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Abstract: Nitrous oxide (NO) is a longlived potent greenhouse gas and stratospheric edepleting substance,

which has been accumulating in the atmosphere since thedustrial period. The mole fraction of atmospheric

N20O has increased by nearly 25% from 270 parts per billion (ppb) in tb7386 ppb in 2022, with the fastest

annual growth rate since 1980 of more than 1.3 pplmnyooth 2020 and 202According tothe Sixth Assessment

Report of the Intergovernmental Panel on Climate Ch#@liReC ARG6) the relative contributiorof N2O to the

total enhanced effective radiative forcing of greenhouse gases was 6.4% f&2QPZ5As a core component of

our global greenhouse gas assessments coordinated by the Global Carbon Project (GCP), we presenta global N
budget that incorporates both natural and anthropogenic sources and sinks, and accounts for the interactions
between nitrogen additions and thiegeochemicaprocesses that control,@ emissions. We use Bottebip

(BU: inventory, statistical extrapolation of flux measurements, preasassdand and ocean modelling) and Fop

Down (TD: atmospheric measuremdratsed inversion) approaches. We provide a comprehensive quantification

of global NO sources and sinks in 21 natural and anthropogenic categories in 18 regions between 1980 and 2020.
We estimate that total annual anthropogeni®© emissions increased 40% (or 1.9 Tg N)yin the past four

decades (198Q020). Direct agricultural emissions in 2020, 3.9 Tg N ybest estimate) represent tlaege

majority of anthropogenic emissions, followeddy her di rect anthropogenic sourc
i ndustryéo, 6Waste and wast ewa tl and indirectradthrapdgénic soarses b ur n
(1.3 Tg N yt1). For the year 2020, our best estimate of total BU emissions for natural and anthropogenic sources
was 185 (lower-upper bounds: 16i 27.0) Tg N yr, close to our TD estimate of 17.0 (1616.4) Tg N yr*. For

the period 2012019, the annual BU decaemlerage emissions for natural plus anthropogenic sources w2re 18.
(1061 25.9) Tg N yrt and TD emissions were 17.4 (1618.20 Tg Nyr. The once top emitter Europe has reduced

its emissions since the 1980s by 31% while those of emerging economies have grown, making China the top
emitter since the 2010s. The observed atmospheficddncentrations in recent years have exceeded projected
levels under all scenarios in the Coupled Model Intercomparison Project Phase 6 (CMIP6), underscoring the
importance of reducingnthropogenic pD emissions. To evaluate mitigation efforts and contribute to the Global
Stocktake of the Unitelations Framework Convention on Climate Change, we peopstablishing a global

network for monitoring andhodeling NO from the surface through the stratosphere. The data presented in this
work can be downloaded frohitps://doi.org/10.18160/RQ8PZ4R (Tian et al. 2023).
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Executive summary

The global NO budget has been perturbed through direct and indirect anthropogenic emissions, but also through
perturbationgo the natural MO sources and sinks througlmate change, increasing atmospheric CO2 and land
cover changdce core data shoarelatively constant tropospheric@® mixing ratio over the past two millennia
(Canadell et al., 2021; MacFarling Meure et al., 2006; Fischer et al., 20U®&)ed by an increasom about

270 ppb in 1750 to well above 300 pgthe tropospheric )0 mole fractions, precisely measured at a global
network of stations, increased from 301 parts per billion (ppb) in 1980 to 333 ppb in 2020 and 336 ppb in 2022.
The tropospheric PO mole fraction in 2022s higher than at any time in the last 800,000 years. The current
growth rate of atmospheric2® is unprecedented with respect to the ice core record covering the last deglacial
transition (with decadal to centennial resolution) and likely unprecedented relative to the ice core records of the
past 800,000 years. The mean annual tropospheric grawethincreased from 0.76 (0-8595) ppb y* in the

decade of 200@009 to 0.96 (0.74.15) ppb ytin the decade of 2012019. In 2020, the D tropospheric

growth rate was 1.33 ppb¥(1.38ppb yrt in 2021), the highesthserved rate since 1980 and over 30% higher
than the average in the 2010s.

Global NO emissions have significantly increased in the last four decades. The magnitudes of glbbal N
emissions estimated by the BU and TD approaches were comparable during the overlapping per&a20997

but TD estimates found a larger in@mnual variability and a faster rate of increase. BU approadtasated

that global NO emissions increased from 47g N yr1(103-240 Tg Nyr'%) in 1997 to 1& Tg N yr'(106-

27.0 Tg N yrh) in 2020,with an average increase rate of 0.043 Tg'N (@r< 0.05). In contrast, according to TD
estimates, global emissions increased from 15.4 Tg N38.916.7 Tg N yr%) in 1997 to 17.0 Tg N y (16.6

17.4 Tg N yI!) in 2020, implying a highdncrease rate of 0.085 Tg N'§(p < 0.05).

According to BU estimateghe increase in global pO emissions was primarily due to a 40% increase in
anthropogenic emissions from 4.8 (@.B) Tg yrtin 1980 to 6.7 (3.20.9) Tg yr* in 2020. Among all
anthropogenic sources, direct agricultural emissions made the largest contribution, increasing fror2B2 (1.6

Tg N yrtin 1980 to 3.9 (2.%.1) Tg N yr! in 2020. The concurrent indirect agriculturadONemissions also
steadily increased from 0.9 (6171) Tg N yr*to 1.3 (0.91.6) Tg N yr'. In contrast, other direct anthropogenic
emissions (including emissions from fossil fuel and biomass burning, industry and wastewater) did not show a
significant trend, while fluxes induced by perturbations tmate, atmospheric GOand land cover were negative

and caused a reduction of®lemissions which grew frord.4 (0.9-1.0) Tg yrtin 1980 to-0.6 (-2.2-1.8) Tg yr

Lin 2020. Unlike anthropogenic emissions, global natural land and oc€aemissions were relatively stable

According to the BU approaches, the total amount of global natu@leMissions fluctuated between4.&nd
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12.1Tg yr! during 19862020.Among all sources, natural emissions from shelves, inland waters, and lightning
and atmospheric production were assumed to be constant during20280 According to BU approaches, the
total natural emissions from these sources wed¢110-3.0) Tg N yi?!

During 20102019, similar estimates of global totab@ emissions were obtained using both BU and TD
approaches, with decadal mean values o (8 6i 25.9) Tg N yrtand 17.4 (15.819.2) Tg N yI?, respectively
(Figurel). According to the BU estimates, natural sources contrit#dto the total emissions (81.7.3i 15.9

Tg N yr1). Specifically, natural soils contributed the most, with a decadal average of 6.8.63.9g N yi?,
followed by open oceans (3.5, 2467 Tg N yt?), the natural source from shelves (1.2,i0.6 Tg N ytY),
lightning and atmospheric production§00.3i 1.2 Tg N yt'), and inland waters, estuaries and coastal vegetation
(0.1, 0.0 0.1 Tg N yt%). Anthropogenic sources contributdso to the total MO emissions (6.5, 3i20.0 Tg N

yr'Y). Direct agricultural emissions accounted for 56% of the total anthropogenic emissions {3t@ Zg N

yr'Y), followed by emissions from other direct anthropogenic seufeel, 1.82.4 TgNytl),i ncl udi ng OFos

fuel and jled2TrgNyry o6 ©OGWakt e and03w0a8TEgtNgiWat earnéd (60B.i3o mas s

(0.8, 0.51.0Tg N yr1), and indirect anthropogenic emissions (1.2 0.6 Tg N yi?!). Perturbedfluxes from
climate/CO2/land cover changes had a net negative effectréducedpn NbO emissions-0.6,-2.111.2 Tg N

yr'). Increased O, and land conversion fromatureforest reduced dO emissions, but climate change resulted

in N20 emission of 0.7 (0:2.2) Tg N yt™.

Among the eighteen regiogsnsideredn this study, only Europe, Russkastralasiaand Japan and Korea had
decreasing BD emissions. Europe had the largest rate of decrease with an averE)2df0® Tg N yr 2during
19802020 (31% reduction), largely resulting from reduced fossil fuel and industry emissions, which changed
from 0.49 Tg N yrlin 1980 to 0.14 Tg N ytin 2020. In addition to the large reduction of fossil fuel and industry
emissions in Europe, direct and indirect agricultural emissionsdalsiinedduring 19862020, however, the
decreasing trend in direct agricultural emissiors|baelledoff by the 2000s.

China and South Asia had the largest increase D &missiondrom 1980 to 2020The rates of increasa
anthropogenic emissions from China and South Asia we8x180° Tg N yr? (82% increase) red 143 x 10°

Tg N yr? (92% increase)espectively. In these two regions, direct nitrogen additions in agriculture made the
largest contribution, while other direct and indirect emissions also steadily increased.

The atmospheric chemistry transport models used in this study show an increase in atmogptmnidd&h from

1527 (15041545) Tg N in 2002009 to 1606 (1592621) Tg N in 2020, and proportional to this, a small increase
in the atmospheric loss, from 12.1 (1:A.0.6) Tg N yr* to 12.9 (12.513.2) Tg N yr*. The estimated increase in

atmospheric BD burden is comparable to estimates by satellite and photolysis models, showing an increase from

b
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1528 Tg N in the 2000s to 1570 in the 2010s and 1592 Tg N in 2020. The atmospheric chemistry transport models,
however, did not show any significant trend in the lifetime, which is in contrast to results based on satellite
observations in the stratosphgtteese observationgdicate that the atmospheric lifetime ofdecreased from

119 years in the 2000s to 117 years in the 2010s. The reason for the discrepancy is not yahéneaas to be

further investigated.

Several major uncertainties have been identified as follows: 1) inversion estimates are the most uncertain in the
areas of South America, Africa, central and southern Asia, as well as Australasia, where the inversions are poorly
constrained by observations. 2) Large uncertainties exist in the estimates ofGahfissions from tropical
ecosystems in the Amazon Basin, the Congo Basin, and Southeast Asia, as well as in regions with high fertilizer
application rates and emissions, including Eastern China, Northern India, and the US CornBetbBjest
uncertainties in the estimates of ocean emissions are fotlmeléguatorial Pacific, the Benguela upwelling region

of the Atlantic, and the eastern equatorial Indian Ocean. The highest uncertainty in the equatorial upwelling and
low-oxygen waters is associated with high-suisface NO production. 4) The pO fluxes from atmospheric GO

mature forest conversion and biomass burning are poorly understood and quantified. The retgtarsky
distribution of current MO observation sites underscores the necessity of establishing more sites and regular
aircraft profiles, especially in tropical and subtropical regions, to better constrain emission estimates from
inversion models.

Based on this analysis and associated uncertainties, we priblgosegent development of a comprehensive
Terrestrial and Ocean,® Flux Monitoring andAnalysisNetwork to better resolve spatiemporal patterns and

reduce uncertainties in 2 emissions Such a development is a requirement to better constrain the future

contribution of NO to climate change and guide policy choices to redu€ed¥nissions.
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Figure 1. Global N2O Budget during 20162019. The coloured arrows represent O fluxes (in Tg N yr'?

for 2010i 2019) as follows: red, direct emissions from nitrogen additions in the agricultural sector

(agriculture); orange, emissions from other direct anthropogenic sources; maroon, indirect emissions from
205 anthropogenic nitrogen additions; brown, perturbed fluxes from changes in climate, CQor land cover;

green, emissions from natural sources. The anthropogenic and naturak® sources are derived from BU

estimates. The blue arrows represent the surface sink and the observed atmospheric chemical sink, of which

about 1% occurs in the troposphere. The total budget (sources + sinks) does not exactly match the observed

atmosphericaccumulation, because each of the terms has been derived independently and we do not force
210 TD agreement by rescaling the terms. This imbalance readily falls within the overall uncertain in closing

the N20 budget, as reflected in each of the terms. The2 sources and sinks are given in Tg N yt.

