., 2014; Zhou 
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et al., 2017). For instance, the amounts and types of residual N added in preceding years affect background 

emission rates in different level (Aliyu et al., 2018; Gu et al., 2009). Our model used the global mean ratio 

of the returned residual N to the total plant biomass for the simulation (Liu et al., 2010; Meng et al., 2005; 

Zhou et al., 2017) because these agricultural practices are controlled by the individual farmers and vary 

greatly at the local and subregional scales, without clear global distribution patterns such as those for soil 

and climate (Y. Wang et al., 2018). The insufficient reported site management history therefore set a 

barrier to the accurate estimation of the local soil nutrient conditions and thus N2O emissions. 

Other reasons for the discrepancies between the modeled results and the observations are external to 

the model, including the uncertainties in the field measurements and the driving data. For example, daily 

N2O flux data was used to calibrate the model while the lower sampling frequency of the fieldwork (e.g., 

once a day) probably failed to represent the daily N2O emission since the strong fluctuation within a day 

as suggested by micrometeorological methods (Jones et al., 2011; Lammirato et al., 2018; Lognoul et al., 

2019). This uncertainty became even more evident during high emission rates periods (e.g., short-lived 

N2O emission pulses after base fertilizer application in the fallow season), casting shadow to the 

estimation of cumulative emissions (Francis Clar & Anex, 2020). In the meantime, the calculated daily 

N2O flux data used for model testing should also be questioned because most of the field observations 

used linear regression which had large uncertainties compared with other flux calculation schemes 

(Venterea et al., 2020). Therefore, flux measurements with high temporal resolution as well as more 

frequent sampling were required to reduce the uncertainties of measure N2O flux data to ensure a more 

reliable estimated cumulative emissions for models (Giltrap et al., 2020). Moreover, the model’s accuracy 

also relies on good quality input data. A 0.5°×0.5° global scale daily climate input dataset was used for 

the model calibration and validation, but the local environmental variables may differ significantly from 

that of the grid input information (Wania et al., 2010) such as precipitation and soil texture data which 

could cause the disagreement between the model simulations and observations (Gu et al., 2013; Philibert 

et al., 2013; K. Zhang et al., 2017).  

 

2.8 Conclusion 

Our study represents a successful attempt to fully integrate general agricultural activities into the 

framework of TRIPLEX-GHG v2.0 for simulating the magnitudes of global N2O emissions across 
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cropland ecosystems under varying management practices and environmental conditions. In this study, 

sensitivity experiments indicated that fertilizer and manure application had the highest relative effect size 

for estimating N2O. The COEdNO3, which controls the NO3
- consumption rate of the denitrification process, 

was identified as the most sensitive parameter based on sensitivity analysis of parameters. The model was 

calibrated and validated against measured flux data for 39 and 68 cropland sites, respectively. We found 

that the TRIPLEX-GHG v2.0 can reasonably simulate N2O variations under different conditions in daily 

time step and we also obtained high consistencies between estimated cumulative N2O emissions and EFs 

during experiment periods with the observed data across the globe. The reliability of the improved model 

can be attributed to the detailed model descriptions of the fertilization effect, manure chemical properties, 

and soil oxygen status. Our results suggested that the interactions of agricultural practices, microbial 

activities, and environmental factors are important for modeling the dynamics of croplands N2O emissions. 

However, uncertainties associated with the parameter settings, insufficient model description of abiotic 

processes, strong variations of management arrangements, as well as the driving data resulted in the model 

discrepancies at different time scales which limited the model’s overall performance. Further development 

of the process-based models could contribute to sustainable agricultural development, scientific modeling, 

and better quantification of the global greenhouse gas budget under global change. 
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2.9 Supplementary Information 

Table 2.S1 List of important equations for the anaerobic balloon, nitrification, denitrification, and N2O diffusion. 

No. Equation                                        Definition Reference 

Anaerobic balloon 

1 𝑎𝑛𝑣𝑓 = 𝑒−𝑆𝑃𝑂2·𝑃𝑂2  

ANVF expresses 

the size of the anaerobic 

balloon 

(Smith, 

1980, 1990) 

2 
3.33 2.0

max/soil airD D afps afps= 
 

oxygen diffusion 

coefficient in soil 

(Li et al., 

2000) 

3 2 2/ ( ( ( ) / ) / ) /O soil OdP dt d D d P dz dz R afps=  −  
oxygen partial 

pressure 

(Li et al., 

2000] 

Nitrification 

4 𝑅𝑛𝑖𝑡 =  𝐵𝑛𝑖𝑡 ·  
𝑅𝑚𝑎𝑥 · [𝑁𝐻4]

(6.18 + [𝑁𝐻4])
· 𝑝𝐻 

nitrification rate 

(kg N m-2 day-1) 

 (Li et al., 

2000; Norman et 

al., 2008) 

5 𝑅𝑚𝑎𝑥 =  𝐶𝑂𝐸𝑁𝑅 · 𝑁𝑝 
maximum 

nitrification rate (day-1) 

 

(Chowdhury et 

al., 2017) 

6 
8 6.311min(4 10 ,96.28)Np CN −=  

 

nitrification 

potential 

(Chowdhury 

et al., 2017; Lu et 

al., 2015) 

 

7 𝐹𝑁𝑁2𝑂 = 𝐹𝑀𝐴𝑋𝑁2𝑂 · 𝑅𝑛𝑖𝑡 · 𝑓(𝑡) · 𝑓(𝑚) 

maximum N2O 

fraction during 

nitrification (kg N m-2 

day-1) 

 (Morkved 

et al., 2007) 

8 𝑅𝑛𝑔𝑟𝑜𝑤 = 𝑁𝑀𝑈𝐸𝑀𝐴𝑋 · (
[𝐷𝑂𝐶]

1.0 + [𝐷𝑂𝐶]
+

𝑓(𝑚)

1.0 + 𝑓(𝑚)
) 

the relative growth 

rates of nitrifiers (kg C 

m-2 d-1) 

 (Li et al., 

2000) 

9 𝑅𝑛𝑑𝑒𝑎𝑡ℎ = 𝐴𝑀𝐴𝑋 · (
𝐵𝑛𝑖𝑡

(5.0 + [𝐷𝑂𝐶]) + (1.0 + 𝑓(𝑚))
) 

the relative 

mortality rates of 

nitrifiers (kg C m-2 d-1) 

 (Li et al., 

2000) 

10 ( ) (m) ( )nnet nit ngrow ndeathB B R R f f t=  −  
 

net increase 

biomass of nitrifiers 

(Blagodatsky 

and Richter, 1998; 

Li et al., 2000) 

 

11 
[3.503 ( 34.22)/25.78]3.503( ) [(60.0 ) / 25.78] soilT

soilf t T e
 −

= − 
 

response function 

of soil temperature 

(Li et al., 

2000) 

12 
0.8 0.21 (1.0 ) 0.05

(m)
0.0 0.05

wfps wfps
f

wfps

+  − 
= 

  

response function 

of soil moisture 

(Li et al., 

2000) 

Denitrification 

13 𝑅𝑁𝑂𝑋 =  𝑀𝑈𝐸𝑁𝑂𝑋 ·  
[𝐷𝑂𝐶]

(𝐾𝐶 + [𝐷𝑂𝐶])
·  

[𝐷𝑂𝐶]

(𝐾𝑁 + [𝑁𝑂𝑋])
 

Relative growth 

rate of NOX denitrifier 
(Li, 2016) 
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14  
3 3 2 2

2 2

( ) ( ( ) ( )

( ) ( ))

dgrow NO NO NO NO

NO NO N O N O

R f t R f pH R f pH

R f pH R f pH

=   + 

+  +   

relative growth rate 

of total denitrifiers 
(Li, 2016) 

15 
( 4.25)/0.5

3( ) 1 1 / (1 )pH

NOf pH e −= − +
 

function of soil pH 

response to NO3
- 

(Li et al., 

2000) 

16 
5.25

2, ( ) 1 1 / (1 )pH

NO NOf pH e −= − +
 

function of soil pH 

response to NO2
- and 

NO consumption rate 

(Li et al., 

2000) 

17 
( 6.25)/1.5

2 ( ) 1 1 / (1 )pH

N Of pH e −= − +
 

function of soil pH 

response to N2O 

consumption rate 

(Li et al., 

2000) 

18 
( 22.5)/10

( ) 2 soilT
f t

−
=  

response function 

of soil temperature 

(Li et al., 

2000) 

Diffusion 

19 𝑃𝑁2𝑂 =  𝐷𝑁2𝑂 ·  
∆𝐹𝑁2𝑂

𝑍𝑙

 
the diffusion 

coefficient (kg m-2 h-1) 
(Li, 2016) 

20 
2

/20

(1.0 ) (0.018 0.124

(0.013 0.016 ) 2 )soil

N O clay

T

cl maxay

D wfps C

afpsC

= −  + 

+ −   
 

N2O diffusion 

coefficient 
(Li, 2016) 

 

𝑆𝑃𝑂2: the shape parameter, following Li et al. (2000);  𝑃𝑂2 : partial pressure of oxygen, calculated based on air-filled 

porosity; Dair: oxygen diffusion coefficient of air; afps: air-filled porosity; afpsmax: maximum of air filled porosity; R: 

oxygen consumption rate (kg C m-2 h-1); Z: soil layer thickness (m); Dair: oxygen diffusion coefficient in soil (0.07236 

m-2 h-1, (Li et al., 2000)); 𝑅𝑛𝑖𝑡: the nitrification rate (kg N m-2 day-1); 𝐵𝑛𝑖𝑡: biomass concentration of nitrifying bacteria 

(kg C m-3); [𝑁𝐻4]: NH4
+ concentration (kg N m-2); 𝑝𝐻: soil pH level;  𝑅𝑚𝑎𝑥: maximum nitrification rate (day-1); 

𝐶𝑂𝐸𝑁𝑅: coefficient of nitrification rate; 𝑁𝑝: the nitrification potential (mg N kg-1 day-1); CN: soil C/N ratio; 𝐹𝑀𝐴𝑋𝑁2𝑂 

the maximum N2O fraction during nitrification (kg N m-2 d-1), 𝑁𝑀𝑈𝐸𝑀𝐴𝑋: the growth and mortality coefficients for 

the nitrifiers (d-1); 𝐴𝑀𝐴𝑋: mortality coefficients for the nitrifiers (d-1);  Tsoil: soil temperature (℃); wfps: water-filled 

porosity; [𝐷𝑂𝐶]: dissolved organic carbon concentration (kg m-2); 𝑀𝑈𝐸𝑁𝑂𝑋: the maximum growth rate of NOx 

denitrifiers (h-1); Kc (kgC m-3) and Kn (kg N m-3): the half-saturation values of C and N oxides, respectively; [𝑁𝑂𝑋]: 
NOX

- concentration (kg N m-2; i.e. NO3
-, NO2

-); RNOx: growth rate of NOx denitrifiers (h-1); Rdgrow : growth rate of total 

denitrifiers (h-1); 𝑍𝑙: the soil layer thickness (m);  ∆𝐹𝑁2𝑂: difference in N2O flux from two adjacent soil layers (kg N 

m-3 h-1); l: number of layer (from top to bottom) Cclay: soil clay concentration. 
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Table 2.S2 Comparison of the variations of annual N2O emissions (mg N m-2 yr-1) from natural grassland sites (Zhang 

et al. 2017) with original model (TRIPLEX-GHG v1.0) and improved model with new integrated plant N upake process 

(COENO3 = 4.0). 

site Lat. (N) Lon. (E) year Reported emission Original model COENO3 = 4.0 Reference 

São Paulo 

State  
-23.6 -47.5 2011 56.2 152.45 70.70 

(de 

Urzedo et 

al., 2013) 

Lincoln, 

Canterbury 
-43.5 172.5 2000 25.5 24.94 24.90 

(Müller 

and 

Sherlock, 

2004) 

Ft. Collins, 

Colorado 
45.3 -118.1 

1981-

1982 
12 42.31 21.97 

(Parton et 

al., 1988) 

Maseno 

University, 

Kenya 

0 34.6 2012 348.7 231.44 211.43 

(Arias-

Navarro 

et al., 

2013) 

Inner 

Mongolia 
43.5 116 1995 27 19.88 19.91 

(Chen et 

al., 2000) 

Inner 

Mongolia 
43.6 116.7 2005 6.1 7.85 7.85 

(Xu et al., 

2003) 

Wyoming 41.5 -107 
1986-

1987 
21 31.88 19.31 

(Matson 

et al., 

1991) 

     r = 0.87 *** r = 0.98 ***  

The studied sites were selected from Zhang et al. (2017) which described the TRIPLEX-GHG v1.0 that simulated N2O 

emission from natural grasslands. Those sites were used for model validation and provided in the supplementary material of 

Zhang et al. (2017). Pearson correlation test was used to show the model performance (***, p < 0.001).
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Table 2.S3 Information on the sites used for the model validation. 

Region Lat. Lon. Experimental 

Period 

Dominate Crop 

Type 

Fertilizer Rate 

(kgN ha-1 yr-1) 

Clay Sand pH Soil C:N 

Ratio 

Observed 

(mgN m-2 day-1) 

Simulated 

(mgN m-2 day-1) 

Reference 

North 27.0 -109.0 2012-2014 Wheat 260 57.00  22.00  8.00  9.11  0.44  0.34   (Millar et 

al., 2018) 

America 45.3 -73.35 2004-2005 Maize, Soybean 160 38.00  23.00  6.30  8.97  1.07  0.93   (Pelster et 

al., 2011)  

49.7 -112.77 2001-2004 Corn, Wheat, 

Barely 

150 26.00  32.50  7.60  8.41  0.79  0.81   (Ellert & 

Janzen, 2008)  

46.8 -71.38 2001-2003 Barely 70 22.00  44.00  5.90  15.43  0.34  0.40   (Rochette, 

Angers, 

Chantigny, & 

Bertrand, 

2008)  

39.75 -83.6 2004-2005 Corn 190 20.00  15.00  7.12 9.08  0.67  0.60   (Ussiri et 

al., 2009)  

35.5 -119.67 2009-2010 Almond 224 19.30  64.20  7.56  9.03  0.15  0.14   

(Schellenberg 

et al., 2012)  

40.07 -86.93 2004-2006 Corn 250 26.00  43.50  6.00  9.19  1.80  1.72   (Omonode 

et al., 2011)  

38.56 -121.93 2010-2011 Tomato 237 29.00  43.00  6.35  9.24  0.87  0.85   (Kennedy et 

al., 2013)  

39.03 -122.05 2009-2010 Almond 

Orchard 

235.5 29.00  43.00  6.35  9.24  0.44  0.70   (Alsina et 

al., 2013)  

45.15 -73.67 2004-2005 Vegetable 100 23.50  41.00  5.45  17.50  2.69  2.21   (Rochette et 

al., 2010)  

45.67 -111.15 2004-2006 Wheat 240 8.60  8.80  7.20  8.49  0.18  0.36   (Dusenbury 

et al., 2008) 
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53.42 -113.37 1993-1995 Wheat 100 28.00  33.00  6.50  8.89  0.88  0.83   (Lemke et 

al., 1999)  

45.92 -66.6 2008-2010 Potato 190 11.00  49.00  6.20  12.70  0.59  0.52   (Snowdon 

et al., 2013)  

10 -84 1994-1996 Maize Taro 195 22.00  12.00  4.80  9.86  0.85  1.10   (Weitz et 

al., 2001) 

Asia  19.5 109.48 2010-2011 Banana 519 31.00  56.00  5.53  10.00  2.70  2.79   (Zhu et al., 

2015)  

18.23 99.05 1997-1998 Maize 46.9 30.00  44.50  4.70  9.72  0.16  0.16   (Watanabe 

et al., 2000)  

16.48 102.85 1997-1998 Maize 75 56.50  17.00  4.65  8.46  0.13  0.14   (Watanabe 

et al., 2000)  

14.5 100.85 1996-1997 Maize 62.4 20.50  40.00  7.40  8.76  0.12  0.13   (Watanabe 

et al., 2000)  

36.05 140.11 1997-1998 Vegetable 400 21.00  37.00  6.15  8.44  0.22  0.45  (Akiyama & 

Tsuruta, 

2002)  

37.02 80.72 2015-2016 Cotton 240 6.00  90.00  8.00  3.41  0.23  0.55   (Kuang et 

al., 2018)  

42.04 116.3 2005-2006 Wormwood 100 15.50  55.00  7.07  10.10  0.68  0.45   (Zhang & 

Han, 2008)  

23.13 113.25 2013-2014 Corn 360 21.00  31.50  5.20  12.05  0.09  0.14  (Tang et al., 

2015)  

46.8 130.2 2015-2016 Vegetable 770 15.60  31.60  7.60  12.70  1.95  1.81  (Fan et al., 

2017)  

34.3 108.03 2015-2016 Vegetable 770 22.70  17.70  7.60  7.00  2.15  2.24   (Fan et al., 

2017)  

28.53 113.38 2015-2016 Vegetable 770 12.90  47.10  5.60  6.30  5.33  3.62   (Fan et al., 

2017) 
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37.6 101.25 2009-2010 Pasture 150 6.00  32.00  8.20  11.00  0.20  0.21  (Z. Zhang et 

al., 2017)  

24.84 102.81 2005-2006 Vegetable 900 25.00  48.00  6.90  10.55  6.02  3.86   (Guo et al., 

2007)  

0.33 102.3 2011-2012 Oil Palm 150 5.00  62.00  4.67  11.00  0.89  0.62   (Sakata et 

al., 2015)  

1.05 110.87 2010-2012 Oil Palm 113 0.03  97.00  4.78  10.50  0.42  0.27   (Sakata et 

al., 2015)  

35.63 107.85 2014 Alfalfa 150 22.00  22.00  8.05  7.63  0.28  0.36   (G. Wang et 

al., 2018)  

-3.47 114.83 2004-2005 Corn 100 9.60  66.40  4.60  17.20  0.57  0.30   (Hadi et al., 

2008)  

17.85 78.48 2010-2011 Sorghum 90 51.50  26.40  8.30  8.50  0.46  0.28   (Ramu et 

al., 2012)  

23.3 77.4 2012-2013 Wheat, Soybean 110 56.00  15.50  7.85  9.12  0.79  0.64   (Lenka et 

al., 2017)  

28.67 77.2 2006-2007 Wheat  120 21.00  46.00  8.10  13.70  0.73  0.48   (Bhatia et 

al., 2010)  

37.2 50.02 2014-2015 Corn  500 22.00  37.00  8.10  8.80  4.00  5.21   (Sadeghi et 

al., 2018) 

Europe 43.67 10.32 2013-2015 Wheat  110 35.00  18.50  7.85  8.62  0.41  0.78   (Volpi et al., 

2018)  

43.28 -2.85 2015-2016 Maize, Ryegrass 380 15.00  33.00  7.00  8.00  1.04  0.85   (Huerfano 

et al., 2018)  

40.53 -3.33 2011-2013 Maize  70 11.50  50.80  7.90  8.09  0.49  0.51   (Tellez-Rio 

et al., 2017)  

48.85 1.97 2007-2008 Mazie, Wheat 108 31.00  6.50  8.30  12.60  0.63  0.91   (Laville et 

al., 2011) 
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55.96 -2.78 1997 Ryegrass 460 13.00  72.00  7.10  7.77  3.12  3.57   (Smith & 

Dobbie, 

2001)  

55.48 -4.56 1997 Ryegrass 320 33.50  33.50  4.45  9.37  2.28  2.60   (Smith & 

Dobbie, 

2001)  

59.82 10.78 2009-2010 Wheat, Barley 120 21.00  39.00  5.93  10.80  0.80  0.83   (Nadeem et 

al., 2015)  

60.82 23.47 1993 Barley 103 39.00  20.00  5.80  11.00  0.80  1.79   (Simojoki & 

Jaakkola, 

2000)  

52.86 -6.54 2008-2010 Barley 135 12.50  71.50  7.30  10.00  1.04  1.50   (Abdalla et 

al., 2014)  

59.55 30.12 2004 Barley, Potato 65 25.50  18.00  5.60  8.83  0.26  0.34   (Balashov et 

al., 2010)  

55.88 -3.43 1992-1993 Barley, 

Ryegrass 

360 22.00  34.00  5.50  7.77  1.49  1.97   (Clayton et 

al., 1997)  

51.06 10.82 2011-2013 Poplar Clone, 

Maize 

160 22.00  8.00  7.30  9.60  0.09  0.56   (Walter et 

al., 2015)  

56.49 13 1995-1997 Wheat 120 8.00  35.00  6.80  10.38  0.79  0.82   

(Klemedtsson 

& Smith, 

2011)  

58.33 12.65 2005-2006 Wheat 120 20.00  43.50  7.20  6.16  0.30  0.74    

51.99 5.67 2007-2009 Mazie 110 48.00  20.00  4.80  16.00  1.26  1.12   (Velthof & 

Mosquera, 

2011) 
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41.8 1.12 2011-2012 Barley 120 11.80  46.50  8.50  7.18  0.33  1.05   (Plaza-

Bonilla et al., 

2018)  

47.33 5.03 2012-2013 Wheat 140 41.10  5.30  6.90  11.50  0.89  1.74   (Vermue et 

al., 2016)  

43.53 -1.505 2010-2013 Soyebean, 

Wheat 

33 4.00  87.50  7.20  13.24  0.31  0.62   (Peyrard et 

al., 2016) 

Oceanic -

27.43 

153.16 2003–2005 Sugarcane, 100 46.00  28.00  5.00  11.88  1.59  1.48   (Allen et al., 

2010)  

-

35.01 

147.33 2013-14 Wheat 100 42.80  37.10  5.60  15.00  0.061  0.089   (Li et al., 

2016)  

-

27.51 

151.78 2010-2011 Corn 270 76.00  6.00  7.30  11.88  0.52  0.36   (Scheer et 

al., 2016)  

-

37.82 

142.08 2013-2015 Wheat 0 17.00  71.00  5.60  14.00  0.25  0.23   (Belyaeva et 

al., 2016)  

-

43.67 

172.47 2003 Forage 800 20.00  43.00  5.70  11.80  2.89  2.50   (Thomas et 

al., 2008)  

-

31.48 

117.2 2009-2010 Wheat 75 8.50  89.00  5.10  7.73  0.018  0.047   (Barton et 

al., 2013) 

South 

America 

-31.5 -63.5 2009–2010 Corn, Soybean 50 17.00  24.00  6.75  8.31  0.54  0.60   (Alvarez et 

al., 2012) 

-

28.25 

-52.4 2002-2004 Mazie, Wheat 55 63.00  24.00  5.10  8.87  0.19  0.22   (Jantalia et 

al., 2008) 

-

22.25 

-48.57 2010-2011 Sugarcane 60 16.70  62.30  4.30  9.38  0.16  0.16   (do Carmo 

et al., 2013) 

-

22.68 

-47.55 2013-2015 Sugarcane 600 64.80  22.70  5.10  11.88  0.22  0.56   (Lourenco 

et al., 2019) 
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-

27.05 

-65.42 2012-2015 Sugarcane 110 32.60 41.00 5.9 7.68 0.37 0.40  (Chalco 

Vera et al., 

2017) 

Africa -7.7 35.57 2015-2017 Maize; 

sunflower 

100 34.60 32.50 6.45 11.2 0.18 0.16  (Zheng et 

al., 2019)  

-

19.78 

47.1 2006-2007 Maize, Soybean 57 30.50  55.50  4.90  10.50  0.15  0.13   (Chapuis-

Lardy et al., 

2009)  

-

17.58 

31.23 2000-2002 Maize 0 22.00  73.00  5.10  8.03  0.13  0.11   (Chikowo et 

al., 2004) 

 -17.7 31 2006-2009 Maize 60 11.00  81.00  6.00  8.03  0.19  0.18   (Mapanda et 

al., 2011) 
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Table 2.S4 Design of the sensitivity experiment of new integrated processes of TRIPLEX-GHG model v2.0 

ID Variables and integrated processes 
 

Climate Plan.Up. Harv. Ret.straw N fertilizer application Manure application Irri. Tillage 

Rate  Timing Property Rate  Property 

TRPLEX-

GHG v1.0 

1960-2010 original N.A. N.A. 0 N.A. N.A. 0 N.A. N.A. N.A. 

PU 1960-2010 new plant 

uptake 

N.A. N.A. 0 N.A. N.A. 0 N.A. N.A. N.A. 

HV 1960-2010 original harvest N.A. 0 N.A. N.A. 0 N.A. N.A. N.A. 

RS 1960-2010 original harvest  0 N.A. N.A. 0 N.A. N.A. N.A. 

FN 1960-2010 original N.A. N.A. def.FR def.FT def.FP 0 N.A. N.A. N.A. 

FN-rate 1960-2010 original N.A. N.A. 120% of 

def.FR  

def.FT def.FP 0 N.A. N.A. N.A. 

FN-time 1960-2010 original N.A. N.A. def.FR averaged in the 

year  

def.FP 0 N.A. N.A. N.A. 

FN-fra 1960-2010 original N.A. N.A. def.FR def.FT 120% of 

def.FP 

0 N.A. N.A. N.A. 

MN 1960-2010 original N.A. N.A. 0 N.A. N.A. def.MR def.MP N.A. N.A. 

MN-rate 1960-2010 original N.A. N.A. 0 N.A. N.A. 120% of 

def.MR 

def.MP N.A. N.A. 

MN-inorg 1960-2010 original N.A. N.A. 0 N.A. N.A. def.MR 120% of def.MP 

(inorganic) 

N.A. N.A. 

MN-organ 1960-2010 original N.A. N.A. 0 N.A. N.A. def.MR 120% if def.MP 

(organic) 

N.A.  N.A. 

IR 1960-2010 original N.A. N.A. 0 N.A. N.A. 0 N.A. def.IR N.A. 

IR-FN 1960-2010 original N.A. N.A. def.FR def.FT def.FP 0 N.A. def.IR N.A. 

0.5IR-FN 1960-2010 original N.A. N.A. def.FR def.FT def.FP 0 N.A. 50% of def.IR N.A. 

TG 1960-2010 original N.A. def.RS 0 N.A. N.A. 0 N.A. N.A. def.TG 
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 climate input information; PU: effect of changing plant uptake design; HV: effect of harvest activity; FN: effect of chemical N fertilizer application; FN-rate: effect of 

changing chemical N fertilizer rate (kg N ha-1 yr-1); FN-time: effect of changing timing of chemical N fertilizer application; FN-fra: effect of changing fertilizer properties (e.g., 

NH4%); MN: effect of manure application; MN-rate: effect of changing manure application rate (kg N km-2 yr-1 ); MN-inorg: effect of changing inorganic source of manure 

(%); MN-organ: effect of changing organic source of manure (%); IR: effect of irrigation;  IR-FN: effect of irrigation with fertilizer application; 0.5IR-FN: effect of 50% 

irrigation rate with fertilizer application; TG: effect of tillage activity; RS: effect of returned straw activity. 

def.FR: default value of chemical N fertilizer application rate  is the global mean of Nishina et al. 2017; def.FT: default value of the application date of chemical N fertilizer 

which is the beginning of growing season for only one time; def.FP: default value of the NO3
- :NH4

+ ratio is set as the global mean of Nishaina et al. 2017; def.MR: default value 

of the manure application rate is set as the global mean of Zhang et al. 2017; def.MP: default value of the manure properties (inorganic and organic according to Eq.8-10) is set 

according to the average of the most widely used manure properties according the Li et al. 2000 and Li et al. 2012; def.IR: default design of the irrigation rate  is set as 50mm 

per application *1 time for one year; def.TG: default value of the tillage depth which is the first 3 layers of soil profile  for our model (Li et al. 2000; Zhang et al. 2017); 

def.RS: default value of the returned straw is set as the global mean ratio of returned straw according to Liu et al. (2010). N.A. means this process is not applicable (i.e., be 

closed) during simulation.  

e.g., by comparing the difference of the annual N2O emission between TRIPLEX-GHG v1.0 and that with PU, the effect of changing plant uptake design is obtained. The effect 

of changing fertilizer application rate is based on the difference between FN and FN-rate. 
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Table 2.S5 ANOVA and multiple comparison result of the value of calibrated parameter COEdNO3 across different 

continent. 

 Df   Sum Sq Mean Sq F value Pr(>F) 

Catergory 5 0.002325 0.0004651 3.971 0.00627 ** 

Residual 33 0.003865 0.0001171   

** : P < 0.01 
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Figure 2.S1 Further sensitivity experiment of integrated processes (based on Table 2.S3).a.The 
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model output with default fertilization practices; b. the effect of increased fertilizer application rates (by 20%) N2O 

emission compared with that of default fertilizer application rate; c. the effect of changing the time of fertilizer 

application (divided by 365 days) on N2O emission compared with that of default timing of fertilizer application; d. 

the effect of increased nitrate fraction of fertilizer application (by 20%) on N2O emission compared with that of 

default fertilizer properties; e. the model output with default manure application; f. the effect of increased manure 

application rates (by 20%) on N2O emission compared with that of default manure application rate; g. the effect of 

increased inorganic proportion of manure (by 20%) on N2O emission compared with that of default manure 

properties; h. the effect of increased organic proportion of manure (by 20%) on N2O emission compared with that 

of default manure properties; i. the effect of irrigation on fertilized soil; j. the effect of reduced irrigation rates (50%) 

with higher frequency (3 times) on N2O emission from fertilized soil compared with that of default irrigation-

fertilized soil. The dashed red line means the δ N2O = 0.0. RES indicates the relative effect size of the processes (Eq. 16). 
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Figure 2.S2 The variation in sensitivity of the selected parameter COEdNO3 with varying chemical 

fertilizer input. The NH4
+/NO3

- ratio was set as 7:1 during the sensitivity analysis, which is a 

common ratio according to Nishina et al. (2017). The fertilization was set to start in 1961. 

  

 

  



89 

 

 

Figure 2.S3 Validation of the daily mean emission rates during experiment periods for cropland 

sites located in different continents (a, North America; b. Aisa; c. Europe; d. Australia; e. South 

America; f. Africa).    
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Figure 2. S4. An example for the comparison of the simulated results of the application of 

chemical N fertilizer with different NH4:NO3 ratios (Fraction of NH4) .vs. original modeled 

results with of manure (blue line) at same amount of N input rate. The measured flux data is 

closed red dot. 
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3.1 Résumé 

Les émissions de protoxyde d'azote (N2O) provenant des terres de pâturage (c'est-à-dire des 

pâturages et des prairies) constituent une source importante du réchauffement climatique mondial, bien 

que les estimations actuelles présentent encore de grandes incertitudes. Cette étude a amélioré et 

appliqué le modèle biogéochimique basé sur les processus, TRIPLEX-GHG v2.0, pour estimer 

l'ampleur des émissions de N2O des terres de pâturage à l'échelle mondiale. Nous avons utilisé 60 

observations de sites indépendants pour la calibration et la validation du modèle, et les résultats ont 

montré une grande cohérence entre les émissions de N2O modélisées et mesurées à travers le monde. 

Les simulations mondiales ont été effectuées à une résolution spatiale de 0.5°×0.5°. Après une 

augmentation significative entre 1961 et 1990, les émissions de N2O modélisées provenant des terres 

de pâturage mondiales ont montré une tendance légèrement décroissante, passant de 2.34 ± 0.04 TgN 

an−1 dans les années 1990 à 2.04 ± 0.02 TgN an−1 dans les années 2010. Spatialement, l'Europe, 

l'Amérique du Nord et l'Asie du Sud étaient les principaux points chauds d'émissions au cours de la 

période étudiée. En utilisant différentes simulations de scénarios, les excréments de bétail déposés ont 

été identifiés comme le principal contributeur, représentant 30.76 % des émissions historiques de N2O, 

bien que cette contribution ait probablement été surestimée par les études précédentes en raison d'un 

manque de descriptions des propriétés chimiques des excréments et de l'effet des cycles gel-dégel. Les 

différentes formes d'apports en azote jouent un rôle déterminant dans les variations spatio-temporelles 

des émissions de N2O des terres de pâturage à l'échelle mondiale. Nous suggérons que les différentes 

formes d'apports en azote aux terres de pâturage devraient être prises en compte pour les estimations 

des modèles, ce qui pourrait également constituer une méthode possible d'atténuation des émissions 

de N2O. 
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3.2 Abstract  

Nitrous oxide (N2O) emissions from grazing lands (i.e., pasturelands and rangelands) are an 

important source of global warming while current estimations remain large uncertainties. This study 

has improved and applied the biogeochemical process-based model, TRIPLEX-GHG modelv2.0, to 

estimate the magnitude of the N2O emissions from global grazing lands. We used 60 independent site 

observations for model calibration and validation and the results suggested a high consistency between 

modelled and measured N2O emissions across the globe. Global simulations were conducted at 

0.5°×0.5° spatial resolution. After the significant increase between 1961 – 1990, modeled N2O 

emissions from global grazing lands exhibited a slightly decreasing trend from 2.34 ± 0.04 TgN yr−1 

in the 1990s to 2.04 ± 0.02 TgN yr−1 in the 2010s. Spatially, Europe, North America, and southern Asia 

were major emission hotspots over study period. Using different scenario simulations, the deposited 

livestock excreta were identified as the predominant contributor, accounting for 30.76% of historical 

N2O emissions, while such contribution was probably overestimated by previous studies due to a lack 

of descriptions of the chemical properties of excreta and the effect of freeze-thaw cycles. N chemical 

fertilizer application was identified as the primary source for the overall increase in N2O emissions 

during study period. The different chemical forms of all types of anthropogenic N inputs have a 

determinant role in spatial-temporal variations patterns of N2O emissions from grazing lands on a 

global scale. We suggest the different forms of N input to grazing lands should be addressed for model 

estimations and implies a possible mitigation method for mitigating N2O emissions.  
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3.3 Introduction 

Nitrous oxide (N2O) is a powerful greenhouse gas and has a major role in the destruction of 

stratospheric ozone (Canadell, 2021). It is mainly produced via microbially mediated nitrification and 

denitrification processes, which are directly and indirectly controlled by multiple variables 

(Butterbach-Bahl et al., 2013; Davidson, 2009; Reay et al., 2012). The growing anthropogenic 

activities have led to a significant increase of the atmospheric N2O concentration from 270.1 to 333.0 

ppb (parts per billion) since pre-industry (Canadell, 2021) and agricultural management explains more 

than 60% of such growth (Davidson et Kanter, 2014). As an essential component of agriculture, grazing 

land ecosystems are considered as the second largest contributor to the total terrestrial N2O emissions 

(Chang et al., 2021; Dangal et al., 2019; Klein Goldewijk et al., 2017; Tian et al., 2020). Both 

agricultural management and environmental factors regulate the grazing lands N2O emissions. Field 

observations have revealed that increasing stocking and fertilizing intensities are the key drivers of the 

growth in grazing lands N2O emissions, particularly during the growing seasons (Yan et al., 2016; Yin, 

M. et al., 2020). In addition, the rising temperature and changes in precipitation also affect N2O 

emission patterns by altering the soil physical properties and nutrient dynamics (Gong et al., 2021; Xu, 

R. et al., 2012). However, the inconsistent measured grazing lands N2O patterns were detected across 

the globe, casting doubt on the total N2O budget (Tian et al., 2020). Additionally, the contributions of 

the different driving factors are still poorly quantified at large scales because of the high geographic 

variability of the environmental parameters and the complicated distribution of management practices 

(Dangal et al., 2019; Du et al., 2021; Flechard et al., 2007).  

Different models have been developed for quantifying the dynamics of N2O emissions from 

grazing lands at different scales. The Intergovernmental Panel on Climate Change (IPCC) 

recommended an empirical emission factors model (EFs, the percentage of direct N lost as N2O gas 

from N inputs). While numerous field measurements reported large uncertainties with this approach 

because of ignoring the variations of soil (Yin, M. et al., 2020), climate (Cardoso et al., 2017; Flechard 

et al., 2007), topography factors (Marsden et al., 2019; Zhong et al., 2016). The background N2O 

emissions (i.e., natural emissions) were also poorly quantified (Aliyu et al., 2018; Yin, Y. et al., 2021). 

In contrast, process-based models can provide more comprehensive descriptions of the N2O-related 

processes and attribute the variations to different driving forces (Tian et al., 2020). However, current 
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process-based models still have substantial challenges in simulating grazing induced N2O emissions 

due to limited model representations and validation of nitrification and denitrification responses to 

grazing activities (Giltrap et al., 2020; Tian et al., 2019). For instance, the water and nitrogen 

management model (WNMM) showed inconstant performances in simulating pastureland N2O with 

diverse fertilizer application rates at a single site (Chen et al., 2010). The N2O emissions from 

grasslands in China determined by the denitrification and decomposition (DNDC) model were 

probably underestimated because they neglected the impact of freeze-thaw cycles (Zhang, F. et al., 

2010). Dangal et al. (2019) obtained a reasonable N2O budget for global grazing ecosystems using the 

dynamic land ecosystem model (DLEM). Nevertheless, only integrating it with the animal excreta 

deposit module, their results may underestimate the contribution of the changes in the plant 

environment to the total N2O emissions. Therefore, further improvement and application of reliable 

models are required to constrain the current inconsistent observations and extrapolate to the global 

scale for scientific basis of sustainable management. 

The objectives of this study were to: 1) improve a process-based biogeochemical model, the 

TRIPLEX-GHG v2.0 by integrating grazing-related biogeochemical and management processes; 2) 

estimate the magnitude of the historical N2O emissions from global grazing lands; 3) use different 

scenarios to attribute the changes in grazing lands N2O emission to different driving forces; and 4) 

quantify the importance of different N input forms in estimating N2O emissions. We hypothesized that: 

first, the magnitude of the N2O emissions from global grazing lands exhibit strong temporal and spatial 

variations during the historical time period; second, deposited livestock excreta associated with grazing 

activities is the most important contributor to N2O emissions from global grazing lands; and third, the 

changing chemical forms of N inputs are the major source of the uncertainty of the estimated N2O 

emissions. 

 

3.4 Materials and methods 

3.4.1 Model description and improvements 

TRIPLEX-GHG model v2.0 is a process-based biogeochemical model based on the TRIPLEX 

model (Peng, C. H. et al., 2002), the integrated biosphere simulator (Foley et al., 1996), and the DNDC 

model (Li, C. S. et al., 2000). Generally, the TRIPLEX-GHG modelv2.0 simulate dynamic vegetation, 
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water movement, and C and N cycling in various ecosystems (Peng, C. et al., 2013; Song et al., 2022) 

(Figure 3.S1; Supplementary material 3.8.1).  

In this study, we improved the model by introducing detailed descriptions of natural and 

management practices for grazing lands. The livestock excreta production and deposition, trampling 

as well as freeze-thaw effects were integrated into the model structure. The deposited excreta of 

grazing livestock, including urine and dung are important nutrient (e.g., C and N) sources to grazed 

soil. Urine is considered directly as ‘fertigation’ which adds inorganic N and water simultaneously. 

However, the dung is further separated into inorganic and organic portion with different C:N ratios as 

soil organic matter pools (Velthof, Gerard L et al., 2015; Zhang, B. et al., 2017) (Eq. S1-S4). 

Meanwhile, the impact of grazer trampling was also included (Wolf et al., 2012) (Eq. S5). The freeze-

thaw induced N2O emission pulse was modeled by describing the soil temperature triggered microbial 

mortality and recovery, soil moisture movement and substrate availabilities (Eq. S6-12) 

(Kariyapperuma et al., 2011; Risk et al., 2013). Details were given in Supplementary material 3.8.2 

and Table 3.S1. 

Grazing lands were divided into two categories as pasturelands (intensively managed) and 

rangelands (extensively managed or un-disturbed), respectively. Pasturelands were designed to receive 

intensive management practices including chemical fertilizer and manure application, grazing 

activities with deposited excreta and irrigation. In contrast, rangelands only experienced grazing 

activities or stayed un-disturbed temporarily (Dangal et al., 2019; Goldewijk et al., 2017). 

 

3.4.2 Model calibration and validation 

Observed N2O emissions data from 60 published studies with 62 grazing land sites worldwide 

were collected to evaluate the model’s performance. Fourteen sites from different continents were 

randomly selected for the model calibration, and the remaining were used for the model validation. 

The related environmental and management information used for the calibration and validation are 

summarized in Tables 3.S2 and 3.S3, respectively. Based on previous studies, the coefficient of the 

nitrate consumption rate of denitrification (COEdNO3) has the highest sensitivity level for N2O 

emissions from managed soils (Song et al., 2022). Therefore, the model calibration was conducted by 

adjusting COEdNO3 to fit the best model performance through trial and error while other parameters 

were set as the default values. We also used the agreement index (D), root mean square error (RMSE), 
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and correlation efficient (R) to quantify the agreement between the modeled and observed daily N2O 

emissions (Supplementary material 3.8.3). For the model validation, we compared the modeled and 

observed average daily N2O fluxes during the measurement period to further test the reliability of the 

model at the global scale. Site-specific information was used to drive the model in the calibration and 

validation stages. 

 

3.4.3 Simulation scenarios designs 

First, the model simulation went through an initial 300-year spin-up procedure driven by the multi-

year averaged historical meteorological data to reach a state of relative equilibrium in the soil carbon 

and nitrogen pools before the analysis. After the spin-up, the model was run at a spatial resolution of 

0.5°×0.5° from 1860 to 2016 with a daily time step. 

Overall, six different scenarios for the model simulations were performed to investigate the 

magnitude of the N2O emissions from global grazing lands (S1), and attribute emission patterns to 

different driving factors (S2-S5) (Table 3.1). The baseline simulation, S0, only considered the 

variations in the climate factors and the fixed N input information at the beginning of the simulation. 

As a multifactor simulation, S1 aimed to provide an estimation of the magnitude of the global N2O 

emissions from grazing lands using all of the driving data, including transient N fertilizer and manure 

application, excreta deposition, climate, and N deposition data. Simulations S2 and S3 were conducted 

with manure and fertilizer application constant at the level in 1961 to quantify their contributions by 

comparing the results of simulations S2 and S3 with the results of S1. For S4, the excreta N deposition 

was fixed to estimate the amount of N2O emitted from livestock excreta input. In addition, the 

background emissions (N2O emissions without the addition of external anthropogenic N) were 

simulated using S5, and the difference between S5 and S0 indicated the contribution of atmospheric N 

deposition to the total N2O emissions from grazing lands. To investigate the possible uncertainties and 

ranges of the estimated global N2O emissions from grazing lands, we conducted six additional 

scenarios based on S1 by changing the key and sensitive N input information associated with the 

management information and datasets one at a time. The chemical fertilizer properties (i.e., the NH4
+-

N fraction) and excreta properties (i.e., the inorganic fraction and soil organic carbon composition) 

were varied by 20% to evaluate the possible range of uncertainties. All of these simulations are 

described in Table 3.1. 
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Table 3.1 Model simulation experiment designs with different scenarios used to evaluate the 

contributions of the different factors (mostly different N inputs) to the global N2O emissions from 

grazing lands and the possible uncertainties of the estimates due to changing N input forms. 

Clim: climate data; AtmoN.dep: atmospheric N deposition; Fer.app: chemical N fertilizer application; 

Man.app: manure application; and Exc.dep: livestock excreta N deposition. The data sources and 

descriptions are listed in the supplementary material 3.8.4. Default indicates that the information used 

for S0 simulation was used. The default property of the chemical N fertilizer was derived from Naishia 

et al. (2017) while that for the excreta N was based on data reported by Li et al. (2012, 2016) and Song 

et al. (2022). F_p1 and F_p2 denote the two scenarios that controlled the properties of the chemical 

fertilizer (i.e., FrNH4(120% or 80%): fertilizer NH4 fraction is set to be 20% larger or 20% smaller than 

default values). E_ip and E_op denote the scenarios that vary the inorganic fraction of the excreta 

(Frinorg) and the composition of the organic matter deposited in the excreta (i.e., Frorg_comthe proportion 

No. Input Variables 

Clim. AtmoN.dep Fer.app Man.app Exc.dep 

Amount  Properties Amount  Propertie

s 

Amount  Properties 

S0 1901–2016 1901 1961 NA 1901 NA 1901 NA 

S1 1901–2016 1860–2016 1961–2016 Default 1901–2016 Default 1901–2016 Default 

S2 1901–2016 1860–2016 1961 Default 1901–2016 Default 1901–2016 Default 

S3 1901–2016 1860–2016 1961–2016 Default 1901 Default  1901–2016 Default 

S4 1901–2016 1860–2016 1961–2016 Default 1901–2016 Default  1901 Default 

S5 1901–2016 1860–2016 1961 Default 1901 Default  1901 Default 

S6 1901–1920 1860–2016 1961–2016 Default 1860–2016 Default 1901–2016 Default 

F_p1 1901–2016 1860–2016 1961–2016 FrNH4(120%) 1901–2016 Default 1901–2016 Default 

F_p2 1901–2016 1901–2016 1961–2016 FrNH4(80%) 1901–2016 Default 1901–2016 Default 

E_ip1 1901–2016 1901–2016 1961–2016 Default 1901–2016 Default 1901–2016 Frinorg (120%) 

E_ip2 1901–2016 1901–2016 1961–2016 Default 1901–2016 Default 1901–2016 Frinorg (80%) 

E_op1 1901–2016 1901–2016 1961–2016 Default 1901–2016 Default 1901–2016 Frorg_com (120%) 

E_op2 1901–2016 1901–2016 1961–2016 Default 1901–2016 Default 1901–2016 Frorg_com (80%) 
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of passive organic matter of total organic matter). 

 

3.4.4 Input datasets 

Daily climatological datasets (precipitation, max, min and mean air temperature etc.) from 1901-

2016 were obtained from CRUNCEP website to drive the model. Soil properties, vegetation cover, and 

atmospheric N deposition data, were directly downloaded from available datasets. Anthropogenic 

management information, such as the fertilizer, manure application rates, and N deposited in excreta 

from livestock, was based on datasets provided by Lu et al. (2019). The changes in N forms of chemical 

fertilizer were adopted from Nishina et al. (2017). While the chemical properties of manure and 

deposited excreta were extracted from previous modeling and synthetic studies (Li, C. et al., 2012; 

Wolf et al., 2010). Particularly, the global distribution maps of pastureland and rangelands were 

acquired from the History Database of the Global Environment, version 3.2 (HYDE 3.2). Detailed 

descriptions are presented in Supplementary material 3.8.4. 

 

3.4.5 Statistical analysis 

The total N2O emissions (T) were calculated as follows: 

𝑇 = ∑ ∑ 𝐹𝑖,𝑗
𝑛2
𝑗=1 · 𝐴𝑖,𝑗

𝑛1
𝑖=1                                  (1) 

Where n1 and n2 are the number of different grazing land types and the total number of grids of 

grazing lands, respectively. 𝐹𝑖,𝑗 and 𝐴𝑖,𝑗 denote the N2O flux (kgN-N2O ha-1) and the area of the 

biome type i in the grid j. The former was produced by model simulations while the latter was based 

on HYDE3.2 datasets. 

The trends of the annual N2O emissions from grazing lands in different regions and types of biomes 

were identified using the Mann-Kendall test (Kendall, 1948; Zhang, K. et al., 2019). In addition, 

Spearman correlation analysis was conducted to measure the strength of the correlations between the 

emission factors (EFs) and the model-driven datasets for each grid cell for controlling factors over 

1961–2016 (Supplementary material 3.8.3) (Wang, Q. et al., 2019). For current study, the EF1 (EF for 

chemical fertilizer) and EF3PRP (EF for deposited livestock excreta) were calculated based on the 

difference between scenarios as follows: 

𝐸𝐹1 = (
𝑁2𝑂𝑆1−𝑁2𝑂𝑆2

𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑁
) · 100%                 (2) 
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𝐸𝐹3𝑃𝑅𝑃 = (
𝑁2𝑂𝑆1−𝑁2𝑂𝑆4

𝐸𝑥𝑐𝑟𝑒𝑡𝑎 𝑁
) · 100%                 (3) 

Where 𝑁2𝑂𝑆1, 𝑁2𝑂𝑆2 and 𝑁2𝑂𝑆3 denote the N2O emission results from scenario S1, S2 and S3 

respectively. 𝐹𝑒𝑟𝑡𝑖𝑙𝑖𝑧𝑒𝑟 𝑁  represents the fertilizer application rate on pasturelands while 

𝐸𝑥𝑐𝑟𝑒𝑡𝑎 𝑁 means the deposited excreta N on both pasturelands and rangelands. 

All of the statistical analyses were performed using the R software (version 4.3.1) and the ncdf4, 

map, raster, lmodel2, and trend packages. 

 

3.5 Results 

3.5.1 Evaluation of model performance at the site scale 

The calibrated model performed well for estimating N2O dynamics from both the rangeland and 

pastureland sites (Figure 3.1and 3.S2). The model accurately estimated the timing and magnitude of 

the major N2O emission pulses induced by freeze-thaw events from temporarily undisturbed 

rangelands (e.g., Figure 3.1a). In the meantime, the modeled daily N2O emissions were generally 

consistent with the trends of measured data for the grazed rangeland sites under different grazing 

activities and environmental conditions (e.g., Figure 3.1b). As for pasturelands which received 

intensive managements, the model could provide good estimations of the dynamics of N2O under 

fertilization, grazing and mowing (Figure 3.1c and d). We further tested the model performance for 

estimating cumulative N2O emissions and a high correlation was found between the observed and 

simulated results during the experimental periods from the 14 calibrated sites (R2=0.97, n=14; Figure 

3.1e).  
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Figure 3.1 Comparison of the modeled and measured N2O emission from grazing lands under 

different management and environmental conditions during model calibration (a-e) and 

validation (f). The blue and red dots represent averaged N2O emissions during experiment 

periods for rangeland sites and pastureland sites, respectively. 

 

Model validation suggested the TRIPLEX-GHG model v2.0 can explain 85% of the variance of 

the observed N2O emission rates from the 48 experimental sites across the different types of grazing 

lands and management intensities, with a reasonable agreement between the measured and modeled 

daily mean N2O emissions during the experimental periods (R2=0.85, slope=0.82, n=48; Figure 3.1f). 

The mean squared error (MSE) of the simulated emission rates was 0.46, indicating a low bias for the 

model. 
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3.5.2 Temporal and spatial variations in N2O emissions from global grazing lands 

Globally, based on the S1 scenario simulation, there was an overall significant increasing trend in 

the annual N2O emissions from grazing lands from 1.20 in 1961 to 2.02 TgN yr−1 in 2016, with a mean 

value of 1.80 (± 0.19) TgN yr−1. Specifically, the rate of increase slowed down from 0.030 TgN yr−2 

before 1990 (p < 0.001, R2 = 0.91) to 0.005 TgN yr−2 during 1990 – 2010 (p < 0.05, R2 = 0.27) based 

on Pettitt's test (Pettitt, 1979). Finally, the N2O emissions exhibited a slightly decreasing trend from 

2.34 TgN yr−1 in the 1990s to 2.04 (± 0.02) TgN yr−1 in the 2010s (Figure 2a). In addition, the 

pastureland N2O emissions significantly increased during study period with a peak value of 1.38 TgN 

yr−1 in 2000. No significant trend in the rangelands N2O emissions was detected (0.85 ± 0.02 TgN yr−1). 

Although the pasturelands and rangelands contributed comparably to the historical N2O emissions 

(52.0 % and 48.0 %, respectively), the pasturelands contribution was doubled to approximately 60 %, 

dominating the overall temporal changes in the global grazing lands N2O emissions. For the seasonal 

variations, large monthly emission rates occurred in the growing seasons for pasturelands while the 

N2O emissions in April and May contributed more for rangelands (Figure 3.S3) 

Strong spatial variations in the simulated global grazing land N2O emissions were obtained. At the 

continent scale, the grazing lands in Europe (EU) and North America (NA) accounted for 21.2 % and 

16.5 % of the total historical emissions, respectively, followed by southern Asia (AS), Africa (AF), 

South America (SA), northern Asia (NAS), and Oceania (AU) (Figure 3.2b). Pasturelands were 

consistently the major source in the regional N2O budgets for EU, NA, and AF while the rangelands 

emissions played more important roles for the other continents because of the larger rangelands area 

(Figure 3.S5). Notably, an evident decreasing trend was observed for the N2O emissions in EU since 

the 1990s as driven by the decreased NO3
−, manure applications and the reducing pastureland area 

(Figures S5b, S6b). The seasonal patterns of the N2O emissions from pasturelands and rangelands vary 

greatly among the different continents. It is noteworthy that for the rangelands, the spring thaw induced 

large variations in the N2O emissions for the semi-arid cool climate regions (e.g., NAS, Figure 3.S3). 

Moreover, the N2O emissions from the temperate regions in the Northern Hemisphere (55–30°N) 

dominated the global N2O emission from grazing lands for approximately 65% (Figure 3.3a). The total 

N2O emissions and the mean N2O flux from the grazing lands in this region increased from 0.01 TgN 

yr−1 and 0.12 kgN ha−1 yr−1 in the 1960s to 0.046 TgN yr−1 and 0.59 kgN ha−1 yr−1 in the 2010s, 
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respectively. While in the tropical and sub-tropical Southern Hemisphere, the annual N2O emissions 

and flux rates from the grazing lands were found to be relatively consistent (i.e., 0.01 TgN yr−1 and 

0.13 kgN ha−1 yr−1). Specifically, western EU, southeastern NA, and southern SA were constant 

hotspots of grazing lands N2O emissions (>6.0 kgN ha−1 yr−1), especially after 1990 since the 

pasturelands received more anthropogenic N input in these regions (Figure 3.S4a). Whereas the 

rangeland soil exhibited overall smaller N2O emission rates except the rangelands in central Asia and 

Australia with annual N2O emissions of approximately 3 kgN ha−1 yr−1 (Figure 3.S4b). 
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Figure 3.2 Temporal changes in the N2O emissions from global grazing lands (a) and seven major 

continents (b) during 1961–2016. 
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Figure 3.3 Spatial patterns of the mean N2O emissions from grazing lands during the whole study 

period (1961–2016, a), and three representative decades (the 1960s, b; the 2000s, c; and the 2010s, 

d) as a result of multiple environmental and management changes based on the multifactor 

simulation (S1). 
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3.5.3 Contribution of different driving factors to the total N2O emission from the grazing lands 

From 1961 to 2016, the N deposited in livestock excreta (DE) was the predominant contributor to 

N2O emissions from grazing lands. The induced N2O was consistent at 0.54 (± 0.03) TgN yr−1 

accounting for 30.76 (± 2.7)% of the total emissions. Regarding the types of biomes, the influence of 

the livestock excreta deposition on the pastureland N2O emissions was 19.24% after 1980s, whereas it 

accounted the majority of the total emissions from the rangelands, i.e., 35.15 (± 4.25)% during the 

entire study period (Figure 3.4). The chemical fertilizer (FN) and manure (MN) applications together 

were identified as the most important source that drove the overall increase in the global N2O emissions 

from the grazing lands, especially after the 1980s (Figure 3.4). Applied to pastureland soil only, the 

combined contribution of the external fertilizer and manure to the total N2O emissions from the grazing 

lands increased from 1.48% to 36.6%. During the study period, FN accounted for 0.38 (±0.11) TgN 

yr−1 by 19.53 (±0.10)% of the total N2O emission and MN was responsible for approximately 5.3% of 

the net emissions. The environmental factors that determine the background emissions had less impact 

on the changes in the total N2O emissions. For instance, the total N2O emissions from grazing lands 

attributed to AD declined from 28.5% in the 1960s to 16.0% in the 21st century (Figure 3.4). Moreover, 

in the absence of all of the external N inputs, we found that the residual N2O emissions (RS), i.e., those 

controlled by litter decomposition, soil mineralization, and climate variables, also took 23.23% of the 

grazing lands N2O emission on the global scale. 

 

Figure 3.4 Attribution of the decadal average N2O emissions from global grazing lands to 
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different driving factors. The pie plot covers the whole study period. RS: residual emissions; AD: 

atmospheric N deposition induced emissions; DE: N deposited in livestock excreta induced 

emissions; FN: fertilizer application induced emissions (pastureland only); MN: manure 

application induced emissions (pastureland only). 

 

3.5.4 Variations in emission factors of fertilizer and deposited excreta 

N2O Emission factors (EFs) are a pragmatic approach to evaluate the sensitivity of ecosystem to 

external N inputs on different scales. Identifying the controlling factors of EF is helpful for specific 

management. Based on the difference between S1 and S5, the mean EF for anthropogenic N for the 

grazing lands was 0.85% during the study period. For the different biome types, the mean EFs were 

1.59% and 0.60% for the pasturelands (DE, FN, MN) and rangelands (DE), respectively. For the forms 

of anthropogenic N inputs, the globally averaged EF1 was larger (2.49%) than that of the deposited 

livestock excreta (EF3PRP) for both the pasturelands and rangelands (0.82%). Modeled EF1 and EF3PRP 

exhibited strong spatial variation patterns globally. The EF1 was consistent with the emission hotspots 

(Figure 3.3 and 5a), in which the pastoral N2O emissions were largely sensitive to the addition of 

reactive N (EF1 > 5%). As the most important factor controlling EF1 among multiple variables (Table 

3.S4), the NO3
− fraction exhibited a positive correlation with EF1 in most of the pastureland areas, but 

it had a negative effect on the increase in the NO3 fraction in the eastern NA and western EU (e.g., 

France) (Figure 3.5b).  EF3PRP was less than 0.5% in most of the world’s grazing lands but large values 

were still found in the Qinghai-Tibetan region, AF, and NA (Figure 3.5c). The changes in EF3PRP in all 

of the grazing lands showed an overall significant negative correlation with the excreta deposition 

(Table 3.S4). However, the relationship was not consistent across the globe since the EF3PRP was 

positively correlated with the amount of excreta N in pasturelands, whereas it was negatively or not 

correlated for the rangelands (Figure 3.5d). 
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Figure 3.5 Spatial patterns of the mean emission factors (EFs) and the correlation coefficients of 

the major control variables during 1961–2016. (a, c) Mean values of EF1 and EF3PRP, respectively. 

(b, d) Correlation coefficients between EF1 and the fraction of applied NO3
− and between EF3PRP 

and excreta deposition. Notably, only the significant correlated grid cells (p < 0.01) over the study 

period were presented. 

 

3.5.5 Variations of estimated N2O emission in response to changing N input forms 

By varying the forms of the applied chemical fertilizer on the pasturelands and the excreta 

deposited on all of the grazing lands, the estimated magnitudes of the N2O emissions exhibit large 

variations (Figure 3.6). During the study period, a 20% decrease in the NH4 fraction of the fertilizer 

(i.e., 20% increase in the NO3
− fraction) resulted in an overall 41.24(±19.38)% increase in the total 

N2O emissions, while a 20% increase reduced the N2O emissions by 16.8%. Notably, for the higher 

fertilizer NO3
− input under scenario F_p2, a constant increasing trend was obtained for the estimated 

N2O emissions, reaching 3.64 TgN yr−1 in the 2010s. As for the forms of the deposited livestock excreta, 

a higher proportion of inorganic matter in the deposited excreta led to a constantly increase in the N2O 

emissions from the grazing lands at a rate of 0.76 TgN yr−1, while a 20% decrease in the inorganic 

fraction of the excreta resulted in a reduction of the total N2O emissions by 11.93%. However, the 

changing composition of the organic matter in the deposited excreta (e.g., larger C:N ratios of organic 

substance) caused less variations in the N2O emissions from the grazing lands. 



125 

 

 

Figure 3.6 Range of the uncertainty of the global N2O emissions from the grazing lands during 

1961–2016 due to varying the properties of the chemical N fertilizer (grey) and deposited excreta 

(blue and orange). FrNH4, Frinorg, and Frorg denote the fixed fraction of NH4
+ in chemical fertilizer, 

fixed inorganic and organic proportions of deposited excreta N, respectively. 

 

3.6 Discussion 

3.6.1 Simulated spatiotemporal patterns compared with previous estimations 

At the site scale, the consistency between the modeled and observed results suggests that 

TRIPLEX-GHG model v2.0 is capable of producing a reasonable estimation of the N2O emissions 

from grazing lands under diverse climatic and management conditions. In agreement with our first 

hypothesis, globally, the estimated magnitude of the global N2O emissions from pasturelands and 

rangelands exhibited large temporal and spatial variations, which were generally consistent with the 

ranges of previous modeling studies and the field observations. 

Using the process-based ORCHIDEE-GM model, Chang et al. (2021) provided an estimation of 

the total emission rate (1.78 TgN yr−1) from global grasslands in 2010, which is comparable with our 

result (2.04±0.02 TgN yr-1 in the 2010s; Figure 3.2a). The slight difference is probably due to the 

different model input information, such as fertilizer application and wild grazer activities (Chang et 

al., 2021). In another modeling study, the DLEM determined that the grazing lands produced a net 

N2O flux of 2.4 TgN2O-N yr−1 during 1961–2014 (Dangal et al., 2019). Given the use of the same 
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grassland N input forcing data for the simulation, our lower N2O estimation (1.8 TgN yr-1 1961-2016; 

Figure 3.2a) may result from the application of NO3:NH4 ratio data (Nishina et al., 2017) and the 

description of the organic N input properties. We further compared our results with the estimate 

obtained by an artificial neural network, i.e., a grassland N2O emission rate of 1.31 TgN yr−1 in 2000 

(Zhuang et al., 2012). Their underestimation (compared to 2.20 TgN yr−1 in this study) was probably 

attributed to the limited training data used for the developing regions, such as Africa, which have 

extensive grazing activities (Butterbach-Bahl et al., 2020). Previous studies using TRIPLEX-GHG 

v1.0 reported the N2O emissions from global grasslands were 1.40 ± 0.03 TgN yr−1 during 1992–2016 

(Zhang, K. et al., 2019). The different modeled result (2.13±0.04 TgN yr-1; Figure 3.2a) highlighted 

the effective model improvement in estimating the effect of grazing management on N2O emissions. 

As for the spatial patterns of the global N2O emissions from grazing lands during the study period, 

including distribution of emission hotspots and magnitudes of N2O fluxes under varying conditions, 

this study was also generally in line with existing literatures (Figure 3.2) (Chang et al., 2021; Dangal 

et al., 2019). For instance, our estimated grazing lands N2O emission in Europe and North America 

are consistent with DLEM but we found a smaller contribution of grazing lands in China (Figure 3.3), 

which may result from the different descriptions of excreta decomposition.  

 

3.6.2 Deposited excreta alone was a minor contributor to N2O emissions without fertilizer 

Our simulated results partially supported the second hypothesis. Although the constantly 

increasing amount of livestock excreta N, which is a major indicator of grazing activities, was the 

largest historical N2O emission source, the estimated contribution was minor (~31.67% at 0.54 TgN 

yr−1) compared to previous modeling results (Figure 3.4). For instance, the widely adopted IPCC 2006 

default models and the process-based DLEM model obtained similar results that the deposited excreta 

produced 1.55 and 1.31 TgN2O-N yr−1, respectively (Dangal et al., 2019; Oenema et al., 1997). The 

difference suggested the impact of grazing activity alone to the global N2O emissions from grazing 

lands has probably been overestimated. 

A growing number of observations and synthetic studies across large areas supported this finding 

with significantly smaller field excretal emission factors (EF3PRP) than that of IPCC 2006 and other 

modelled results (Cai et al., 2017; Chadwick et al., 2018; van der Weerden et al., 2020; Zhu, Y. et al., 

2021). Studies conducted in European grasslands reported that the effect of grazing on N2O emissions 
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was primarily observed at fertilized sites only and was by no means systematic (Flechard et al., 2007). 

A global meta-analysis further proposed that in the absence of fertilization and other management, the 

effect of isolated grazing on the N2O flux was not consistent and tended to reduce the year-round 

cumulative N2O emissions, especially under heavy grazing intensities (Tang et al., 2019). Our 

simulated results prevented the possible overestimation as suggested by addressing the insensitivity of 

rangelands to excreta depositions (i.e., smaller EF3PRP, Figure 3.5c-d). As a support, our estimated 

mean EF3PRP for animal wastes falls within the estimated range of the recent 2019 refinement to the 

IPCC Guidelines report (i.e., 0.77% and 0.39% for cattle and sheep, respectively) (Mancia et al., 2022). 

The good agreement with the detected grazing effects is favored by three model features and 

mechanisms. First, the excreta are not exact external nutrient sources like chemical fertilizers (Zhang, 

B. et al., 2017) because although deposited excreta is a more accessible form to soil microbes, grazing 

activity reduces the vegetation litter input for the N2O production compared with undisturbed soil 

(López-Aizpún et Horrocks, 2020; Tang et al., 2019; Yan et al., 2016). Next, the legacy effects of 

organic input also account for the low N2O emissions from excreta since the decomposition is required 

before being utilized for nitrification and denitrification in the model structure (Gerber et al., 2013; Li, 

C. et al., 2012). Additionally, grazing activities reduce the freeze-thaw cycles induced N2O pulses from 

rangelands in cool-climate meadow regions as consistent with our results (Figure 3.S9b) (Wolf et al., 

2010). Meanwhile grazing also limit the potential N2O production by affecting soil microbial activities 

(Zhong et al., 2017). 