Copyright the Global Carbon Project.
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220

Nitrogen (N) is an essential element for the survival of all living organisms, required by numerous biological
molecules such as nucleic acids, proteins, and chlorophyll (Galloway et al., 2021; Scheer et al., 2020). The

addition of excess reactive N compais to terrestrial and oceanic ecosystems stimulates emissions of nitrous

oxide (NO), which isthe most important depleting substance of stratospheric q¥@odd Meteorological
Organization, 2022) and a lottiged potent greenhouse gas with an atmosphiéetime of more than 100 years
(Myhre et al., 2013; Prather et al., 2015). Atmosphep© Kole fractions have increased tgarly 286 since
the preindustrial era, from 270 parts per billion (ppb) in 1{B@&cFarling Meure et al., 20060 336 ppb in 2022,
and an increase of 35 ppb (10%) since 198Qure2). The current mole fraction is higher than at any time in

340
1 = —NOAA kS
< - r
& — — AGAGE 2z
= ] -
= /},47
S 320 — = CSIRO .
~— - &
< ol
= 1 ;;
@) ] _,,‘-,,Ae‘*( =
z ST
2 1L~~~ %
)
S 3009 s
o 2 1.2
1 75) i N’
o 2
E | g
< 0.6
< | E AGAGE === NOAA
Pt
280 © 0.0+— N ... Mo .
1990 2000 2010 2020
T | JEE PR ERES | | FEp PR | T I : S § L T T T T T I T LI T LI B T I | PR TR, ) T T T I L) T
1980 1990 2000 2010 2020
Year

Figure 2. Global mean atmospheric WO dry mole fraction (atmospheric concentration) (19862022) and
its annual growth rate (19952022) estimated by AGAGE, NOAA and CSIRO observingetworks. The
blue and black dash lines represent the mean annugtowth rate in the 2000s and 2010s, respectively.
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the last 800,000 years (Schilt et al. EPSL, 20Ithei ncr ease r at O oif n dtficheosts® ¢ ryi ¢ N
unprecedented over the past 20,000 years, covering the last -gisaviglacial transition, and likely
unprecedented compared to the lower resolution ice rem@ds of the past 800,000 years (Joos and Spahni,

PNAS, 2007; Schilt et al., EPSL, 2010, Canadell et al., AR6, WGI, Chapter 5). The observation networks of
AGAGE (Prinn et al., 2018), NOAA (Hall et al., 2007) and CSIRO (Francey et al., 2007) all shovead

increasing trend in the growth rate of atmospher®:Nhe mean annual growth rate increased from 0.76 {0.55

0.95) ppb y* in the 2000s to 0.96 (0.7R.15) ppb y*in the 2010s, with significant seasonal and interannual
variations. In 2020, the D atmospheric growth rate was 1.33 ppB ¢&.38ppb yr in 2021), higher than any

previous observed year, and more than 30% higher than the average value in the 2010s.

Due to the rapid increase of globalNemissions, observed atmospheri©ONnole fractions in recent years have

begun to exceed the predicted levels under all scenarios in the Coupled Model Intercomparison Project Phase 6
(CMIP6) for the Sixth Assessment Report of the Intergovernmental Panel on Climate Change (IPCC 2021; Gidden

et al., 2019; Tian et al., 2020).® emissions are expected to continue increasing in the coming decades due to

the growing demand for food, feed, fiber and energy, and a rising source from waste generation and industrial
processes (Davidson & Kanter, 2014; Reay et al., 2012). Redugihgmissionsvill contribute to the mitigation

of global warmingand the recovery of stratospheric ozone (Jacksonetal.,2019).i s not ed that al th
strat osydluesr it NQO® s20nga h eivnechrde nbebn tNa | zlsa srsa t boustp hiesr iucn 1G k e |

catastrophic ozone | oss the way that x&mtbhr dpacsg eorfifcs eht s
hal ecgaetnal yzed stratospheric ozone | oss through vari ot
reservoir spdiMeeas bleirlge e€l @NO, 1994; Nevi s Bignificait al ., 1

reductions of MO emissions are required along with nett&issions to stabilize the global climagestem. For
pathways consistent with the remaining carbon budget of 1.5°C, 1.7°C and 2°C stabil@adi@ssuming that

all GHGs should be cut in equal proportion to their contribution to anthropogenic radiative fgfolvej, NO
emissions need to be reduced by 22%, 18% and 1re$pectively by 2050(Rogelj and Lamboll, 2024)n
addition, NO mitigation couldreduce ozone loss comparable to the depletion potential of the global
chlorofluorocarbons (CFCs) stock in old air conditioners, refrigerators, insulation foams and other units (UNEP
2013).All in all, implementingN,O mitigation will contribute to achieving a sdtdnited Nations Sustainable
Development Goals (United Nations, 2016).

Nitrification and denitrification are the two key microbial processes controlli@pdoductionButterbachBahl

et al., 2013; Gruber and Galloway, 2008; Kuypers et al., 2018; Firestone and Davidsonna88%8) the largest

contributionto global NO emissiongSyakila & Kroeze, 2011; Tian et al., 2020); abiotic processes also play a

10
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role in the production of YD. We categorize the processes governin@ Nources and sinks 28 different
categoriesKigure3): (1) Frossi fuef N2O emissions from fossil fuel combustig2) Fingusty N2O emissions from

the chemical industry3) Fuastewater N20O emissions from wastewater treatment and disch&)Enatural inlandvates:
Natural NO emissions from inland waters (rivers, lakes and resery@)sfnuman inlanavates: Anthropogenic MO

from inland waters (rivers, lakes and reservoii) Fairect soil emission Direct NbO emissions from agricultural sails

(7) Fmanureeft on pasture N2O emissions from manure left on pastu8) Frnanure managemenN20 emission from manure
management(9) Faguacuiure N2O emissions from coastal and freshwater aquacult@ Fiand usesiandover changss

N20O emission/reduction due kand cover change/deforestatj@hl) Fnatural soil emissionsNaturalsoil N.O emission

(12) Foiomass burmingN20 emissions from biomass burnji{3) Fsurace uptakeSurface NO uptake (14) Fn depositioriand:
Indirect NO emissions from anthropogenic nitrogen additions on; |6k&) Feiiamte efiect Perturbed MO fluxes

from climatechange (16) Feliamte efrect Perturbed MO fluxes fromCQO, change (17) Fsheives N2O emission from
continental shelves(18) Foceans N2O emission from open oceafil9) Fn deposiionocean N2O emissions from
anthropogenic N deposition on oceaf#) Figntning & atmospheric productienLightning and atmospheric production of
N20; (21) Fstratospherisink: Stratospheric BD Sink (22) Faturalcoastal watsr Natural NO emissions from estuaries and
coastal vegetation23) Fn dep & leaching N20 emissions fromnitrogen deposition and leaching g¢stuaries and
coastal vegetatiormhere is also a small amount of@emission from termite mounds, but such a®Nux is

not quantified in the current budget analysis due to limited data.

Biogenic NO emissions from land are regulated by multiple environmental factors, including soil moisture,
temperature, oxygen status, pH, vegetation type, topography, atmospheor@®ntration, and soil N and C
availability (ButterbackBahl et al., 2013; Dijkstra et al., 2012; Li et al., 2020; Tian et al., 2019; Yin et al., 2022;
H. Yu et al., 2022). The effects of these environmental factors@relMissions have strong spatial and temporal
heterogeneity, making ugcaling field NO measurements to regional and global scales difficult. Studies using
atmospheric BD inverse modeling suggest a greater source0f fikom land and ocean in the colder and wetter
La Nina conditions and vice versa in the warmer and drier El Nifio conditions (Patra et al., 2022; Thompson et
al., 2014). Ongoing environmental changes such as ocean warming (and associated changesatiostratiti

ice coverage), decreasing pH (i.e. increasing acidification), losgs®&dlded oxygen (i.e. deoxygenation), and
eutrophication due to increasing anthropogenic inputs of nutrients via rivers and atmospheric deposition of
nitrogen aerosols, might significantly alter the production and consumption®@fiNthe upper ocean, its
distribution pattern and, ultimately, its release to the atmosphere (Bange et al., 2019, 2022; Wilson et al., 2019),
exerting in the long terma small but uncertain feedback on global warming (Battaglia and Joos, GBC, 2018,
Forster et al., 2021) .

11
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In this study, we construct a comprehensive global and regio@dbbdget based on the processes and framework
shown in Figure 3 and following the framework of Tian et al. (2020). The figure summarizes the pathw#ys of N
formation, consumption, emission and absorption, and it helps to guide consistent estimations and comparisons
of N2O budgets among regions and upscaling of regional budgets to the giGbBukés are grouped into two

major categories based on the sources.

The first category is natural® fluxes (blue arrows ifigure3), which are MO fluxes in the absence of climate
change and anthropogenic disturbances, and include natural soil emissions, soil yRtakeiddion from natural
disturbances causing wetland loss and degradation, lightning, and atmospheric production. This category also
includes natural emissions from inland watersmstal ecosystemand the ocean.

The second category is anthropogeni©Nluxes (red arrows ifrigure3). The direct emissions from nitrogen
additions in the agri cul tRigura3)inckideemissions ffofn aigect applicationy st e ms
of synthetic nitrogen fertilizers and manure (hencefc
management and aquaculture, while other direct anthropogenic sources include fossil fueliconaimast
industry, waste and wastewater, and biomass burning. Indig&céMissions derive from anthropogenic nitrogen
additions such as atmospheric nitrogen deposition (NDEP) on landcaad, and the effects of anthropogenic

loads of reactive nitrogen in inland waters, estuaries, and coagttion

In the anthropogenic XD fluxes category, we also consideiNfluxes from the anthropogenic perturbations in
climate, CQ and landuse/landcover (from hereon perturbation fluxes). In terrestrial ecosystems, perturbation
fluxes can be caused by increasing -Gfoncentration, climate change (e.g., warmimguced thawing of
permafrost), and landse change (e.g., converting natural lands to lands for human uses, such as croplands,
mining, logging, and the posieforestation pulse effect, the lotgrm effect of reduced mature forest areaON
emissions can either increase or decrease during land conversion depending on the type and phaseusithe land
change. For example, when tropical forests are first converted to agriculture there is often a p@issnugbions

for the first year or for as long as five years, depending upon the circumstances; following deforestation, emissions
decline below those of the original forest ifspares degrade and if croplands are not fertilized, such as in slash
andburn agriculture (Davidson and Artaxo, 2004, Meurer et al., 2016). When agriculture is abandoned and a
secondary forest is allowed to regronsNemissions gradually increase but usually remain lower than those of

the original mature forest or from fertilized croplands (Davidson et al., 2007, Sullivan et al., 2019).
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Numerous efforts have estimated individual sourcessamds of NO across global ecosystems. Prominently,
anthropogenic BD emissions have been annually reported for the past two decades by Annex | Parties (developed
countries) to the United Nations Framework Convention on Climate Change (UNFE@)rts | UNFCCYIC

As a result of the Paris Agreement, over 190 signatory countries are now required to report their national GHG
inventory biannually, if not already reported annually, with sufficient detail and transparency to track progress
towards their Nationally Deterimed Contributions. However, national GHG inventories only provide a partial
picture of the observed changes in atmospher©.Nrhey do not cover natural sources and have large
uncertainties in the emission factors and activity data. Additionally, datarated in many regions of the world,

e.g., South America and Africa (Tian et al. 2020).

Tian et al. (2020) built the first comprehensive globgDNudget using multiplBU (BU) andTD (TD) methods

as part of a partnership between the Global Carbon Project (GCP) and the International Nitrogen Initiative (INI).
Based on Tian et al. (2020) and the budget framework established in Figure 3, our study presents an improved
and updated glob®,0O budget and its regional attribution to 18 land regions and the global ocean. The budgets
cover the decades of 1989, 199099, 200009, 20102019, with a complete budget extension to 2020 and
atmospheric BD changes in 2021 and 2022. The work allows us to explore the relative temporal and spatial
importance of multiple sources and sinks that drive the atmospheric burdei®pthéir uncertainties, and
interactions between anthropogenic and natural forcings. This study also consolidates the international scientific
capacity and networks that contribute to this assessment with the aim toepioypicbved and updated.®

budgets at regular intervals.

This global effort builds from and contributes to the set of global GHG assessments that the GCP has established
including regular updates of the carbon ¢2T), methane (CkJ, and now MO budgets, and other biogeochemical
budgets of global significance. The budgets have been designed to: a) support global and national scientific
assessments (e.g., IPCC, WCRP annual reports), b) align scientific research and data products to sugport climat
mitigation and sustainability policy needs, and c) contribute to the global stocktake of the Paris Agreement to
track progress towards national determined contributions and the ultimate goal of achieviegon8HG
emissions. Integration of all GHGs iohust and shared methodological approaches and data delivery platforms

are central goals of GCP.

2 Methodology and Data

2.1 Definitions, terminology and unit of NO sources and sinks
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This study provides an estimation of the globaDNoudget considering atjuantifiable sources, sinks and
perturbations, a total of 21,0 fluxes. To simplify our analysis, we further grouped these fluxes intmajar
categories: (1) O6natur al baseline fluxesd: this

i s

disturbances and includes emissions from soils, surface uptake, shelf and ocean emissions, lightning and

atmospheric production, and emissions from inland waters, estuaries, and coastal vegetation; (2) direct emissions

from nitrogen additions in the agricultural sector (60
of nitrogen fertiizers ad manure (henceforth oOdirect soi l emi ssi
management and aquacul ture; G/ 3l)a n&dp ecrotvuerrb ealh af nl guexée swhfir

effects of CQ, climate, the postieforestation pulse, and the letegm effect of reduced mature forest area; (4)

indirect emissions from anthropogenic nitrogen additions including atmospheric nitrogen deposition (NDEP) on

the land, atmospheric NDEP on the ocean, and effects of anthropogenic loads of reactive nitrogen in inland waters,

estuaries and coastatgetation (5) other direct anthropogenic sources including fossil fuel and industry, waste

and wastewater, and biomass burning; and (6) the atmospheric sink in the stratosphere (via photolysis and

oxidation by GD). Our anthropogenic 4D emission categories aregaled with those compiled by the national
greenhouse gas inventories using IPCC 2006 methodologies and reported to the UNFCCC (Table Al).
In this study, NO fluxes are expressed in teragrams oOM per yeMN: 'yl THE)NN
=102 g,O-N 'y=0.57x16° g,0O N'y, withchangeratesin®® f |l uxes expr es s®Nl firn
( T g "MNwhich representhe first derivative of annuad,O fluxescalculated by the linear regression method
Atmospheric NO isexpressed as dry air mole fractions, in parts per billion (ppb), with atmosph€riariiual

yr
t he

increases expressed in parts per billion perygao yr’). The conver si on fpbgrtoort of rt chre

uni t fd . 7NTg N ppl (Prather, et al., 2012)nless specified, uncertainties are reported in brackets

as minimum and maximum values of all estimates, following Tian et al., (2020).

We focus o0 fluxes and their change rates during three perit@isz2020, 19862020 and 2012019. 1980
2020 is the entire study period, we report temporal variations in BU estimate® amissions from different
sources to depict the overall trends of these fluxes.-2920 is the overlapping period of BU and TD approaches,
we compare BU and TD estimates during this period to exam their consistency2 @B & the most recent
decade, we report the magnitude®ofissions from different sourcesdive best estimates dfieir latest status

and relative importance.

2.2 Definition of Regions
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As anthropogenic emissions are often reported at the country level, we divide global land into 18 regions and

define these regions based on a country list (Table A2). This approach is compatible With sadtd BU

approaches considered here. The number of regions was close to the widely used Trans@ompaiéson

map (Gurney et al., 2004), but with subdivisions to separate the contribution of important countries or regions to
380 the global NO budget (such as China, South Asia and the United Statesyegosalization is also compatible

with the REgional Carbon Cycle Assessment and Processes (Poulter et al. 2022) after aggregation into ten regions.

The 18 regions are United States (USA), Canada (CAN), Central America (CAM), Northern South America

(NSA), Brazil (BRA), Southwest South Amesa (SSA), Europe (EU), Northern Africa (NAF), Equatorial Africa

(EQAF), Southern Africa (SAF), Russia (RUS), Central Asia (CAS), Middle East (MIDE), China (CHN), Korea
385 and Japan (KAJ), South Asia (SAS), Southeast Asia (SEAS), and Australasia (AUS).idhaedigition is the

same as that used for the GCP methane afldgets (Saunois et al., 2020; Stavert et al., 2022; Tian et al.,

2019).

2.3 Overview of methods used for global §0 budget synthesis

Four major methods are available to estimate tamge NO emissions: atmospheric inversion models (method
390 1), activity and emission factdrased inventories (method 2), empiribalsed algorithms and machine learning
algorithms (method 3), and processsed ecosystem models (method 4). Atmospheric inversion models (method
1), aTD approach, utilizes measurements of atmosphefmNixing ratios combined with atmospheric transport
models, driven by meteorological fields, to estimate the emissiong®{Thompson et al., 2014). Atmospheric
inversion models usually use Bayesian statistics, which starting from a prior emission estimate, find the optimal
395 N0 emissions, that is those that best agree with observed atmodt@riaxing ratios, while at the same time
being guided by the prior emission and observation uncertainties (Nevison et al., 2018; Thompson et al., 2019).
TD approaches generally only estimate the tot& Mmission, which is spatially and temporally resolved, but do
not constrain the contributions from different sources. The other three methods bebbhggproaches, which
are capable of quantifying.® emissions from different sources. Emission activity and fdzased inventories
400 (method 2) use a prescribed emission factor (EF) to calcul@ehissions. This approach has been widely used
in national emission inventories and global studies (Davidson, 2009; Oreggioni et al., 2021; Crippa et al., 2021,
Winiwarter et al., 2018). Nevertheless, the fixed EFs cannot capture the nonlinear response of agricultural soil
N2O emissions to N inputs (Gerber et al., 2016), and also cannot fully reflect the dependence of EFs on climate,
management practices, soil physical and biochemical conditions (e.g., Marzadri et al 2022). Therefore, a spatially

405 referenced nonlinear model (ERI1) was developed to simu&aNO emissions in response to fertilizer application
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under various environmental and management conditions, which outperformed the default EF method (Zhou et
al.,, 2015). In recent years, machine learning algorithms (method 3) have been applied to estima@ soil N
emissions. A random forest model was used to estimate global terrestrial backgs@uanhissions (Yin et al.,

2022) and NO emissions from intensively managed cropping systems (Saha et al., 2021). Moreover, amachine
learningbased stochastic gradient boosting model was developed to predicttgtobstrial nitrification and its
fraction in NO emissions (Pan et al., 2021).

Compared with the three abowgentioned methods, procelsased ecosystem models (method 4) have two
notable advantages (Xu et al. 2020; Tian et al. 2019): (1) they are capailgdedfingthe key processes affecting

N2O production and emission such as autotrophic nitrification, denitrification, plant nitrogen uptakenia
volatilization, nitrate leaching, soil thermal and hydrological procesgémugh their accuracy in representing
these processes needs further improvepsaam (2) they integrate various driving factors controlling seD N
emissions, such as fertilizer use, atmospheric N deposition, land use change, climate change, and atmospheric
CO; concentration change and thus can disentangle the effects of different driving factors. Although multiple
processhased models estimated global saiONemissions, large discrepancies exist in these estimates due to the
diverse parameterizations of biogeochemical processes in diffiexasels, our limited understanding of the
mechanisms responsible fos@®l emissions, and the uncertainties in input data. TA@&Model Intercomparison
Project (NMIP) was launched (Tian et al., 2018; Tian et al., 2019) to develop amodki ensemble estimation

of global soil NO emissions during 1862016 and quantified the contributions of different driving factors.

We consider global )0 emissions from land and ocean including natural fluxes and anthropogenic emissions
based on BU and TD approachégyre4). The BU methods considered include eight probesed terrestrial
biosphere models from NMIP2 (global NitrogesNModel Intercomparison Project phase 2), six ocean models
(Battaglia and Joos, 2018; Berthet et al., 2023; Buitenhuis et al., 2018; Carroll et al., 2020; Landolfi et al., 2017)
and one machinkearning based observatiorsdlelfproduct (Yang et al., 202Q),mix of five approaches relying

on metaanalysis, statistical and proceasased models for inland waters and coastal ecosystems (Hu et al., 2016;
Lauerwald et al., 2019; Maavara et al., 2019, Yao et2@R0; Marzadri et al., 2021; Marzadri et al., 2022;
Rosentreter et al., 2023); four GHG emission databaBesssions Database for Global Atmospheric Research
EDGAR v7.0 (Crippa et al., 2021, https://edgar.jrc.ec.europa.eu/dataset_ghg70), FAOSTAT (Tubiello et al.,
2015), UNFCCC (https://unfccc.int/report§FED4s (van der Werf et al., 2017) (only for biomass burniag

one statistical model (SRNM) only for cropland soils (Wang et al., 2020). The TD approach consisted of four
independent atmospheric inversion frameworks, namely INVICAT (Wilson et @l4)2 PyVARCAMS
(Thompson et al., 2014), MIROGACTM (Patra et al., 2022), and GE&@3hem (Wells et al., 2018).
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Figure 4. Methodologies used to estimate each of the main flux categories contributing to the globaON
budget. We use bottBU and TD approaches, including 20 BU and four TD estimates of /D fluxes from
land and oceans. For sources estimated by the BU approach, we include eight prodessed terrestrial
biosphere modelling studiessix processbased ocean biogeochemical models and osieelf observational
product; one nutrient budget model; five inland and coastal water modelling or metanalysis studies; one
statistical model SRNM based on spatial extrapolation of field measurements; and four greenhowgas
inventories: EDGAR v7.0, FAOSTAT,UNFCCC, and GFED. Previous estimates of surface sink, lightning
and atmospheric production, modelbased tropospheric sink and observed stratospheric sink are included
in the current synthesis. The nutrient budget model provides nitrogen flows in global freshwater and
marine aquaculture over the period 19802020. Modetbased estimates of D emissions from inland and
coastal waters include rivers and reservoirs, lakes, estuaries, coastatgetation (that is, seagrasses,
mangroves,and saltmarsh) and coastal upwelling.
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Table 1. Methods, spatial and temporal resolution and data sources for the synthesis of the globaDN

budget
Model/Data name Spatial resolution Time period References
Inventories (anthropogenic)
EDGAR v7.0 0.1°x0.1° 198062020 Crippa et al. (2021),
GFED4s 0.25°x0.25° 19972020 Van Der Werf et al. (2017)
FAOSTAT Countrylevel 19802020 Tubiello et al. (2022)
UNFCCC Countrylevel 19902020 https://di.unfccc.int/time_series

Terrestrial Biosphere models participated in NMI

P2 (both anthropogenic

and natural)

CLASSIC 0.5°x0.5° 198062020 Asaadi and Arora (2021)
Kou-Giesbrecht and Arora (2022

DLEM 0.5°x0.5° 198062020 Tian et al. (2015), Xu et a2017)

ELM 0.5°x0.5° 198062020 Zhu et al. (2019)

ISAM 0.5°x0.5° 19802020 Shu et al. (2020); Xu et g2021)

LPX-Bern 0.5°x0.5° 198032020 Xu and Prentice (2008), Stocker
al. (2013)

O-CN 1°x1° 19802020 Zaehle et al(2011)

ORCHIDEE 0.5°x0.5° 19802020 Vuichard, N., et al. (2019)

VISIT 0.5°x0.5° 19802020 Ito et al. (2018)

Ocean Biogeochemical Modelgatural)

Bern3D 9P x 4.5 x 32 levels | 198032019 Battaglia and Joos (2018)

NEMOV3.6-PISCESv2 1°x 1°x 75 levels 19802020 Berthet et al. (2023); Seferian et

gas (2019)

NEMO-PlankTOM10.2 | 2° x (0.5°d 2°) t 30 | 19802016 Buitenhuis et al. (2018)

levels
UvVic2.9 3.6°x 1.8°x 19 levels| 19832020 Landolfi et al. (2017)

Continental shelf products (natural)

MEM-RF

0.25°x0.25°

19882017 mean

Yang et al. (2020)
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CNRM-0.25° 0.25°x0.25° 19982018 mean Berthet et al. (2019)
ECCO2Darwin & | 1/3° (ECCQDarwin) - | 19982013 mean Ganesan et al. (2020)
ECCODarwin 1/6°(ECCO2Darwin) | (ECCO-Darwin), Carroll et al. (2020)
20062013 mean
(ECCO2Darwin)

Inland waters, estuaries and coastal vegetatiofiboth anthropogenic and natural)

DLEM-TAC 0.5°x0.5° 19802019 Yao et al. (2020), Tian et a
(2020)

Mechanistic  Stochastic| 0.5°x0.5° 2000 Lauerwald et al. (2019); Maava

Model et al.(2019)

Meta analysis based| watershedevel 2000 Hu et al. (2016)

upscaling 18 regions 19752020 Rosentreter et a(2023)

Integrated ML &Physical | 0.5°x0.5° 2000 Marzadri et al. (2021)

model

Atmospheric inversion models

INVICAT 5.625°x5.625° 19972020 Wilson et al. (2014)

PyVAR-CAMS 3.75°x1.875° 19972020 Thompson et al. (2014)

MIROC4-ACTM ~2.8°%2.8° 19972019 Patra et al. (2018,2022)

GEOSChem 5°x4° 19972019 Wells et al. (2018)

Other models and datasetganthropogenic)

SRNM (direct soil | 1/12°x1/12° 19802020 Wang et al. (2020)

emission)

Bookkeeping metho( 0.25°x0.25° 19802020 Tian et al. (2020), Keller an

(perturbed fluxes from Reiners (1994)

land cover change

IMAGE-GNM Countrylevel 19802020 Bouwman et al. (2011), Bouwmg

et al.(2013a)

455 2.4 Model and inventory data synthesis
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2.4.1 Natural NeO fluxes

6Natural soil baselined emissions were obtained from
participated in NMIP2 that run with préndustrial land cover (Table 1) : (1) Canadian Land Surface Scheme

including Biogeochemical Cycles (@ISSIC) (Asaadi & Arora, 2021; Melton et al., 2020; K@iesbrecht &

Arora, 2022), (2) the Dynamic Land Ecosystem Model (DLEM) (Tian, et al., 2015; Xu et al., 2017; You et al.,

2022), (3) E3SM Land Model (ELM) (Zhu et al., 2019), (4) the Integrated Science Assessment Model (ISAM)

(Shu et al., 2020; Xu et al., 2021), (5) Land Processes and eXchanges Beme|LPX-Bern v1.4) (Lienert and

Joos, 2018; Joos et al., 2020), (610D (Zaehle et al.,2011), (7) Organising Carbon and Hydrology In Dynamic
Ecosystems (ORCHIDEE) (Goll et al., 2017), and (8) Vegetation Integrated Simulator for Trace gases (VISIT)

(Ito et al., 2018).