Although the different chemical compositions of livestock excreta result in diverse response levels 

of N2O to N additions (Lopez-Aizpun et al., 2020; Mancia et al., 2022), our results suggest the grazing 

activity could become a less concern without other agricultural management (e.g., fertilization) to 

changing climate. Existing models directly estimated the effect of the N contained in excreta based on 

application experiments within the chambers which might result in overestimations because excreta 

deposition occurs in inconstant amounts and the patches are unevenly disturbed over a large area 

(David, 2013; O’Neill et al., 2021; Voglmeier et al., 2019). Therefore, it is necessary for model 

communities to reassess and update the contribution of the grazing activity to N2O emissions. More 

large scale observations (e.g., eddy covariance) are also required to systematically investigate the 

response of N2O emissions to different grazing intensities in absence of fertilization for model testing 

(Liang, L. L. et al., 2018; Murphy et al., 2022; Voglmeier et al., 2019). 
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3.6.3 Different forms of N inputs regulate the variations in N2O emissions from grazing lands 

Consistent with our third hypothesis, our results highlighted the fact that the estimated N2O 

emissions showed significant changes with the varying N forms of the fertilizer, manure and excreta 

input to the grazing lands. However, previous large-scale modeling studies have only paid attention to 

the estimation based on amount of the N input rate (Chang et al., 2021; Dangal et al., 2019; Liu et al., 

2020). Their neglected effects of the variations and differentiation in the forms of the input N resulted 

in the difference with our modelled patterns and introduced major uncertainties to estimations. 

We found slowly decreasing trends in the N2O emissions from global grazing lands since the end 

of the 1990s. The decreased pasturelands emissions, especially in EU (by -0.20 TgN yr−1, Figure 3.2b), 

were responsible for this reduction because of the decreased NO3
- ratio of applied fertilizer (Nishina 

et al., 2017) and reducing manure application rates, although the total pasturelands area and N input 

rates consistently increased during the same period. Additional simulations (i.e., with the NO3
− and 

manure application rate held constant after 1990) confirmed that the decreased NO3
− application had 

larger impacts on the declined total emissions (Figure 3.S3b, S6) (Smith et al., 2012). The wet soil 

condition created by large water content of livestock excreta favors denitrification while inhibits 

nitrification, accelerating the production of N2O. Next, we obtained a lower contribution of N2O 

emissions from the pasturelands in southern AS (e.g., China) than previous estimations but the 

modelled emission rates agreed well with the measured data for this region, ranging from 0.5 to about 

3.0 kgN ha−1 yr−1 (Peng, Q. et al., 2011; Yang et al., 2015; Zhang, L. et al., 2017). This discrepancy 

may result from the lower fraction of applied fertilizer NO3
− (Figure 3.S3) and the degraded soil 

properties (Nishina et al., 2017), supporting the determinant role of chemical forms of input N.  

 The different effects of fertilizers and livestock excreta on N2O emissions were detected across 

the globe, suggesting a strong impact for estimation (Cai et Akiyama, 2016; Shcherbak et al., 2014). 

In this study, the response level of N2O to fertilizer application was higher overall than the most wide-

spread empirical results (i.e., IPCC 2006, EF1 = 1.0%), but it was in agreement with the range of recent 

field observations (Liu et al., 2017). Our modeled N2O emissions confirmed the stronger sensitivity to 

the NO3
− addition than other forms of N (Table 3.S4) because denitrification processes are the most 

important source of N2O production in managed soils (Harty et al., 2016; Liang, D. et Robertson, 2021; 

Smith et al., 2012; Wang, J. et al., 2018). We also found the combination of different forms of N (i.e., 
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inorganic and organic) can change the response level of the N2O emissions. As a common feature of 

grazing lands, interactions between fertilizer N and manure and excreta create significant N2O 

emission hotspots (Luo et al., 2017) but related studies are limited (Maire et al., 2020; Murphy et al., 

2022). When manure and excreta are applied (organic N), the sensitivity of N2O to the addition of N 

may increase due to the increase in the soil organic matter content (Pärn et al., 2018), microbial 

abundance (e.g., denitrifiers) and activity (e.g., enzymatic) compared with single N loading (Wang, C. 

et al., 2021; Zhang, Y. et al., 2022). The forms of livestock excreta N is another factor affecting the 

responses of estimated N2O emissions (Du et al., 2021; Mancia et al., 2022). In line with field 

experiments, the simulated results were more sensitive to urine N (inorganic) than dung addition 

(organic, Figure 3.6) (de Bastos et al., 2020; van der Weerden et al., 2020; Zhu, Y. et al., 2021). 

Furthermore, on the global scale, N2O emissions showed diverse responses to the additions of urine 

and dung from different animal species because of the varying chemical compositions (Cai et al., 2017; 

Dijkstra et al., 2013; López-Aizpún et Horrocks, 2020).  

By summarizing the contribution of different drivers to total N2O emissions and the relationships 

between EFs and various factors, our study demonstrated N inputs have more important role in 

determining spatiotemporal variations in grazing lands N2O emissions than environmental factors, 

which contradicts with other agricultural lands globally (Cui et al., 2021). In particular, we quantitively 

emphasized the significance of different responses of N2O emissions to changes in input N forms for 

grazing lands. Therefore, except reducing overall N input amounts, it is possible to use fertilizer with 

low NO3
- fraction and apply excreta (or manure) with high organic matter content as environment-

friendly practices to mitigate N2O emissions from global grazing lands. 

 

3.6.4 Other sources of modeling uncertainties and future improvements 

Land use and vegetation maps may also generate uncertainties in the estimation of N2O emission. 

The underlying grazing lands datasets are fairly different in terms of the methodology and thus the 

spatial extent of the grazing land areas (Goldewijk et al., 2017; Ramankutty et al., 2008). A more 

inclusive definition of grazing land causes less N surplus overall and discrepancies in the N indicators 

(Kaltenegger et al., 2021) (Figure 3.S10). The detailed timing of the fertilizer and manure applications 

and global distribution maps of grazers density are helpful for accurate estimation (Sordi, André et al., 

2014; Thies et al., 2020). Further model incorporation of additional biological N fixation processes 
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(Fuchs et al., 2020), destabilization on the N substrates and the death of fine roots (Ruan et Robertson, 

2017) are helpful in improving the estimation. It is noteworthy that climate factors also change the 

magnitude of grazing lands N2O emissions. But inconsistent effects of changing climate were obtained 

for field experiments and model estimated results due to the heterogeneity and complexity of climate 

factors that affects N2O emissions in both directions as reflected by our simulations (Chatskikh et al., 

2005; Dangal et al., 2019; Flechard et al., 2007). Therefore, higher quality global climate and 

management datasets are required to reduce the current uncertainties of estimations of N2O emissions 

from grazing lands and to support sustainable development (Tian et al., 2019).  

 

3.7 Conclusion 

Our study provided a reliable estimation of the magnitude, source, and uncertainty of global 

grazing lands N2O emissions. The results demonstrated the strong spatiotemporal variation patterns of 

N2O emission from grazing lands are largely determined by management practices, including chemical 

fertilizer application and grazing activities. Scenario simulations suggested N fertilizer is responsible 

for the overall increase in historical N2O emissions from global grazing lands. The contribution of the 

deposited excreta accounts for the largest source of total grazing lands N2O emissions but such effect 

was overestimated by previous oversimplified modeling studies. The exclusive effect of grazing 

activity may act as a less concern in emitting N2O. We further noticed the different descriptions of the 

forms of anthropogenic N inputs to grazing lands have major impacts on the estimated N2O emission 

patterns because the strong sensitivity to nitrate fraction of chemical fertilizer and inorganic proportion 

of deposited excreta N. This study has important implications for enhancing our understanding of the 

forms of external N additions in model estimations and mitigation strategy of grazing lands N2O 

emissions. 

 

3.8 Supplementary information 

3.8.1 Model description of production of N2O as well as manure allocation 

The TRIPLEX-GHG model used the concept anerobic balloon to separate the nitrification and denitrification 

processes.  
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The anaerobic volumetric fraction (ANVF) was the key parameter, which represents the soil oxygen status 

and regulates the allocation rates of the substrates (e.g., dissolved soil organic carbon (DOC), NH4
+, and NO3

-) 

for nitrification and denitrification. It was calculated using the oxygen partial pressure and the air-filled porosity 

(S1): 

𝑎𝑛𝑣𝑓 = 𝑒−𝑆𝑃𝑂2·𝑃𝑂2    (s1) 

where 𝑆𝑃𝑂2  is the shape parameter, and 𝑃𝑂2  is calculated based on air-filled porosity, which can be 

substituted for missing aggregated soil data for O2 calculations.  

In the TRIPLEX-GHG model, nitrification is an aerobic process that occurs outside of the anaerobic balloon, 

converting ammonium (NH4
+) into nitrate (NO3

-) driven by nitrifying bacteria with N2O as a by-product (Li, C. 

S. et al., 2000; Morkved et al., 2007; Zhang, K. et al., 2017). The nitrification rate was calculated using the 

Michaelis–Menten function based on the concentration of NH4
+ and the microbial activity of the nitrifying 

bacteria which is defined by nitrifier growth and death rates. The effects of the soil properties were also 

simulated. 

𝑅𝑛𝑖𝑡 =  𝐵𝑛𝑖𝑡 ·  
𝑅𝑚𝑎𝑥·[𝑁𝐻4]

(6.18+[𝑁𝐻4])
· 𝑝𝐻    (s2) 

Where 𝑅𝑛𝑖𝑡 is the nitrification rate (kg N m-2 d-1); 𝑅𝑚𝑎𝑥 is the maximum nitrification rate (d-1); [NH4] 

represents the NH4+ concentration (kg N m-2); Bnit is the biomass concentration of nitrifiers (kg C m-2); and 

pH is the soil pH level. 

Denitrification is the process through which the nitrate is reduced stepwise into different nitrogen gases as a 

chain reaction process inside of the anaerobic balloon. Denitrification can be divided into 4 independent steps, 

which are linked by the competition for DOC by the specific denitrifiers during each step (Betlach et Tiedje, 

1981). Similarly, the growth and mortality rates of the different denitrifiers utilized a double substrate based 

(DOC and NOx) Michaelis–Menten equation. The consumption of 𝑁𝑂𝑋  for the growth of the different 

denitrifiers was calculated at an hourly time step according to previous studies as is shown in the following Eq 

s3. (1) (Leffelaar and Wessel, 1998; (Li, C. S. et al., 2000): 

𝐹𝐴𝑁𝑁𝑂𝑋 =  𝐶𝑂𝐸𝑑𝑁𝑂𝑋 ·  𝐵𝑑𝑒𝑛𝑖𝑡 · (
𝑅𝑁𝑂𝑋

𝐸𝐹𝐹𝑁𝑂𝑋
+

𝑀𝐴𝐼𝑁𝑂𝑋·[𝑁𝑂𝑋]

[𝑁]
) · 𝑓𝑁𝑂𝑋(𝑝𝐻) · 𝑓(𝑡).                  (s3) 

Here, 𝐹𝐴𝑁𝑁𝑂𝑋  is the consumption rate of NOX (kg N m-3 h-1); 𝐶𝑂𝐸𝑑𝑁𝑂𝑋  is the coefficient of 𝑁𝑂𝑋 

consumption; 𝐵𝑑𝑒𝑛𝑖𝑡  is the biomass of the denitrifiers (kg C m-3); 𝑅𝑁𝑂𝑋  is the NOX reduction rate (h-1); 

𝐸𝐹𝐹𝑁𝑂𝑋 is the efficiency of the NOX denitrifiers (kg C kg N -1); 𝑀𝐴𝐼𝑁𝑂𝑋 is the maintenance coefficient of 

NOX (h-1); [𝑁𝑂𝑋] and [𝑁] are the NOX and total N concentrations in the anaerobic balloon, respectively; and 
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𝑓𝑁𝑂𝑋(𝑝𝐻) and 𝑓(𝑡) are the effects of the soil pH and soil temperature on the NOX denitrification rate in each 

step, respectively. 

The manure-sourced N entered the different inorganic N and organic N pools separately. The organic portion 

of the manure was added to up to 3 soil organic matter pools (the non-protected, protected, and passive organic 

carbon pools) separately for further decomposition. 

𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝐻4
+ = 𝑅𝑁𝐻4 · 𝑀𝑎𝑛𝑢𝑟𝑒𝑁.                                                (s4) 

𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝑂3
− = 𝑅𝑁𝑂3 · 𝑀𝑎𝑛𝑢𝑟𝑒𝑁.                                                (s5) 

𝑀𝑎𝑛𝑢𝑟𝑒𝐶𝑆𝑂𝑀 = 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑆𝑂𝑀 · 𝐶: 𝑁𝑆𝑂𝑀 · 𝑀𝑎𝑛𝑢𝑟𝑒𝑁.                                (s6) 

Here, 𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝐻4
+ and 𝑀𝑎𝑛𝑢𝑟𝑒𝑁𝑂3

− are manure-sourced NH4
+-N and NO3

--N, respectively, which are 

calculated using the ratio of ammonia and nitrate (i.e., 𝑅𝑁𝐻4 and 𝑅𝑁𝑂3) to total manure N. 𝑀𝑎𝑛𝑢𝑟𝑒𝐶𝑆𝑂𝑀 is 

the amount of manure that entered the different SOM pools; 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑆𝑂𝑀 is the proportion of manure N 

added to the different SOM pools; and 𝐶: 𝑁𝑆𝑂𝑀 is the C:N ratio of a particular SOM pool. 

For more detailed process descriptions of the model, please check the Zhang et al. (2017) and Song et al. 

(2021). 

 

3.8.2 Model descriptions of integrated processes related with grazing lands 

Livestock grazing effects  

Any change in grazing practices mostly affects the quantity and quality of the animal waste input 

and grass litter incorporation, which eventually redefines the soil C and N balance with the local 

climate and soil conditions. The deposited excreta of grazing livestock, including urine and dung are 

important nutrient (e.g., C and N) sources to grazed soil.  

Urine is considered directly as the practice named ‘fertigation’ which adds inorganic N substrates 

and water to soil surface simultaneously. However, the chemical composition of dung includes both 

inorganic and organic N which is further separated in respect of different C:N ratios of soil organic 

matter pools for further decomposition. Based on previous modeling and field experiments, the 

amounts and properties of input dung and urine were calculated by the following equations accordingly 

(Reed et al., 2015; Velthof, Gerard L et al., 2015; Zhang, B. et al., 2017) (Eq.1-4): 

𝑁𝑑𝑢𝑛𝑔 = (1.0 − 𝑅𝑐𝑜𝑙𝑙𝑒𝑐𝑡) · 𝑅𝐷𝑁𝑖 · min (∑ ℎ𝑒𝑎𝑑𝑖 · 𝑎𝑑𝑁𝑐𝑜𝑛𝑖 · (1.0 − 𝑁𝑈𝐸𝑖), 𝐸𝑥𝑁𝑟𝑎𝑡𝑒𝑖)𝑛
𝑖=1            (S1) 

𝐶𝑑𝑢𝑛𝑔 =  𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛𝑆𝑂𝑀 · 𝐶: 𝑁𝑆𝑂𝑀 ·  𝑁𝑑𝑢𝑛𝑔                                               (S2) 

𝑁𝑢𝑟𝑖𝑛𝑒 = (1.0 − 𝑅𝑐𝑜𝑙𝑙𝑒𝑐𝑡) · 𝑅𝑈𝑁𝑖 · min (∑ ℎ𝑒𝑎𝑑𝑖 · 𝑎𝑑𝑁𝑐𝑜𝑛𝑖 · (1.0 − 𝑁𝑈𝐸𝑖), 𝐸𝑥𝑁𝑟𝑎𝑡𝑒𝑖)𝑛
𝑖=1           (S3) 
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 𝑤𝑢𝑟𝑖𝑛𝑒 = 𝑁𝑢𝑟𝑖𝑛𝑒 · 𝑅𝑁𝑢𝑖𝑛𝑒                                                          (S4) 

where i=1-n correspond to different major livestock species, dairy cow, beef cattle, swine, sheep 

and other species respectively. While only one livestock species was involved for most of the reported 

field experiments which were included in calibration and validation. 𝑁𝑑𝑢𝑛𝑔 and 𝐶𝑑𝑢𝑛𝑔 denote the N 

and C content of dung left on the soil surface for each grazing day and 𝑁𝑢𝑟𝑖𝑛𝑒  represents the N 

concentration of animal deposited urine, respectively. 𝑅𝑐𝑜𝑙𝑙𝑒𝑐𝑡 means the recollected ratio for dung 

and the value is set based on the information ‘ratio for manure left on grassland’ provided by Zhang et 

al. (2017). 𝑅𝐷𝑁𝑖 and 𝑅𝑈𝑁𝑖 are used for representing the ratios that deposited nitrogen in feces is 

split into urine and dung for species i, respectively.  𝑁𝑈𝐸𝑖 indicate the nutrient use efficiency for 

nitrogen (from consumed vegetation) of species i and the values were taken from IPCC (2019) (Table 

10.20) which described the fraction of daily N intake that is retained by different grazing animals while 

𝐸𝑥𝑁𝑟𝑎𝑡𝑒𝑖 is the default N excretion rate for livestock category i based on Zhang et al. (2017). ℎ𝑒𝑎𝑑𝑖 means the 

number (density, head ha-1) of the livestock species i. In the meantime, the 𝑎𝑑𝑁𝑐𝑜𝑛𝑖 denote the daily 

N consumption rate from vegetation for species i per animal (based on the consumed C and vegetation 

C:N ratios). 𝐶: 𝑁𝑆𝑂𝑀 represents the C:N ratios of different SOM pools. 𝑤𝑢𝑟𝑖𝑛𝑒 and 𝑅𝑁𝑢𝑖𝑛𝑒 indicated 

the volume of urine water and urine N concentration, respectively. The values of associated parameters 

were listed in Table 3.S1. 

 Meanwhile, grazing activity directly consumes aboveground plant biomass but trampling may also 

damage plant tissues which lead to a reduction in aboveground net primary productivity (NPP) as 

described with Eq.5. Meanwhile, trampling also induces soil compaction, which changes the soil 

physical properties (i.e., soil prosperity and oxygen diffusion rate) and thereby affecting the subsequent 

processes of production and release of gases. Such effect is mostly observed for top layer of the soil 

profile. 

𝑓𝑔 = 𝐼𝑔𝑟𝑎𝑧 · (−0.0072 + 𝐶𝑂𝐸𝑡𝑟𝑎𝑚𝑝 · ℎ𝑒𝑎𝑑𝑖)                            (S5) 

Where 𝑓𝑔 (%) means the reduction rate of plant growth with existence of grazers at one time step 

(daily); 𝐼𝑔𝑟𝑎𝑧   is the indicator of grazing activity and 𝐶𝑂𝐸𝑡𝑟𝑎𝑚𝑝  donates the coefficient of animal 

trampling effect. 

Freeze-thaw cycle  

For natural grasslands and those with minor management practices, freeze-thaw induced N2O 

emission pulse dominate the annual total N2O budget. The denser and higher vegetation cover supports 
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higher snow-pack which further promotes microbial activities and provides more moisture supply with 

rising temperature in early spring compared with intensively grazed grasslands. For current model, soil 

temperature is designed to trigger the freeze-thaw cycle. When soil temperature is below 0 ℃, a 

fraction of microbial biomass dies followed by further decomposition and released dissolved organic 

C (DOC) as well as N-substrate from dead microbial biomass. A proportion of these nutrient are 

trapped within frozen soil aggregates. As soil temperature recover to 0℃, the trapped DOC, NH4
+, and 

NO3
- are mobilized gradually with free water and stimulates denitrification process. Equation 4 to 9 

describe the process in detail. 

𝐹𝑑𝑚𝑖𝑐𝑓𝑟𝑜𝑠𝑡 = 𝐶𝑂𝐸𝑓𝑟𝑜𝑠𝑡 · 𝑒(𝑇𝑒𝑚𝑝𝑚𝑖𝑛−𝑇𝑠𝑜𝑖𝑙𝑖)                                       (S6) 

𝐷𝑂𝐶𝑑𝑚𝑖𝑐 = 𝐵𝑚𝑖𝑐 · 𝐹𝑑𝑚𝑖𝑐𝑓𝑟𝑜𝑠𝑡                                                          

(S7) 

𝑆𝑡_𝑁𝑂3𝑑𝑚𝑖𝑐 = 𝐼𝑚𝑚𝑜𝑏 · 𝐵𝑚𝑖𝑐 · 𝐹𝑑𝑚𝑖𝑐𝑓𝑟𝑜𝑠𝑡 · 𝑅𝑐𝑛𝑚𝑖𝑐                      (S8) 

𝑆𝑡_𝑁𝐻4𝑑𝑚𝑖𝑐 = 𝐼𝑚𝑚𝑜𝑏 · 𝐵𝑚𝑖𝑐 · 𝐹𝑑𝑚𝑖𝑐𝑓𝑟𝑜𝑠𝑡 · 𝑅𝑐𝑛𝑚𝑖𝑐                      (S9) 

𝑅𝑙_𝑁𝑂3𝑑𝑚𝑖𝑐 = 𝑊𝐹𝑃𝑆 · 𝑆𝑡_𝑁𝑂3𝑑𝑚𝑖𝑐                                               

(S10) 

𝑅𝑙_𝑁𝐻4𝑑𝑚𝑖𝑐 = 𝑊𝐹𝑃𝑆 · 𝑆𝑡_𝑁𝐻4𝑑𝑚𝑖𝑐                                              (S11) 

Where 𝐹𝑑𝑚𝑖𝑐𝑓𝑟𝑜𝑠𝑡  indicates the fraction of dead soil microbial biomass induced by freezing 

temperature. 𝑇𝑒𝑚𝑝𝑚𝑖𝑛 and 𝑇𝑠𝑜𝑖𝑙𝑖 is the minimum air temperature of the reference year (monthly 

mean of 1901-1920) and soil temperature for layer i respectively while 𝐶𝑂𝐸𝑓𝑟𝑜𝑠𝑡 is the coefficient of 

frost induced death. 𝐷𝑂𝐶𝑑𝑚𝑖𝑐  represents the DOC concentration from dead microbes. The variable 

𝐼𝑚𝑚𝑜𝑏 means the ice-induced immobilization ratios which is a related with soil texture, ice-content, 

and free water concentration. 𝑆𝑡_𝐷𝑂𝐶𝑑𝑚𝑖𝑐, 𝑆𝑡_𝑁𝐻4𝑑𝑚𝑖𝑐, and 𝑆𝑡_𝑁𝑂3𝑑𝑚𝑖𝑐 mean the DOC, NH4
+, 

and NO3
- immobilized by soil ice-parcels while 𝑅𝑙_𝐷𝑂𝐶𝑑𝑚𝑖𝑐 , 𝑅𝑙_𝑁𝐻4𝑑𝑚𝑖𝑐 , and 𝑅𝑙_𝑁𝑂3𝑑𝑚𝑖𝑐 

represent the released part of the immobilized nutrients, which could be utilized for plant growth, 

microbial regrowth, and N-trace gas production. 𝐵𝑚𝑖𝑐  is the soil micro-biomass (g C m-2) and 

𝑅𝑐𝑛𝑚𝑖𝑐 is the C:N ratio of soil microbes as calculated within model, respectively. 

 Moreover, we improved the simulation of snow melting, soil freezing point depression and soil 

hydraulic conductivity. Soil water never freezes completely as new ice formation is calculated based 

on a ratio of the available liquid water, so that the process that the freezing point of soil moisture 
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decreases linearly with increasing soil ice content was described in Eq.12. 

𝑇_𝐹𝑟𝑒𝑒𝑧𝑒𝑖 = 𝑇𝑚𝑒𝑙𝑡 − 𝐶𝑂𝐸𝑖𝑐𝑒𝑓𝑜𝑟𝑚 · 𝐼𝑠𝑜𝑖𝑙𝑖                 (S12) 

Here, 𝑇_𝐹𝑟𝑒𝑒𝑧𝑒𝑖 denotes the freezing point of soil layer i, 𝑇𝑚𝑒𝑙𝑡 means the ice-melting point (0℃) 

while 𝐼𝑠𝑜𝑖𝑙𝑖  is the soil ice content (%) of layer i. 𝐶𝑂𝐸𝑖𝑐𝑒𝑓𝑜𝑟𝑚  indicates the coefficient of ice-

formation. 

 

3.8.3 Evaluation of model performances on site level 

For model calibration, we adjusted value of the most sensitive parameter of the N2O emissions 

(obtained from sensitivity analysis of parameters) in order to fit the best model performance by 

comparing the output of daily N2O flux data with the observed data obtained from published papers 

via trial and error and statistical model performance indicators.  

The index of agreement (D), the root mean square error (RMSE), and the coefficient of determination 

(R2) were used to evaluate our model’s performance in daily time step, and the D-value and RMSE 

were calculated as follows: 

𝐷 = 1 −   
∑ (𝑆𝑖−𝑂𝑖)2𝑛

𝑖=1

∑ (|𝑆𝑖−¯𝑂|+|𝑂𝑖−𝑂|)2𝑛
𝑖=1

,                                                 (s7) 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑆𝑖−𝑂𝑖)2𝑛

𝑖=1

𝑛
.                                                      (s8) 

Here, 𝑆𝑖  is the ith simulated result corresponding to the number of observations; 𝑂𝑖  is the ith 

observed value; and 𝑂 is the mean of the observed values during the experimental period. D varies 

between 0 and 1, and is excessively sensitive to extreme values (Willmott, 1981). The model 

performance was considered to be perfect and unmeaningful when the D value was set to 1 and 0, 

respectively. The RMSE is the key value representing the difference between the simulated and 

observed values, and is significantly affected by the data units (e.g., mg N m-2 day-1 compared with kg 

N ha-1 day-1). 

All the observed N2O flux data was obtained from published literatures with GetData software 

(Digitize graphs and plots - GetData Graph Digitizer - graph digitizing software (getdata-graph-

digitizer.com)) 

 

3.8.4 Description of model input dataset 

Climate data: we obtained daily climate data from reconstructed climate dataset in daily time step 

http://getdata-graph-digitizer.com/
http://getdata-graph-digitizer.com/
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from 1901-2015 provided by Climatic Research Unit–National Centers for Environmental Prediction 

(CRU–NCEP) climate version 7 which is a fusion of the CRU and NCEP–NCAR reanalysis climate 

datasets 

(https://www.earthsystemgrid.org/dataset/ucar.cgd.ccsm4.CRUNCEP.v4.TPHWL6Hrly.html). Major 

variables include minimum, average and maximum air temperature (K), precipitation (mm/6h), 

specific humidity (%), air pressure (kp) and wind speed (m/s) to drive the model. 

N deposition data: The monthly atmospheric N depositions (NHx-N and NOy-N) during 1860–

2014 were primarily based on the International Global Atmospheric Chemistry (IGAC)/Stratospheric 

Processes and Their Role in Climate (SPARC) Chemistry–Climate Model Initiative (CCMI) N 

deposition fields. CCMI models explicitly considered N emissions from natural biogenic sources, 

lightning, anthropogenic and biofuel sources as well as biomass burning (Eyring et al. 2013). The 

transport of N gases was simulated by the chemical transport module in CCMI models. These data 

were recommended by the Coupled Model Intercomparison Project (CMIP) and used as the official 

products for CMIP6 models that lack interactive chemistry components 

(https://blogs.reading.ac.uk/ccmi/forcing-databases-in-support-of-cmip6/). 

Vegetation cover data: For model initialization, we generated vegetation cover data by overlaying 

the Global Land Cover Map for 2009 (GlobCover2009) based on Medium Resolution Imaging 

Spectrometer (MERIS) remote sensing data (http://due.esrin.esa.int/page_globcover.php) with the 

ecoregions framework from the World Wildlife Fund (WWF). For model calibration and validation, 

the input information of land cover data is based on the corresponding published literatures (e.g., 

savanna; grassland / steppe; dense shrubland; open shrubland). Relying on these land cover data as 

input information, an overall 14 plant functional types (PFTs) are provided within the model structure 

and a set of climatic criteria determines which PFTs are allowed to exist in each grid cell. 

During model simulation, the annual vegetation maps were aggregated from the Climate Change 

Initiative land cover project led by the European Space Agency (ESA−CCI−LC), which span cover a 

period of 24 years from 1992 to 2015 at a spatial resolution of 300m (ESA, 2017, 

http://maps.elie.ucl.ac.be/CCI/viewer/). These maps describe the terrestrial surface of the Earth in 37 

original land cover (LC) classes based on the United Nations Land Cover Classification System (UN-

LCCS) (Di Gregorio, 2005). These data were developed by combining the global daily surface 

reflectance of 5 different observation systems, and the data accuracy was evaluated at a global scale 
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(ESA, 2017). 

Land use data: Annual grassland area and relative fraction of grid cell from 1860 to 2016 was 

acquired from the History Database of the Global Environment, version 3.2 (HYDE 3.2), datasets 

(ftp://ftp.pbl.nl/hyde/), which reconstructed time-dependent land use by historical population and 

allocation algorithms with weighting maps (Goldewijk et al. 2017). In support of the calculation of 

arid index, population density, grazing lands were further divided into pasture and rangeland which 

referred to extensively managed and intensively managed grassland respectively. Pasture receives 

chemical fertilizer and manure application during growing seasons to produce high level of 

grass/forage production, meanwhile, more intense grazing rate (density of livestock and duration days) 

often take place in pasture land. In comparison, rangeland only experience grazing activity and the 

only soil N input is animal excreta N. Pasture and rangeland were also categorized into C3 and C4 

grass referring to local climate characteristics. Such category approach was also accepted by Dangal 

et al. (2019) and Tian et al. (2018) for process-based driven global simulation assessments.  

In order to assess how discrepancies in land maps translate to differences in patterns and 

magnitude of grassland N2O emissions, another 2 land use maps were utilized.  

Soil data: Global soil information of properties (soil texture and soil pH) and classification were 

obtained from the FAO/UNESCO Soil Map of the World 

(http://www.fao.org/geonetmork/srv/en/metadata.show?id514116) and data set provided by Batjes 

(2006) respectively. Meanwhile soil C and C:N ratio data for model initialization were generated from 

a global soil data set (IGBP-DIS; 2000). 

Topographic data: We used a global digital elevation model (DEM) with an approximate spatial 

resolution of 1 km (GTOPO30) for topography input (http://www.temis.nl/data/gtopo30.html). 

Atmospheric CO2 concentration data: Monthly atmospheric CO2 concentration data for the simulation 

period from 1860 to 2015 was obtained from the NOAA GLOBALVIEW-CO2 dataset derived from 

atmospheric and ice core measurements (www.esrl.noaa.gov). 

Grassland N management data: For the site-level model calibration and validation processes, the 

amount and property (e.g., NH4
+:NO3

-, C:N ratios) of N input rates (chemical fertilizer, manure 

application) were based on the published literatures while if the corresponding information was not 

provided, we obtained the input data used for global simulation instead. 

For the global simulation, the datasets associated with grassland management of nitrogen were 

http://www.esrl.noaa.gov/
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provided by Lu et al. (2019), including annual manure N deposition (by grazing animals) rate, synthetic 

N fertilizer and N manure application rates at a resolution of 0.5°× 0.5°. Synthetic N fertilizer applied 

to pastureland only and it started from 1961 same as described by Nishina et al. (2017) and Lassaletta 

et al. (2014) while the applied manure on pastureland and deposited excreta N were for the period from 

1860 to 2016 based on FAO dataset (2018) and Zhang et al. (2017). The properties of applied N 

fertilizer and manure were generated from Nishina et al. (2017) and Li et al. (2012), Song et al. (2021), 

respectively. Meanwhile, the deposited excreta properties were based on Wolf et al. (2012) and Li et 

al. (2012). The annual N input rates were separated into daily application due to the varying timing of 

application on pasture and rangeland area. 

All of the input information was transformed to a spatial resolution of 0.5°×0.5° (about 50×50 km) 

using the ArcMap software (version 10.2) before the simulation. 
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3.8.5 Supplementary Figures 

 

 

Figure 3.S1 Model’s structural concept and the integration of the effects of grazing 

management into the TRIPLEX-GHG model v2.0 (revised with permission from Zhang et al. 

(2017)). The rectangular inset with the light green background represents the different 

management and natural processes and how they interact with the other submodules (e.g., the 

land surface module). 
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Figure 3.S2 Comparison of the modeled and measured N2O emissions from the rangeland 

(unmanaged or sites with grazing activity only) and pastureland (intensively managed) sites 

with a daily time step. 

MG-U and NP-U: unmanaged sites in Mongolia and North China Plain, respectively. MG-R: 

rangeland in Mongolia; NP-Rs: summer grazed rangeland in North China Plain; NP-Rw: 

winter grazed rangeland in North China Plain; TP-R: rangeland in Tibetan Plateau. 