Natur al emi ssion from &6l nland water, estuaries, coas
obtained from models by Yao et al. (2020), Maavara et al. (2049¢rwald et al. (2019), Marzadri et al. (2021),

and the metanalyss byHu et al. (2016)Rosentreter et al. (2023). Since the data (rivers, lakes, reservoirs, and
estuaries) provided by Hu et al. (2016), Maavara et al. (2019), Lauerwald et al. (2019), and Marzadri et al. (2021)

are for the year 2000, we assumed that these values@nre st ant during 1980712020. Yao
annual riverine DO emissions using DLEM during 198D19. Here, we averaged riverine estimates from Yao

et al. (2020), Maavara et al. (2019), Hu et al. (2016), and Marzadri et al. (2021), assuming that estimates of
Maavara et al. (2019) and Hu et al. (2016) represent emssfrom larger rivers only, while Yao et al. (2020)

and Marzadri et al. (2021) also account for emissions from streams and small rivers. Note further that the estimate

by Marzadri et al. (2021) is not fully global as it excludes riysteams North of 60°N. Therefore, we did not use

this assessment for the regions of Canada, US, Russia and Europe. DLEM also estimated@nemaéddibns

from global reservoirs, and we averaged these estimates with those from Maavara et al. (2019) to represent
emi ssions from reservoirs during 1980712020. The estir
term averaged values provitley Lauerwald et al. (2019) and an estimate by the DIJEA model(Li et al.,

2024) For estuaries, we combined the estimate by Maavara et al. (2019) which relies on almsedss
modellingapproach with a new metiata analysis by Rosentreter et al. (2023). dinysis of Rosentreter et al.

(2023) is observatichased andncludes the contribution of coastal vegetated ecosystems, a contribution not
accounted for in Maavara et al. (2019). Estuaries and coastal vegetation data are from studies published between
19752020 and we assume fluxes are constant during-2080 (Raentreter et al. 2023).To disentangle natural

and anthropogenic fluxes, we considered the emissions in thd$@@rsimulated by DLEM (Yao et al., 2020)

as equivalent to the natural emission, assuming that the N load from land was negligible in th@Kperasdet
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al., 1999). Using this approach, wstimated that PO emissions from natural sources of rivers, reservoirs, lakes
and estuaries accounted for 44% ( 36 %akibdiw)accouhtaltNne t ot a
inputs(i.e., inorganic, organic, dissolved, and particulate forms).

N2O emissions from continental shelves were calculated using ondrilaa estimate and three highsolution
model estimates for various time periods (Resplandy et al., 2023, also see Suppldmentaagion §), namely

an observatiofbased estimate that relied on a randonest (RF) algorithm to interpolate. data (Yang et al.,
2020), based on a synthesis of over 158,000 observation®©ahiXing ratio, partial pressure, and concentration
in the surface ocean from the MEMENTO database (ME® (Kock and Bange, 2015), an estimate relying on
the highresolution configuration (Berthet et al., 2019) of the global odéageochemical componeot CNRM-
ESM2-1 (CNRM-0.25°), and two estimates relying on the EGD&rwin model run at 1/3° (ECCOarwinl)

and 1/6° (ECC@&Darwin2), respectively. Considering that ECO@rwinl and Darwin2 relied on the same

model, their mean O fluxes were used.

Estimates of natural XD emissions from open oceans are derived from four global ocean biogeochemistry models
including Bern3D (Battaglia and Joos, 2018), NEMOvRESCESv2gas (Berthet et al., 2023), NEMO
PlankTOM10 (Buitenhuis et al., 2018), and UVic2.9 (Landolfi et al., 2017). Towards(dtiget synthesis,

modeling groups reported gridded monthly fluxes &t I° resolution for the period 1982020. Specific details

on ocean model configurations andNparameterizations are reported in the individual model publications.

We combined the estimate from lightning with that from atmospheric production into an integrated category
6Lightning and atmospheric productioné (KolWenann an
simplified t he 6Lightning and at mospheric productio
production is affected to some extent by anthropogenic activities such as enhancement of the concentrations of

the reactive species NHind NQ. This category is in any case very small and the anthropogenic enhancement

effectisuncert ai n. The estimate of o6Surface sinkod was obt

2.4.2 Direct emissions from nitrogen additions (agriculture)

Agriculture NO e mi ssions consi st of four components: O&éDirect
management 6, and 6Aquacul turebd. Data for ODi0ect soil
emissions from the average of two inventories (EDGAR v7.0 and FAOSTAT), the SRNM/DLEM models, and

the NMIP2/DLEM models. The statistical model SRNM only covers croplai@ édnissions. Thus, we added

the DLEM-based estimate of pastureONemissions into the two estimates of cropland to represent direct

22



520

525

530

535

540

545

agricultural soil emissions (i.e., SRNM/DLEM or NMI P2
of EDGAR v7.0, FAOSTAT, a n d emBdioBEsMare thé Mean af ERGARN/ 0 angl e me n t
FAOSTAT. FAOSTAT emission factors for N additions are based on the 2006 guiddlilodml N flows (i.e.,

fish feed intake, fish harvest, and waste) in freshwater and marine aquaculture were obtained from Bouwman et

al. (2011), Bouwman et al. (2013a) and Beusen et al. (2016) and based on 1@IREEquaculture nutrient

budget modef or t he period 198071 2020. WeO dnlisgons as anll8% losst ed gl
of N waste in aquaculture, i.e., the same EF used in Hu et al. (2012) and MacLeod et al. (2019). The uncertainty
range of the EF is from 0.5% (Eggleston et al., 2006) to 5% (Williams and Crutzen, 2010), the same range used

in the UNEP reporBouwman et al., 2013b).

2.4.3 Emissions from other direct anthropogenic sources.

Thiscategory ncl udes O6Fossil fuel and industryd, O6Waste and
from O6Fossil fuel and industryd and 6é6Waste and wast e\
v7.0 and UNFCCC dat ab as &ssonis thcheaserablkimeamaf EAOSTDAT, DbEMpagdd e m
GFED4s databases. I n EDGAR v7.0, OWaste and wastewat
handlingd. We merged 6Transportationd, O6Energyd, 61 nd
tot al emi ssi on fr omThé FADSTAI emiskiane database df the Rodduasd Agrjcdture
Organization of the United Nations (FAO) covers emissions;@f fkom agriculture and land use by country and

globally, from 1961 to 2020 for agriculture, and from 1990 for relevant land use categories, i.e., cultivation of
histosols, biomass burning, etc., applying only Tieroefficients(Tubiello et al., 2022; 2021; Conchedda and

Tubiello, 2020; Prosperi et al., 2020). n addi ti on to the | PCC agriculture
residuesd6 and O6Burning savann abOemissiors fromndeférastdtiordfires; AOST AT

forest fires and peatland fires (Prosperi et al., 2020).

2.4.4 Indirect emissions from anthropogenic N additions

This category considers N deposition on | and and oceas
we | | as the N |l eaching and runoff from upstream (61 nl
on oceand was provi ded lwhich $cudds erigsianl fiom lgoth mperedcearssland ( 2 0 1
continental shelves whi l e emi ssion from ON deposition on | an:q
NMIP2/EDGAR v7.0 and NMIP2. EDGAR v7.0 provided estimates of indirect emissions from both agricultural

and noragricultural sectors, however, here, we sum the ensemble meafiB? estimates ofidirect emissions
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from agricultural sectors with indirect emissions from +agmicultural sector of EDGAR v7.0 (i.e.,
NMIP2/EDGAR v7.0) to represent N deposition induced soil emissions from both agricultural and non
agricultural sectors. Thed® emi ssions from o6l nland and coast al wat
estuaries, and continental shelves, which is the ensemble mean of an average of two inventories (EDGAR v7.0
Indirect NO emissions leaching and runoff and FAOSTAT), and the mean of metaalysis andanodels. The
anthropogenic emission from inland freshwaters estimated by Yao et al. (2020) considered annual N inputs and
other environmental factors (i.e., climate, elevated,@@d land cover changéjhe results in Yao et a2020)
suggested thab6% of the total MO emissios from rivers, reservoirs, estuaries and lakess attributed to
anthropogenic N additions. Empirical methods (empirical models and-anatgsis) adopted this ratio to
calculatdong-term averaganthropogenic bD emissions from inland waterynsistent with Tian et al. (2020).
Seagrass, mangrovandsaltmarsh MO emissions were updated from Rosentreter et al., (2023).

2.4.5 Perturbation of N2O fluxes from climate/CO2/land cover change

The estimate of climate and @€ffects on emissions was based on eight NMIP2 models, and w8 ii$ddi S H 7

and SH11 SH8 t o momdiclimatdon glebél femesttiaksoib® EmisSians, respectively. The

effect of land cover changeon® dynami cs i ncl udes -terimeffeat f cbduced mature due t
forest aread and the adafidn @entadt ieom spulonnes afufee d tod .60 POF
on the bookkeeping approach and the DLEM model simulation. The Ha@ping method is developed by

(Houghton et al., 1983) for accounting foarbon flows due to land usk the original bookkeeping model

developed by Houghton et al. (1983), land conversion and the affected carbon pools are tracked each year. The
initial values of carbon pools are set for each type of land use. Annual chémgesam pools in areas affected

by land use change or some land management practices (like wood harvest and fire management) are prescribed

in the model using response curves, which are usually a function of the age of the newly converted land use. These
response curves are specific &ach type of land cover type and land use change and do not include the effects

of environmental changefHoughton and Castanho, 2023jor each age cohort, it either gains carbon
(afforestation or reforestation) or loses carbon (deforestation) untdri®e pools reach a new stable state (the

response curve converged).similar bookkeeping method was developed to account fgd Emission due to
deforestationHere different from the original bookkeeping model calculating carbon fluxes through tracking
changes in vegetation or soil pools, the response curves directly tracking as@eahiNsions after deforestation,

which are also a function of the age of newly converted land use, were developed in our bookkeeping method

(The details refer to Supplementary Information S9).
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Table 2. Simulation design of NMIP2

Historical Climate CO: Ic_j\r/]:r Irrigation Ndep Nfer ManureN

SHO 19011920 1850 1850 1850 1850 1850 1850

SH1 A A A A A A A

SH2 A A A A A A 1850

SH3 A A A A A 1850 A

SH4 A A A A 1850 A A

SH5 A A A 1850 A A A

SH6 A A 1850 A A A A

SH7 A 1850 A A A A A

SH8 19011920 A A A A A A

SH9 19011920 1850 1850 1850 1850 A A

SH10 A 1850 1850 1850 1850 1850 1850

SH11 A A 1850 1850 A 1850 1850

SH12 A A A 1850 A 1850 1850
Not e: For hi st o indicateslthe ®rcimyadrimgtl8sSBM23Q ifishoi ncl uded -in t he
19200 i ndi-yea maas clihakeeondtion during 190920 will be used over the entire simulation
period, and fAl18500 indicates t lergire pedod.cClinmtg dataiid only be f i

available from 1901; we assume the-y#Gaverage value between 1901 and 1920 for the years-1880. N

deposition is available only from 1850. Manure N is available only from 1860; we assume manure N at the 1860

value for years 1850860. N fertilizer before 1910 was zero.

2.4.6 Atmospheric production of reactive nitrogen

N2O production in the atmosphere is a relatively small component of the global buglges. produced by the

gaseous phase oxidation of Nid the troposphere, however, there are few published estimates of this source and

it remains poorly constrained. In this paper, we refer to the two known published estimates, which are 0.4 Tg N
yr (Kolhmann and Poppe, 1999) and 0.6 {0.8) Tg N yr* (Dentener and Crutzen, 1994), that are derived using

global models of atmospheric chemistry and transport. Since human activities have greatly affected the

atmospheric abundance of B significant portion of this source may be considered anthropogenic. Lightning
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590 production of NQ indirectly leads to BD emission through its oxidation and subsequent deposition on land and
ocean. A recent study estimated the global lightning production ofdNiGz 9 Tg N yt (Nault et al. 2017), which
is larger than previous estimates5{2-8) Tg N yr! (Schumann and Huntrieser et al. 2007). In this study, we
assume an effective emission factor of 1% (de Klein et al. 2006) and using the median estimate of $dfg N yr
NOx, we estimate a global source oflof 0.05 (0.020.09) Tg N yr*. There is also PO production from N2

595 +0O(1D),which amounts tabout 2% otheatmospheric sourde the stratosphern@Estupifian et al. 2005).

2.5 Atmospheric observation data synthesis
2.5.1 Atmospheric burden and trends from tropospheric observations

The monthly tropospheric 2 mole fraction and their growth rates are derived from three different atmospheric
observational networks: The Advanced Global Atmospheric Gagasriment (AGAGE, Prinn et al. 2018), The
600 Commonwealth Scientific and Industrial Research Organization (CSIRO, Francey et al. 2003) and the National
Ocean and Atmospheric Administration (NOAA, Dutton et al. 2023; Lan et al. 2022). Further information on the
three net workso stations, instrument s, calibration,
Supplementary Information, S12 Atmosphé¥igO Observation Networks.
The atmospheric burden and it sderivatfrean nedn martimensgriece d ur i n g
605 abundance (mole fraction) of,8 (Prather et al., 2023) with a conversion factor of 4.79 Tg N Pbather, et
al.,, 2012). Combining uncertainties in measuring dhaualmean surface mole fractipmhich are <1 ppb
(Dlugokencky et al., 1994with those of converting surface mole fractions to a global mean abundance, we
estimate a +1.4 % uncertainty in the absolute burden (Prather et al., ZBE2uncertainty in the ppto-Tg
conversion does not affect the trend uncertaifityis uncertainty is estimated to be +0.2 ppb or £1 Tg N between
610 any two years over any recent period, based on the combined NOAA and A@B&GH of surface pO taken
from Table 2.1 of the IPCC AR5 (Hartmann et al., 20I)us, the uncertainty in the burden change between
two decades (e.g., 2000s to 2010s) is bounded by +1 Tg N (<0.1 %)

2.5.2 Atmospheric loss rates and trends from stratospheric observations

The NASA Aura MLS satellite instrument has provided consistent global measurements of stratos@henic N
615 and temperature (T) since August 2004. These have been used with simple stratospheric chemistry models to

calculate the monthly mean stratospheric loss £ Nue to photolysis and oxidation by'Df (Prather et al.,
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2015; 2023; Minschwaner et al. 1998). Tropospheric chemical loss also occurs, but at a very low rate (<1% of

the total) and is thus not included in the calculations.

2.5.3Atmospheric inversion estimates of WO emissions and losses

For the TD constraints on boldnd and ocean 7O

f

uxes

for

t he

period

19981

independent atmospheric inversion frameworks (INVICAT, PyVBRMS, MIROC4ACTM, and GEOS

Chem), all of which used a Bayesian inversion method (see supplementary information for details on the inversion

frameworks).

The inversion frameworks INVICAT and PyVARAMS used the transport models TOMCAT and LMDz5,
respectively, which were both driven by ECMWF ERA5 meteorology, while MIRABCZM used the transport

model ACTM, whichwas driven by JRA5 meteorology, and GEGShem used the transport model of the same

name, which was driven by MERR2meteorology. All inversion frameworks assumed that the prior distribution

of emissions followed a normal distribution, with the multivegienean taken from different models and data

products, with standard deviations detailed in the supplement. Specifically,-GE&S, INVICAT and PyVAR

CAMS built prior flux distributions for natural soil emissions from the terrestra@dtieric model €N (Zaehle

et al., 2011) and for biomass burning emissions from GF&ED(van der Werf et al., 2017). For anthropogenic

emissions from agricultural and nagricultural sectors (excluding biomass burning), estimates from EDGAR v5

were used to build the prior for tiperiod 20052020 (since these estimates were only available up to 2015, the

emissions for 2012020 were estimated based on those of the year 2015) and for the perie20089The
estimates from EDGAR4.32 were used. On the other hand, MIRQEGZATM usedthe estimate from the

terrestrial biospheric model VISIT for natural soils emissions and EDGAR v4.2 estimates for all anthropogenic

emissions.

The inversion frameworks used atmospheric observations from glmssdi networks, specifically NOAA,

AGAGE and CSIRO (see supplementary information for details).

The atmospheric transport models also calculate the losgfrithe stratosphere by photolysis and oxidation

by O(D) radicals (Minschwaner et al. 1998). The TD mean posterior estimates for the 18 land regions were

calculated by integrating the gridded fluxes at 1° x 1° over each region (the fluxes were interpolated from the

original model resolution to 1° x 1°).

3. Results
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645 3.1 Trends in atmospheric mole fractions and implied emissions

650

655

660

3.1.1 Trends in atmospheric MO mole fractions

The three observation networks AGAGE, NOAA and CSIRO show consistent growth in atmosplenmld
fractions from 315.8 (315-816.2) ppb in 2000 to 335.9 (335386.1) ppb in 2022. The mean annual growth rate
increased from 0.76 (0.8%.95) ppb ytin the 2000s to 0.96 (0.7R.15) ppb yiin 2010s with significant seasonal

and interannual variations. In 2020d 2021the NO atmospheric growth rate was 1.33 ppband1.38ppb yr

1, respectivelyboth highethan any previous observed year (sinc8@)9and was more than 30% higher than the
average value in the decade of the 20Fgure2). As is shown irFigure5, the observed XD mole fraction in

2020 (mean: 333.2, 332333.5 ppb) has exceeded predicted levels across the four illustrative Representative
Concentration Pathways (RCPs) (32821.5 ppb) used in CMIP5 (Meinshausen et al. 2011) and the seven
illustrative SocioeconomiPathways (SSPs) (336331.9 ppb) used in CMIP6 (Meinshausen et al. 2020).

a 370 T T T T b 370 T T T T
(
| === Historical observations ’ e Historical observations
- = = RCP85 ’ e §SP 58,5
w0l = = — RCP6.D P . SSP 4-6.0
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_ RCP2.6 p 4 _ foseeeeeens S8P 3-7.0
s& . ’ L’ _é ........... SSP 2-4.5
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Figure 5. Comparison between measured global 2 mole fractions from the three GHG observing
networks and the projected mole fractions from (a) the four illustrative Representative Concentration

Pathways (RCPs) in the IPCC Fifth Assessment Report, and (b) the seven illustrative Socioeconomic
Pathways (SSPs) used in CMIP6.

3.2 \eO sources and sinksBU estimates

3.2.1 Anthropogenic sources

28



3.2.1.1 Global anthropogenic emissions during 1982020

665 Global total anthropogenic emissions increased ifetstefour decades, from 4.8 (3713) TgN yrtin 1980 to 6.7
(3.310.9) TgN yr' in 2020 Figure 6). Among all anthropogenic sources, direct emissions from nitrogen
additions in the agricultural sector made the largest contribution to the increase gvevidhom 2.2 (1.62.8)

TgN yrtin 1980 to 3.9 (2.%.1) TgN yr! in 2020. Indirect NO emissions also steadily increased during the
study period, from 0.9 (0-7.1) TgN yrtin 1980 to 1.3 (0.9..6) TgN yr! in 2020. In contrast, other direct

670 anthropogenic emissions did not have a trend, and the total amounafiet around 2.1 TgN yr Perturbed
fluxes from climate/C@land cover change led to a small increase 4@ Kink, from-0.4 (0.9-1.0) TgN yrtin
1980 t0-0.6 (2.21.8) TgN yrtin 2020.

(a) Anthropogenic total

6 M

1980 1985 1990 1995 2000 2005 2010 2015 2020
(b) Direct emissions from nitrogen (c) Other direct anthropogenic
51 additions in agriculture 5 emissions

3/ 2] ——— NN

0
0 1980 1985 1990 1995 2000 2005 2010 2015 2020 1980 1985 1990 1995 2000 2005 2010 2015 2020

Anthropogenic N>O emissions (Tg N yr™)

2.0 4
(d) Indirect emissions (e) Perturbed fluxes from climate/
s CO,/land cover change
o 0 NN AN~
0.5 2

00 1980 1985 1990 1995 2000 2005 2010 2015 2020 4 1980 1985 1990 1995 2000 2005 2010 2015 2020

Year

675 Figure 6. Changes in global anthropogenic PO emissions (a) and BD emissions from different sectors (b
e) during 198062020.For each subfigure, the line represents the mean pO emission of different estimates,
and the shaded area shows minimum anghaximum estimates.

29



680

685

690

695

3.2.1.2 Direct emissions from nitrogen additions in the agricultural sector (Agriculture)

In the past four decades,® emissions from all the four sources within the agricultural sector significantly
increasedKigure 7), with the largest contribution from direct soil emissions (from 1.1 TgNnyd980 to 2.1

TgN yrtin 2020), followed by manure left on pasture (from 0.9 TgNigr1980 to 1.4 TgN ytin 2020),
aquaculture (from 0.01 TgN yin 1980 to 0.12 TgN ykin 2020), and manure management (from 0.24 TgN yr

in 1980 to 0.26 TgN ytin 2020).

Direct soil emissions accounted for the largest proportion of emissions from the agriculture sector. All four
estimates show a steady increase in direct soil emissions sinceFi§8@ {a). Among them, NMIP2/DLEM
exhibited the largest magnitude and the fastest increase rate, from 1.1-TgNL980 to 2.6 TgN yt in 2020.

By contrast, SRNM/DLEM suggested the slowest increase rate, from 1.0 #giN3880 to 1.7 Tg ytin 2020.

The estimates of the two inventories (FAOSTAT and EDGARv7.0) exhibited similar magnitudes and trends,
especially after 1990. All three estimates suggested a significant increasmpir®bO emissions from manure

left on pasture over the period 198020. Although all methods showed an increasing trend, they had significant
differences in magnitude and increase r&tigure 7b). FAOSTAT showed the largest magnitude and increase
rate, from 1.2 TgN yt in 1980 to 1.9 TgN yt in 2020. However, DLEM showed a smaller magnitude and a
slower increase rate, from 0.5 TgN4in 1980 to 0.9 TgN ytin 2020. Although the two inventpestimates for
emissions from manure management showed similar temporal variations, FAQ®&$A larger magnitude than
EDGARV7.0 Figure 7c). According to the IMAGESNM aquaculture nutrient budget model,QNemissions

from aguaculture increased more than tenfold, from 0.01 Tghhyr980 to 0.12 TgN y¥in 2020 Figure7d).
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Figure 7. Changes in global direct MO emissions from fertilizer and manure applied on agricultural soils
(a), manure left on pasture (b), manure management (c), and aquaculture (d) during 192020.

3.2.1.3 Other direct anthropogenic sources

Fossil fuel and industry emissions accounted for the largest proportionaCfeMissions from other direct
anthropogenic sources. Estimates from two approaches showed different trends during their overlapping period:
EGDARV7.0 had an increasing trend from 0.9 TgNMipr1990 to 1.1 TgN y¥in 2020, while EDGAR/UNFCCC

did not show a trend with 1.0 TgN-¥in 1990 and 1.0 TgN s in 2020 Figure8a). These inventories, however,

do not capture a strong increase in emissions from adipic acid production since 2010 (Davidson and Winiwarter,
2023). Both EDGARV7.0 and EDGAR/UNFCCC show a steady and significant increag® enNssions from

waste and wastewater. Although EDGAR/UNFCCC shows a larger magnitude than EGDARV7.0, these two
inventory estimates show similar growth ratégygre 8b). There are large uncertainties lre tmagnitude and
temporal trend of BD emissions from biomass burnifgqure8c). DLEM and GFED show a larger magnitude

of emissions than FAOSTAT. Both DLEM and GFED have a decreasing trend over the overlapping period of
19972020, however, FAOSTAT shows no significant trend during this period.
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Figure 8. Changes in NO emissions from other direct anthropogenic sources: fossil fuel (a), waste and
wastewater (b), and biomass burning (c) during 1982020.

3.2.1.4 Indirect emissions fromanthropogenic nitrogen additions

720 Global anthropogenic XD emissions from inland waters, estuaries and coastal vegetation continuously increased
during 19862020 Figure9a). Although all methods revealed an overall increasing trend in emissions, process

based models show a much smaller magnitude and increase rate than the two inventories. According to meta
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analysis and models, anthropogenic emissions from inland and coastal waters increased from 0.21irnTgN yr
1980 to 0.15 TgN ykin 2020. In contrast, EGDARv7.0 and FAOSTAT showed emissions increased from 0.33
and 0.35 TgN ytin 1980 to 0.53 and 0.57 TgN¥im 2020, respectively. Emissions from N deposition on land
also continued to increase during 19820 Figure 9b). NMIP2 andNMIP2/EDGAR v7.0show emissions
increasing from 0.6 and 0.4 TgN“in 1980 to 0.9 and 0.6 TgN Vin 2020, respectively.

0.7
(a) Inland waters, estuaries, coastal vegetation
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Figure 9. Changes in indirect NO emissions from anthropogenic nitrogen additions to inland waters
(river, lake and reservoir), estuaries anctoastal vegetation, and N deposition on land during 198202Q
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3.2.1.5 Perturbation fluxes from climate/CQ/land cover change

The spread between different estimates (DLEM and the bookkeeping method)-defposstation pulse effect
increased from the 1980s to the 2Q1Dse postdeforestation pulse effect was 0.8 ¢0.8) Tg N yr* in 1980

and 0.8 (0.41.3) Tg N yrtin 2020 Figure10a). In contrast, DLEM and empirical approaches are comparable in
terms of the magnitude and temporal changes inteng reduction effect of deforestation, both approaches
suggested a strong lotigrm reduction effect, whichrewfrom -1.2 ¢1.0,-1.4) Tg N yrtin 1980 to-1.4 (¢1.3,-

1.6) Tg N yrtin 2020 Figure10b). In general, deforestation had a negative effect on global £il N

emissions. Howevemost NMIP2 models suggested a positive effect of climate change on€bémlissions,
although with large uncertainty and significant interannual varigttbisspositive climatefeedback

significantly increased during the past four decaéggufe10c). In contrast to climatic effects, most NMIP2
models suggested a negative effect of rising atmospheric@@entration on soil 0 emissions through

increasing nitrogen use efficiency and hence reducing saiaNability (Figure10d). However, NMIP2 models

(a) Post deforestation pulse effect (b) Long term reduction effect

(5}
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Figure 10. Changes in perturbed MO fluxes from changes in climate, CQ and land cover during

19802020.For each subfigure, the line represents the mean PO emission of different estimates,
and the shaded area shows minimum and maximum estimates.
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have large discrepancies in the Gétilization effect on NO emissions; ELM and ISAM suggested a positive

effect, while all the other models suggest a negative effect.