Comparison of the modeled and measured daily N2O fluxes from pastureland sites (intensively 

managed) with a daily time step. CA-P: pastureland in Canada; US-P: pastureland in the 

United States; NDP and NT-P: pasturelands in the Netherlands; IR-P: pastureland in Ireland; 

XJ-P: pastureland in Xinjiang; BZ-P: pastureland in Brazil; AU-P: pastureland in Australia  
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Figure 3.S3 Annual and seasonal variations of N2O emissions from global grazing-lands and 

from pasturelands and rangelands of different continents  
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Figure 3.S4 Spatial variations of annual mean N2O emissions from global pasturelands (a) and 

rangelands (b) during 1961 – 2016.  
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Figure 3.S5 Historical changes in total area of pastureland and rangeland, and fertilizer, 

manure application rates in pasturelands for (a) North America, (b) Europe, (c) Northern Asia, 

(d) Southern Asia, (e) Oceania, (f) Africa and (g) South America, respectively. 
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Figure 3.S6 Historical changes in total applied NH4
+ and NO3

- fertilizer to global pasturelands 

(a) and the variation of NO3
- fraction of applied fertilizer at the globe and each continent (b) 

respectively. NA: North America, EU: Europe, NAS: Northern Asia, AS: Southern Asia, AU: 

Oceanic, AF: Africa, SA: South America. 
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Figure 3.S7 Different scenario simulations (fraction of chemical fertilizer NO3
-, manure 

application rate fixed at the level of 1990 from 1990-2016) for European pastureland N2O 

emissions 
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Figure 3. S8 Spatial variation patterns of the modelled N2O emission difference between two time 

periods. (a) the difference of N2O emission from pastureland between 1990 and 1961; (b) the 

difference of N2O emission from pastureland between 2010 and 2000; (c) the difference of N2O 

emission from rangeland between 1990 and 1961 and (d) the difference of N2O emission from 

rangeland between 2010 and 2000. 
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Figure 3. S9 N2O emission difference generated by excluding livestock deposited excreta for (a) 

pasturelands and (b) rangelands, respectively. 
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Figure 3. S10 The difference of spatial distribution of global grazing-lands between two widely 

recommended global land use and land cover datasets: HYDE3.2 and LUH2_V2, respectively. 
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3.8.6 Supplementary Tables 

 

Table 3. S1. List of the major parameters and their default values for the new added processes 

and the key parameters. 

parameter description value  biome type 

stock 

species 

range unit reference 

COEdNO3 Coefficient of nitrate 

consumption of 

denitrification 

0.0128 Pastureland 0.00-0.05   (Song et al., 2022) 

0.0116 Rangeland 

COENR Coefficient of 

nitrification 

0.03 Pastureland 

and 

Rangeland 

0.00-0.08   (Zhang, K. et al., 

2017) 

       

𝑎𝑑𝑁𝑐𝑜𝑛 the daily N 

consumption rate of 

one livestock unit 

(LSU) 

Cows will voluntarily 

consume 2 percent of 

body weight or 24 

pounds per 

day(10.8kg) 

Livestock unit 0.18-0.67 kgN per 

livestock 

unit day-1 

 (Chang et al., 2016; 

Sheldrick et al., 2003) 

𝑁𝑈𝐸𝑖 nitrogen use 

efficiency of species i 

0.31 dairy cow 0.05-0.70 

 

NA  (Giese et al., 2013; Li, 

C. et al., 2012; Marsden 

et al., 2020; Stojanovic 

et al., 2019; Van der 

Hoek, 1998; Velthof, 

Gerard L et al., 2015; 

Wolf et al., 2012) 

0.27 beef cattle 

0.18 swine 

0.25 sheep/goat 

0.1 others 

𝑅𝐷𝑁𝑖 ratios that deposited 

nitrogen in feces is 

split into dung for 

species i 

0.5  cow 0.0-0.60 NA  (Beltran et al., 2022; 

Li, C. et al., 2012; Reed 

et al., 2015; Wolf et al., 

2012) 

0.5  cattle 

0.21 swine 

0.2 sheep/goat 

0.1 others 

𝑅𝑈𝑁𝑖 ratios that deposited 

nitrogen in feces is 

split into urine for 

species i 

0.5 dairy cow 0.4-1.0 NA 

0.5 beef cattle 

0.79 swine 

0.8 sheep/goat 

0.4 others 

𝐸𝑥𝑁𝑟𝑎𝑡𝑒𝑖 default N excretion 

rate for livestock 

category i 

0.22 dairy cow 0.01-0.48 kgN head-1 

day-1 

 (Sheldrick et al., 2003; 

Zhang, B. et al., 2017) 0.14  beef cattle 

0.05  swine 

0.04 sheep/goat 

0.02 others 

𝑅𝑁𝑢𝑖𝑛𝑒 urine N concentration 5.2 cow & cattle 3.0-21.6 gN L-1 



151 

 

6.1 swine  (Bristow et al., 1992; 

Marsden et al., 2020; 

Powell et Rotz, 2015) 
8.0 sheep 

𝐶𝑂𝐸𝑡𝑟𝑎𝑚𝑝 coefficient of animal 

trampling effect 

0.05 NA 0.04-0.08 NA  (Bhandral et al., 2007; 

Wolf et al., 2012) 

𝐶𝑂𝐸𝑖𝑐𝑒𝑓𝑜𝑟𝑚 coefficient of ice-

formation 

0.25 NA 0.2-0.3 NA  (Wolf et al., 2012) 

 

1 LSU indicates a mature dairy cow, while beef cattle was considered at 0.5, sheep and goats at 0.1, pigs at 

0.35, other poultry at 0.018 LSU) based on Liu et al. 2015 and Li et al. 2012, 

www.agupdate.com/agriview/news/livestock.
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Table 3. S2. Environment and management data for the experimental sites used for the model calibration. 

Site ID Lat. Lon. Exp. period N fertilizer 

(kgN ha−1 

yr−1) 

Stocking rate 

(head ha−1 

yr−1) 

Soil properties Performance indices Measured daily 

mean N2O flux 

(mgN m−2 day−1) 

Modeled daily 

mean N2O flux 

(mgN m−2 day−1) 

Reference  

pH Sand 

(%) 

Clay 

(%) 

C:N 

ratio 

D, RMSE, R 

MG-R 43.51 116.7 2008–2009 0 0 7.55 33 25 9.39 0.79, 0.17, 0.66 0.060 0.076  (Wolf et 

al., 2010) 

NP-R 41.76 115.67 2012–2013 0 0 7.63 71.9 10.4 8.89 0.71, 0.16, 0.63 0.088 0.085  (Yang et 

al., 2015) 

MG-R 43.51 116.7 2008–2009 0 1.03 (sheep) 7.55 33 25 9.39 0.47, 0.71, 0.34 0.008 0.029  (Wolf et 

al., 2010) 

NP-Rw 41.77 115.68 2012–2013 0 1.5 (sheep) 7.7 50.6 21.8 8.63 0.60, 0.75, 0.36 0.039 0.071  (Yang et 

al., 2015) 

NP-Rs 41.78 115.69 2012–2013 0 2.1 (sheep) 8.07 45.3 18.8 8.86 0.53, 0.06, 0.22 0.031 0.043  (Yang et 

al., 2015) 

TP-R 34.01 102.71 2013–2014 0 6.8 (sheep) 7.1 25 15 13.4 0.76, 0.035, 0.58 0.043 0.039  (Zhang, 

H. et al., 

2018) 

CA-P 49.66 −96.78 2004–2006 M148 0 7 12 40.5 9.37 0.65, 0.73, 0.58 0.131 0.088  (Tenuta et 

al., 2010) 

US-P 40.84 −104.71 2012–2014 M430 0 7.6 32.5 26 8.89 0.69, 0.29, 0.52 0.160 0.123  (Nichols 

et al., 

2016) 

ND-P 51.99 5.62 2001–2002 M410 0 6.5 20 48 12.28 0.81, 0.34, 0.69 0.215 0.253  (Schils et 

al., 2008) 

NT-P 52.43 6.23 1992–1994 F305 1.2 (cow) 4.65 85.5 4.5 14.53 0.78, 4.70, 0.64 3.096 3.424  (Velthof, 

G. L. et al., 

1996) 

IR-P 52.86 −6.90 2003–2004 F200 0.9 (cattle) 6.6 39 25.5 9.15 0.63, 1.27, 0.43 0.650 0.625  (Abdalla 

et al., 

2010) 
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XJ-P 42.88 83.71 2010–2011 F100 0 6.65 46 20 9.34 0.85, 0.31, 0.88 0.400 0.326  (Li, K. et 

al., 2012) 

BZ-P −25.39 −49.13 2011–2012 M220 0 4.8 33.5 45 11.51 0.89, 2.47, 0.82 1.593 1.257  (Sordi, 

André et 

al., 2014) 

AU-P −28.87 152.87 2014–2017 F380 2.5 (cow) 6.0 25.0 45.0 12.0 0.35, 4.22, 0.20 1.788 1.852  (De Rosa 

et al., 

2020) 

 

The site ID letters R and P indicate rangeland and pastureland, respectively. For the N applications, M and F indicate the application of manure and chemical 

fertilizer, respectively. 
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Table 3. S3. Information on the sites used for the model validation. 

Veg. type  Lat. Lon. Per. N fer. app. 

(kgN ha-1 yr-1) 

manure N app. 

(kgN ha-1 yr-1) 

grazing density 

(LU ha-1 yr-1) 

cutting Measured daily mean 

N2O (mgN m-2 day-1) 

Modeled daily mean 

N2O (mgN m-2 day-1) 

Reference 

rangeland 40.01  -105.55  2007 NA NA NA NA 0.36 0.25  (Filippa et al., 2009) 

rangeland 49.33  119.91  2001-2012 NA NA NA Yes 0.76 0.78  (Xu, L. et al., 2018) 

rangeland 15.95  -15.32  2014-2015 NA NA 0.96 NA 1.53 0.25  (Assouma et al., 2017) 

rangeland -27.33  152.88  2013-2015 NA NA NA Yes 0.08 0.10  (van Delden et al., 2018) 

rangeland 46.69  19.60  2006-2007 NA NA 0.65 NA 0.04 0.04  (Horvath et al., 2008) 

rangeland 45.61  2.75  2002-2005 NA NA 0.5 NA 0.04 0.06  (Flechard et al., 2005) 

rangeland 46.77  -100.90  2016-2019 NA NA 1.47 NA 0.62 0.08  (Liebig et al., 2020) 

rangeland 50.21  -113.91  2013-2015 NA NA 13.2 NA 0.03 0.05  (Gao et al., 2018) 

rangeland 44.17  116.37  2013-2014 NA NA NA NA 0.14 0.15  (Bai et al., 2018) 

rangeland 3.62 -76.31 2014-2015 NA NA 1.3 NA 0.96 0.49  (Rivera et al., 2019) 

pastureland -1.26  36.72  2014 NA M403 NA NA 0.41 0.34  (Pelster et al., 2016) 

pastureland -21.43  -48.39  2012-2013 170 NA 5.75 NA 0.20 0.22  (Cardoso et al., 2017) 

pastureland -34.10  150.70  2012-2014 460 NA NA Yes 0.65 0.67  (Dougherty et al., 2016) 

pastureland -21.25 -48.3 2013-2014 80 NA Na Yes  1.84 2.20  (Cardoso et al., 2019) 

pastureland 36.24  -93.91  2000-2001 NA D144 Yes NA 0.40 0.46  (Sauer et al., 2009) 

pastureland -30.09  -51.67  2013-2014 NA U1325+D861 NA Yes 0.31 0.37  (Schirmann et al., 2020) 

pastureland -0.10  35.49  2013-2014 NA U1066+D240 NA Yes 0.72 0.80  (Tully et al., 2017) 

pastureland 47.90  9.99  1996-1998 NA M167.5 NA Yes 0.08 0.09  (Glatzel et Stahr, 2001) 
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Veg. type  Lat. Lon. Per. N fer. app. 

(kgN ha-1 yr-1) 

manure N app. 

(kgN ha-1 yr-1) 

grazing density 

(LU ha-1 yr-1) 

cutting Measured daily mean 

N2O (mgN m-2 day-1) 

Modeled daily mean 

N2O (mgN m-2 day-1) 

Reference 

pastureland 53.36  -4.52  2018 NA U925 NA Yes 0.31 0.30  (Marsden et al., 2019) 

pastureland 55.87  -3.00  2002-2003 200 NA NA NA 1.51 1.60  (Flechard et al., 2007) 

pastureland 55.89 3.43 2002-2004 300 NA Na  Na  0.64 0.72  (Jones et al., 2005) 

pastureland 47.29  7.72  2002-2004 30 M150 NA NA 0.53 1.15  (Flechard et al., 2005) 

pastureland 52.85  -8.35  2009-2010 57.5 M31 0.8 Yes 1.74 1.30  (Li, D. et al., 2011) 

pastureland 51.86  6.14  2010-2012 265 NA NA Yes 2.34 2.21  (Helfrich et al., 2020) 

pastureland 49.23  -121.76  2001-2002 105 M22.5 NA NA 0.30 0.27  (Bhandral et al., 2008) 

pastureland -40.38  175.30  2002-2004 40 NA 1.7 NA 0.74 0.77  (Saggar et al., 2007) 

pastureland -43.68  172.61  2014 NA U600 NA Yes 1.87 1.34  (Di et al., 2016) 

pastureland -45.8 170.3 2018-2019 NA U560 NA NA 2.34 2.14  (Simon et al., 2019) 

pastureland -28.80  152.90  2015-2016 381 NA NA Yes 0.73 0.66  (Mumford et al., 2019) 

pastureland -38.43  143.78  2010-2011 240 NA NA Yes 0.07 0.06  (Suter et al., 2016) 

pastureland -25.38  -49.12  2011 NA U3300 NA Yes 4.00 5.13  (Sordi, Andre et al., 2014) 

pastureland 42.35  142.49  2001-2004 80.75 NA NA Yes 0.67 0.55  (Katayanagi et al., 2008) 

pastureland 37.61  101.20  2010-2012 40 NA NA Yes 0.29 0.37  (Zhu, X. et al., 2015) 

pastureland 42.43 142.46 2013-2016 63 M181 NA Yes 1.69 1.03  (Nagatake et al., 2018) 

pastureland -11.84  -55.62  2016 80 NA NA NA 0.40 0.23  (do Nascimento et al., 2021) 

pastureland -37.78  175.30  2013-2014 NA U492  NA NA 2.12 2.12  (Li, J. et al., 2016) 
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Veg. type  Lat. Lon. Per. N fer. app. 

(kgN ha-1 yr-1) 

manure N app. 

(kgN ha-1 yr-1) 

grazing density 

(LU ha-1 yr-1) 

cutting Measured daily mean 

N2O (mgN m-2 day-1) 

Modeled daily mean 

N2O (mgN m-2 day-1) 

Reference 

pastureland -37.78  175.80  2016-2017 37 NA 2.9 NA 1.78 1.95  (Liang, L. L. et al., 2018) 

pastureland 52.00  -6.00  2001-2003 225 NA 14 NA 3.42 3.56  (Hyde et al., 2006) 

pastureland -44.83 169.63 2016-2017 NA U371 NA NA 1.41 1.09  (Luo et al., 2019) 

pastureland -35.58 173.76 2016-2017 NA U310 NA NA 6.45 3.20  (Luo et al., 2019) 

pastureland -16.48 -49.31 2009-2010 NA U60 NA Yes 9.35 8.72  (Lessa et al., 2014) 

pastureland 49.69 -120.76 2014-2015 NA U247.58 NA NA 3.56 1.27  (Thomas et al., 2017) 

pastureland -30.08 -51.65 2009-2013 NA U251.33 NA NA 1.17 1.06  (de Bastos et al., 2020) 

pastureland 42.87 83.7 2013-2016 30 NA NA NA 0.08 0.40  (Geng et al., 2019) 

pastureland 36.9 139.97 2010-2011 NA U696 2.5 NA 1.05 1.51  (Mori et Hojito, 2015) 

pastureland -38.23 142.92 2013-2014 NA D448 NA NA 1.07 1.08  (Ward et al., 2018) 

pastureland 44.76 -90.09 2014-2016 NA U146 NA Yes  0.51 0.26 

 

 

LU : live stock unit. One live stock unit represents one mature dairy cattle. Other livestock species was calculated accordingly based on Liu et al. (2016). M, U and D 

indicate the application of manure, urine and dung, respectively. 
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Table 3. S4 The global correlation results between Emission Factors (EF1 and EF3PRP) and related 

management, environmental factors. All the data was log transformed before processing. 

 Variables t df cor p-value 

EF1 Fraction NO3
- 66.621 15983 0.47** <0.001 

Total fer app 25.259 19057 0.18** <0.001 

Soil pH -2.1253 19057 -0.01 0.034 

Soil clay content -3.2401 19057 -0.02* <0.01 

Soil C:N ratio -1.1589 19006 -0.008 0.2465 

Soil organic carbon 

content 

7.535 19057 0.054** <0.001 

Atmospheric N 

deposition 

35.881 19057 0.25** <0.001 

      

EF3PRP Amount of excreta -115.11 27568 -0.57** <0.001 

Soil pH -0.70235 28243 -0.00 0.48 

Soil clay content -10.575 28243 -0.06* <0.01 

Soil C:N ratio 2.097 28164 0.012 0.036 

Soil organic carbon 

content 

-3.4858 28243 -0.021* <0.01 

Atmospheric N 

deposition 

-17.699 28243 -0.10** <0.001 

 

The correlation is considered significant when p < 0.01 * and p < 0.001 **. 
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4.1 Résumé 

L'augmentation de la concentration atmosphérique de protoxyde d'azote (N2O) résulte du 

développement de l'agriculture. Cependant, les émissions de N2O provenant des écosystèmes rizicoles 

mondiaux n'ont pas encore été explicitement et systématiquement quantifiées. Cette étude vise donc à 

estimer l'ampleur spatio-temporelle des émissions de N2O des écosystèmes rizicoles mondiaux et à 

déterminer les différents facteurs contributifs, en améliorant un modèle biogéochimique basé sur les 

processus, TRIPLEX-GHG v2.0. La validation du modèle a montré que les émissions de N2O 

modélisées concordaient bien avec les observations de terrain sous différentes pratiques de gestion, 

aux échelles journalière, saisonnière et annuelle. Les émissions de N2O simulées des écosystèmes 

rizicoles mondiaux ont montré des tendances à la hausse significatives, passant de 0.026 ± 0.0013 à 

0.18 ± 0.003 TgN an-1 entre 1910 et 2020, avec environ 69.5 % des émissions attribuées aux saisons 

de culture du riz. Les écosystèmes rizicoles irrigués représentaient la majorité des émissions mondiales 

de N2O liées au riz (~76.9 %) en raison de leurs taux d'émission de N2O plus élevés par rapport aux 

systèmes pluviaux. En ce qui concerne l'analyse spatiale, le sud de la Chine, le nord-est de l'Inde et 

l'Asie du Sud-Est sont des points chauds pour les émissions de N2O liées au riz. Les scénarios 

expérimentaux ont révélé que les engrais azotés sont la plus grande source de N2O liée au riz au niveau 

mondial, en particulier depuis les années 1960 (0.047 ± 0.010 TgN an-1, 35.24 %), tandis que l'impact 

de l'expansion de l'irrigation joue un rôle mineur. Globalement, cette étude fournit une meilleure 

compréhension des écosystèmes rizicoles dans le bilan mondial du N2O agricole; de plus, elle a 

démontré quantitativement le rôle central des engrais azotés dans les émissions de N2O liées au riz en 

incluant le calendrier de culture du riz, en couvrant les saisons hors riz, en différenciant les effets des 

différents régimes hydriques et des formes d'apports en azote. Nos résultats soulignent l'importance de 

la co-gestion des engrais azotés et des régimes hydriques pour réduire l'impact climatique net de la 

culture mondiale du riz. 
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4.2 Abstract  

The increasing atmospheric nitrous oxide (N2O) concentration stems from the development of 

agriculture. As an important agricultural land type, N2O emissions from global rice-based ecosystems 

have not been explicitly and systematically quantified. Therefore, this study aims to estimate the 

spatiotemporal magnitudes of the N2O emissions from global rice-based ecosystems and determine 

different contribution factors, by improving a process-based biogeochemical model, TRIPLEX-GHG 

v2.0. Model validation suggested the modeled N2O agreed well with field observations under varying 

management practices at daily, seasonal, and annual steps. Simulated N2O emissions from global rice-

based ecosystems exhibited significant increasing trends from 0.026 ± 0.0013 to 0.18 ± 0.003 TgN yr-

1 from 1910 – 2020, with ~69.5% emissions attributed to the rice-growing seasons. Irrigated rice 

ecosystems accounted for a majority of global rice N2O emissions (~ 76.9%) because of their higher 

N2O emission rates than rainfed systems. Regarding spatial analysis, Southern China, Northeast India, 

and Southeast Asia are hotspots for rice-based N2O emissions. Experimental scenarios revealed that N 

fertilizer is the largest global rice-N2O source, especially since the 1960s (0.047 ± 0.010 TgN yr-1, 

35.24%), while the impact of expanded irrigation plays a minor role. Overall, this study provides a 

better understanding of rice-based ecosystem in global agricultural N2O budget; further it quantitively 

demonstrated the central role of N fertilizer in rice-based N2O emissions by including rice crop 

calendar, covering non-rice growing seasons, differentiating the effects of various water regimes and 

input N forms. Our findings emphasize the significance of co-management of N fertilizer and water 

regimes in reducing the net climate impact of global rice cultivation. 
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4.3 Introduction 

Nitrous oxide (N2O), is an important green-house gas with 265 – 298 times larger global warming 

potential than CO2 on a 100‐year timescale and is a persistent trace gas that induces ozone depletion 

(Canadell, 2021). The increasing atmospheric concentration of N2O is largely attributed to the 

development of agricultural lands under intensive agricultural practices, including N fertilizer 

application, irrigation, and tillage (Davidson & Kanter, 2014; Tian et al., 2020). Rice (Oryza sativa L.), 

a staple food crop that sustains a large population, accounts for ~ 8 – 11% of the global cultivation area 

(121.4 million ha) in the 21st century (Klein Goldewijk et al., 2017). N2O production and emissions 

from rice-based ecosystems are driven by microbial nitrification and denitrification processes and are 

regulated by multiple environmental and management factors (Akiyama et al., 2005; Butterbach-Bahl 

et al., 2013; Zou et al., 2009).  

Attempts to quantify the magnitude of rice-based N2O emissions found strong spatiotemporal 

variations across the globe. For instance, Kritee et al. (2018) reported that the N2O emission rate during 

one growing season in an intermittently flooded Indian fields was 21 kgN ha-1. Meanwhile, the mean 

emission rates obtained under varying fertilization regimes in a long-term flooded rice-paddy in 

southern China was ~2.5 kgN ha-1 yr-1 (Zhou et al., 2018). However, emissions less than 1 kgN ha-1 

yr-1 were also widely observed at continuous flooded rice fields in China (Liu et al., 2014), USA 

(Pittelkow et al., 2013), and Southeast Asia (Chidthaisong et al., 2018). Flooded rice-based ecosystem 

soils exhibit low N2O emissions because nitrification processes are strongly inhibited, while the 

complete reduction of N2O to N2 via denitrification is favored under the long-term anaerobic 

conditions (Kritee et al., 2018; W. Zhou et al., 2017). In addition, the high solubility of N2O combined 

with the strong run-off and leaching, account for this phenomenon during the flooding periods (Jian-

She et al., 2011; Xiong et al., 2006). Direct N2O emissions from rice-based ecosystems mainly occurs 

during midseason aeration in the rice-growing season and subsequent dry–wet alternations driven by 

local climates in the non-rice-growing (e.g., winter crops) or fallow seasons (Zhang et al., 2016; M. 

Zhou et al., 2017). Year-round observations found 4-fold higher N2O emissions during the non-rice-

growing seasons than during the rice-growing seasons (Pittelkow et al., 2013; Xie et al., 2022; M. 

Zhou et al., 2017); however, availability of annual continuous N2O emission measurements is limited. 

Therefore, owing to the inconsistent observed emission data, there is an incomplete understanding of 
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the contribution of rice-based ecosystems to the global N2O budget (Shang et al., 2020; Zhou et al., 

2014).  

The modeling approach is an essential tool to assess measurements and incorporate the 

spatiotemporal variations in N2O emissions from rice-based ecosystems. However, the development 

and application of such models remain insufficient due to an incomplete knowledge of the mechanisms 

and driving forces of rice ecosystem N2O emissions. Thus, existing model conceptualizations and 

descriptions lead to uncertainties in the outcomes, especially on large geographical scales. The 

Intergovernmental Panel on Climate Change (IPCC) recommends an empirical model that assigns 

different emission factors (EFs, percentage of N loss as N2O emission) for continuous flooded (0.22%) 

and intermittent flooded (0.37%) rice-paddies with background emissions (1.82 kgN ha-1 yr-1) 

(Akiyama et al., 2005). However, large discrepancies were widely detected between the IPCC modeled 

and observed emissions because EF-based models ignored the effects of environmental variables 

(Kritee et al., 2018; Xie et al., 2022; Zhou et al., 2018). Another source of uncertainty is that most 

models quantify N2O emissions during the rice-growing seasons exclusively, which only covers ~100–

240 days in a year, thus leading to an underestimated annual N2O budget (Bo et al., 2022; Shang et al., 

2020). Moreover, several empirical models only simulate fertilization-induced N2O emissions but 

excluded background emissions (Zou et al., 2009) which may account for more than 50% of annual 

emissions from paddy soils, thereby introducing large uncertainties in total emissions (Akiyama et al., 

2005). In addition to the empirical approaches, biogeochemical process-based models estimate N2O 

fluxes from rice-based ecosystems by providing detailed descriptions of microbial activities and 

nutrient cycles. In contrast, their application is area dependent and mainly limited to a particular case 

study at the site level. For instance, the DeNitrification and DeComposition Model (DNDC) showed 

different performances in estimating seasonal N2O emissions when implemented in various fields in 

California, USA (Simmonds, Li, et al., 2015), China (Cai et al., 2003), the Philippines (Kraus et al., 

2015), and India (Babu et al., 2006). To the best of our knowledge, the specific contribution of global 

rice-based ecosystems to the total N2O budget has not been systematically quantified using the process-

based models, and the global N2O Model Inter-comparison Project (NMIP), which aimed to determine 

the global N2O budget, along with all the uncertainties, also did not document the explicit estimation 

of rice-based N2O emissions (Tian et al., 2019). This research gap can be attributed to the following: 

1) existing models did not have extensive validation against the long-term field observations across 
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large areas, and 2) lack of information on various management factors, especially the geographic 

distribution of the global rice area, numbers of growing seasons, and decision to alter management 

practices within a year.  

Recently developed spatially global rice crop calendar datasets, agricultural management 

information, and a growing number of long-term continuous measurements would provide good 

opportunities to better quantify the spatiotemporal variations in N2O emissions from rice-based 

ecosystems (Laborte et al., 2017; Tian et al., 2022). The TRIPLEX-GHG model v2.0 is a process-

based biogeochemical model that can simulate N2O emissions from upland soils on a global scale; 

however, its descriptions of the dynamics of rice-based N2O fluxes are lacking (Song et al., 2022; 

Zhang et al., 2017). Therefore, the main objective of this study was to improve and implement the 

TRIPLEX-GHG model v2.0 to better understand the spatiotemporal magnitudes and sources of N2O 

emissions from global rice-based ecosystems, and provide scientific basis for possible mitigation 

strategies. We hypothesized that: 1) irrigated rice-based ecosystems is a more significant N2O source 

than rainfed rice-based ecosystems during 1910—2020; and that 2) N fertilizer application is the 

largest contributor to the total rice-based N2O emissions.  

 

4.4 Materials and methods 

4.4.1 Model description and improvements 

The TRIPLEX-GHG model v2.0 is a biogeochemical process-based ecosystem model (Song et al., 

2022), which considers various factors, including the dynamic vegetation, water movement, and C and 

N cycling in terrestrial ecosystems (Zhang et al., 2019; Zhu et al., 2017). As shown in Figure 4.1, the 

key submodules of the model include: A land surface submodule which simulates the energy and water 

fluxes between the soil surface, vegetation, and the atmosphere; a vegetation dynamic submodule and 

a plant phenology submodule describe the phenological behaviors of different plant functional types 

(PFTs) and their responses to changing climate factors; the soil biogeochemical submodule simulates 

the dynamics of soil organic matter decomposition, nutrient mineralization, immobilization, and 

microbial activities (Foley et al., 1996; Kucharik et al., 2000). The results are further utilized by 

methane (CH4) and nitrous oxide (N2O) submodules to estimate the emission of greenhouse gases 

(Zhang et al., 2017; Zhu et al., 2014). The management submodule interacts with others to simulate 
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the effects of agricultural management (Song et al., 2022). 

Rice-based cropping systems are characterized by strong variations in soil water conditions, 

including both rice-growing seasons and fallow, or second crop seasons. Redox potential oscillations 

induced by changes in water regime control the compositions and functions of microbial communities 

and, thus, short-term biogeochemical processes, especially N losses, accompanied by the emission of 

trace gases (Cowan et al., 2021; Kögel-Knabner et al., 2010; Zou et al., 2007). The current TRIPLEX-

GHG v2.0 does not include the above-mentioned biogeochemical features of rice-paddies which is 

significantly different from that of upland soil (Kögel-Knabner et al., 2010). Therefore, the current 

structure of the TRIPLEX-GHGv2.0 was modified to simulate the dynamics of N2O emissions from 

rice-based ecosystems (Figure 4.1). 

First, we changed the composition of soil profile in the model for flooding rice paddies. The 

original horizon sequence of soil profile of TRIPLEX-GHG modelv2.0 comprised six layers, with 

depths of 0.1, 0.15, 0.25, 0.5, 1.0, and 2.0 m, respectively. However, paddy management results in the 

development of pedogenetic horizons that are specific to paddy soils. Therefore, we refined the model 

structure of surface soil (down to 25cm) into three different zones: below the standing water layer 

(above soil profile), there are partly oxic zone (0–5cm), the upper part of the anthraquic horizon (5–

15cm), and the lower part of the anthraquic horizon (15–25cm), respectively (Figure 4.1) (Kögel-

Knabner et al., 2010).  

Second, we incorporated the major microbial-driven N-cycle processes into the model structure, 

namely, anaerobic ammonium oxidation and nitrifier denitrification. The anaerobic ammonium 

oxidation (ANAMMOX) process is an important N loss pathway in rice-paddy soil, although its direct 

contribution to N2O production and emissions is limited (Nie et al., 2019; Zhu et al., 2011). Mediated 

by anammox bacteria within the Plantomycetes phylum, ammonium (NH4
+) is oxidized by nitrite 

(NO2
-) to N2 under low oxygen availability conditions. We used the Michaelis-Menten function to 

describe the relationship between NH4
+ concentration and ANAMMOX rate (𝑅𝑎𝑛𝑎𝑚𝑚𝑜𝑥) using the 

following equations: 

𝑅𝑎𝑛𝑎𝑚𝑚𝑜𝑥 = 𝑉𝑎𝑛𝑚𝑚𝑎𝑥 ·
𝑎𝑛𝑣𝑓·[𝑁𝐻4

+]

𝐾𝑁𝐻4+𝑎𝑛𝑣𝑓·[𝑁𝐻4
+]

· 𝑒𝑥𝑝−𝑎𝑛𝑣𝑓·[𝑁𝑂3
−] · 𝑓𝑡𝑒𝑚𝑝 · 𝑓𝑝𝐻               (3) 

Where 𝑉𝑎𝑛𝑚𝑚𝑎𝑥 is the maximum ANAMMOX rate; 𝑎𝑛𝑣𝑓 is the size of anaerobic balloon of the soil 

profile; [𝑁𝐻4
+] and [𝑁𝑂3

−] indicate the concentration of NH4
+ and NO3

-, respectively; 𝐾𝑁𝐻4 is 
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the half-saturation coefficient of NH4
+ (Shan et al., 2018). 

 Nitrifier denitrification is a key N-loss pathway under anaerobic conditions that reduces nitrite by 

ammonia-oxidizing bacteria (AOB) in sequential reactions. This process is favored under low-oxygen, 

low-carbon, and low pH conditions and significantly contributes to N2O production in rice-paddy soils. 

Based on the experiments by Kool et al. (2011) and Zhu et al. (2013), the following equation was 

applied to describe nitrifier denitrification rates: 

𝑅𝑁𝑂𝑥 = 𝑉𝑁𝑂𝑥𝑚𝑎𝑥 · 𝐵𝐴𝑂𝐵 ·
[𝑁𝑂𝑥]

𝐾𝑁𝑂𝑥+[𝑁𝑂𝑥]
· 𝑓𝑡𝑒𝑚𝑝 · 𝑓𝑝𝐻 · 𝑓𝑤𝑓𝑝𝑠               (4) 

where 𝑅𝑁𝑂𝑥  denotes the reduction rate of NOx by AOB and the 𝑉𝑁𝑂𝑥𝑚𝑎𝑥  represent the 

maximum NOx reduction rates (i.e., 0.01, 0.01, and 0.0053 for NO2
-, NO, and N2O, respectively); 

𝐵𝐴𝑂𝐵 indicates the biomass of AOB (gC m-2); 𝐾𝑁𝑂𝑥 and [𝑁𝑂𝑥] are the half-saturation coefficient of 

𝑁𝑂𝑥 and soil concentration of 𝑁𝑂𝑥 (kg ha-1), respectively.  