3.2.2 Natural N2O sources

Emissions from natural soils and open ocda relatively steady throughout the study period 12880, with

mean estimates fluctuating between-203 Tg N yrf !(minimum estimates: 6:2.1 Tg N yt ! maximum
estimates: 12-83.6 Tg N yI ). Natural emissions from all other sources including shelves, inland waters, and
lightning and atmospheric production were assumed to be constant duringe@BR0According to BU
approaches, the total natural emissions from these sources &€r€)}B.0) Tg N yt * Themean value of global

N2O emissions from all the aboweentioned sources fluctuated betweer7412.1 TgN yr?, with an average of

119 TgN yrl. Global natural BO emissions also have a large uncertainty, with the maximum estimates (15.8
16.6 TgN yr*) roughly double the minimum estimatesi{B.1 TgN yrY).

3.2.2.1 Natural soil NO emission baseline

The Natural soil MO emission baseline represents the preindustrial s@l &missions derived from NMIP2
simulations, driven by potentigegetation/land cover and other environmental factors in thmguestrial period
(1850). Global natural soil 4D emissions are estimated to be 6.4 Tgland account for 55% of the total natural
emissions. However, /D emissions from natural soils estimated by the NMIP2 showed large divergences among
eight models. Among the NMIP2 models, ELM had the highest estimate with an average of 8.6 Tghigh

was more than double the estimate from the CLASSIC model (3.9 TYN yr

3.2.2.2 Natural NO emission baseline from open ocean and continental shelves

We also estimated D emissions from the open oceans and continental shelves. Open ocean is the second largest
source of natural D emissions with a global mean value fluctuating between 3.4 and 3.8 Tghirymg 1980

2020. Open ocean M emissions were estimated by four ocean models. Among these models, NEMOv3.6
PISCESv2gas had the highest estimate, with an average of 4.6 TgNwrile NEMO-PlankTOM10 had the

lowest estimate with an average of 2.8 TgN.yFhe four ocean models show different trends in open ocean
emissions. NEMOv3ISCESv2gas shows a slight increasing trend, while the other three models show

consistent decreasing trends. In addition to open oceans, shelves are an important seQreenggdibnswhich
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was not quantified in the previous globaiONbudget (Tian et al., 2020). Globsthelf NoO emissions were
estimated by two highesolution models (CNRM and ECCO) and one data product (NREY The average of
the three estimates is 1.2 TgN‘yranging from 0.6 TgN y*(ECCO) to 1.6 TgN yt (MEM-RF).

3.2.2.3 Natural NO emission from inland waters, estuaries & coastal vegetation

Natural NO emissions from inland waters and estuaries were much smaller than emissions &oils,tbeeans
and shelves. It has an average value of 0.08 TgiNrginging from 0.05 TgN yrto 0.14 TgN yr. Rivers are the
largest source emitting 0.04 (0-0108) TgN yr' of N>O, and account for 48% of the natural emissions from
inland waters and estuaries. The global natug@l &missions from lakes and estuaries were 0.02@@OR) TgN
yrtand 0.02 (0.08.03) TgN yr, respectively.

3.2.2.4 Lightning, atmospheric production and natural sinks

The source of reactive N from lightning, and its contribution 4@ Nand the direct production ob® from NH;

in the atmosphere are relatively small, and we have no new estimates in this work. However, synthesizing the
available estimates in the scientific literature, we estimate lightning to contribute 0.08@)2TgN yr*

(median and range) (Nault et al. 2017; Schumann and Huntrieser et al. 2007) and atmospheric production to
contribute 0.5 (0.&.1) TgN yr* (Kolhmann and Poppe, 1999; Dentener and Crutzen, 1994).

Similarly, the surface sink &0 is small and we do not produce a new estimate in this budget but only synthesize

available estimates from the literature. We estimate the global surface sink to be 0i00.3).0gN yr.
3.3 \O sources and sinksTD estimates

3.3.17TD total source

Ensemble estimates across the four atmospheric inversions show that ttexhoagerage globalJ® emissions
during 19972020 was 16.6 TgN yr(minimum: 15.5 TgN yt; maximum: 18.2 TgN y#). All four inversions
show a significant increasing trend in globaldNemissionsf<0.05) with a mean rate of increase of 0.10 TgN
yr2(0.08- 0.12 TgN yr) (Figurella).
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Figure 11. Annual global NO emissions during 19972020 estimated by four atmospheric inversions (TD
model). (a) Total globalemission, (b) Land emission and (c) ocean emission.

3.3.1.1TD land emission

800 The estimates derived from the four inversions show that theblaseld emission is the dominant source £ N
emissions, over ocean sources, and the-teng average land4® emission during 1992020 was 13.7 TgN yr
1 (minimum: 12.6 TgN y#; maximum: 15.0 TgN y#), contributing 8685% of the global BD emissions. Land
sources dominated the interannual variability of gloh#) Emissions and the trendigure11b). All TD models
suggested a significant increasing trend in lap@ Emissions during the study period 198120 0<0.05), with

805 increase rate ranging from 0.09 TgNfyo 0.13 TgN y©, which were higher than the increase rates of prior fluxes
(mean: 0.04TgN yr?, range: 0.0D.08 TgN yr?).

3.3.1.2TD ocean emission

The magnitude of PO emissions from oceans is much smaller than that from Eigdré11c). The mean ocean
N2O emission during 1992020 derived from four inversion models was 2.9 Tgi yanging from a minimum

810 of 2.7 TgN yrtto a maximum of 3.3 TgN ¥t The estimates of MIROC4 were much higher than the estimates of
other models. The four inversions show divergent interannual variability, and none suggested a significant trend.
The TD estimates on ocean@ emission is much smaller than that estimated by four ocean biogeochemical

models, with a global mean value fluctuating between 3.4 and 3.8 Tg#ilying 19862020

3.3.2TD stratospheric sink
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The four inversions have comparable magnitudes of global stratosphérisik (via photolysis and oxidation

by the electronically excited atomic oxygenD), in the stratosphere), with an average value of 12.4 TgN yr
(min, max of 12.2, 12.7 TgN ¥ for 20062020 Figure12). All four inversions found that the global stratospheric

N20 sink increased during 192020 figurel3) in proportion to the growing atmospherigdNabundance, with

an average rate of increase of 0.05 TgR (@.03- 0.07 TgN yr?). Differences among the estimates decreased
after 2000 likely due to improvements in observation coveaagieaccuracy, but possibly also due to decreasing
influence of the initial mixing ratio fields, which differed among the inversion frameworks. Although the
inversions show comparable trends in the sink, they differ in theiramiewnal variability.

We also provide an independent estimate for the stratospheric sink based on satellite observations and a photolysis
model. This estimate likewise showed that the sink increased, from 12.8 1§ iN fhe 1990s to 14.0 Tg N4t

in the 2010s (Tabl8), with higher annual loss rates than estimated by the inversions, and an average loss of 13.4
TgN yrt for 20052021. This estimate also showed large gb#sinial interannual variability with an amplitude

of 7 %. More interestingly, over this time period the abundance,0f iN the middle stratosphere, where the
greatest loss of XD occurs, was increasing at a rate of 5102 %/decade, which is faster than the increase in the
tropospheric abundance of 2:940 %/decade. This resulted in a greater loss0f (Ne., more than proportionate

to the mean atmospheric increase) and thus a decrease of thatmespheric lifetime (burden divided by loss)

of 2.1 £ 0.7% per decade, from 119.3 years in the 2000s to 117 years in the 2010s (Prather et al. 2023, also see
Table3). These changes are thought to be a result of an increase in the intensity of Bobae@n Circulation

(BDC), which would transport XD more rapidly from the troposphere into the +aichtosphere. An increase in

the intensity of BDC is predicted by climate models (Oberlashtigm et al. 2016). However, we note that none

of the atmospheric inversions found a significant trend in the aineos lifetime (although the total loss

increasedfFigure12) and more research is needed to identify why there is this discrepancy
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Figure 12. Global stratospheric NO sink estimated byatmospheric inversions, satellite and photolysis
model during 19972020
3.4 Decadal patterns and trend of the globaN-O budget: Comparisons between BU and TD approaches

BU approaches provide estimates aONluxesfor the identified sources and sinks during 12820, while TD
approaches only provide the totat fluxduring 19972020. In the following analyses of the decadal glob& N
budget, the comparison between BU and dfproachess only for total NO estimags We rely on BU

approaches to quantify all identified sources and sinks (Talbligurel).

3.4.1 GlobalN20 budget in recent decade (2012019)

The BU and TD approaches give remarkably consistent estimates of globab@&iiésions in the 2010s, with
values of 1& (minimumi maximum: 106i 25.9) Tg N yr* and 17.4 (minimurimaximum: 15.819.2) Tg N yi?!

(Fig 1, Table3), respectively. However, the BU estimate shows a large uncertainty range in part because of the
spread of estimates from procdmssed models. TD approaches estimate that the stratospheric sink-(.e., N

losses via photolysis and reaction withf)in the stratosphere) for the 2010s was 12.6 (12239) Tg N yr.
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However, the atmospheric sink estimate based on satellite observations and a photolysis model for the 2010s was
13.4 (12.3 14.5) Tg N yr*. The imbalance of sources and sinks gDNlerived from the averaged BU and TD

855 estimates is 4.7 Tg N yr This imbalance agrees welith the observed increase in atmospheric abundance of
N.O between 2010 and 2019 of 4.6 (#457) Tg N yfl. Based on the Bibased estimates, natural sources
contributed65% of total emissions (mean: BLmini max: 73i 15.9 Tg N yI?) during this period. Specifically,
the natural soil flux contributed the most, with the decadal mean of 6i8(@)9g N yi?, followed by the open
ocean emissions (mean: 3.5,74% Tg N yt?), shelf emissions (mean: 1.2, 0166 Tg N yi?), lightning and

860 atmospheric production (means00.3i 1.2 Tg N yi?!), and natural emissiorfeom inland waters and estuaries
(mean: 0.1, 0:100.1 Tg N yt%) (Figurel).
Anthropogenic sources contributed, on aver8§# to the total MO emissions (mean: 6.5; minimiéimaximum:
3.2110.0 Tg N yi) in the 2010s. Direct emissions from nitrogen additions in agriculture were 3(@.8.Tg
N yr'l, contributing to 56% of the total anthropogenic emissions (T&hleEmissions from other direct

865 anthropogenic sources made the second largest contribution, with a decadal mean of 24) (Ig8N yf™.
Indirect emissions from anthropogenic nitrogen additions contributed to 19% of the total anthropogenic emissions,
with a decadal mean of 1.2 (026) Tg N yf’. Changes in climate, G@nd land cover had an overall negative
effect on NO emissions (meanr0.6,-2.11 1.2 Tg N yt?), mainly because of the negative effects of reduced
mature forest area (mean:.4,-1.6/ -1.3 Tg N ytY) and increasing C{xoncentration (mean0.7,-1.5/0.3 Tg

870 Nyr'?Y).

3.4.2 Decadal trend of the globalN20 budget

Global NO emissions estimated by the BU and TD approaches were comparable in magnitude during the
overlapping period 1992020, but TD estimates implied a larger ird@nual variability and a faster rate of
increaseRigurel3a). BU and TD approaches diverge when estimating the magnitude of land emissions compared
875 with ocean emissions, although they are consistent with respect to tFégdee (L3b). According to the BU
approaches, global & emissions increased from 47g N yr $(103-240Tg N yr1) in 1997 tc185Tg N yr?
(106-27.0 Tg N yI?) in 2020, with an average increase rate of 0.043 Tg 'Rl (p<0.05). In contrast, TD
approaches suggested global emissions increased from 15.4 Ty M8y#16.7 Tg N yr?) in 1997 to 17.0 Tg N
yr1(16.617.4 Tg N yr') in 2020, implying a higher increase rate of 0.085 Tg'N (p<0.05). The BU estimate
880 during 19972010 was on averagesilg N yr * higher than the TD estimate. However, after 2010, the difference
in the magnitude of emissions between the two approaches is smaller, because of the rapid increase in the TD

estimates. Since the year 1980, BU approaches suggested a significant increase in@lebd@kslons that was
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primarily driven by anthropogenic sources (TaB)leSatellite and photolysis model estimate that the atmospheric
N20O burden increased from 1528 Tg N in the 2000s to 1570 in the 2010s and 1592 Tg N in 2020, which is
comparable to estimates by atmospheric chemistry transport models, showing an increase in atmae§pheric N
burden from 1527 (1504545) Tg N in the 2000s to 1606 (152821) Tg N in 2020.
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Figure 13. Comparison of global and regional MO emissions estimated by BU and TD approaches. The 18
regions include United States (USA), Canada (CAN), Central America (CAM), Northern Soutlmerica
(NSA), Brazil (BRA), Southwest South America (SSA), Europe (EU), Northern Africa (NAF), Equatorial
Africa (EQAF), Southern Africa (SAF), Russia (RUS), Central Asia (CAS), Middle East (MIDE), China
(CHN), Korea and Japan (KAJ), South Asia (SAS), Southeast #da (SEAS), and Australasia (AUS)The
blue lines represent the mean PO emission from bottomup methods and the shaded areas show minimum
and maximum estimates; thered lines represent the mean MO emission from topdown methods and the
shaded areas show minimum and maximum estimates.
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900 Table 3. The global NO budget for the decades of the1980s, 1990s, 2000s, 2010s, and3@20 (Tg N yr %)