Finally, the model descriptions associated with the gases exchange processes between the paddy 

soil and the atmosphere, was improved. Rice and other hydrophytes develop aerenchyma under an 

inundation environment to facilitate the gas transport between the atmosphere and rhizosphere. In the 

presence of flooding water, a large proportion of N2O is emitted by rice plants. The solubility of N2O 

for standing water is consistent with that of soil solutions (i.e., 0.5 g L-1) in original model. The model 

structure of Zhu et al. (2014) and Song et al. (2020) were adapted to estimate the rice plant-mediated 

N2O emissions (𝑃𝑀𝑇𝑁2𝑂, mgN m-2 day-1): 

𝑃𝑀𝑇𝑁2𝑂 = 𝐷 · 𝜀(𝑧) ·
𝐷𝑖𝑓_𝑁2𝑂

𝑧
               (5) 

where 𝜀(𝑧) denote the plant aerenchyma factor at soil depth z, which is based on the cross-sectional 

area of root endings per root biomass (0.085 m2 kg−1), specific leaf area (20 m2 kg-1) as well as 

model estimated root biomass (gC m-2) and leaf area index (m2 m-2). 𝐷𝑖𝑓_𝑁2𝑂(𝑧) is the N2O deficit 

between the soil profile and the atmosphere (mgN m-2) and 𝑧 represents the depth of the soil layer.  

The existence of oxic and partly oxic zones in paddy soil results from the oxygen released from 

the grown rice-root systems (Frenzel et al., 1992; Kögel-Knabner et al., 2010). This aerobic niche of 

the soil is one of the major hotspots for biogeochemical processes, including nitrification (Li et al., 

2007). A simple linear relationship was applied to root biomass to estimate the partial pressure of soil 

oxygen in the first paddy layer.  
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Figure 4.1 Schematic representation of the key processes of rice-based ecosystems integrated into 

the original TRIPLEX-GHGv2.0 model. The green boxes indicate the newly integrated 

management or biogeochemical processes, while the blue boxes indicate the structure of the 

original model. 

 

4.4.2 Model calibration and validation 

The improved model was applied to simulate rice-based N2O fluxes at the site level to evaluate 

model performance. Overall, 152 independent field experiments from 32 published papers (see 

supporting material 2 Table 4.S1) were collected based on the following criteria: (1) measurement of 

N2O flux must cover at least one rice-growing season; (b) the N2O fluxes were observed using the 

static chamber method to minimize the influence of measurement across the sites; and (3) the water 

regime was reported in detail for model input. The collected sites covered major rice cultivation regions 

across the globe, and ~70% of the sites are located in eastern Asia (e.g., China).  

For model simulations at the site level, site-specific environmental factors were used to drive model.  

Soil properties (e.g., pH, clay, sand content), and management practices (e.g., fertilizer application 

time, amount, and type; irrigation frequency and water regime; plantation and harvesting), were 

extracted from the corresponding literatures. As for daily climate information, we obtained the data 

from the Climatic Research Unit grided Time Series v4.3 (CRUTS) datasets to drive the model 

(1910—2020). However, if accessible, we applied daily recorded climate data from corresponding 
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meteorological stations (mostly located in China, e.g., Figure 4.3, 

http://www.cnern.org.cn/data/initDRsearch) to fill the CRUTSv4.3 data in the experimental years as an 

alternative.  

We randomly selected 10 sites to conduct an initial sensitivity analysis of the parameters to obtain 

the most sensitive parameters for the production of N2O before testing the model. According to 

previous N2O modeling studies, the coefficient of nitrification (COENR) and coefficient of nitrate 

consumption (𝐶𝑂𝐸𝑑𝑁𝑂𝑋) are key parameters that drive the production and emissions of N2O in natural 

and cropland ecosystems (Eq. 1,2) (Song et al., 2022; Zhang et al., 2017). Therefore, 10 major 

parameters were included that directly control nitrification, denitrification, nitrifier denitrification, and 

ANAMMOX to compare their sensitivities (Table 4.1). The model was run in a site-specific manner, 

and input with different environmental information. The parameters related to management (e.g., 

fertilizer NH4
+ fraction) were excluded at this stage. We changed one parameter at a time by 20% while 

maintaining the others at a fixed default value to evaluate the responses of the N2O emissions to the 

changed parameter (Pappas et al., 2013) based on the sensitivity index (SI, Supporting material 1). We 

set up the default values of the two highly sensitive parameters for N2O emissions to fit the best model 

performance through trial and error (Liang et al., 2022; Zhang et al., 2017). For model evaluation, four 

long-term continuous measurements (≥ 2 years) covering both rice-growing, non-rice-growing, and 

fallow seasons and another four short-term (≤1year) observations were collected to test the model 

performance by comparing the modelled daily N2O fluxes with the measured results obtained using 

the GetData Graph Digitizer software (v2.26; getdata-graph-digitizer.com). We used the index of 

agreement (D), root mean square error (RMSE), and coefficient of determination (R2) to quantify 

model performances (Supporting information 1). Subsequently, we compared the modeled results with 

152 observation records of cumulative N2O emissions by calculating the daily mean N2O emission 

rates (reported in the literature) during the experiment periods (Table 4.S1).  

 

Table 4.1 Major parameters associated with N2O production used in model validation. 

Parameter Explanation Values Types* Unit References 

COENR Nitrification rate coefficient 0.03 Upland cropland   (Zhang et al., 

2017) 

 0.5 Continuous flooding#   (Liang et al., 

2022; Zhou et 

al., 2012) 

 1.0 Intermittent flooding#  

http://www.cnern.org.cn/data/initDRsearch
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COEdNO3 Coefficient for consumption rate of 

NO3
- 

0.05 Upland cropland   (Song et al., 

2022) 

 (Zhou et al., 

2012) 

  0.5 Continuous flooding#  

  0.1 Intermittent flooding#  

𝑉𝑛𝑜2𝑜𝑥 Maximum rate of nitrite oxidizing 

during nitrification 

13.2 Upland cropland kgN ha-1 

layer-1 d-1 

 (Ma et al., 

2022) 

   9.8 Flooding  

𝐾𝑜𝑥_𝑁𝑂2 Half-saturation coefficient of NO2
- 40 Upland cropland mgN L-1  (Ma et al., 

2022) 

  40 Flooding   

COEdNO2 Coefficient for consumption rate of 

NO2
- 

1.0 Upland cropland   (Li et al., 

2000; Song et 

al., 2022)   2.0 Flooding   

COEdN2O Coefficient for consumption rate of 

N2O 

1.0 Upland cropland   (Li et al., 

2000; Song et 

al., 2022)   2.0 Flooding   

𝑉𝑎𝑛𝑚𝑚𝑎𝑥 Maximum ANAMMOX rate 0.187 Upland cropland kgN ha-1 

layer-1 d-1 

 (Shan et al., 

2018; Yao et al., 

2023)   0.3992 Flooding   

𝐾𝑁𝐻4 Half-saturation coefficient of NH4
+ 

for ANAMMOX 

6.3 Upland cropland mgN L-1  (Nie et al., 

2019; Shan et 

al., 2018)   6.3 Flooding  

𝑉𝑁𝑂2𝑚𝑎𝑥 Maximum consumption rate of 

NO2
- during nitrifier denitrification 

2.4 Upland cropland kgN ha-1 

layer-1 d-1 

 (Ma et al., 

2022) 

  2.0 Flooding  

𝐾𝑛𝑖𝑑_𝑁𝑂2 Half-saturation coefficient of NO2
- 

for nitrifier denitrification 

1.4 Upland cropland mgN L-1  (Ma et al., 

2022) 

  1.4 Flooding  

 

*Except for the two important parameters COENR and COEdNO3, other parameter values were constant 

for intermittent and continuous flooding conditions but different with aeration.  

#The differentiated parameter values for COENR and COEdNO3 are based on the divergent ammonium 

consumption (nitrification) and nitrate reduction (first step of denitrification in chain-reaction) rates 

under different water management regimes (Zhou et al., 2012).  

 

4.4.3 Simulation scenarios designs 

Generally, rice-based ecosystems can be classified into three major categories based on the 

different water regimes applied during the rice-growing season: continuous flooding rice-paddies, 

intermittent flooding rice-paddies, and dryland rice (rarely found). With respect to the geographic 
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distribution of rice-paddies, it was simply assumed that all irrigated rice fields were assumed to be 

under the intermittently flooded management regime, because the associated irrigation equipment 

offers opportunities to freely drain and reflood paddies. In contrast, the flooding conditions of rainfed 

rice after the initial flooding were dependent on the natural water balance. The model designs for rice 

management practices were based on the global rice crop calendar and conventional farmers practices. 

For all rice paddies, the field is flooded for seedling transplanting at the one day before the start of the 

growing season (dependent on climate conditions), and is drained at 10 days before harvesting 

(Linquist et al., 2015; Wang et al., 2021). Meanwhile, midseason aeration only occurs once per rice-

growing season for the intermittent flooded rice-paddies and lasts 7–10 days after being flooded for 

30 days since the start of growing season (Li et al., 2011; Ma et al., 2013). No midseason drainage is 

conducted for rainfed rice-based ecosystems. Basal, tiller, and panicle fertilizer were applied 1 day 

before transplanting, 1 week after transplanting, and 1 week after the jointing stage (ratio of each 

application, 5:3:2), respectively (Z. Wang et al., 2020; Zeng et al., 2012).  

Global simulations were conducted at a spatial resolution of 0.5 × 0.5° latitude/longitude from 

1860–2020 using a high-performance computer system. The model simulation underwent an initial 

300-year spin-up procedure driven by the multi-year averaged historical meteorological data to reach 

a state of relative equilibrium in the soil carbon and nitrogen pools before the analysis. For the period 

1860–1910, the multi-year average climate data (1910—1920) were used. Subsequently, since 1910, 

the following nine scenarios were designed to simulate the spatiotemporal variation pattern of N2O 

emissions from rice-based ecosystems globally and were used to allocate the total emissions to 

different driving factors (Table 4.2): SH0 represented the baseline estimate; SH1 represented the 

multifactor simulation with all driving data to obtain the best estimation of historical rice-based N2O 

emissions; SH2 and SH3 quantified the contribution of the application of chemical fertilizer and 

manure to total emissions by subtracting with the SH1; While SH4 and SH5 estimated the interactive 

effects of different N inputs; SH6 and SH7 assessed the effects of the increasing irrigated rice area 

with or without fertilization; SH8 and SH9 quantified the effects of climate change and increased 

atmospheric CO2 concentration on rice-based N2O emissions. This study does not account for the 

effects of land use changes on direct N2O emissions from rice-based ecosystems due to the model's 

lack of a comprehensive land-use module 

Analysis of the modeled results was all processed by R software (version 4.3.1) using the packages 
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“ncdf4”, “raster”, “terra”, and “ggplot2”.  

Table 4.2 Scenario designs of the simulation experiments to attribute changes in N2O emissions 

to different driving factors. 

1910–2020 indicates the forcing from 1910–2020 because the entire simulation period was included; 

#: mean climate value from 1910–1920; *: driving variable is fixed at the level of 1910 over the entire 

simulation period. 

 

4.4.4 Input datasets 

For global simulations, a series of spatial data sets was applied to represent environmental and 

management changes on a global scale. The climate data we used to drive the model were derived from 

the daily version of the Climatic Research Unit grided Time Series v4.3 (CRUTS) datasets and 

included daily mean air temperature, precipitation, relative humidity, wind speed, and air pressure 

covering from 1910 to 2020 (Harris et al., 2020). In context of soil information, the soil physical (e.g., 

sand, slit, and clay content) properties and pH data were based on the Digital Soil Map of the World 

(FAO, Reynolds et al., 2000). The soil organic C (SOC) data and soil C:N ratio data were adopted from 

the global soil dataset (IGBP-DIS;2000) as reference to constrain the model, thereby preventing 

imbalanced soil C and N status under disturbances. Topographic information was based on digital 

elevation model (DEM, 1km; https://lta.cr.usgs.gov/GTOPO30). Regarding historical atmospheric N 

deposition (NHx and NOx), outcomes from the International Global Atmospheric Chemistry 

(IGAC)/SPARC Chemistry‐Climate Model Initiative (CCMI) were used. 

All agricultural management information was based on published datasets (from 1910 to 2020), 

which were successfully applied in global modeling studies (Ito et al., 2018; Tian et al., 2019). The 

Scenario ID 

Changing variables 

Climate 
CO2 

Irrigation 
N 

deposition 
Manure  Fertilizer N 

SH0, Reference run  M1910–1920# 1910 1910* 1910* 1910* 1910* 

SH1, Multifactor 1910–2020 1910–2020 1910–2020 1910–2020 1910–2020 1910–2020 

SH2, No fertilizer  1910–2020 1910–2020 1910–2020 1910–2020 1910–2020 1910* 

SH3, No manure  1910–2020 1910–2020 1910–2020 1910–2020 1910* 1910–2020 

SH4, No N application 1910–2020 1910–2020 1910–2020 1910–2020 1910* 1910* 

SH5, No N deposition 1910–2020 1910–2020 1910–2020 1910* 1910–2020 1910–2020 

SH6, No irrigation 1910–2020 1910–2020 1910* 1910–2020 1910–2020 1910–2020 

SH7, No 

irrigation&fertilizer 1910–2020 

 

1910–2020 1910* 1910–2020 1910–2020 1910* 

SH8, No climate M1910–1920# 1910–2020 1910–2020 1910–2020 1910–2020 1910–2020 

SH9, No CO2 1910–2020 1910 1910–2020 1910–2020 1910–2020 1910–2020 
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amount (kgN ha-1) and properties (NH4
+:NO3

-) of the chemical N fertilizer application data were 

obtained from the History of anthropogenic Nitrogen inputs (HaNi) dataset (Tian et al., 2022), which 

incorporates the information provided by the International Fertilizer Association country-level 

inventory, crop-specific N fertilizer use rates, major crop calendar, and FAOSTAT fertilizer types. The 

manure application data were also derived from HaNi dataset, while the manure chemical properties 

(e.g., C:N ratios, inorganic N proportion etc.) were based on our previous studies and model 

descriptions (Song et al., 2023; Song et al., 2022). The historical geographic distribution of rice-based 

ecosystems was obtained from the Land-Use Harmonization dataset (LUH2, flooded C3 crops) (Hurtt 

et al., 2020). The History Database of the Global Environment (HYDE 3.2) was used to attribute rice-

ecosystems into rainfed rice-paddy and irrigated rice-paddy by integrating the FAO’s category “area 

equipped for irrigation” (Klein Goldewijk et al., 2017). The decisions of rice cropping seasons are 

largely inconsistent across the globe, which constrained the applications of process-based models’ 

estimations at large scales (Tian et al., 2018). To overcome this, a global spatial rice crop calendar, 

RiceAtlas, was employed to define the total number, start and end dates of rice-growing seasons, thus, 

considering the water regimes and timing of fertilizer applications of rice paddies each year (see 

section 2.5) (Laborte et al., 2017). Considering the management experience and previous modeling 

studies (Wang et al., 2021; Zhang et al., 2016), maximum two rice-cropping seasons per year was 

chosen for current study to prevent unrealistic situations. All datasets were transformed into the same 

spatial resolution at 0.5×0.5° using the ArcMap software. 

 

4.5 Results 

4.5.1 Parameter sensitivity and model validation 

A sensitivity analysis revealed large variations in the sensitivities of modeled N2O to model 

parameters (Figure. 2). Most parameters showed a non-unique effect on the N2O emissions from the 

different rice-paddy sites. COENR and COEdNO2 exhibited consistent positive effects; COEdNO3, 

COEdN2O, and Vanmmax mostly presented negative effects; and other parameters had non-significant 

effects. Overall, the coefficient of nitrification (COENR) was the most sensitive parameter that is 

directly associated with microbial N cycles (SI = 1.56) and controls the consumption of NH4
+ by 

nitrifiers. 
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Figure 4.2 Sensitivity analysis of different parameters (descriptions and default values of 

parameters are listed in Table 4.1). The closed red triangles indicate the mean sensitivity index 

value of the parameters, the dashed red line suggests the SI=0, and open dots indicate outliers. 

 

Subsequently, the continuous long-term observed data from rice-based cultivation sites were 

compared with the modeled daily N2O fluxes. Generally, the modeled results were consistent with the 

observations from selected sites under different management practices and environmental conditions. 

For the continuously flooded double-rice field located in California, USA, the improved model 

reasonably captured the seasonal variability in N2O emissions (D = 0.74, RMSE = 0.52, R=0.58; Figure 

4.3a). The emissions during the fallow seasons accounted for most of annual emissions. A good 

consistency was also found between the simulated and measured N2O fluxes from rice-based cropping 

systems (e.g., single and double rice) in southern China, with different water regimes located in 

southern China. The responses of N2O emissions to fertilizer application were well simulated for the 
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continuous flooded rice and rapeseed seasons (D = 0.77, RMSE = 1.89, R=0.61, Figure 4.3b). The 

N2O pulses induced by intermittent flooding practices were well estimated for the rice-wheat rotation 

system in Jiangdu County in China, contributing to the good model performance (D = 0.85, RMSE = 

2.00, R=0.74, Figure 4.3c). Although the model well reporduced a general trend of the variation in 

N2O fluxes from intensively managed rice-based croplands in Suzhou, discrepancies were observed 

because the N addition effects were occasionally underestimating during rice-growing seasons (D = 

0.62, RMSE = 0.66, R=0.45 Figure 4.3d). More site evaluations (one-year measurements) are 

presented in the supporting material2 (Figure 4.S1). 

 

Figure 4.3 Comparison of modeled (blue lines) and observed (red dots) daily N2O emissions from 

long-term continuous measurements. The model was driven by site-specific environmental 

variables and management information. Solid arrows indicate the timing of fertilizer (chemical 

or manure) applications. (a) and (b): continuous flooded rice (c) and (d): intermittent flooded 

rice. 

 

We further evaluated the model performance by comparing the modeled daily mean N2O emissions 

during the experiment periods with the data from 152 site measurements globally. Varying field 

measurement durations (i.e., covering the rice-growing season only, both rice and non-rice seasons) 

and water regime managements (i.e., continuous and intermittent flooding) were included (Table 4.1). 

Generally, the improved TRIPLEX-GHG model v2.0 explained 78% of the variances in the N2O 
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emissions from rice-based ecosystems, and the regression result was close to 1:1 line over a wide range 

of daily mean N2O emissions (slope = 1.001, Figure. 4). Results suggest that the model can simulate 

the dynamics of rice N2O emissions on a global scale.  

 

Figure 4.4 Comparison of modeled and observed N2O emissions from 152 rice-based cropping 

systems during the experiment period. The red dashed line is the 1:1 line and the closed red dots 

on the map represent the locations of the included sites. AC: annual measurement (covers both 

the rice-growing seasons and non-rice seasons) for continuous flooding rice; AI: annual 

measurement for intermittent flooding rice; GC: measurement covers the growing season only 

for continuous flooding rice; GI: measurement covers the growing season only for intermittent 

flooding rice. 

 

4.5.2 Temporal variations of N2O emissions from global rice-based ecosystems  

Based on the simulated results for scenario SH1, a strong temporal and spatial variations were 

observed in the N2O emissions from global rice-based ecosystems during the historical period. 

From 1910–2020, rice-based ecosystems N2O emissions exhibited a general increasing trend (5.8 

times) from 0.026 (±0.002, mean ± 0.5×sd) in the 1910s to 0.177±0.003 Tg N yr-1 in the 2010s, and it 



186 

 

represents a linear rate of 0.00157 Tg N yr-2 (p < 0.05, R2 = 0.97, Figure 4.5a). Specifically, the general 

increase was suppressed and shifted to a declining trend after 2010, which was probably driven by the 

decrease in fertilizer applications (Figure 4.S2). Irrigated rice-paddies showed increases in emissions 

from 0.021±0.002 to 0.148±0.003 TgN yr-1, which accounted for 76.93% of the total emission during 

the study period, while the emission growth of rainfed rice-base fields showed a slower rising trend 

(0.00022 TgN yr-2). Regarding simulated seasonal variations results, the monthly N2O emissions from 

global rice-based ecosystems, which are mostly located in the North Hemisphere, showed a bell-shape 

pattern (Figure 4.5c-d). In the Northern Hemisphere, irrigated rice-based ecosystems soils showed 

significantly larger N2O fluxes than rainfed rice soils, especially in May and June (0.29 and 0.30 kgN 

ha-1 month-1, respectively). Similarly, in the Southern Hemisphere, the major rice-growing seasons had 

larger fluxes but had less variations for both rice-based ecosystem types. Generally, the rice-growing 

seasons, including both single and double cropping systems, accounted for 69.52±8.64 % of the total 

N2O emissions in 1910–2020. The contributions of N2O emission in non-rice-growing season showed 

strong spatial heterogeneities for different regions (Figure 4.S7). 

 

Figure 4.5 Annual total N2O emissions from global rice-based ecosystems from 1910–2020 (a). 

Comparison with previous modeled results (b). Notably, the IPCC Tier1 method applied the 

same N input dataset as that used in this study, while the SRNM applied their aggregated high-

resolution, crop-specific data on the N application rates from 1961–2014 as described in Wang 

et al. (2020). The white dots in the boxplot indicate the mean values. The seasonal variation 
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patterns (monthly) of rice-based N2O emissions are also presented for the Northern (c) and 

Southern (d) Hemispheres. GS represents growing season, and horizontal arrows indicate the 

potential length of the rice-growing seasons (covering both single and double rice systems). 

 

4.5.3 Spatial variations of N2O emissions from global rice-based ecosystems 

Simulated results suggested that the N2O emissions from global rice-based ecosystems exhibit a 

strong spatial variation pattern depending on multiple factors, including variations in climate, number 

of rice-cropping seasons, and fertilizer applications. Irrigated rice ecosystems presented higher N2O 

fluxes, which increased from 1.07±0.05 kgN ha-1 yr-1 in the 1910s to 1.82±0.09 kgN ha-1 yr-1 in the 

2010s (Figure 4.6a). In contrast, N2O fluxes from rainfed rice fields experienced lower increases 

(0.97±0.03 to 1.35±0.02) during the study period (Figure 4.6b). Consequently, southeastern China, 

northern India, and Southeast Asia were identified as the hotspots of rice N2O emissions across the 

globe as a result of the large fertilizer application rates and broad irrigated area (Figure 4.S3). More 

than 3.0 kgN ha-1 yr-1 emissions were obtained from the rice-based ecosystems in the eastern coastal 

provinces of China (e.g., Jiangsu province), as well as in northern India, and they were mostly emitted 

from irrigated rice systems (Figure 4.S3, S4). As the most important and consistent hotspot of rice N2O 

emissions, Asia had a rapid increase in emissions of 469.6% and contributed 81.9±0.014% of the total 

emissions during the study period, thus demonstrating the major role of Asia in rice-cultivation and 

N2O emissions globally (Figure 4.S4).  
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Figure 4.6 Spatial variations in the weighted mean N2O emissions from rice-based ecosystems 

during (a) 1910–1920 and (b) 1980–2020, and (c) Emission Factor of N fertilizer (EF) during 

1980–2020. Both the mean emissions and EFs are for the weighted rice-based ecosystem fraction, 

not grid cells.  

 

More specifically, China contributed 33.35±2.26% of the net N2O emissions from rice-based 
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ecosystems between 1910 and 2020, followed by the Indian subcontinent (19.76±2.52%), Southeast 

Asia (17.46±2.15%), and East Asia (6.35±1.08%). Consistent with the global level, a general 

increasing trend in simulated rice-based N2O emissions was obtained for major rice-cultivation 

countries and regions. During the study period, China experienced both the largest increases in total 

rice-N2O emissions (from 11.01±1.07 to 62.61±1.35 GgN yr-1), and weighted mean fluxes (from 

0.72±0.06 to 3.26±0.07 kgN ha-1 yr-1), representing a 4.5-fold increase from 1910 to 2010 (Figure 4.7a). 

Similarly, a rapid increase in rice-based N2O emissions was observed in the Indian subcontinent, 

although the growth of N2O fluxes was only observed after the 1970s (Figure 4.7b). Korea, Japan, and 

countries in Southeast Asia (e.g., Thailand and Indonesia) presented relatively low but consistently 

increasing N2O fluxes during the study period (Figure 4.7c-d). In contrast, although large emission 

rates (>1.5 kgN ha-1 yr-1) from South America (e.g., Brazil) and Africa (e.g., Liberia) were obtained 

through simulations (Figure 4.7e-f), the small rice cultivated area resulted in small contributions to 

historical N2O emissions (4.50±1.14% and 6.19±1.08%, respectively).   
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Figure 4.7 Regional variations in N2O emissions and fluxes from 1910–2020. North America and 

Europe were not included because of the limited rice cultivation area. (a) CH: China; (b) ID: 

India, Nepal, and Bangladesh; (c) KJ: North, South Korea and Japan; (d) SEA: Southeast Asia; 

(e) SA: South America; and (f) AF: Africa. BP: break point produced by piece-wise regression. 

 

4.5.4 Contribution of driving forces to total rice-based N2O emission  

The influence of multiple management practices such as chemical fertilizer applications, manure 

additions, and increased irrigation, are responsible for the overall global variation patterns (Figure 4.8). 

We found that increased fertilizer application (FER) was the predominant contributor to the total 

increase in rice-based N2O emissions based on the difference between SH1 and SH2, especially since 

the 1980s. The FER accounted for 26.48% (0.030±0.013 TgN yr-1) of the historical rice-based N2O 

emissions and 43.32% of emissions since the 2000s. As the most important driver, we found the 

sensitivity of rice-N2O emission to N fertilizer, the weighted mean Emission Factors (EF), in 1980—
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2020 also exhibit a strong spatial heterogeneity on a global scale (Figure 4.6c). A majority of rice-

based ecosystem grid cells have EFs < 0.2% while ~10% of rice-distributed grids show EFs larger than 

1.0%. In consistent with rice-N2O emission hotspots, large EF values were mostly observed in southern 

China and southeast Asia. Such pattern is determined by multiple management and environmental 

factors. Particularly, both N fertilizer input rates and fertilizer chemical quality significantly affect 

variations in EFs of rice-based ecosystems globally (Table 4.S2). In contrast, manure, as an organic N 

source (MAN), was responsible for 0.018±0.004 TgN yr-1 emissions during the study period. The 

increasing atmospheric N deposition (NDP) also increased the rice-based N2O emissions at an average 

rate of 0.017±0.006 TgN yr-1 (16.97%). By comparing the differences between scenarios SH1 and SH6, 

9.78% of the N2O emission growth could be attributed to increased implementation of irrigation in rice 

cultivation on a global scale. Moreover, this impact size constantly increased along with fertilizer 

application, corresponding to 0.027±0.002 TgN yr-1 in the 21st century. Notably, a strong correlation 

was detected for the effect of irrigation and fertilizer application without fertilizer input, and the 

increased irrigation had a limiting impact on rice-N2O emissions globally (Figure 4.8b). Regarding the 

change in climates (CLM) and atmospheric CO2 concentrations, climate changes showed a positive 

impact on rice-based N2O emissions before the 1960s, but an overall negative response was observed 

in recent decades as a result of combined management effects. Increased CO2 concentration showed a 

consistent negative effect on rice-based N2O emissions during study period (at a rate of 

0.0039±0.0016TgN yr-1) by enhancing vegetation N uptake. Importantly, the contributions of the 

driving factors varied for different regions. Since the start of the 21st century, N2O emissions generated 

by synthetic N fertilizer accounted for 52% and 9.7% of the emissions from China and India, 

respectively. However, for the Indian subcontinent, increased irrigated rice ecosystem was identified 

as the more substantial contributor to increases in N2O emissions than the increased usage of N 

fertilizer (Figure 4.8c). 
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Figure 4.8 (a) Contributions of driving factors to decadal N2O emissions from global rice-based 

ecosystems. CLM: climate (SH1-SH8), CO2: atmospheric CO2 concentration (SH1-SH9); NDP: 

atmospheric N deposition, MAN: manure application (SH1-SH3); FER: N fertilizer application 

(SH1-SH2); IRR: expansion of irrigated area (SH1-SH6). (b) Coupled effects between 

fertilization and expanding irrigated area. (c) Comparison of the relative contributions of 

irrigation (IRR) and fertilization (FER) for the two most important emission sources, China and 

India.  

 

4.6 Discussion 

4.6.1 Global rice-based N2O emissions compared with previous studies 

Simulation results suggested that global rice-based ecosystems are responsible for a net N2O flux 

of 0.104±0.024 TgN yr-1 during the study period (1910–2020). In particular, rice-based ecosystems 

have emitted 0.17±0.005 TgN yr-1 in the 21st century which account for ~2% of the global terrestrial 
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soil emissions in the most updated global N2O budget for the most recent decade (Tian et al., 2020). 

This finding indicates that rice-based ecosystems, including those rainfed and irrigated, are a minor 

contributor to the global total N2O emissions compared to upland agriculture (Akiyama et al., 2005; 

Tian et al., 2020). 

We further compared our explicit estimation of rice-based N2O emissions with those observed by 

previous modeling studies. Based on the most widely applied default Emission Factor (EF) values and 

the same N fertilization datasets used in this study, the IPCC Tier1 model obtained a mean of global 

rice N2O emission level at 0.17±0.007 Tg N yr-1 from 1961–2020 (EF for all flooding regimes). The 

IPCC results generally overestimated the rice-N2O emissions in recent decades (slight overestimation 

from the 1980s to 2010s) and during the historical period compared with the results obtained in this 

study (Figure 4.5b). This discrepancy is likely attributed to the overestimation of the background 

emissions (1.82 kgN ha-1 yr-1, IPCC), which greatly vary with climate changes and land management 

intensifications (Kim et al., 2013; Xu et al., 2020). The recommended background emissions were 

based on observations conducted in the early 21st century, although these values are likely to be higher 

than those of the historical period owing to increasing N deposition and warming temperature (Aliyu 

et al., 2018; Q. Wang et al., 2020). Our estimated rice-based N2O emissions were larger than those of 

recent modeling studies. Wang et al. (2020) utilized a data-driven upscaling model (SRNM), estimating 

0.133 (±0.0008) TgN yr-1 emission for 2010 to 2014, which was lower than our obtained result (i.e., 

0.168±0.02) TgN yr-1. Despite the different spatial resolutions and N input rates, the SRNM model did 

not account for the influence of the accumulated input N from previous years (Q. Wang et al., 2020). 

Additionally, historical water management (i.e., legacy effect) may explain the  resulting discrepancy 

(A. Lagomarsino et al., 2016). Another biogeochemical process-based model, DLEM reported rice-

N2O emissions were less than 0.1 TgN yr-1 in the 21st century; the discrepancy may be attributed to the 

structure of the DLEM, which assigns permanent flooding conditions during rice growth, resulting in 

underestimated rice-based N2O emissions (i.e., < 2kgN ha-1, Figure 4.1; Xu et al. 2020).  

At the country level, Zou et al. (2009) reported emissions of 32.3 GgN yr-1 (Gg=109g) from rice-

based soils in China in the 1990s by assigning different EFs based on the flooding regimes (i.e., F-D-

F and F-D-F-M). Our estimated result for the growing seasons (50.12±1.08 GgN yr-1) was 

approximately 55% higher for the same period in China, which was partly because our study 

differentiated fertilizer types into NH4
+, NO3

-, and organic manure; meanwhile, Zou et al. (2009) only 
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incorporated the amount of N input. The estimated contribution of Indian rice-based ecosystems after 

the 2000s that we obtained is close to that by Pathak et al. (2005) (0.03–0.06 TgN yr-1); however, it is 

57% higher than that by a non-linear statistical model (18.0 GgN yr-1) (Gerber et al., 2016) and only ~ 

20% of the value estimated by Kritee (2018) (146.0 GgN yr-1). The large discrepancy here may have 

been caused by the diverse assumptions of the flooding regimes (e.g., up to 90% and less than 30% 

continuous flooded areas in the study by Gerber and Kritee, respectively) and static soil moisture 

conditions applied in their simulations (Gupta et al., 2021). 

Therefore, our historical estimation of global rice-based ecosystems is generally consistent with 

the range of existing estimations in the literature. We improved the quality of this estimation by 

conducting more extensive model validation and carefully considering the effect of different water 

management, N forms, and their contribution during non-rice-growing seasons.  

 

4.6.2 Spatial and temporal variations and driving forces 

The simulated results indicated that the strong spatiotemporal variations in rice-based N2O 

emissions are strongly dependent on the difference in environmental factors and varying management 

types.  