19801989 19901999 20002009 20102019 2020
Anthropogenic sources BU) Mean  (Min,| Mean  (Min,| Mean  (Min,| Mean  (Min,| Mean  (Min,
Max) Max) Max) Max) Max)

Agricultural Direct soil emissiong 1.2 (1.1, 1.3) 15(1.2,1.6) 1.7(1.4,20) |20(1.6,24) |21(1.7,2.6)

Manure left on| 0.9(0.5,1.3) |1.1(0.6,1.4) |1.2(0.7,1.6) | 1.3(0.8,1.8) | 1.4(0.9, 1.9)

pasture

Manure 0.2(0.2,0.3) | 0.3(0.2,0.3) | 0.2(0.2,0.3) | 0.3(0.2,0.3) | 0.3(0.2,0.3)

management

Aquaculture 0.0 (0.0,0.0) | 0.0(0.0,0.1) | 0.1(0.0,0.2) | 0.1(0.0,0.3) | 0.1(0.0,0.3)

Subtotal 2.4(1.8,3.0) | 2.8(2.1,3.4) 3.2(2.3,4.0) |36(2.7,48) |3.9(295.1)
Other direct| Fossil fuels and 1.0(1.0,1.0) [ 1.0(0.9,1.1) |[1.1(1.0,1.1) |1.1(1.0,1.2) | 1.1(1.0,1.1)
anthropogenic | industry
sources Waste and 0.1(0.1,0.1) | 0.2(0.2,0.2) | 0.2(0.2,0.2) | 0.3(0.3,0.3) | 0.3(0.3,0.3)

wastewater

Biomass burning 0.9(0.5,12) |09(05,1.2) |0.8(05,1.0) | 0.8(0.5 1.0) |0.8(0.5,0.9)

Subtotal 20(1.7,24) [21(16,24) |21(1.8,24) |21(18,24) |21(17, 24)
Indirect Inland waters,| 0.3(0.1,0.4) | 0.3(0.1,0.4) | 0.4(0.1,0.5) | 0.4(0.1,0.5) | 0.4(0.1,0.6)
emissions from| estuaries, coasts
anthropogenic | vegetation
nitrogen Atmospheric 0.5(0.5,0.6) | 0.6 (0.5,0.7) 0.7(0.6,0.8) | 0.7(0.6,0.8) | 0.8(0.6,0.9)
additions nitrogen depositiorn

on land

Atmospheric 0.1(0.1,0.2) |0.1(0.1,02) [0.1(0.1,02) |0.1(0.1,02) |0.1(0.1,0.2)

nitrogen deposition

on ocean

Subtotal 09(0.7,1.2) |11(08,1.4) |11(0.8,14) |1.2(0.9 1.6) | 1.3(0.9,1.6)
Perturbed fluxes CO2 effect -0.4(¢0.8,0.2) | -0.5¢1.0,0.2) | -0.6 (1.3,0.3) | -0.7 ¢1.5,0.3) | -0.8 (1.6, 0.3)
from Climate effect 0.4(0.1,0.8) | 05(0.2,0.7) |06(0.1,08) |0.7(0.2,1.2) [0.9(0.4, 1.8)
climate/CO2/lan | Postdeforestation | 0.8 (0.6,1.1) | 0.9 (0.6,1.2) | 0.9(0.5,1.3) | 0.9(0.4,1.3) | 0.8(0.4,1.3)
d cover change | pulseeffect
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Longterm effect of[ -1.2 (1.1,-1.4) | -1.3¢1.2,-1.5) | -1.4 (1.2,-1.5) | -1.4 (1.3,-1.6) | -1.5 (1.4,-1.6)
reduced mature
forest area
Subtotal -0.4(¢1.1,0.7) | -05(-1.4,0.6) | -0.6(-1.9,0.8) | -0.6(-2.1, 1.2) | -0.6 (2.2, 1.8)
Anthropogenic total 50(3.0,7.3) |55(3.1,7.9) |5.8(3.1,86) |65(3.2,10.0) | 6.7(3.3,10.9)
Natural fluxes (BU)
Natural soils baseline 6.4(3.9,8.5) | 6.4(3.8,8.6) 6.4(3.9,85) |6.4(3.9,86) | 6.4(3.8,8.7)
Open ocean baseline 3.7(3.0,4.6) | 3.6(2.8,4.5) 3.6(2.7,47) |35(25,4.7) | 35(25,4.7)
Continental kelves 1.2(0.6,1.6) |1.2(0.6,1.6) | 1.2(0.6,1.6) | 1.2(0.6,1.6) | 1.2(0.6,1.6)
Natural(inland waters, estuaries, coas| 0.1 (0.0,0.1) | 0.1 (0.0, 0.1) 0.1(0.0,0.1) | 0.1(0.0,0.1) | 0.1(0.0,0.2)
vegetation)
Lightning and atmospheric production| 0.6 (0.3, 1.2) 06(03,1.2) 06(03,1.2) 06(03,1.2) 06(03,1.2)
Surface sinKsoils/wetands) 0.0 (0.0,-0.3) 0.0 (0.0,-0.3) 0.0 (0.0,-0.3) | 0.0(0.0,-0.3) | 0.0(0.0,-0.3)
Natural total 12.0(7.9,15.8) | 119(7.7,15.8) | 119(75,15.9) | 118(7.3,15.9) | 118 (74, 16.1)
BU Total Net Flux (source) 169 (109, | 174 (107, | 177 (106, | 182 (106, | 185 (108,
23.1) 236) 24.5) 25.9) 27.0)
TD ocean 28(26,32) |3.0(27,33) |27(27,27)
TD land 13.2 (12.1,| 145 (13.0,| 14.3 (13.9,
14.3) 15.9) 14.7)
TD Total Net Flux (source) 16.0 (4.9, 174 (15.8,| 17.0 (16.6,
17.5) 19.2) 17.4)
TD stratospheric sink 12.2 (11.7,| 12.6 (12.3, 12.9 (12.5,
12.6) 12.9) 13.2)
Atmospheric Chemical sink (a) 12.8 (11.7,| 134 (12.3,| 14.0 (12.8,
13.8) 14.5) 15.2)
Change in atmospheric abundance (b) 3.6(3.6,3.7) |46(4.5,47) | 6.4(6.2,6.5)
Atmospheric burden 1528 1570 1592
Lifetime (‘obs' from MLS) 119.3 117

Notes: BU estimates include four categories of anthropogenic source and one category for natural sources and
sinks. The sources and sinks gfONare given in Tg N y*. The atmospheric burden is given in Tg (B
Calculated from satellite observations with a photolysis model (about 1% of this sink occurs in the troposphere).
(b) Calculated from the combined NOAA and AGAGE record of surfg@eahd adopting the uncertainty of the

IPCC Assessment Report 5 (Chaptenéh a conversion factor of 4.79 Tg N ppi. Detailed information on
calculating each subategory is shown in Supplementary Tables.
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3.5 RegionalBU and TD estimates and their trends

To assess regionab@ budgets, we divide the global land into 18 regions as described in the method section. Our
regional analyses include: 1) trends and variations of regional tgdakMissions from all sources derived from
available estimates of TD (192020) and BU (198@020) figure 13); 2) trends and variations of region
anthropogenic BD emissions from all identified sources during 12820 derived from BU approacFkigure

14); and 3) Decadal regionab® budget (201£2019) derived from both BU and TD approacHeg(rel5). The

following sectiongrovide detailed estimates for each of the 18 regions.

3.5.1 United States of America (USA)

For the USA, the TD estimates show higher tot#d ¥missions than the BU estimates over the period-2020
(Figure 13c), with 1.00 (0.601.39) Tg N yi' and 082 (0.31i 1.42) Tg N yI?, respectively. Both approaches
suggest that the total,® emissions from the USA remained relatively stable during -P22D. Based on the

BU estimates, changes in climate, £@nd land cover caused emission decline over -P220. The flux
fluctuated betweer0.30 Tg N yrtand-0.12 Tg N yr?, with the average 0f0.20 Tg N yf*. Indirect emissions
from anthropogenic nitrogen additions increased from 0.11 TgNry2980 to 0.13 Tg N Yt in 1995 and then
decreased to 0.10 Tg N'yiin 2020. Direct emissions from nitrogen additions in agriculture increased from 0.25
Tg N yrtin 1980 to 0.30 Tg N ytin 2020. However, the increase in direct agricultural emissions was offset by
the trend in emissions from other direct anthropogenic sources, which decreased from 0.26Tiy N80 to

0.19 Tg N yftin 2020. The total anthropogenie® emissions slightly increased during 198IR0, at the average
rate 0f0.6x10° Tg N yr'2. This increase primarily occudealuring 19861997 Figure14).

In the 2010s, the BU estimates80.0.2i 1.43 Tg N yf?!) were on average ®2rg N yr ! lower than the TD
estimates (1.03, 0.71.45 Tg N yt1) (Figure15). According to the BU results, natural sources contribdget

of total emissions (0.39, 0.22.65 Tg N yi?) during this period. Direct emissions from nitrogen additions in
agriculture were 0.30 (0.18.38) Tg N yI?, contributing 3% of the total emissions. Emissions from other direct
anthropogenic sources made the second largest contribution to anthropogenic emissions, with the decadal mean
of 0.21 (0.180.23) Tg N yt*. Indirect emissions from anthropogenic nitrogen additions contribui@ddf the

total anthropogenic emissions, with a decadal mean of 0.11i 0185 Tg N yI'. Changes in climate, G@nd

land cover had an overall negative effect aMmissions with the mean value-6f19 Tg N yr' %, ranging from
-0.37Tg N yr'to 0.03Tg N yr . Recent study indicated that® emissions could be increased by fretdwmav
cycles (Del Grosso et al. 2022) and tillage practices (Lu et aR)2@ur BU estimates did not take into

consideration of freezthaw and tillage practice, which may have underestimat€ewissions.
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3.5.2 Canada(CAN)

BU approaches suggested a larger magnitude of te@ldxissions from Canada than TD approaches over the
period 19972020 igure 13d), with values of 0.29 (0.08.69) Tg N yr! and 0.12 (0.060.19) Tg N yi?,
respectively. BU and TD estimates also showed divergent trends. TD estimates decreased at Hiebpat€%f

Tg N yr?, however, BU estimates increased at the rate®fl@2 Tg N yr 2. According to the BU results, the
increase in total PO emissions from Canada was mainly driven by the direct emissions from nitrogen additions
in agriculture, which increased from 0.02 Tg N%jin 1980 to 0.05 Tg N yt in 2020. Perturbed fluxes from
changes in climate, G@nd land cover showed an overall increase from 0.00 TgNnyt980 to 0.02 Tg N yt

in 2020. Indirect MO emissions from Canada were relatively stable during the study period, while emissions
from other direct anthropogenic sources had large interannual variabHitesg14).

In the 2010s, the BU ,@amissioma(®.29,0.0060 TgC g averacyes two timesa | N
higher than the TD estimates (0.12, 020 Tg N yi') (Figure15). According to the BU results, natural sources
contributed 59% of total emissions (0.17, G.043 Tg N yi') during this period. Direct emissions from nitrogen
additions in agriculture were 0.05 (0i1@06) Tg N yI, contributing to 15% of the total emissions. Emissions

from other direct anthropogenic sources and indirect emissions from anthropogenic nitrogen additions were 0.04
(0.020.08) Tg N yf* and 0.02 (0.020.03) Tg N yI?, respectively. Changes in climate, £4hd land cover had

an overall positive effect onJ® emissions with the mean value of 0.01 Tg N,yranging from-0.04 Tg N yr'!

t0 0.0 Tg N yrt

3.5.3 Central America(CAM)

TD and BU estimateare comparableegarding the magnitudes and trends e©ONemissions from Central
America Figure13e), with mean values of42 (0.211 0.64) Tg N yr* and 0.35 (0.260.47) Tg N yI* for BU

and TD approaches, respectively. During 12920, the rate of increase of the BU estimates ¥40° Tg N
yr'2)was higher than that of TD estimates (2.5%T@ N yr ). Emissions from other direct anthropogenic sources
increased from 0.03 Tg N'yiin 1980 to 0.15 Tg N ytin 2020 and were the major driver of the increase @ N
emissions from Central America. Direct agricultural emissions increased during the study period,8régiN0.0
yr'tin 1980 to 0.11 Tg N ytin 2020. Indirect emissions and perturbed fluxes from changes in climai@ndO
land cover were relatively stable during this peribijgre14).

The BU and TD approaches gave comparable estimates of Gt&missions from Central America in the 2010s,
with values of 0.8 (0.24/0.68) Tg N yr * and 0.36 (0.240.48) Tg N yr for BU and TD approachegigure15),

respectively. Natural sources contribu@®6 of total emissions (mean: 0.17, 0.0726 Tg N yr'1) during this
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period. Emissions from other direct anthropogenic sources contribus®gltof the total emissions (mean: 0.18,

0.1710.18 Tg N yI'). Direct and indirect emissions were 0.11 (0@174) Tg N yr* and 0.02 (0.020.03) Tg N

yr'l, respectively. Changes in climate, £ahd land cover had an overall negative effect @ Bimissions with
970 the mean value 60.02 Tg N yr'?, ranging from-0.10 Tg N yr*to 0.07 Tg N yr .