Consistent with the first hypothesis, the irrigated rice-based ecosystem contributed to most of the 

total rice N2O emissions (Figure. 5a) and attributed the higher N2O emission per unit of area in irrigated 

rice paddies to the growing N fertilizer application rate, frequent flood-aeration cycles induced by 

midseason drainage practices, and less annual precipitations. The weighted mean fertilizer application 

rate for irrigated rice ecosystems (0.28±0.044 kgN ha-1 yr-1) was approximately two times larger than 

that for rainfed rice ecosystems (0.13±0.042 kgN ha-1 yr-1) (p < 0.001, Figure 4.S6a). As the most 

important soil N source for agricultural soils, the significantly higher N fertilizer inputs stimulate 

substrate availability for nitrification and denitrification in irrigated rice soils (Davidson, 2009; Xu et 

al., 2020). Globally, major N2O emission pulses were often observed during the midseason aeration 

period, which was well presented by our model (Figure 4.3) (Cowan et al., 2021; Li et al., 2011). In 

this study, irrigated rice soils were all under intermittent flooding management, which generates more 

N2O than rainfed fields because of the longer aeration period, thus favoring nitrification during 

growing seasons (Zou et al., 2007). In comparison, the low N2O flux from rainfed rice-based 

ecosystems is associated with climate factors in addition to lower N application rates. As these 
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ecosystems are mostly distributed in subtropical and tropical climate regions (Northeast India, South 

east Asia, and Brazilian Amazon), significantly larger mean annual rainfall is provided as water supply 

(Figure 4.S6b). Therefore, owing to good water and temperature conditions (Figure 4.S6c), rainfed 

rice fields have standing water for most of the time during the rice-growing seasons (but not necessarily 

continuously flooded), as indicated by the water table balance module in this study. Local field studies 

confirmed the high water table level of rainfed rice (Bhattacharyya, Sinhababu, et al., 2013; Datta et 

al., 2009) and low rice-N2O emissions in these regions (e.g., 0.093 kgN ha-1 for 155 days in Brazil and 

0.45–0.64 kgN ha-1 season-1 in India) (Datta et al., 2009; Metay et al., 2011), which is in line with our 

simulated data.  

Our modeled results suggest that during the study period, China, the Indian subcontinent (mostly 

India), and Southeast Asia were the largest hotspots of global rice-based N2O emissions. The different 

regional temporal variation patterns in rice-N2O emission are highly dependent on N fertilizer 

application and flooding water management. As the largest rice-produce and consuming market, China 

accounts for 40.17±2.8% of the global rice-based N2O emissions. This substantial contribution arises 

from the largest N inputs in the forms of fertilizer and manure across its vast rice cultivation area 

(26.79% of global total) (Figure 4.S2). The robust correlation between mean fertilizer input rates and 

averaged N2O flux implies the dominant role of N fertilizer in controlling the significant increasing 

trend of rice-N2O emissions in China at a rate of 0.68 GgN yr-2 1910—2020 (Shang et al., 2019; Xu et 

al., 2020). In comparison, India and Southeast Asia, the second and third largest contributors to rice 

N2O emissions, are collectively responsible for approximately half of China’s emissions. The smaller 

N2O fluxes in these regions, especially for irrigated rice during growing seasons (Figure 4.S7), is not 

only attributed to the less intensive N input but also water regimes since double seasons rainfed rice 

takes the majority until recent decades (Figure 4.S2) (Gaihre et al., 2015; Laborte et al., 2017). As a 

non-neglectable feature, non-growing seasons contribute substantially to the annual N2O emission 

from rainfed rice, but large N2O fluxes emitted from irrigated rice-based ecosystems during mid-season 

drainage constitutes a more important N2O source than non-rice-growing seasons, despite the similar 

aeration conditions (Cowan et al., 2021; LaHue et al., 2016). The overall insignificant correlation 

between EF and length of non-growing period suggests that applied fertilizer might exert limited 

residual impact on non-growing seasons’ emission from rice-based ecosystems. This is likely due to 

the rapid loss of added N in flooded rice-paddies via severe leaching, run-off, NH3 volatilization, and 
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denitrification processes (Weller et al., 2016; Zhou et al., 2014; M. Zhou et al., 2017). Thus, the 

transition to irrigated rice cultivation further resulted in a marked increase in mean rice-N2O fluxes in 

these regions, especially since the 2000s (Figure 4.7) (Kritee et al., 2018; Weller et al., 2015). 

Meanwhile, reductions in the rice cultivation area in Korea, Japan and South America (primarily Brazil) 

drove the lower rice-N2O emissions from rice-based ecosystems in these regions (Figure 4.7 and Figure 

4.S2). However, such effects were neglectable on a global level. Interestingly, the combination of the 

overall low N application rates (< 4 kgN ha-1 yr-1, Figure 4.S2f) and a pronounced decrease in NO3
- 

fraction of fertilizer (Figure 4.S8) may be responsible for the declining mean rice-N2O flux in Africa 

after the 1980s (significant correlation between EF and fertilizer NO3
- fraction, r = 0.11, p < 0.001, 

n=4016) even though with rapidly increasing total fertilizer use and rice cultivation.   

 

4.6.3 Role of N fertilizer applications and water regime management 

Previous studies reported that flooding regime strategies and N fertilizer management might be 

predominantly responsible for rice-based ecosystem N2O emissions, which implies different potential 

trajectories in GHG mitigation. For instance, Kritee et al. (2018) emphasized the central role of water 

management in regulating N2O, especially considering the frequency of midseason aeration during the 

growing seasons. However, studies have also suggested that N management still plays a key role in 

contributing to N2O emissions from rice fields (Yan & Akiyama, 2018). Our results showed the N 

fertilizer application represented the largest source underlying increases in N2O emissions (~25%) 

during the study period, which supported the second hypothesis (Figure. 8).  

As the most important driver, synthetic N fertilizer inputs were strongly correlated with the 

spatiotemporal variations in N2O emissions and EFs from global rice-based ecosystems. In particular, 

decreased synthetic N fertilizer application was the predominant driver of the weakened growth trend 

and subsequent decline in total N2O emissions from rice-based ecosystems after 2010 (Figure 4.5a, 

Figure 4.S2) (Shang et al., 2019). Fertilizer is the key N supply for soil microbial nitrification and 

denitrification in both the short and long term (Lan et al., 2015; Li et al., 2018). Previous studies might 

have underestimated fertilizer-induced N2O emissions in rice-based systems. Thus, a weighted mean 

EF of paddy soils  was obtained at 0.63%, which is generally in line with majority of field studies but 

was greater than 0.31% reported by IPCC Tier1 (Davidson, 2009; Kritee et al., 2018; Shcherbak et al., 

2014; Yao et al., 2012; Zhang et al., 2010). There are two reasons for this phenomenon. Firstly, 
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excluding the non-rice-growing seasons led to a significant underestimation (up to 40%) of the rice-

based ecosystem contribution to the N2O budget, as suggested by the simulated seasonal variations 

(Figure 4.5c-d). Numerous measurements have revealed the significance of the non-growing season to 

annual N2O emissions from rice-based ecosystems (Bhattacharyya, Nayak, et al., 2013; LaHue et al., 

2016; Zhou et al., 2014). The rice-paddy EF calculated from whole-year measurements can be 30% 

larger than that of growing seasons-only measurements, indicating that external N additions not only 

promotes N2O emissions during rice-growing seasons but also enhances N2O fluxes during non-rice 

and fallow seasons (Shang et al., 2020). Field and incubation studies revealed that the enrichment in 

mineral N and increased abundance of nitrifiers (e.g., ammonium-oxidizing archaea) (L. Wang et al., 

2019) and denitrifier communities (Liu et al., 2012), especially in the surface soil layer, and are 

responsible for large paddy soil N2O concentration and emissions after the fallow drainage (Yang et 

al., 2016). Second, considering the effects of changing input N amounts and forms in this study, 

significant positive correlation was obtained between EF and N fertilizer application rates (Table 4.S2), 

supporting the non-linear response of N2O emission to N inputs (Shcherbak et al., 2014; Yao et al., 

2012). Moreover, fertilizer NO3
- fraction show a significantly negative effect on EFs for global rice-

based ecosystems. On the one hand, both field experiments and our model sensitivity analysis 

confirmed that nitrification (requires NH4
+) is the most important N2O contributor in rice-based 

ecosystems (Malla et al., 2005; Yang et al., 2017), which is different in upland soils where NO3
- has a 

greater potential to emit N2O as the direct substrate for denitrification (Das & Adhya, 2014; Lan et al., 

2015). On the other hand, added NO3
- is highly mobile and likely to be rapidly removed from rice-

based ecosystems due to enhanced denitrification and leaching processes under oxygen-depleted, 

water saturation conditions (Kögel-Knabner et al., 2010; Silver et al., 2001).  

However, the magnitude of N fertilizer effect displays notable regional variations. Specifically, in 

Indian subcontinent, N fertilizer application only account for ~9.7% rice-based N2O emissions. 

Moreover, the increasing N fertilizer rate during study period does not predominantly dictate the trends 

in both weighted mean N2O flux and mean EF (Figure 4.7b, Table 4.S3). Instead, there are significantly 

negative correlations between these metrics and the fraction of rainfed rice-based ecosystem (r = -0.55 

and -0.68, respectively; p < 0.001). The large rainfed rice-field area (~60%) takes primary 

responsibility for the different patterns of overall contribution and mean N2O flux variations in India 

due to the less sensitivity of N2O emission to N additions under prolonged flooding conditions of 
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rainfed rice-based ecosystems (Table 4.S3)  (Kritee et al., 2018). In agreement, our simulations also 

reflected that the increased rice irrigation had a significant positive effect on increasing global rice-

N2O emissions (Figure 4.8). The increased irrigation led to shifts between aeration and flooding 

conditions in rice-based systems, which favor the mineralization, nitrification, and incomplete 

denitrification processes to produce and emit N2O (Figure 4.2) (Johnson-Beebout et al., 2009; Li et al., 

2011; Verhoeven et al., 2019). In contrast, a previous study pointed out that without significantly 

increasing soil NO3
- availability prior to flooding, the frequent changes in flooding conditions have 

limited effects on total N2O emissions (Jørgensen & Elberling, 2012). Similarly, significant N2O pulses 

were not detected in a number of the fertilizer-free treatments, despite fluctuations in water levels 

(Cowan et al., 2021; Islam et al., 2018; Kritee et al., 2018). Microbial N2O production in paddy soils 

is mostly limited by substrates availability (i.e., inorganic N) owing to intensive run off and leaching 

(Hou et al., 2016; Verhoeven et al., 2019; Zhao et al., 2012). Thus, we conclude that the changing water 

regimes can act as a trigger to stimulate nitrification and denitrification only when soil nutrients are 

not N limited (Jørgensen & Elberling, 2012). This result has been confirmed by this study based on 

the comparable weighted mean N2O fluxes of irrigated and rainfed rice ecosystems before the 1950s 

(Figure 4.S5) and without fertilizer application (Figure 4.8b).  

Consequently, our study showed the dominant role of N fertilizer in regulating rice-based N2O 

emissions compared with irrigation and environmental changes (discussion in supporting material 1). 

The quantity and quality of N fertilizer are also identified as the key factors for controlling the 

sensitivity of rice-N2O emission responses to N addition. However, decoupling the impact of different 

flooding regimes with N fertilization is difficult. Co-management of water regimes and N fertilizer is 

recommended to mitigate N2O emissions from rice-based ecosystems (Kritee et al., 2018). 

 

4.6.4 Current limitations and future work 

Although this model-based study improved the understanding of the dynamics of N2O emissions 

from rice-based ecosystems on a global scale, uncertainties still exist because the results are influenced 

by the quality of input information, model structure, and parameter settings. 

First and foremost, better global gridded datasets on crop-specific N input are crucial to accurately 

estimate the spatiotemporal heterogeneity of rice-based N2O emissions, particularly regarding the key 

driver, anthropogenic N inputs (Xu et al., 2020). Current study used global N fertilizer and manure 
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application data represent the crop-area-weighted average N fertilizer and manure rates in each grid 

cell (0.5°) (Tian et al., 2022) rather than crop-specific N input rates (e.g., Wang et al., 2020). This 

discrepancy could cause significant uncertainties in the estimation of N2O emissions because different 

crop species have diverse N demands, influencing soil N availability for producing N2O (Shcherbak 

et al., 2014). For example, commonly utilized N fertilizer application rates of single rice-based 

ecosystems in Northeast China (e.g., 150kgN ha-1 yr-1, Table 4.S1, Chen et al., 2013) exceed those 

provided by the HaNi dataset that we employed in this study (e.g., ~100kgN ha-1 yr-1). The prevalence 

of soybean cultivation in this region, which has a low N fertilizer requirement, leads to smaller 

averaged N application rate for the grid cells, consequently underestimates N2O emissions. However, 

utilization of rice-specific N fertilizer application might introduce more uncertainty because of lack in 

crop rotation information, which is another limitation of the current study. For some regions with two 

cropping seasons, such as southern China and mid-India, rice-based rotation systems are widely 

accepted, meaning that after rice cultivation (as primary crop species), another crop (mostly upland 

crops such as wheat) can be grown. This practice results in significantly larger N2O emissions 

compared with double rice-systems or rice-fallow systems because a longer soil aeration period favors 

incomplete denitrification and the growth of the second crop requires additional fertilization to produce 

and emit N2O (Weller et al., 2016; Zhou et al., 2014; M. Zhou et al., 2017). In addition, different 

options of second crop have been proved to show varying effects on N2O flux in rice-growing seasons 

(Xu et al., 2023). In the future, improved anthropogenic N input datasets with crop-specific and general 

rotation information at a fine resolution are required to better estimate rice-based N2O emissions. 

Regarding model structure, one major uncertainty source is the limited consideration and 

description of rice flooding regimes. Intermittent flooding practices can be further divided into 

flooding-drainage-flooding (F-D-F), flooding-drainage-flooding-moist without water logging (F-D-F-

M), and alternative wetting and drying (AWD) practices (Zou et al., 2009). However, this study did 

not include AWD practices, which significantly increases the N2O fluxes (Alessandra Lagomarsino et 

al., 2016; Oo et al., 2018), because they are difficult to simulate the randomly frequent flooding-drying 

transitions and inconsistent timing and duration of midseason drainage (Ma et al., 2013). In addition, 

the geographic distributions of these practices cannot be obtained on a large-scale basis because the 

water regime is determined by individual farmers, and has no clear global distribution patterns, unlike 

those for soil and climate (Wang et al., 2018). Moreover, negative N2O fluxes have been reported in a 
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few paddy soils (Berger et al., 2013; Shang et al., 2011) and some natural wetlands (Audet et al., 2014; 

Jørgensen & Elberling, 2012; Majumdar, 2013). Plus, indirect N2O emissions are vital for rice-based 

ecosystems, possibly accounting for up to ~50% of annual budget (Xie et al., 2022). However, the 

mechanisms underlying these N2O dynamics are not yet well understood yet but may be related to the 

depletion of soil N availability for denitrification (Wu et al., 2013), high content of SOC, such as in 

peatlands (Majumdar, 2013), and level of the wetland water table that restricts the diffusion of O2 (Ye 

& Horwath, 2016). 

 Finally, the effect of land-use changes (LUC) associated with expansion of rice-based ecosystem 

on direct rice-N2O emission remains unquantified for this study. Because current TRIPLEX-GHG 

model v2.0 is not equipped with a module that describes changes in soil properties and biogeochemical 

processes resulting from land-use transitions. LUC have major impacts on terrestrial N2O emissions, 

especially for converting natural to agricultural lands (Meurer et al., 2016; van Lent et al., 2015). 

However, the magnitude of such effect is largely uncertain because when excluding anthropogenic N 

inputs, land-use changes exhibit divergent influences on soil N2O fluxes globally (Tian et al., 2019; 

van Lent et al., 2015). Regarding rice-based ecosystems, studies have reported insignificant effects on 

soil N2O emission after conversion of upland wet soils to rice-paddy through flooding, the commonest 

practice (Liu et al., 2020; Ye & Horwath, 2016). One explanation is that the seasonal flooding condition 

in most rice-based ecosystems promote mineral N loss by complete denitrification to N2 under strict 

anaerobiosis (Peng et al., 2006; Zou et al., 2007). In contrast, loss of rice-based ecosystems (i.e., 

transformation of rice-paddy into upland ecosystems) has been observed to significantly enhance N2O 

emission (L. Wu et al., 2017; Xu et al., 2022). Drainage exposes accumulated soil NH4
+ to nitrification, 

thereby favoring nitrifier abundance and activity, stimulating production and emission of N2O 

(Butterbach-Bahl et al., 2013; X. Wu et al., 2017). Given the doubling of global rice-field during study 

period, it seems that the expansion of rice-area might have limited contribution to N2O emission. But 

the more frequent transitions between rice and upland crops, coupled with recent decreasing rice-

cultivation area in eastern Asia, could potentially act as a crucial factor in inducing N2O emission 

(Farquharson & Baldock, 2008; Zhang et al., 2020). These changes warrant further modeling to address 

the role of LUC (Farquharson & Baldock, 2008; Zhang et al., 2020).  

Overall, constructing reliable N fertilizer application data, improving model representations on 

water management and land-use changes, and validating models using more available site‐level 
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observations are essential for reducing the uncertainty and improving the accurate estimation of rice-

based ecosystem N2O emissions in the future for sustainable agriculture (Xu et al., 2020). 

 

4.7 Conclusion 

To our knowledge, this study is the first attempt to explicitly quantify the spatiotemporal magnitude 

and sources of global rice-based N2O emissions from 1910–2020 by carefully considering the 

heterogeneity in environmental factors and changes in detailed managements based on the rice-crop 

calendar, with an application of the biogeochemical process-based model TRIPLEX-GHG v2.0. The 

model was well improved and extensively validated globally by incorporating different management 

practices and key biogeochemical processes for rice-based ecosystems. Simulated results showed that 

total N2O emissions from global rice-based ecosystems increased by more than five times from 1910 

to present period (0.18 ± 0.003 TgN yr-1). Notably, the importance of non-growing seasons’ emissions 

to the annual global rice-based N2O emissions (~30.5%) is emphasized in this study. Spatial variations 

suggest that the irrigated rice ecosystems play a vital role in N2O emissions as compared to rainfed 

rice during the study period. China was identified as the largest source of rice-N2O emissions, followed 

by the Indian subcontinent and Southeast Asia. Additionally, we found that synthetic N fertilizer 

application is the largest source of rice-based N2O emissions, with an increasingly important role over 

time. However, increased irrigation of rice-based ecosystem areas was only responsible for 9.7% of 

the total emissions, and its extent highly correlated with the N fertilizer effect. These results highlight 

the importance of integrating emissions during non-growing seasons, the different effects of water 

regimes, and diverse N forms in the estimation. We concluded that the co-management of N fertilizer 

and flooding regimes is an effective approach for mitigating N2O emissions from global rice-based 

ecosystems under global climate change.    

 

4.8 Supplementary materials 

4.8.1 Evaluation of model parameters and performances  

The SI is calculated based on the following equation: 

SI =  
1

𝑛
· ∑ (

(𝑦2𝑗−𝑦1𝑗) 𝑦0𝑗⁄

2·∆𝑥 𝑥0⁄
)𝑛

𝑗=1                 
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where n is the total number of months from 1961 to 2015 (because in our model, chemical fertilizer 

application started in 1961); j accounts for the number of months from 1961 to 2015; 𝑦0𝑗 represents 

the jth monthly N2O emissions with an initial parameter 𝑥0; and 𝑦2𝑗  𝑎𝑛𝑑 𝑦1𝑗 are the N2O emission 

values produced for +∆𝑥 and −∆𝑥, respectively. ∆𝑥 was set as 20% of 𝑥0.  

The index of agreement (D), the root mean square error (RMSE), and the coefficient of determination (R2) 

were used to evaluate our model’s performance in daily time step, and the D-value and RMSE were calculated 

as follows: 

𝐷 = 1 −  
∑ (𝑆𝑖−𝑂𝑖)2𝑛

𝑖=1

∑ (|𝑆𝑖−¯𝑂|+|𝑂𝑖−𝑂|)2𝑛
𝑖=1

,                                                       

𝑅𝑀𝑆𝐸 =  √
∑ (𝑆𝑖−𝑂𝑖)2𝑛

𝑖=1

𝑛
.                                                                

Here, 𝑆𝑖 is the ith simulated result corresponding to the number of observations; 𝑂𝑖 is the ith observed 

value; and 𝑂 is the mean of the observed values during the experimental period. D varies between 0 and 1, and 

is excessively sensitive to extreme values (Willmott, 1981). The model performance was considered to be 

perfect and unmeaningful when the D value was set to 1 and 0, respectively. The RMSE is the key value 

representing the difference between the simulated and observed values, and is significantly affected by the data 

units (e.g., mg N m-2 day-1 compared with kg N ha-1 day-1). 
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4.8.2 Supplementary Figures 

 

Figure 4. S1 Comparison of modeled (blue lines) and observed (red dots) daily N2O emissions for 

short term (~1 year). The model was driven by site-specific environment and management 

information. 
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Figure 4. S2 Changes in irrigated and rainfed rice-based ecosystem area and the application rate 

of chemical fertilizer and manure. The land use change data were derived from LUH2.0 (Hurtt 

et al., 2020) and HYDE3.2 (Klein Goldewijk et al., 2017). While the N fertilizer datasets were 

obtained from HANI (Tian et al., 2022). 
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Figure 4. S3 Spatial pattern of mean N2O emissions (not area weighted) from rainfed (a) and 

irrigated (b) rice-based ecosystems during 1910 – 2020 as a result of multiple environmental 

changes. The results are based on Multifactor simulation (SH1). (c) presents geographic 

distribution of all rice-based ecosystems during the study period. 
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Figure 4. S4 (a) Spatial variations in the weighted mean N2O emissions from rice-based 

ecosystems in Asia during 1980—2020; and (b) Quantification of the contribution (emission rate 

and proportion) of Asia to global rice-based N2O emissions during the whole study period. 
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Figure 4. S5 Global weighted mean N2O flux from rice-based ecosystems (blue line) and mean 

annual N2O fluxes (mean±0.5standard division) from irrigated and rainfed rice ecosystems. 
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Figure 4. S6 Temporal variations of the weighted mean fertilizer N application (a), annual 

precipitation (b), and annual mean temperature (c) of rice-based ecosystems on a global scale. 
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Figure 4. S7 Seasonal variation patterns (monthly) of rice-based N2O emissions for different 

regions 
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Figure 4. S8 Fraction of nitrate for applied N fertilizer in rice-based ecosystems for different 

regions. 
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4.8.3 Supplementary Tables 

Table 4. S1 Site climate, environment, and management information for model validation. For the volume Duration, A and B indicate the experiment 

was conducted annually or just growing season only. For the flood category, C and D denote continuous and intermittent flooding, respectively. 

Ref. Lon. Lat. Country Duration Period  Prec, mm Temp, ℃ Clay, % SOC, % pH N fer rate  

kgNha-1yr-1 

flood rotation Observed 

(mgN m-2 d-1) 

Estimated 

(mgN m-2 d-1) 

 (Shang et al., 

2011) 

111.5 28.91 China, Taoyuan 2006.11-2007.10 A 1448 16.5 37.5 1.8 5.2 0 C rice-rice 0.18  0.61  

111.5 28.91 China, Taoyuan 2006.11-2007.10 A 1448 16.5 37.9 1.9 5.3 183 C rice-rice 0.87  0.91  

111.5 28.91 China, Taoyuan 2006.11-2007.10 A 1448 16.5 39.6 2.6 5.1 183 C rice-rice 2.35  0.70  

111.5 28.91 China, Taoyuan 2006.11-2007.10 A 1448 16.5 40.7 2.38 5 122 C rice-rice 1.44  1.11  

111.5 28.91 China, Taoyuan 2007.11-2008.10 A 1448 16.5 37.5 1.8 5.2 0 C rice-rice 0.30  0.26  

111.5 28.91 China, Taoyuan 2007.11-2008.10 A 1448 16.5 37.9 1.9 5.3 183 C rice-rice 0.59  0.81  

111.5 28.91 China, Taoyuan 2007.11-2008.10 A 1448 16.5 39.6 2.6 5.1 183 C rice-rice 0.77  0.57  

111.5 28.91 China, Taoyuan 2007.11-2008.10 A 1448 16.5 40.7 2.38 5 122 C rice-rice 0.79  0.53  

111.5 28.91 China, Taoyuan 2008.11-2009.10 A 1448 16.5 37.5 1.8 5.2 0 C rice-rice 0.43  0.30  

111.5 28.91 China, Taoyuan 2008.11-2009.10 A 1448 16.5 37.9 1.9 5.3 183 C rice-rice 0.64  0.93  

111.5 28.91 China, Taoyuan 2008.11-2009.10 A 1448 16.5 39.6 2.6 5.1 183 C rice-rice 0.30  0.64  

111.5 28.91 China, Taoyuan 2008.11-2009.10 A 1448 16.5 40.7 2.38 5 122 C rice-rice 0.46  0.50  
                

 (Yao et al., 

2010) 

120.48 31.51 Wuxi, China 2002.6-2003.6 A 1079 15.6 31 1.5 6.8 430 D rice-wheat 0.90  0.98  

120.48 31.51 Wuxi, China 2002.6-2003.6 A 1079 15.6 31 1.5 6.8 430 D rice-wheat 2.33  2.32  

120.48 31.51 Wuxi, China 2002.6-2003.6 A 1079 15.6 31 1.5 6.8 430 D rice-wheat 1.40  1.44  

119.7 32.51 Jiangdu, China 2005.6-2006.6 A 1136 14.9 14 1.84 8 475 D rice-wheat 0.38  0.35  

119.7 32.51 Jiangdu, China 2005.6-2006.6 A 1136 14.9 14 1.84 8 475 D rice-wheat 1.51  1.31  

119.7 32.51 Jiangdu, China 2005.6-2006.6 A 1136 14.9 14 1.84 8 475 D rice-wheat 0.90  1.09  

119.7 32.51 Jiangdu, China 2006.6-2007.6 A 625 23.8 14 1.84 8 475 D rice-wheat 0.51  0.62  

119.7 32.51 Jiangdu, China 2006.6-2007.6 A 625 23.8 14 1.84 8 475 D rice-wheat 1.84  1.50  

119.7 32.51 Jiangdu, China 2006.6-2007.6 A 625 23.8 14 1.84 8 475 D rice-wheat 1.08  1.24  
                

 (Zhang et al., 

2013) 

112.3 28.11 Ningxiang, 

China 

2007.4-2007.10 B 1358.3 16.8 26 3.49 6.26 266 D rice-rice 0.45  0.60  
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112.3 28.11 Ningxiang, 

China 

2007.4-2007.10 B 1358.3 16.8 26 3.49 6.26 266 D rice-rice 0.39  0.60  

112.3 28.11 Ningxiang, 

China 

2008.4-2008.10 B 1358.3 16.8 26 3.49 6.26 266 D rice-rice 0.16  0.36  

112.3 28.11 Ningxiang, 

China 

2008.4-2008.10 B 1358.3 16.8 26 3.49 6.26 266 D rice-rice 0.16  0.36  

                

 (Zhou et al., 

2015) 

105.48 31.27 Yanting, China 2005-2006 A 826 17.3 13.4 0.86 8.5 0 C rice-rapeseed 0.34  0.14  

105.48 31.27 Yanting, China 2005-2006 A 826 17.3 13.4 0.86 8.5 0 D rice-rapeseed 1.33  0.58  

105.48 31.27 Yanting, China 2005-2006 A 826 17.3 13.4 0.86 8.5 0 D rice-rapeseed 1.94  0.98  

105.48 31.27 Yanting, China 2006-2007 A 826 17.3 13.4 0.86 8.5 150 C rice-rapeseed 0.12  0.14  

105.48 31.27 Yanting, China 2006-2007 A 826 17.3 13.4 0.86 8.5 150 D rice-rapeseed 0.72  0.66  

105.48 31.27 Yanting, China 2006-2007 A 826 17.3 13.4 0.86 8.5 150 D rice-rapeseed 1.12  1.08  

105.48 31.27 Yanting, China 2007-2008 A 826 17.3 13.4 0.86 8.5 250 C rice-rapeseed 0.08  0.13  

105.48 31.27 Yanting, China 2007-2008 A 826 17.3 13.4 0.86 8.5 250 D rice-rapeseed 0.49  0.74  

105.48 31.27 Yanting, China 2007-2008 A 826 17.3 13.4 0.86 8.5 250 D rice-rapeseed 1.08  1.11  
                

 (H. Wang et 

al., 2019) 

120.41 31.45 China 2013.6-2014.6 A 1094 15.7 30.8 1.4 6.1 425 D rice-wheat 0.44  0.35  

120.41 31.45 China 2013.6-2014.6 A 1094 15.7 30.8 1.4 6.1 425 D rice-wheat 0.64  0.57  

120.41 31.45 China 2013.6-2014.6 A 1094 15.7 30.8 1.4 6.1 425 D rice-wheat 0.60  0.63  

120.41 31.45 China 2013.6-2014.6 A 1094 15.7 30.8 1.4 6.1 425 D rice-wheat 0.81  0.83  

120.41 31.45 China 2014.6-2015.6 A 1109 15.8 30.8 1.4 6.1 425 D rice-wheat 0.44  0.34  

120.41 31.45 China 2014.6-2015.6 A 1109 15.8 30.8 1.4 6.1 425 D rice-wheat 0.62  0.62  

120.41 31.45 China 2014.6-2015.6 A 1109 15.8 30.8 1.4 6.1 425 D rice-wheat 0.62  0.67  

120.41 31.45 China 2014.6-2015.6 A 1109 15.8 30.8 1.4 6.1 425 D rice-wheat 0.89  0.97  

120.41 31.45 China 2015.6-2016.6 A 1059 15.7 30.8 1.4 6.1 425 D rice-wheat 0.45  0.37  

120.41 31.45 China 2015.6-2016.6 A 1059 15.7 30.8 1.4 6.1 425 D rice-wheat 0.66  0.52  

120.41 31.45 China 2015.6-2016.6 A 1059 15.7 30.8 1.4 6.1 425 D rice-wheat 0.68  0.81  

120.41 31.45 China 2015.6-2016.6 A 1059 15.7 30.8 1.4 6.1 425 D rice-wheat 0.86  1.01  
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 (Huang et 

al., 2019) 

116.92 28.25 China 2010.11-2011.11 A 1789 17.6 35.2 1.7 4.74 180 D rice-rice 0.04  0.07  

116.92 28.25 China 2010.11-2011.11 A 1789 17.6 35.2 1.7 4.74 180 C rice-rice 0.03  0.03  

116.92 28.25 China 2011.11-2012.11 A 1789 17.6 35.2 1.7 4.74 180 D rice-rice 0.03  0.07  

116.92 28.25 China 2011.11-2012.11 A 1789 17.6 35.2 1.7 4.74 180 C rice-rice 0.02  0.03  

116.92 28.25 China 2012.11-2013.11 A 1789 17.6 35.2 1.7 4.74 180 D rice-rice 0.03  0.07  

116.92 28.25 China 2012.11-2013.11 A 1789 17.6 35.2 1.7 4.74 180 C rice-rice 0.03  0.03  

116.92 28.25 China 2013.11-2014.11 A 1789 17.6 35.2 1.7 4.74 180 D rice-rice 0.03  0.07  

116.92 28.25 China 2013.11-2014.11 A 1789 17.6 35.2 1.7 4.74 180 C rice-rice 0.03  0.03  
                

 (Ma et al., 

2013) 

119.61 26.29 China 2009 B 1500 18.3 30 2.56 5.3 180 C rice-rice 0.02  0.04  

119.61 26.29 China 2009 B 1500 18.3 30 2.56 5.3 180 D rice-rice 0.07  0.14  

119.61 26.29 China 2009 B 1500 18.3 30 2.56 5.3 180 D rice-rice 0.17  0.12  

119.61 26.29 China 2010 B 1500 18.3 30 2.56 5.3 180 C rice-rice 0.02  0.04  

119.61 26.29 China 2010 B 1500 18.3 30 2.56 5.3 180 D rice-rice 0.05  0.12  

119.61 26.29 China 2010 B 1500 18.3 30 2.56 5.3 180 D rice-rice 0.06  0.13  
                

 (Simmonds, 

Anders, et al., 

2015) 

-91.42 34.46 Arkansas, USA 2011.5-2011.10 B 288 26.5 18 0.65 6.25 168 C rice-fallow 0.08  0.09  

-91.42 34.46 Arkansas, USA 2012.4-2012.8 B 400 25.2 18 0.65 6.25 134 C rice-fallow 0.04  0.07  

                

 (Linquist et 

al., 2015) 

-91.4 34.47 Stuttgart,USA 2012.4-2012.10 A 

   

0.67 5.6 144 C rice-soybean 0.02  0.05  

-91.4 34.47 Stuttgart,USA 2012.4-2012.10 A 

   

0.67 5.6 144 D rice-soybean 0.06  0.08  

-91.4 34.47 Stuttgart,USA 2012.4-2012.10 A 

   

0.67 5.6 144 D rice-soybean 0.13  0.14  

-91.4 34.47 Stuttgart,USA 2013.4-2013.9 A 

   

0.67 5.6 144 C rice-soybean 0.05  0.04  

-91.4 34.47 Stuttgart,USA 2013.4-2013.9 A 

   

0.67 5.6 144 D rice-soybean 0.25  0.11  

-91.4 34.47 Stuttgart,USA 2013.4-2013.9 A 

   

0.67 5.6 144 D rice-soybean 0.26  0.22  
                

 (Kim et al., 

2014) 

126.99 37.26 Korea 2008.5-2008.10 B 571.6602 21.00185 32 0.986 5.8 0 C rice-fallow 0.22  0.23  

126.99 37.26 Korea 2008.5-2008.10 B 571.6602 21.00185 32 0.986 5.8 160 C rice-fallow 0.46  0.25  

126.99 37.26 Korea 2008.5-2008.10 B 571.6602 21.00185 32 0.986 5.8 0 D rice-fallow 0.26  0.26  

126.99 37.26 Korea 2008.5-2008.10 B 571.6602 21.00185 32 0.986 5.8 160 D rice-fallow 0.59  0.43  
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 (Wu et al., 

2018) 

111.45 28.91 Taoyuan, China 2014.11-2015.11 A 1448 16.5 32 1.76 7.8 182 C rice-rice 0.00  0.00  

111.45 28.91 Taoyuan, China 2014.11-2015.11 A 1448 16.5 32 1.76 7.8 182 C rice-rice 0.11  0.20  

111.45 28.91 Taoyuan, China 2014.11-2015.11 A 1448 16.5 32 1.76 7.8 182 C rice-rice 0.01  0.01  

111.45 28.91 Taoyuan, China 2014.11-2015.11 A 1448 16.5 32 1.76 7.8 182 C rice-rice 0.27  0.32  
                

 (Setyanto et 

al., 2018) 

111.2 -6.78 Indonesia 2013.10-2014.3 B 1142.34 26.95 22.5 0.53 6.48 120 C rice-rice 0.51  0.61  

111.2 -6.78 Indonesia 2014.10-2015.3 B 1117.24 27.02 22.5 0.53 6.48 120 C rice-rice 0.48  0.53  

111.2 -6.78 Indonesia 2013.10-2014.4 B 1142.34 26.95 22.5 0.53 6.48 120 D rice-rice 0.32  0.56  

111.2 -6.78 Indonesia 2014.10-2015.4 B 1117.24 27.02 22.5 0.53 6.48 120 D rice-rice 0.60  0.61  
                

 

(Chidthaisong 

et al., 2018) 

101.22 14.01 Thailand 2013.12-2014.4 B 96.02 26.62 62 1.74 4.6 70 C rice-rice 0.17  0.12  

101.22 14.01 Thailand 2015.2-2016.5 B 1309.64 28.74 62 1.74 4.6 70 C rice-rice 0.37  0.26  

101.22 14.01 Thailand 2013.12-2014.4 B 96.02 26.62 62 1.74 4.6 70 D rice-rice 0.23  0.24  

101.22 14.01 Thailand 2015.2-2016.5 B 1309.64 28.74 62 1.74 4.6 70 D rice-rice 0.66  0.43  
                

 

107.52 16.47 Vietnam 2014.6-2014.9 B 393 28.95 37.5 1.14 4.1 100 C rice-rice 0.17  0.11  

107.52 16.47 Vietnam 2014.6-2014.9 B 393 28.95 37.5 1.14 4.1 100 C rice-rice 0.19  0.12  

107.52 16.47 Vietnam 2015.1-2015.5 B 473.2 24.36 37.5 1.14 4.1 100 C rice-rice 0.10  0.77  

107.52 16.47 Vietnam 2015.1-2015.5 B 473.2 24.36 37.5 1.14 4.1 100 C rice-rice 0.13  0.79  

107.52 16.47 Vietnam 2014.6-2014.9 B 393 28.95 37.5 1.14 4.1 100 D rice-rice 0.41  0.73  

107.52 16.47 Vietnam 2015.1-2015.5 B 473.2 24.36 37.5 1.14 4.1 100 D rice-rice 0.29  1.09  
                

 (Cha-un et 

al., 2017) 

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-fallow 1.58  1.76  

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-rice 0.42  0.92  

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-Corn 2.13  2.06  

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-Spream 2.45  1.99  

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-fallow 0.93  1.31  

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-rice 0.33  0.62  

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-Corn 2.47  1.56  

99.5 13.59 Vietnam 2010.1-2011.1 A 1063 27.9 2 0.4 5.8 150 D rice-Spream 2.85  2.77  
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 (Quang et 

al., 2019) 

105.77 21.42 Vietnam 2015.2-2015.6 B 157.2 23.68 23 1.9 5.03 100 C rice-rice 0.67  0.65  

105.77 21.42 Vietnam 2015.7-2016.6 B 157.2 23.68 23 1.9 5.03 100 C rice-rice 0.48  0.45  

105.77 21.42 Vietnam 2016.7-2016.10 B 156.8 28.81 23 1.9 5.03 100 C rice-rice 0.33  0.35  
                

 (Dong et al., 

2018) 

126.8 45.82 Harbin, China 2012.6-2012.10 B 540 6.9 20.25 1.83 6.5 0 C rice-fallow 0.87  0.83  

126.8 45.82 Harbin, China 2012.6-2012.11 B 540 6.9 20.25 1.83 6.5 75 C rice-fallow 1.39  0.76  

126.8 45.82 Harbin, China 2012.6-2012.12 B 540 6.9 20.25 1.83 6.5 150 C rice-fallow 2.23  2.37  

126.8 45.82 Harbin, China 2013.5-2013.10 B 540 6.9 20.25 1.83 6.5 0 C rice-fallow 1.04  0.98  

126.8 45.82 Harbin, China 2013.5-2013.11 B 540 6.9 20.25 1.83 6.5 75 C rice-fallow 1.53  0.34  

126.8 45.82 Harbin, China 2013.5-2013.12 B 540 6.9 20.25 1.83 6.5 150 C rice-fallow 2.30  2.14  

126.8 45.82 Harbin, China 2012.6-2012.10 B 540 6.9 20.25 1.83 6.5 0 D rice-fallow 1.02  0.88  

126.8 45.82 Harbin, China 2012.6-2012.11 B 540 6.9 20.25 1.83 6.5 75 D rice-fallow 1.53  1.35  

126.8 45.82 Harbin, China 2012.6-2012.12 B 540 6.9 20.25 1.83 6.5 150 D rice-fallow 2.29  2.04  

126.8 45.82 Harbin, China 2013.5-2013.10 B 540 6.9 20.25 1.83 6.5 0 D rice-fallow 1.53  1.01  

126.8 45.82 Harbin, China 2013.5-2013.11 B 540 6.9 20.25 1.83 6.5 75 D rice-fallow 1.48  1.25  

126.8 45.82 Harbin, China 2013.5-2013.12 B 540 6.9 20.25 1.83 6.5 150 D rice-fallow 2.37  2.70  
                

 (Tang et al., 

2018) 

124.72 45.01 Qiangguo, 

China 

2012.5-2012.10 B 423.88 17.83 28.75 0.43 9.72 150 C rice-fallow 0.94  0.92  

124.71 45 Qiangguo, 

China 

2012.5-2012.11 B 423.88 17.83 28.75 2.31 8.31 150 C rice-fallow 0.82  0.40  

124.72 45.01 Qiangguo, 

China 

2012.5-2012.12 B 423.88 17.83 28.75 4.19 6.9 150 D rice-fallow 1.19  0.99  

124.72 45 Qiangguo, 

China 

2012.5-2012.13 B 423.88 17.83 28.75 6.07 5.49 150 D rice-fallow 0.99  0.68  

                

 (Oo et al., 

2018) 

79.5 11 India 2016.6-2016.9 B 1292 30.15 25.3 1.96 7.5 150 C rice-rice 0.71  0.55  

79.5 11 India 2016.10-2017.1 B 1292 30.15 25.3 1.96 7.5 150 C rice-rice 0.46  0.55  

79.5 11 India 2016.6-2016.9 B 1292 30.15 25.3 1.96 7.5 150 D rice-rice 1.13  0.81  

79.5 11 India 2016.10-2017.1 B 1292 26.15 25.3 1.96 7.5 150 D rice-rice 0.86  0.94  
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79.5 11 India 2016.6-2016.9 B 1292 26.15 25.3 1.96 7.5 150 C rice-rice 1.07  0.63  

79.5 11 India 2016.10-2017.1 B 1292 30.15 25.3 1.96 7.5 150 D rice-rice 0.76  0.88  
                

 (Gupta et al., 

2016) 

77.2 28.67 New Delhi 2011.11-2012.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.39  0.38  

77.2 28.67 New Delhi 2011.11-2012.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.41  0.43  

77.2 28.67 New Delhi 2011.11-2012.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.46  0.67  

77.2 28.67 New Delhi 2011.11-2012.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.46  0.77  

77.2 28.67 New Delhi 2012.11-2013.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.42  0.27  

77.2 28.67 New Delhi 2012.11-2013.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.44  0.27  

77.2 28.67 New Delhi 2012.11-2013.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.48  0.78  

77.2 28.67 New Delhi 2012.11-2013.11 A 750 24.5 21 0.46 8.1 240 D rice-wheat 0.52  0.89  
                

 (Gaihre et 

al., 2015) 

90.43 24.7 BAU 2013.5-2014.5 A 1500 25.3 29.96 1.18 6.2 0 C rice-rice 0.04  0.08  

90.43 24.7 BAU 2013.5-2014.5 A 1500 25.3 29.96 1.18 6.2 130 C rice-rice 0.16  0.17  

90.43 24.7 BAU 2013.5-2014.5 A 1500 25.3 29.96 1.18 6.2 182 C rice-rice 0.07  0.11  

90.4 23.99 BRRI 2013.5-2014.5 A 1500 25.3 11.44 1.76 5.5 0 C rice-rice 0.02  0.03  

90.4 23.99 BRRI 2013.5-2014.5 A 1500 25.3 11.44 1.76 5.5 130 C rice-rice 0.03  0.06  

90.4 23.99 BRRI 2013.5-2014.5 A 1500 25.3 11.44 1.76 5.5 182 C rice-rice 0.02  0.01  
                

 (Petter et al., 

2016) 

-52.4 -14.56 Brazil 2013.1-2013.4 B 1534 23.6 17 1.13 5.3 0 C rice-fallow 0.10  0.05  

-52.4 -14.56 Brazil 2013.1-2013.4 B 1534 23.6 17 1.13 5.3 100 C rice-fallow 0.19  0.14  

-52.4 -14.56 Brazil 2013.1-2013.4 B 1534 23.6 17 1.13 5.3 32Mgha C rice-fallow 0.55  0.71  
                

(Zschornack 

et al. 2017) 

-51.12 -29.94 Brazil 2009.10-2010.10 A 1394 20 17 0.13 5.3 210 C rice-regrass 0.46  0.41  

-51.12 -29.94 Brazil 2010.10-2011.10 A 1394 20 17 0.13 5.3 210 C rice-regrass 0.34  0.26  

-51.12 -29.94 Brazil 2011.10-2012.5 A 1394 20 17 0.13 5.3 210 C rice-regrass 0.18  0.30  

-51.12 -29.94 Brazil 2009.10-2010.10 A 1394 20 17 0.13 5.3 300 C rice-regrass 1.07  0.71  

-51.12 -29.94 Brazil 2010.10-2011.10 A 1394 20 17 0.13 5.3 300 C rice-regrass 0.27  0.69  

-51.12 -29.94 Brazil 2011.10-2012.5 A 1394 20 17 0.13 5.3 300 C rice-regrass 0.18  0.20  
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Table 4. S2 The global correlation results between weighted mean Emission Factors (EF) and 

related management, environmental factors.  

 Variables t df cor p-value 

EF1980-2020  

.vs. 

Variable1980-

2020 

Fraction of fertilizer NO3
- -22.98 155434 -0.058** <0.0001 

Total fertilizer application 

rate 

41.337 155698 0.104** <0.0001 

Atmospheric N deposition 

rate 

-10.698 155698 -0.029** <0.0001 

Mean daily temperature 12.56 155698 0.0334** <0.0001 

Mean daily precipitation 2.215 155698 0.0059 0.0268 

EFmean 

.vs. 

Variablemean 

Annual rice non-growing 

season days 

2.11 5071 0.030 0.034 

Soil pH -1.72 5071 -0.024 0.084 

Soil clay content 4.28 5071 0.060** <0.0001 

Soil sand content -4.81 5071 -0.067** <0.0001 

All the data was log transformed before processing. 
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Table 4. S3 The regional correlation results between weighted mean N2O emissions and rainfed 

rice-based ecosystem fraction, annual precipitation level, and weighted mean N fertilizer 

application rate during different time period in three key rice-cultivation regions. 

Region Variables Periods t cor p-value 

China Rainfed fraction 1910-2020 -10.50 -0.71 <0.001 

1960-2020 -4.99 -0.54 <0.001 

Precipitation 

Trend#  

1910-1960 0.14 0.95 0.34 

Slope=0.11 R2=0.11 0.02 

Mean N application rate 1910-2020 22.68 0.91 <0.001 

1960-2020 27.96 0.96 <0.001 

India Rainfed fraction 1910-2020 -6.87 -0.55 <0.001 

1960-2020 -17.93 -0.92 <0.001 

Precipitation 

Trend# 

1910-1960 -6.71 -0.70 <0.001 

Slope=0.23 R2=0.47 <0.001 

Mean N application rate 1910-2020 0.71 0.07 0.48 

1960-2020 8.22 0.73 <0.001 

Southeast 

Aisa 

Rainfed fraction 1910-2020 -11.45 -0.74 <0.001 

1960-2020 -11.42 -0.83 <0.001 

Precipitation 

Trend# 

1910-1960 1.41 0.20 0.16 

Slope=0.07 R2=0.014 0.41 

Mean N application rate 1910-2020 25.04 0.92 <0.001 

1960-2020 9.72 0.78 <0.001 

#: time series trend of annual precipitation during 1910-1960. The break point is set as 1960 because 

after the 1960s, chemical N fertilizer become widely used (green revolution), which dominate the trend 

of N2O emission. 
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5.1 Résumé 

Une prévision fiable des émissions futures de protoxyde d'azote (N2O) est essentielle pour les 

politiques d'atténuation du climat. Cependant, notre compréhension actuelle de l'ampleur des 

émissions mondiales de N2O face aux changements futurs du climat et des pratiques de gestion reste 

insuffisante. Dans cette étude, nous avons étudié l'évolution des schémas spatio-temporels des 

émissions de N2O des sols agricoles mondiaux de 2015 à 2100 et quantifié la contribution des 

changements climatiques sous trois scénarios de Voies Socioéconomiques Partagées (SSP), pour la 

première fois en utilisant un modèle biogéochimique basé sur les processus, TRIPLEX-GHG v2.0, à 

une résolution spatiale de 0.25°. Nos simulations suggèrent des tendances à la hausse des émissions 

des émissions de N2O agricoles, qui devraient atteindre 8.61 à 11.42 Tg N an-1, soit une augmentation 

de 27.0 à 71.0 % par rapport à la période de référence entre 2015 et 2100, avec les émissions les plus 

importantes potentiellement sous le scénario intermédiaire (SSP2-4.5). Les terres cultivées en milieu 

sec sont identifiées comme la principale source d'émissions agricoles de N2O à l'échelle mondiale, en 

particulier pour les nations en développement. Bien que les engrais azotés restent le facteur clé 

contrôlant les variations des émissions de N2O agricoles, les futurs changements climatiques devraient 

contribuer à une augmentation globale de 0.41 Tg N an-1. De plus, les effets du changement climatique 

devraient varier selon les différents écosystèmes, qui atténuent les émissions de N2O dans les sols 

intensivement gérés mais tendent à présenter des effets négatifs pour les prairies. Cette projection 

souligne l'importance de la gestion agricole et du changement climatique dans la détermination des 

schémas futurs d'émissions de N2O. La redistribution mondiale des apports en azote agricole, en 

fonction des changements climatiques locaux, jouerait un rôle essentiel dans la réduction des émissions 

de N2O des écosystèmes agricoles mondiaux. 
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5.2 Abstract 

Reliable prediction of future nitrous oxide (N2O) emissions is crucial for climate mitigation 

policies. However, our current understanding of the magnitude of global N2O emissions with future 

changes in both climate and management is still lacking. In this study, we investigated the evolution 

of spatiotemporal patterns of global agricultural soil N2O emissions from 2015 to 2100 and quantified 

the contribution of climate changes under three Shared Socioeconomic Pathway (SSP) scenarios, for 

the first time using a process-based biogeochemical model, TRIPLEX-GHGv2.0 at 0.25° spatial 

resolution. Our simulations suggest increasing trends of agricultural N2O emissions, which are 

projected to rise to 8.61 – 11.42 Tg N yr-1 by 27.0 – 71.0% relative to reference period during 2015 –

2100, with the largest emissions potentially occurring under intermediate pathway (SSP2-4.5). Upland 

croplands are identified as the dominant source of agricultural N2O emissions globally, in particular 

for developing nations. Although N fertilizer remains for the key factor controlling variations in 

agricultural N2O emissions, future changing climates would contribute an overall increase of 0.41 Tg 

N yr-1. In addition, climate change effects are projected to vary across different ecosystems which 

buffer N2O emissions with intensive managed soils but tend to present negative effects for rangelands. 

This projection highlights the importance of agricultural management and climate change in 

determining future N2O emission patterns. Global redistribution of agricultural N inputs, depending 

on local climate changes, would play an essential role in mitigating N2O emissions from global 

agricultural ecosystems.    

 

5.3 Introduction 

Nitrous oxide (N2O) is the third largest greenhouse gases (GHGs) source of anthropogenic 

warming, with a global warming potential 265 – 298 times larger than that of CO2 in 100-year horizon 

(IPCC, 2021). The atmospheric concentration of N2O has increased significantly by ~20 % since the 

industrial revolution (i.e., 270 parts per billion, ppb in 1800 to 331 ppb in 2018) (Tian et al., 2020). As 

a by-product of the nitrogen cycle in the biosphere (e.g., nitrification and denitrification), terrestrial 

ecosystem soils are the primary source of N2O emissions, with agricultural soils contributing ~ 45% 

of total in the early 21st century and likely to increase until the end of this century (Davidson & Kanter, 

2014; Gong et al., 2024; Tian et al., 2020). Growing N2O emission could pose a substantial threat to 
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meeting the 1.5 – 2 ℃ climate target, maintaining stratospheric ozone, and thus human health in the 

future (Lawrence et al., 2021; Portmann et al., 2012).  

Mitigating N2O emissions is challenging due to global climate, environmental and management 

changes. Previous in-situ continuous monitoring and inverse modelling in extensively managed 

agricultural regions have shown a strong sensitivity of soil N2O production and emission to changing 

climate, which tend to be significantly stimulated under warmer and wetter conditions (Griffis et al., 

2017; Gu et al., 2023). However, inconsistent responses of soil N2O have also been reported in several 

regions and ecosystems, indicating strong spatial heterogeneity of effect of climate change on N2O 

emissions (Li et al., 2020; Ren et al., 2023). For instance, negative effects of warming to soil N2O 

fluxes have been widely observed across Qinghai-Tibetan Plateau (Zhang et al., 2022). Negative to 

insignificant differences in N2O emissions under larger precipitation regimes were recorded in 

semiarid and arid soils (Li et al., 2022; Shi et al., 2021). In addition, elevated atmospheric CO2 

concentrations also present divergent impacts on N2O emissions across different biome and climate 

types, although most experiment results in croplands indicate enhanced N2O emissions across the 

globe (Cui et al., 2023; Wang et al., 2021; Yao et al., 2021).  

As a hotspot of soil N2O emissions, N2O fluxes in agricultural ecosystems are not only controlled 

by local climates, soil properties, and vegetation, but nowadays more importantly being driven by 

expanded agricultural lands and associated management practices (Butterbach-Bahl et al., 2013; Liao 

et al., 2022). As a N-trace gas, variations in total soil N2O emissions are dominated by shifts in N 

inputs, particularly in managed ecosystems (Thompson et al., 2019). Increases in N fertilizer, manure 

application, and agricultural land area is likely to pose larger challenges to global N2O mitigation in 

response to the constantly growing global population (Jones & O’Neill, 2016; Mueller et al., 2012; 

Reay et al., 2012). Soil N enrichment in less-managed soils caused by higher atmospheric N deposition 

rates also significantly enhances N2O emissions (Shen & Zhu, 2022). In the future, these major 

transitions in soil nutrient and biogeochemical status are likely to interact with changing climate (e.g., 

warming), buffering the N induced stimulation of N2O production and emissions at a global scale 

(Reay et al., 2012; Thompson et al., 2019).  

In the past decade, policy circles began recognizing the significance of explicitly addressing N2O 

mitigation to achieve sustainable development (Kanter et al., 2020). Various management strategies 

have been proposed and tested at sites to country levels to reduce reactive N, especially N2O emissions 
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from agriculture, achieving early-stage progress in some cases (Cui et al., 2022; Pan et al., 2022). 

Effective natural-based solution of mitigation for N2O emissions requires quantitative understanding 

of the sources and how they may change in future. The overall magnitudes of effects of these 

management need careful assessment or comparison on a large scale (Ma et al., 2023). However, recent 

efforts have not drove enough attention to evaluating potential global N2O emission scenarios under 

the projected future climate change (Kanter et al., 2020; Zhang et al., 2024). Since the CMIP6 provides 

a value opportunity by integrating both management and environmental changes (O’Neill et al., 2016), 

this study aims to project future global agricultural N2O emissions at a spatial resolution of 0.25° under 

multiple scenarios utilizing a process-based biogeochemical model, TRIPLEX-GHGv2.0. We first 

provide an estimated range of N2O emissions from global agricultural ecosystems in the future under 

different climate and management change scenarios. Next, we explicitly evaluate and compare the 

contribution of climate change and management effects. This study offers opportunities to 

systematically understand possible responses and mitigation potential of N2O emission from global 

agricultural ecosystems to meet the 2 ℃ target and sustainable development goals. 

 

5.4 Data and Methods  

5.4.1 Climate, soil, and environment datasets  

Daily meteorological data during the period from 1950 to 2100 at 0.25° spatial resolutions across 

the globe, were obtained from the NASA Earth Exchange Global Daily Downscaled Projections (NEX-

GDDP-CMIP6) (Thrasher et al., 2022). This dataset has undergone bias-correction based on climate 

data (1901-2020) from the Climate Research Unit-National Center for Environmental Prediction 6-

hourly climate data sets (Viovy, 2018; https://rda.ucar.edu/datasets/ds314.3/). Two CMIP6 Global 

Climate Models (GCMs, including ACCESS-CM2 and GFDL-ESM4) under three Shared Socio-

economic Pathways-Representative Concentration Pathways (SSP-RCPs) were included at current 

stage. Because these two model products provide complete dataset covering the whole study period, 

which is required for forcing TRIPLEX-GHGv2.0, including daily maximum, minimum air 

temperature, mean surface temperature (K), precipitation (mm s-1), specific humidity (g g-1), and wind 

speed (m s-1).  

Regarding three SSP-RCPs (hereafter SSPs for consistency), SSP1-2.6, SSP2-4.5, and SSP5-8.5 

https://rda.ucar.edu/datasets/ds314.3/
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were selected to represent the sustainable, the intermediate, and the most extreme pathway, respectively. 

SSP1-2.6 projects a future under a green growth paradigm which combines high economic growth, 

improvements in technologies and agriculture, and climate mitigation policies, constraining radiative 

forcing at 2.6 W m-2 (~ 2 ℃ warming) before 2100 (van Vuuren et al., 2017). SSP2-4.5, the ‘middle 

of the road’ scenario, describes a future where the world has relatively modest outcomes in mitigating 

climate change (Riahi et al., 2017). SSP2 envisions trends in social, economic, and technological 

development do not deviate significantly from historical patterns and RCP4.5 implies a stabilization 

of radiative forcing at 4.5 W m-² by 2100. Finally, the scenario SSP5-8.5 projects a radiative forcing 

close to RCP8.5 due to high levels of fossil fuel use over the course of the century. Meanwhile, SSP5 

denotes a rapid development in economic, technological, and agricultural progress to meet demand of 

up to doubling population (Kriegler et al., 2017).    

Soil physical and chemical properties of different layers were extracted from Harmonized World 

Soils Database version 2.0 (https://gaez.fao.org/pages/hwsd). Major variables include soil sand, clay 

content, pH, soil organic carbon content (SOC), and C:N ratio. 

Global monthly atmospheric NHx and NOy deposition during both historical and future periods 

were downloaded from the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP) Repository 

generated by International Global Atmospheric Chemistry (IGAC)/Stratospheric Processes and Their 

Role in Climate (SPARC) Chemistry–Climate Model Initiative (CCMI) N deposition fields. We used 

monthly gridded atmospheric CO2 concentration data to better assess the possible spatial, seasonal and 

interannual variations in effects of nonuniform distributed rising CO2 (Cheng et al., 2022). The 

historical part of this dataset was reconstructed based on AGAGE and NOAA networks, firn and ice 

core data, and Carbon Dioxide Information Analysis Centre (CDIAC). The CMIP6 future scenarios 

are interpolated temporally and spatially based on the features of CO2 distributions and the seasonal 

cycle of current monthly atmospheric CO2 concentrations distributions from 2015 to 2100. 

 

5.4.2 Agricultural management input datasets 

For land use data, model initialization used vegetation cover data from the Global Land Cover 

Map for 2009 (GlobCover2009) with the ecoregions framework from the World Wildlife Fund (WWF). 

Both historical and future land use data (i.e., croplands and pasturelands fractions etc.) were obtained 

from Land-Use Harmonization 2 (LUH2) (Hurtt et al., 2020). Specifically, across all three scenarios, 
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global cropland area exhibit general increasing trends while total area of pastures, rangelands, and rice-

paddies present decreasing trends, during 2015 – 2100 (Figure 5. S1).  

Agricultural managements, especially anthropogenic N inputs, are vital for simulating soil N2O 

emissions. Historical chemical N fertilizer applications on croplands were extracted by combining 

International Fertilizer Agency (IFA) country-level inventory, IFA crop-specific N fertilizer use rate, 

and crop type distribution map. N fertilizer applied on pasturelands were based on country level 

proportion of total fertilizer allocated to grasslands (FAOSTAT 2018).  

Future gridded annual N fertilizer application rates on croplands were based on LUH2 outputs 

(i.e., weighted mean by combining national fertilizer application rates in kgN ha-1 yr-1 per crop 

functional type and grid fraction of different crop function types) and a fixed cropping intensity map 

(1 to 3 times yr-1). Cropping intensity represents the annual number of crops harvested on cropland 

relying on MIRCA2000 method which is based on the ratio of harvested area to total cropland area 

(Portmann et al., 2010). The outcome is generally consistent with existing global datasets (Franke et 

al., 2020; Zhang et al., 2021). Despite changing climate, policies, and management, the probability of 

maintaining original cropping intensity is much greater than transiting to different patterns, particularly 

in major agriculture regions (e.g., China and India) for the future (Yibin Wang et al., 2024). This 

approach allows for defining spatialized fertilizer application dates based on specific crop calendars, 

cropping area and intensity (i.e., one basal fertilizer application and one topdressing for each cropping 

season, accounting 60% and 40% of total N rate, respectively) (Nishina et al., 2017). Notably, this 

study specifically considered managements associated with winter wheat growth which has a distinct 

phenology compared with other vegetation (not just cereal crops, following GGCMI phase 2 

experiment). For future N fertilizer use in pasturelands, the mean historical fertilization of croplands 

to pasturelands ratios in different continents was applied with future fertilizer rates on C3/C4 crops 

provided by LUH2 (Lassaletta et al., 2014). The fertilization timing for global pasturelands is 

consistent with the previous study by Song et al. (2023). Specifically, we differentiated chemical N 

fertilizer into ammonium N (NH4
+-N) and nitrate N (NO3

−-N) based on country-level fertilizer NH4
+ 

fraction provided by Nishina et al. (2017). Due to lacking in this dataset, this study assumed the NH4
+/ 

NO3
− ratios stay at constant level of 2014 during projections. 

For both historical and future fertilizer usage, we differentiated ammonium N (NH4
+-N) and nitrate 

N (NO3
−-N) fertilizer applications based on country-level fertilizer NH4

+ fraction provided by Nishina 
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et al. (2017) and we assume the NH4
+/ NO3

− ratios stay constant after 2015.  

Regarding another important external N inputs, global spatialized manure N applied on croplands 

and pasturelands, historical datasets (prior to 2015) were generated on the basis of N production from 

manure in six livestock and poultry groups and FAOSTAT (Xu et al., 2019; B. Zhang et al., 2017). To 

construct future manure application rates (post 2015), we simply assumed that they follow the same 

trends of annual synthetic N fertilizer application changes during 2015—2100 across different 

continents. Livestock deposited manure N on grazing lands (pasturelands and rangelands) is an 

important soil nutrient supply for those ecosystems. Historical manure N depositions on grazing lands 

(1850—2015) was extracted from Xu et al. (2019). Given the significant correlation between world 

population (https://ourworldindata.org/population-growth) and livestock counts 

(https://ourworldindata.org/grapher/livestock-counts; r = 0.25, p < 0.0001), we build the projected 

livestock manure N deposition by applying the variation trends of human population in each continent 

to historical data under respective SSPs scenarios (Jones & O’Neill, 2016).  

All input datasets used in this study were transformed into a spatial resolution of 0.25° conducted 

by R (v.4.3; R Core Team 2023) 

 

5.4.3 The TRIPLEX-GHG model v2.0 

The TRIPLEX-GHGv2.0 was used to simulate the dynamics of N2O emissions and impacts of 

climate changes. TRIPLEX-GHGv2.0 is a process-based global ecosystem model which couples the 

major land natural processes (heat, energy, and hydrology of land surface, plant phenology and 

physiology, soil biogeochemistry, long-term vegetation dynamics) and management practices (e.g., 

fertilization, harvesting, and irrigation) (Song et al., 2022; K. Zhang et al., 2017). TRIPLEX-GHGv2.0 

describes soil N2O production and emissions with different processes, including nitrification, 

denitrification, nitrifier denitrification, and anaerobic ammonium oxidation. The coupled C-N flows 

ensure the capability of model to reasonably reflect the dynamics of soil N2O fluxes in various 

ecosystems under different environmental and management conditions, which has been extensively 

calibrated and validated against observation results globally.  

Global simulations were conducted at a spatial resolution of 0.25 × 0.25° latitude/longitude from 

1840 – 2100 using a high-performance computer system. The model simulations underwent an initial 

300-year spin-up to obtain a relative equilibrium in soil carbon and nitrogen. For the period 1840 – 

https://ourworldindata.org/population-growth
https://ourworldindata.org/grapher/livestock-counts
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1950, the multi-year average meteorological data (1900 – 1920) were used. Simulations for 

subsequently years (post 1950) are driven by datasets described in above sections. In addition, the 

present study addressed the complexity of global agricultural ecosystems with four types: (upland) 

croplands, pastures (intensively managed grasslands), rangelands (extensively managed grasslands), 

and rice-paddies. The vegetation in our model was represented by plant functional types (PFTs) and 

three types of crops (C3, C4, and N-fixing crops), two types of grass (C3 and C4 grass), and rice were 

specifically included for croplands, grazing lands, and rice-based ecosystems, respectively. 

 

5.5 Results 

5.5.1 Temporal variations in projected N2O emissions from 1950 to 2100 

Between 1950 and 2014, global agricultural ecosystems contributed 5.09 ± 1.03 (mean ± 50%SD) 

Tg N2O-N yr-1. In general, modeled N2O emission from global agricultural soils exhibit a growing 

trend but a shift was detected in 1991, suggesting a slight decrease and plateau during the early 2010s. 

This trend shows divergent changes under different SSPs scenarios (Figure 5.1). 

From 2015 to 2100, the general increasing trends of global N2O emission from agricultural 

ecosystems slow down and even reverse after the 2050s (9.44 ± 0.05) under the SSP5-8.5 scenario. 

This trajectory would result in a relatively low N2O emissions from agricultural ecosystems globally 

at the end of this century (8.36 ± 0.11 Tg N yr-1). However, under the SSP2-4.5 scenario, emissions 

are projected to continuously increase to 12.90 ± 0.23 Tg N yr-1 between 2060 and 2100 (a ~150% 

increase compared to the reference period), with a growth rate of 0.066 Tg N yr-2 (p < 0.001). In 

contrast, under the SSP1-2.6 scenario, global N2O emissions from agricultural soils would present a 

moderate increasing trend (0.0062 Tg N yr-2, p < 0.001) which leads to a generally smallest emission 

rate among scenarios (8.62 ± 0.15 Tg N yr-1) during the projected future.  
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Figure 5.1 Temporal variation in N2O emissions from global agricultural ecosystems during 1950 

– 2100 under different SSP scenarios. The inset bar chart indicates the changes of projected N2O 

emissions relative to reference period. The sloid grey line represents the ensemble mean of 

participating models of NIMP2; EDGARv8.0, the purple dots, are the most updated outcome of 

new Emissions Database for Global Atmospheric Research community GHG emissions database 

based on FAO statistics; dashed lines show the results estimated by IPCC default model (EF) 

with the same N management data used in our model simulations. 

 

Upland croplands account for the largest source of annual agricultural N2O emissions which are 

projected to increase across all three scenarios in the projected future (Figure 5.2a). They would 

slightly increase from 2.8 ± 0.77 Tg N yr-1 in the reference period to 6.31 ± 0.05 and 6.00 ± 0.13 Tg N 

yr-1 between 2060 and 2100 under scenarios SSP1-2.6 and SSP5-8.5, respectively. However, for SSP2-

4.5, global cropland N2O emission would drastically increase by 2-folds to 9.83 ± 0.28 Tg N yr-1 in 

2015-2100 compared with reference period. 

Conversely, since 2015, the predicted N2O emissions from global grazing lands (pasture and 

rangeland) present consistent decreasing trends across all three projected scenarios. Under the 

sustainable pathway, modeled future grazing-lands N2O emissions show the largest decrease at a rate 
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of -0.012 Tg N yr-2 (1.78 Tg N yr-1 during 2015-2100, ~85% of the reference period). Therefore, 

emissions from both pasture and rangeland would rapidly return to the level of the 1970s at the middle 

of this century (~ 0.46 and 1.23 Tg N yr-1, respectively). Under the intermediate and the most extreme 

pathways, estimated grazing-lands N2O emissions only exhibit a slight or moderate reduction after 

2015 (~ -0.005 and -0.004 Tg N yr-2 for SSP2-4.5 and SSP5-8.5, p < 0.001; Figure 5.2 b and c). 

Regarding global rice-based ecosystems, estimated future N2O emissions are projected to reach 0.85 

± 0.05, 0.78 ± 0.06, and 0.77 ± 0.05 Tg N yr-1 for SSP1-2.6, 2-4.5, and 5-8.5 respectively, with 

insignificant difference among scenarios (Figure 5.2d). 

 

Figure 5.2 Temporal variation in annual N2O emissions from upland croplands (a), pasture (b), 

rangelands (c), and rice-paddies (d) during 1950 – 2100. 

 

5.5.2 Spatial variation patterns of projected N2O emissions 

Modeled N2O emission from agroecosystems during the projected future exhibit strong spatial 

variations on a global scale and the variation patterns differ significantly among SSP scenarios. 

Between 2060 and 2100, our results suggest that eastern China, northeast India, and mid North 

America are consistent hotspot of N2O emission from agricultural soils across three scenarios (i.e., >3 

kg N ha-1 yr-1, Figure 5.3.a,c,d). Moderate modeled N2O fluxes would be observed in western Europe, 
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south Brazil and Argentina for most of scenarios. Notably, under SSP2-4.5, an important character is 

that eastern Europe, including Ukraine, Turkey, and Russia, may become major N2O emission hotspots 

after 2060 (Figure 5.3 c). 

In comparison with the reference period (1980 – 2014), constant reductions in N2O emissions 

would be identified in the Great Lake region in North America, western Europe and Xinjiang, China, 

under all three SSP scenarios (Figure 5.3 b,d,f). However, for most of the agricultural-intensive regions, 

modeled results suggested increases in projected N2O emissions across SSPs, especially for mid-

Canada, Argentina, northern India, Turkey, and Australia. Notably, agricultural N2O emissions are 

predicted to decrease in Eastern Europe for both SSP1-2.6 and SSP5-8.5 whereas this region might be 

responsible for a large increase in predicted N2O fluxes under SSP2-4.5 probably because the 

significantly enhanced N2O fluxes in Ukraine and Russia (Fig.5.2 d). 

Different agroecosystems types would present varying trends and play diverse roles in determining 

regional N2O emissions in projected future. In general, N2O emission from croplands are predicted to 

increase for most of the world under all three scenarios, especially for developing nations or regions 

(e.g., India, South America, southern Aisa, and Africa) (Figure 5.4 and Figure 5. S2). And this is 

responsible for the overall growing trend of total agricultural N2O emissions in the projected future. 

For example, south Asia, South America and Africa may experience significant growth in both N2O 

fluxes and total emissions under all SSPs (Figure 5.4 f, h, i). While the opposite trends may occur in 

Europe (Figure 5.4 d) where regional cropland N2O emissions decrease by ~0.42 and 0.54 Tg N yr-1 

for SSP1-2.6 and SSP5-8.5, respectively. The significant N2O increase in croplands across the globe, 

ranging from 0.25 (India) to 1.99 (South America) Tg N yr-1 in the late 21st century, dominate the rapid 

increase in N2O emissions under SSP2-4.5 scenarios (Figure 5.4).  

In contrast, grazing lands, including both pastures and rangelands, tend to show smaller N2O 

emissions than that of prior 2014 in the projected future. Globally, difference of pastures and 

rangelands N2O emissions between 2060 – 2100 and 1980 – 2014 are -0.58 and -0.29, 0.05 and -0.20, 

-0.01 and -0.25 TgN yr-1 for SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively. Europe, North America 

and China would have substantial contribution to the declined trend of N2O emission from global 

grazing lands which might be challenged by Africa where pasture N2O emissions may increase by ~ 

0.23 Tg N yr-1under SSP5-8.5 (Figure 5.4 i). As for rice-based ecosystem, modeled results suggest 

increases in rice-based N2O emissions globally are expected under climate changes in the 21st century 
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which range from 0.40 to 0.52 TgN yr-1. In particular, south Asia such as Vietnam and Thailand, is 

identified as the largest source for increasing rice- N2O in the projected future, followed by India and 

China (Figure 5.4 b,c,f).  

 

 

Figure 5.3 Spatial distribution of weighted mean N2O emissions from agricultural soils globally 

from 2060 – 2100 under three SSPs (a, c, e for SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively) 

and their corresponding changes (b, d, f) relative to the reference period (1980 – 2014). 
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Figure 5.4 Regional total N2O emissions from agricultural ecosystems during 2015 – 2100 (above 

line plot) and the changes in N2O emission of different agroecosystem types in late 21st century 

(2060 – 2100) relative to mean of reference period (Ref.: 1980 – 2014). NA: North America, CN: 

China, IN: India, EU: Europe, NAS: North Asia (Mongolia and Siberia etc.), SAS: South Asia 

(Japan, Southeast Asia etc.), AU: Australia (include New Zealand), SA: South America, and AF: 

Africa. 

 

5.5.3 Effect of climate change on N2O emissions from agricultural ecosystems  

By setting climate forcing data consistent since 2015, we quantified the climate change effects on 

agricultural soil N2O emissions under the sustainable pathway (SSP1-2.6) and the extreme pathway, 
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(SSP5-8.5). In general, changing climate is projected to enhance N2O emissions from global 

agricultural ecosystems, increasing total emission by ~ 0.32 (± 0.09) and 0.50 (± 0.14) TgN yr-1 under 

SSP1-2.6 and SSP5-8.5, respectively (Fig. 5.4a). However, modeled N2O emissions show varying 

responses to projected climate change for different ecosystems. Croplands are projected to have strong 

sensitivities to changing climate which result in ~ 0.44 (SSP1-2.6: 0.35, SSP5-8.5: 0.53) TgN yr-1 and 

~ 0.25 (SSP1-2.6: 0.22, SSP5-8.5: 0.30) kg N ha-1 yr-1 increases in total emission and mean flux (Fig. 

5.4 b, Fig. 5. S5 b). However, a negative effect of projected climate change on modeled N2O emissions 

are found for rangelands, which are suggested to decrease by ~ 0.046 and 0.13 Tg N yr-1 globally 

during 2015 – 2100 under SSP1-2.6 and SSP5-8.5 scenarios (Fig. 5.4 b). The weighted mean flux may 

decrease by ~4.0 % and ~10.8 % due to projected changing climate (Fig. 5. S5). Regarding pasture 

and rice-paddy ecosystems, the magnitudes of the total climate change effect on N2O emissions are 

milder because of the smaller total area (Fig. 5. S6). Meanwhile, N2O fluxes from pasture and rice 

ecosystems are also projected to show positive response to climate changes with 2.0 – 10.9 % and 6.3 

– 8.1 % increase respectively (Fig. 5. S5). The general positive climate change effects exhibit great 

spatial variation globally, while the intensive agricultural regions are projected to have more rapidly 

increased N2O fluxes (e.g., > 1 kg N ha-1 yr-1) due to future climate change, such as the Great Lakes 

region in North America and mid Europe (Fig. 5.4 c). 
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Figure 5.5 Modeled climate-induced changes in N2O emissions from global croplands, pastures, 

rangelands, and rice fields under SSP1-2.6 and SSP5-8.5 scenarios. (a) Temporal variations in 

the climate change effect of total N2O emissions; (b) Mean climate change effects on projected 

N2O emission from different agricultural ecosystems; (c) spatial variations of projected climate 
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change impacts on agricultural soil N2O flux during 2015 – 2100 (mean of SSP1-2.6 and SSP5-

8.5). 

 

5.6 Discussion 

5.6.1 Comparison with other studies 

Between 1950 and 2015, our study found that N2O emissions from global agricultural ecosystems 

presented a general increasing trend but such increases slow down and turn into slightly decreasing to 

plateau since the 2000s. Overall estimated N2O emission from global agroecosystems (6.92 ± 0.08 Tg 

N yr-1) account for ~43.2% of global N2O budget in the 21st century (Tian et al., 2020). This result 

aligns with the range of 9 participating process-based models of NMIP-2 (ensemble mean 6.93 ± 0.17 

Tg N yr-1) (Tian et al., 2024).  

A few modeling studies using projected climate forcing data have estimated the dynamics of soil 

N2O fluxes, but only covering site to regional scales. In a wheat-maize-soybean rotation cropland in 

Ontario, Canada, the DNDC model reported N2O emissions ranging from 2.3 to 5.8 kg N ha-1 driven 

RCP4.5 and RCP8.5 forcing data, which is in line with our simulated results (4.3 and 2.4 kgN ha-1 yr-

1 for SSP2-4.5 and 5-8.5, respectively) (He et al., 2018). Similarly, at a wheat field in northwest China, 

our model also obtained a good agreement with DNDC output (1.4 – 2.1 kg N ha-1 yr-1) (Chen et al., 

2019). Roelandt et al. (2007) provided an estimate of cropland and grassland N2O emission in Belgium 

until 2050. Their modeled results (3 – 6 and 1 –2 kg N ha-1 yr-1 for croplands and grasslands) are within 

the range of our estimations (i.e., 4.5 – 8.2 kgN ha-1 yr-1 under SSP5-8.5, Figure 5.3). Zhang et al. 

(2023) reported N2O emission from croplands in China may increase up to ~ 0.87 Tg N yr-1 (mean of 

RCP2.6, RCP6.0, and RCP8.5; mean emission rate is ~7.59 kgN ha-1 yr-1) between 2061 to 2090 which 

is close to our simulated SSP1-2.6 results (~0.84 Tg N yr-1; Figure 5.4). Their apparent underestimation 

likely results from their assumption that agricultural management and land use change remain constant 

during 2015 – 2100.  

However, our modeled result is larger than data reported by other bottom-up models, mostly EF-

based models, for both historical period and projected future. For instance, the most updated 

EDGARv8.0 (Emissions Database for Global Atmospheric Research) suggested global agricultural 

emission is ~ 5.94 Tg N yr-1 from 2000 – 2022 (EDGAR 2023). Reay et al. (2012) estimated that 

agricultural N2O emissions may reach up to 7.6 Tg N yr-1 by 2030, which is smaller than any projected 
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trajectories of our results (8.56, 9.54, and 8.76 Tg N yr-1 in 2030 for SSP1-2.6, SSP2-4.5, and SSP5-

8.5, respectively). The difference stems from the different inclusion of agricultural soils and the EF-

based model they applied.  A number of global atmospheric inversion and meta-analysis studies also 

pointed out the risk of underestimated agricultural N2O emissions by ~ 60 – 400 % using current EF 

models (including the IPCC refined EF), especially under global change backgrounds (Harris et al., 

2022; Shcherbak et al., 2014; Thompson et al., 2019). 

Discrepancy between EF-based estimation and field measurements have been widely documented 

in various agroecosystems globally (Cui et al., 2021; Mancia et al., 2022; Song, Zhu, et al., 2023). A 

major challenge for EF-based empirical models (i.e., both default and 2019 refinement), is that they 

treat N2O emissions induced by external N additions independent from soil emissions. This separation 

causes significant underestimation because it not only neglect the legacy effect of external N additions 

in previous years, but also fails to account the stimulatory effect of fertilizer N on priming grass N 

mineralization, thus N2O produced by N from native soils (Frick et al., 2023; Liu et al., 2010; Xu et 

al., 2023). EF values have been proved to be affected by input N doses (Harris et al., 2022; Shcherbak 

et al., 2014). Additionally, oversimplified quantification of background emissions and omitted 

emissions during non-growing seasons also causes incomplete estimated total N2O fluxes by EF 

methods on varying scales. Instead of a constant (e.g., 1 kgN ha-1 yr-1, IPCC 2006 default), background 

N2O emissions vary significantly with local climates, soil physical and chemical properties, and 

vegetation types (Aliyu et al., 2018; Yin et al., 2022). Built on measured data in growing seasons 

mostly, EF-based models underrate the contribution of non-growing (or fallow) season N2O emissions, 

which could constitute up to 50% of annual N2O budget (Shang et al., 2024).  

 

5.6.2 Climate changes and management control agricultural N2O emissions 

Compared to the reference period, modeled results suggest substantial changes in the 

spatiotemporal variation patterns of N2O emissions from global agricultural ecosystems in the future.  

Upland croplands accounts for the most important driver to the magnitude of soil N2O emissions which 

is responsible for ~ 50.3 and 68.9 % in historical period and projected future respectively. Consistent 

with previous studies, developing worlds would make more contribution to total cropland N2O 

emissions in the future because of the increases in both cropland area and projected mean N2O fluxes 

(e.g., southern Asia, south America, and Africa) (Hurtt et al., 2020; Reay et al., 2012). The largest 
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projected cropland N2O emissions is obtained under SSP2-4.5 suggesting that anthropogenic N 

additions serve as the predominant role in determining soil N2O fluxes because the projected global 

mean N fertilizer application rates under SSP2-4.5 (95.37 kgN ha-1 yr-1) is ~ 7.0 and 48.2 % larger than 

those of SSP1-2.6 and SSP5-8.5, respectively (Figure 5.S1) (Tian et al., 2024). The non-linear response 

of N2O emission to N inputs further cause excessive emission rates under high N addition levels 

(Shcherbak et al., 2014). As the ‘middle of the road’ pathway, SSP2-4.5’s larger N fertilizer application 

rate results from moderate economic and technological progress, lack of strong sustainability measures, 

and significant agricultural expansion and intensification (Hurtt et al., 2020; O'Neill et al., 2016). 

Regarding SSP5-8.5, the ‘business as usual’ pathway underscores the fossil-fuel-based economic 

development but it assumes high technological advancements that improve agricultural productivity 

with less fertilizer use (Figure 5.S1). While a common feature of three scenarios is that a large portion 

of this increased N fertilizer use is attributed to developing nations, thus N2O emissions (Martre et al., 

2024). Our projection suggests that developed world should take more international responsibilities by 

reducing domestic N fertilizer applications and exporting improved agro-technologies to minimize the 

risk of excessively increased agricultural N2O emissions elsewhere (Bonilla-Cedrez et al., 2021; van 

Wesenbeeck et al., 2021). Our study estimated that the projected N2O emissions from grazing lands 

probably would not increase in the future (Fig. 5. S3, S4) although both pastures and rangelands might 

receive increasing amount of manure due to increasing dairy and meat requirement (Pelletier & 

Tyedmers, 2010). Previous studies on grazing-lands already demonstrated the stimulatory effect of 

deposited manure to soil N2O emissions is less significant without chemical N fertilizers (Flechard et 

al., 2007; Song, Peng, et al., 2023; Tang et al., 2019; van der Weerden et al., 2021). The significant 

correlation between N2O emissions and the reduced N fertilizer application rates for pastures in our 

estimation further support this. Therefore, the reduction of projected pasture N2O emissions in Europe, 

China, and North America are probably caused by decreased N fertilizer use as in croplands and shrink 

in pasture area in these regions (Figure 5.4, Fig 5. S6). In the meantime, projected increasing pasture 

N2O emissions in South America and Africa pointed out the challenge in mitigation measures due to 

imbalanced economic development. 

Our projections of N2O emissions suggest a major impact of climate changes on N2O emissions 

from global agricultural soils. As the two most important characters, previous long-term observations 

and control experiments highlighted that warming and increasing precipitations tend to enhance soil 
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N2O emissions across large scale (Griffis et al., 2017; Li et al., 2020). Warming and wetting promote 

soil microbes with more substrates (e.g., NH4
+ and NO3

−), elevates activity of key enzymes, and 

accelerate soil wet-aeration cycles, which create favorable conditions for denitrification (Bai et al., 

2013; Gao et al., 2022; Tu et al., 2024). The IPCC addressed the determinant role of climate to 

sensitivity of N2O emissions by improving EF values under moist climate regions (Hergoualc’h et al., 

2021). Our projected magnitude of croplands N2O emission further suggests that the mid North 

America and the Great Lake region in particular, would be greatly affected by climate change, 

becoming emission hotspots (Griffis et al., 2017; Lu et al., 2022). There is a growing trend for global 

cropland area to experience higher temperature and more rainfall (Zhou et al., 2021). Therefore, wise 

management are recommended to mitigate such positive feedback, including precise fertilizer 

application and alternative tillage (Gao et al., 2022; Harris et al., 2022). 

However, climate change effects present a clear spatial explicit pattern, as our modeled N2O 

emissions from pasture and rangelands exhibit opposite responses. Pasture receives external N 

fertilizer inputs but the intensity is smaller than that of cropland, leading to less pronounced responses 

of N2O emission patterns to climate change (Figure 5.4, 5. S3). In mid Aisa specifically, where 

rangeland is widely distributed with cold and dry local weather, projected climate change tends to 

reduce soil N2O emissions under both scenarios. In support of this study, negative responses of 

grassland soil N2O fluxes to increasing temperature were reported in relatively cool or semiarid regions 

(Barneze et al., 2022). This is probably because: 1) increased temperature in winter reduce the freeze-

thaw induced N2O emission pulses in early spring (Wolf et al., 2010) and 2) improved growth of 

vegetation favors uptake mineral N from soils, reducing N supplies for N2O production (Dijkstra et al., 

2013). In consistency, Chang et al. (2021) reported a decrease in estimated N2O emission from global 

sparsely grazed grasslands but an increase for managed grasslands during historical warming. Such 

difference demonstrates that climate change impacts on soil N2O emissions are probably stronger 

buffer for ecosystems with intensive management such as reactive N supplies (Feigenwinter et al., 

2023). Therefore, climate and environment specific management strategies are mandatory to mitigate 

direct N2O emissions from global agricultural ecosystems, such as redistributing fertilizer and manure 

N inputs to prevent excessive soil N surplus under climate changes (Harris et al., 2022).  
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5.6.3 Uncertainties and research needs  

Despite applying more GCMs product to drive the model for better reflect the improvement in 

estimation quality of present study is expected by addressing the following uncertainty sources. 

First and foremost, the TRIPLEX-GHGv2.0 model is not equipped with a land-use change module 

which simulates the changes in soil C and N flows after transition. However, the expansion of 

agroecosystems, especially croplands, significantly alters local biogeochemical cycles and N2O 

dynamics. In the current study, transformation from pasture to cropland is projected to be the dominant 

land conversion type which are found to have limited influence on soil N dynamics without tillage and 

N fertilizations (Hurtt et al., 2020; Mielenz et al., 2017). But other types of transformation are found 

as important N2O source. For instance, draining peatland for cropping could increase N2O emissions 

by a degree of four driven by the interaction between accelerated peat decomposition and external N 

fertilizers (Prananto et al., 2020; Yuqiao Wang et al., 2024). Moreover, conversions from tropical forest 

to agricultural lands (e.g., croplands or pasture) cause drastic N2O emissions in short term (McDaniel 

et al., 2019; van Lent et al., 2015) but inconsistent results are also recorded, like a synthetic study 

which reported no effect on soil N2O efflux after deforestation due to varying legacy effects (Han & 

Zhu, 2020). Therefore, improved model functions are vital to fill this research gap. 

In addition, several agricultural practices effectively mitigate soil N2O emissions while the lacking 

in these gridded management data limit the current estimated results. For example, inhibitors (e.g., 

nitrification inhibitors and urease inhibitors) have promising impacts on reducing soil N2O emissions 

without jeopardizing vegetation productivity (Adhikari et al., 2021; Fan et al., 2022). Similarly, 

growing biochar amendment in agricultural lands is conceivable to improve soil quality and mitigate 

soil N2O world-wide (Cayuela et al., 2014; Schmidt et al., 2021). At least national statistics of the 

amounts of inhibitors and biochar used are needed for large scale modeling. It is possible that, by 

considering these practices, this study only provides the upper limit of N2O emission from agricultural 

soils under the projected future.  

Another important factor influencing agricultural N2O emissions is regional conflicts and political 

changes in pivotal fertilizer producing or major agriculture nations. Our study well reflects the negative 

effect of dissolution of Soviet Union on agricultural N2O emission because of the significant decline 

in N fertilizer in this largest production unit globally (Fig. 5.1, Fig. 5. S1) (Nishina et al., 2017). 

Similarly, Ukraine-Russia conflict have impact on global fertilizer price and food security (Alexander 
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et al., 2023). This event is likely to affect the N2O emission hotspot in east Europe but the projected N 

fertilizer data does not incorporate such information in this study and should be considered in the future 

research. 

Finally, the interaction between agricultural decisions and changing environmental conditions are 

crucial challenges for the quality of projections. For instance, individual farmers would conduct early 

transplanting or seedling to cope with potential yield penalty due to warming climate and the decisions 

are highly variable and unpredictable without a clear spatial pattern. However, current study only 

employed a fixed crop calendar rather than climate-specific approach which is widely adopted in 

current practices.  

 

5.7 Conclusion 

To the best of our knowledge, we provided the first comprehensive projection of possible 

trajectories of global N2O emissions from agricultural ecosystems using a process-based model of 

TRIPLEX-GHGv2.0, which incorporates both future climate, environmental, and management 

changes at a fine spatial resolution. Our findings reveal that under all Shared Socioeconomic Pathway 

(SSP) scenarios, future N2O emissions are likely to increase significantly by 21.0 – 71.0% compared 

to the reference period (1980 – 2014). Upland croplands account for the largest source (> 65%) of 

projected agricultural N2O emissions across three scenarios, particularly in developing world because 

of growing N fertilizer applications in those regions. Such global increases offset the projected 

reduction in emissions from current leading countries of agricultural N2O emissions due to imbalance 

development, which emphasizes need of international collaboration. Importantly, while nitrogen 

fertilizer use remains a critical factor, future climate changes also have major influence in emission 

patterns, with varying effects across different ecosystems. Our projections highlight that agricultural 

N2O emissions may have larger contribution to global warming under intermediate pathways (SSP2-

4.5), which implies the importance of integrating agricultural management into climate policies. This 

integration is crucial for achieving effective and comprehensive GHG mitigation and adaptation 

measures to ensure the future fate of agricultural ecosystems. 
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5.8 Supplementary Information 

 

Figure 5.S1 Temporal variations of different external N inputs during study period. (a) chemical 

N fertilizer used for croplands, (b) manure applied on cropping area, (c) chemical N fertilizer 

applied on pasture, (d) manure applied on pastures, (e) deposited livestock excreta N on pasture, 

(f) deposited livestock excreta N on rangelands, and (g) atmospheric N deposition. 
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Figure 5. S2 Temporal variation in historical and projected N2O fluxes from cropland soils in 

different regions. 
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Figure 5. S3 Temporal variation in historical and projected N2O fluxes from pasture soils in 

different regions. 
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Figure 5. S4 Temporal variation in historical and projected N2O fluxes from rangeland soils in 

different regions. 
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Figure 5. S5 Modeled climate-induced changes in N2O emissions from global croplands, pastures, 

rangelands, and rice fields under SSP1-2.6 and SSP5-8.5 scenarios. (a) Temporal variations in 

the climate change effect of total N2O emissions; (b) Mean climate change effects on projected 

N2O emission from different agricultural ecosystems; (c) and (d) spatial variations of projected 

climate change impacts on agricultural soil N2O flux during 2015 – 2100 under SSP1-2.6 and 

SSP5-8.5, respectively. 
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Figure 5. S6 Changes in total area of different agroecosystems during study period under three 

scenarios. 
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Chapter VI: GENERAL CONCLUSIONS AND FUTURE DIRECTIONS 

6.1 General conclusions 

Given the significant role of nitrous oxide (N2O) emission in climate change and sustainable 

development, this dissertation has provided a comprehensive analysis of the patterns, drivers, and 

future trajectories of N2O emissions from global agricultural ecosystems. By improving and utilizing 

the state-of-the-art process-based model, TRIPLEX-GHGv2.0, the research reveals a general increase 

in global agricultural N2O during historical period (before 2020) but switch to a slightly decline trend 

in the 21st century. Projection suggest agricultural N2O emission would continuously increase across 

all scenarios by at least 25% through 21st century. Spatially, Europe accounts for the largest source of 

historical emissions but also contributes to the recent decrease and would play a dominant role in 

determining the direction of changes in future agricultural N2O emission. Chemical N fertilizer is 

primarily responsible for the overall trends (decreasing and sometimes slightly decreasing) for both 

historical and future emissions. The contribution of manure, livestock excreta and water regime 

managements to N2O emissions are likely to be overestimated by previous oversimplified models for 

upland croplands, grazing lands, and rice-paddies on a global scale, respectively. Overall, this work 

offers quantitative and evidence-based understanding of the complex interactions between agricultural 

practices, environmental and climate changes which align well observations and synthetic studies. The 

results lay a robust foundation for agriculture managers and policy-makers to maintain the 

sustainability of agricultural resources and reduce the potential risk of N2O emissions from global 

agricultural ecosystems under a changing world. 

 

6.1.1 Model development and application for N2O emission from croplands 

The TRIPLEX-GHG model v2.0 was improved by integrating key biogeochemical processes and 

major agricultural practices to accurately simulate the dynamics of N2O fluxes from croplands on a 

global scale as demonstrated by model calibration and validation. From 1960 to 2016, global cropland 

N2O emissions increased significantly by ~ 2.5 Tg N yr-1. Western Europe and North America were 

consistent hotspots for cropland N2O emissions during this period with a decreasing trend in recent 
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decade. In contrast, eastern China and south America have seen a rise in cropland N2O emissions since 

the 1990s. N fertilizer accounted for the larger source of cropland N2O emissions while manure was 

found to show both positive and negative effects on N2O emissions depending on local soil properties 

and atmospheric N deposition rates. Our study implies a potential of focusing on quality of N inputs 

instead of quantity only for upland cropland N2O mitigation. 

 

6.1.2 Model development and application for N2O emissions from grazing lands 

Pastures were responsible for the increase in global grazing land N2O emissions due to growing 

N fertilizer applications, while the rangeland emissions remained relatively stable from 1960 to 2016. 

Deposited excreta were identified as the largest contributor to total grazing land N2O emissions, but 

existing estimations probably overestimated such effect. Modeled results suggested chemical forms of 

external N inputs, such as nitrate fraction of fertilizer and urine (i.e., inorganic N) fraction of excreta, 

are crucial for estimating spatial temporal variation patterns of N2O emissions from grazing lands. This 

chapter implies the exclusive effect of grazing activity may not a major concern for emitting N2O 

globally.  

 

6.1.3 Model development and application for N2O emissions from rice-based ecosystems 

By integrating detailed management practices related to fertilizer application and water regimes 

based on the rice crop calendar, the TRIPLEX-GHGv2.0 model suggest that N2O emissions from 

global rice-based ecosystems are almost doubled during 1960 – 2020, reaching 0.18 Tg N yr-1 

dominated by irrigated rice ecosystems. For the first time, this study quantitively evaluated that N 

fertilizer plays a determinant role over water regime changes in controlling rice N2O emissions globally, 

clarifying the long-time debate. We addressed the importance of co-management of water and fertilizer 

for N2O mitigation in rice-based ecosystems. 

 

6.1.4 Projection of future N2O emissions from global agricultural ecosystems 

 Under three SSP-RCP scenarios (SSP1-2.6, SSP2-4.5, and SSP5-8.5), projections revealed that 

N2O emissions from global agricultural ecosystems would increase to 8.61 – 11.42 Tg N yr-1 during 

2015 – 2100. Croplands are projected to remain the largest source of N2O emissions, with their share 

increasing consistently across all scenarios. Our projection suggested future agricultural N2O 
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emissions would not algin with changes in CO2 concentrations, underscoring the importance of 

management practices over climate change in regulating emission patterns and sources. Subsequently, 

developing nations are projected to present increasing contributions to global agricultural N2O 

emissions, potentially offsetting the reduction efforts in developed world. International collaborations 

are mandatory and helpful to address this imbalance and achieve global climate change mitigation 

goals.    

 

6.2 Limitations and Future Work 

My Ph.D. study has led to the new development of a process-based model of TRIPLEX-GHGv2.0 

for simulating and predicting N2O emissions from global agricultural ecosystems under climate change 

and management practices. However, uncertainties and limitations remain. First and foremost, 

parameter uncertainties and incomplete descriptions of several biogeochemical processes should be 

address to improve model performance and capability. For example, continent-mean values for the 

COEdNO3 parameter may cause the overestimation of N2O emission pulses and emission factors, 

particularly due to variations in local soil properties (Abdalla et al., 2020). Secondly, N2O emissions 

from ecosystems dominated by fruits or nuts trees is an uncertainty source of global agricultural N2O 

budget given the similar N management they received as cereal crops (Li et al., 2024; Xu et al., 2022). 

The major challenge is identifying the spatial distribution of these orchards from other forests, which 

might need machine-learning driven remote sensing approach (Underwood et al., 2016; Zhao et al., 

2022). In addition, current TRIPLEX-GHGv2.0 lacks a dedicated land-use change module, which 

limits its ability to simulate the effects of agroecosystem expansion and land-use transitions on N2O 

emissions. This limitation may lead to underestimated agricultural contribution to global N2O budget 

(Tian et al., 2019; van Lent et al., 2015). Moreover, the absence of detailed data on agricultural 

practices, such as the use of nitrification inhibitors or biochar amendments, affect the quality of current 

estimations. These practices are already involved in various agroecosystems across large area (e.g., 

North China Plain and western Europe) since the 1990s, which causes overestimated historical N2O 

emissions in those regions, and restricts the model's capacity to account for potential mitigation 

strategies in the projected future (Fan et al., 2022; Ma et al., 2023). 

Building on the findings and limitations of this work, several avenues for future research are 
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proposed: 

1. Model Enhancement and Data Integration: The TRIPLEX-GHGv2.0 model could benefit 

from further refinement, particularly in incorporating land-use change dynamics and 

addressing key parameter values by Bayesian calibration or linking with environmental factors 

through machine learning approaches (Couvreux et al., 2021; Myrgiotis et al., 2018). 

Additionally, current models primarily focus on direct soil emissions of N2O. To fully account 

for N2O emissions from agroecosystems, future work should aim to develop and integrate 

submodules that estimate indirect N2O emissions, such as those resulting from nitrogen 

leaching and runoff into aquatic systems which may have comparable contribution to direct 

N2O emissions (Griffis et al., 2017; Wang et al., 2022). This would provide a more holistic 

assessment of the total N2O budget associated with agricultural practices (Tian et al., 2024). 

2. Multi-GCMs Scenarios and Impact of Extreme Climate Events: To better understand the 

range of potential future N2O emissions, future studies should apply a multi-set of General 

Circulation Models (GCMs) and scenarios using ensemble approach. This would provide a 

more comprehensive estimate of future emissions under various climate change trajectories 

and enhance the robustness of projections across different regions and agricultural systems 

(Zhang et al., 2024). Moreover, future research should explore the impacts of extreme climate 

events, such as droughts and floods, on N2O emissions (Gelfand et al., 2015; Li et al., 2023). 

These events are likely to become more frequent and intense under future climate scenarios, 

and understanding their effects on agricultural N2O emissions is crucial for developing 

sustainable mitigation strategies. 

3. Testing of Mitigation Practices with Policy and Economic Analysis: Future research should 

evaluate the effectiveness of various N2O mitigation policies or practices, such as optimized N 

fertilizer use, biochar incorporations, under different SSP scenarios. This includes conducting 

scenario analyses to assess the mitigation potential of these practices across diverse climate, 

economic, and land use in future (Kanter et al., 2016). Such studies also need evaluate 

economic implications of different mitigation strategies and their feasibility within existing 

policy frameworks which would provide critical insights in balancing the reduction of global 

N2O emissions and economic development (Kanter et al., 2020). 

4. Coupling with Earth System Models (ESMs): Currently, the interaction between climate and 
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agricultural N2O emission as well as associated management have not been incorporated. Such 

limitation may cause underrated climate changes, especially warming trend given the strong 

radiative forcing capacity of N2O. Consequently, coupling the improved TRIPLEX-GHG v2.0 

with ESMs address this critical gap in climate-management feedback to improve the quality of 

the projections.  

 

By addressing these aspects, future research will enhance the predictive power of N2O emission 

models and provide actionable insights for mitigating emissions from global agroecosystems. This 

work will contribute to a more comprehensive and accurate understanding of N2O emissions and 

support and inform policy decisions aimed at mitigating global climate change. 
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