3.5.4 Northern South America(NSA)

TD approaches suggested a larger magnitude of tofal énissions from Northern South America than BU
approaches over the period 198020 fFigure13f), with 0.55 (0.3#0.98) Tg N yi! and 040 (0.04i 1.08) Tg N
yr'l, respectively for eachpproach. During 1992020, the increase rate of the TD estimates (2.2°IDN

975 yr'?)was higher than that of BU estimates8(810° Tg N yr ?). Direct agricultural emissions made the largest
contribution to the increase i@ emissions from Northern South America, increasing from 0.04 Td Nnyr
1980 to 0.07 Tg N ytin 2020 Figure14). NNO emissions from the other three anthropogenic sectors did not
have a significant trend during 192020.
The BU estimates in the 2010s40, 0.031 1.09 Tg N yr') were on average I7 Tg N yr ! lower than the TD

980 estimates (0.58, 0.8%.06 Tg N yr?) (Figure15). The average natural emission was 0.35 Tgd Nirythe 2010s,
contributing85% of total emissions. Direct agricultural emissions, other direct emissions, and indirect emissions
were 0.07 (0.080.09) Tg N yr?, 0.02 (0.010.02) Tg N yrtand 0.01 (0.0i10.02) Tg N yI?, respectively. Changes
in climate, CQ and land cover had an overall negative effect @ Bmissions with the mean value-6f4 Tg
N yr'%, ranging from0.19 Tg N yr*to 010 Tg N yr .

985 3.5.5 Brazil (BRA)

The average total 0 emissions from Brazil estimated by BU approaches wdsTh N yr' %, ranging from 0.8
Tg Nyrflto 232Tg N yr! (Figure13g), which was lower than the TD estimates (mean: 1.42{ 1L.28 Tg N
yr'l). Both approaches detected a notable increasing trend in tg@aleMissions during 1992020. TD
approaches suggested a higher increase rate (116TgL8l yr ?) than BU approaches @x10° Tg N yr?).

990 Direct agricultural emissions, which increased from 0.13 Tg'Niyr1980 to 0.32 Tg N ytin 2020, made the
largest contribution to the increase inQNemissions from BrazilRigure 14). Indirect emissions also show an
increase from 0.03 Tg N ¥/rin 1980 to 0.06 Tg N ytin 2020. Emissions from other anthropogenic sources and
perturbed fluxes from changes in climate, C&hd land cover did not have an obvious trend during the study

period.
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The TD estimates in the 2010s (1.51, 1409 Tg N yt') were on average Z8 Tg N yr! higher than the BU
estimates (23, 0.24i 241 Tg N yr1) (Figurel5). According to the BU results, the average natural emission was
0.95 Tg N yft in the 2010s, contributing t67% of total emissions. Direct agricultural emissions, other direct
emissions, and indirect emissions were 0.28 {@Z5) Tg N yr!, 0.09 (0.060.11) Tg N yf*tand 0.05 (0.02
0.07) Tg N yI, respectively. Changes in climate, £énd land cover had an overall negative effect @@ N
emissions with the mean value-6f14 Tg N yr' %, ranging from-0.48 Tg N yr to 025 Tg N yr?.

3.5.6Southwest South America(SSA)

BU and TD estimates are consistent in the magnitude of the tgdaéMissions from Southwest South America
during 197-2020, with values of 0%5(0.181 1.09 Tg N yr! and 0.51 (0.400.63) Tg N yr* (Figure 13h),
respectively. TD estimates increased at the rate of 53kgWN yr 2 over 19972020, however, BU estimates did

not have an obvious trend during this period. Among the four anthropogenic sectors, direct agricultural emissions
had the largest increase, from 0.10 Tg N iyr 1980 to 0.15 Tg N ytin 2020 Figure14). Indirect emissions

also increased from 0.02 Tg N'¥in 1980 to 0.03 Tg N ytin 2020. Perturbed fluxes from changes in climate,

COz and land cover had a decreasing trend, while emissions from other sectors fluctuated over the study period.
The BU and TD approaches gave similar estimates of te@ldxhissions from Southwest South America in the
2010s, with values of 055(0.191 1.04 Tg N yr*and 0.55 (0.440.67) Tg N yi! (Figure15), respectively. The

mean natural emission was 0.39 Tg Ntym the 2010s, accounting fol% of total emissions. Direct agricultural
emissions, other direct emissions, and indirect emissions were 0.140(099Tg N yr?, 0.05 (0.080.06) Tg N

yr'tand 0.03 (0.010.03) Tg N yt?, respectively. Changes in climate, £4d land cover had an overall negative
effect on NO emissions with the mean value-6f06 Tg N yr'?, ranging from-0.16 Tg N yf'to 0.8 Tg N yr' L.

3.5.7 Europe(EU)

The BU estimates suggest that Europe had the largest decrease rate of regmahilsions among the 18
regions, and the average decrease rate during-2@80 was-13.3x103 Tg N yr 2 (Figure 13i). For the period
19972020, this decreasing trend slowaolwn as estimated by BU approach&s7k10° Tg N yr ?), while the

TD approach suggests a small increase of (1.8XI@ N yr?) (Figure 13i). Emissions from other direct
ant hropogenic sources (including O0Fossil fuel and
which decreased from 0.51 Tg N'¥in 1980 to 0.18 Tg N ytin 2020, made the largest contribution to the
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decreasing trend inJ® emissions from Europe. Direct agricultural emissions and indirect emissions show overall
decrease trends from 0.46 and 0.16 Tg Nipr1980 to 0.38 and 0.12 Tg N'yin 2020, respectively mainly

due to a reduction in fertilizer use after the collapse of the Soviet Union (Tian et al., B@2®&ver, the
decreasing trend in direct agricultural emissions has leveled off since the 2000s. Perturbed fluxes from changes
in climate, CQ and land cover decreased during 1:98@5, then slowly increaseBigurel14).

The BU and TDapproaches gave comparable estimates of Europgareidissions in the 2010s, with values of
1.00(0.451 1.57) Tg N yftand 0.86 (0.401.36) Tg N yt! (Figurel5), respectively. According to the BU results,
natural sources only contributed t692 of total emissions (mean: 0.26, 0.0152 Tg N yr?) during this period.
Direct agricultural emissions, other direct emissions, and indirect emissions w&(@.8280.44) Tg N yr?, 0.19
(0.150.24) Tg N yitand 0.13 (0.080.16) Tg N yI, respectively. Changes in climate, £fhd land cover had

an overall positive effect onJ® emissions with the mean value of ®Xy N yr %, ranging from0.21 Tg N yr?

t0 022Tg N yrl

3.5.8 Northern Africa (NAF)

For Northern Africa, TD approaches suggested a langgmnitude of the total XD emissions than BU approaches
over the period 1992020 Figure13j), with the values of 1.01 (0.562.32) Tg N yftand 0.8 (0.181.27) Tg N

yr'l, respectively. Both approaches suggest th#@ Nmissions from Northern Africa significantly increased
during 19972020, and the increase rates estimated by the BU and TD approachds9wdi@® Tg N yr 2 and
4.7x10° Tg N yr 2, respectively. Direct emissions increased from 0.10 Tg'Niryr1980 to 0.27 Tg N ytin
2020, making the largest contribution to the increase@ &missions from Northern Afric&igure14). Indirect
emissions also significantly increased from 0.02 Tg Nigr1980 to 0.04 Tg N ytin 2020. In contrast, other
anthropogenic emissions decreased from 0.12 Tg Niyt980 to 0.11 Tg N ytin 2020. NO Fluxes caused by
changes in climate, C@nd land cover remained relatively stathiging 19862020.

In the 2010s, the BU estimates7®.0.171 1.30 Tg N yf%) were on average ®3Tg N yr ! lower than the TD
estimates (14 054i 1.31 Tg N yr'1) (Figure 15). Natural sources accounted fa®4 of total emissions (0.32,
0.07i0.60 Tg N yr'1) during this period. Direct emissions from nitrogen additions in agriculture were 0.23 (0.09
0.34) Tg N yt?, contributing to 2% of the total emissions. Emissions from other direct anthropogenic sources
made the second largest contribution to anthropogenic emissions, with the decadal mean of 0114{0Teg

N yr'l., Indirect emissions and perturbed fluxes from changes in climatea@®Dland cover were 0.04 (0:02
0.06) Tg N yrt and0.02(-0.10-0.16), respectively.
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3.5.9 Equatorial Africa (EQAF)

Similar to Northern Africa, TD approaches suggested a larger magnitude of #OtainNssions froniEquatorial

Africa than BU approaches over the period 12820 Figure13k), with values of 1.45 (1.18.78) Tg N yi!

and 136 (0.3612.22) Tg N yr1, respectively. Both approaches suggested th@ &missions from Equatorial
Africa significantly increased during 192020, and the increase rates estimated by the BU and TD approaches
were4.4x103Tg N yrtand 2.1x16 Tg N yr %, respectively. Direct emissions more than tripled during the study
period, from 0.07 Tg N ytin 1980 to 0.22 Tg N ytin 2020, dominating the increase inMemissions from
Equatorial Africa Figure14). Indirect emissions also steadily incehgrom 0.04 Tg N y#in 1980 to 0.06 Tg

N yr'tin 2020. On the contrary, perturbed fluxes from changes in climatea@Oand cover showed an overall
decreasing trend with large interannual variabilities. Emissions from other anthropogenic sources show relatively
stable.

The BU and TD approaches gave comparable estimatesOoehissions from Equatorial Africa in the 2010s,
with values of 138 (0.38/2.28) Tg N yr *and 1.50 (1.161.80) Tg N yi! (Figure15), respectively. According to

the BU results, natural emissions were the dominant component, accountidgofaf Total emissions (mean:
0.98, 0.421.32 Tg N yr'?) during this period. Direct agricultural emissions, other direct emissions, and indirect
emissions were 0.18 (0.13.25) Tg N yi, 0.26 (0.190.34) Tg N yi* and 0.05 (0.080.08) Tg N yi?,
respectively. Changes in climate, £€ahd land cover had an overall negative effect g Bmissions with the

mean value 0f0.09 Tg N yr'%, ranging from0.40Tg N yrto 029 Tg N yr 1,

3.5.10 Southern Africa(SAF)

BU and TD estimates are consistent in the magnitude of the tgfakeMissions from Southern Africkuring
19972020, at (61 (0.13i 1.09) Tg N yf*and 0.58 (0.3830.86) Tg N yt* (Figure13l), respectively. TD estimates
increased at the rate of 4.5%%0g N yr' 2 over 19972020, however, BU estimates did not show an obvious trend
during this period. According to the BU results, direct agricultural emissions increased from 0.05 TgnN yr
1980 to 0.08 Tg N ytin 2020, while emissions from other anthropogenic sources slightly decreased from 0.19
Tg Nyrlin 1980to 0.17 Tg N ytin 2020. Both indirect emissions and perturbed fluxes from changes in climate,
CO; and land cover had no significant trefidgure14).

BU and TD approaches gave consistent estimates of tgfabéMissions from Southern Africa in the 2010s, with
values of 062 (0.13i1.10 Tg N yr'!* and 0.61 (0.360.87) Tg N yi! for BU and TD approache§igure 15),
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respectively. Natural emissions were the dominant components, accountiriydaf@otal emissions (mean:
0.38, 0.130.61 Tg N yr?) during this period. Direct agricultural emissions, other direct emissions, and indirect
emissions were 0.07 (0.08.09) Tg N yr%, 0.19 (0.170.23) Tg N yi* and 0.02 (0.0i10.03) Tg N yr?,
respectively. Changes in climate, £ahd land cover had an overall negative effect @ Bmissions with the
mean value 0f0.06 Tg N yr'%, ranging from-0.24Tg N yr'to 014 Tg N yr %,

3.5.11 RussigRUS)

During 19972020 the average total #0 emissions from Russia estimated by BU approaches was 0.74 Tg§ N yr
ranging from 0.15 Tg N Yt to 1.84 Tg N yr'! (Figure 13m), which was much higher than the estimates of TD
approaches (mean: ,30.180.52 Tg N yr?) . Both approaches su@gmissioned t hat
increased during 1992020, and the increase rates estimated by the BU and TD approache2wéi@*T.g N

yr'zand 1.7x16 Tg N yr? respectively. Direct agricultural emissions, other direct emissions, and indirect
emissions had divergent trends before and after 1997. From 1980 to L@9@éniiksions from all these three
sectors decreased. After 1997, direct agricultural emissions and other direct emissions had an overall increasing
trend, while indirect emissions remained relatively stable. Perttitbexs from changes in climate, Génd land

cover showed relatively stable with large interannual variabilif&gu¢e 14).

In the 2010s, the BU estimates @.D.15 1.84 Tg N yI') were on average 0.36 Tg N ¥higher than the TD
estimates (0.38, 0.18.59 Tg N yt') (Figure 15). Natural sources accounted fa@® of total emissions (0.47,
0.1211.22 Tg N yr1) during this period. Direct agricultural emissions, other direct emissions, and indirect
emissions were 0.06 (0.08.07) Tg N yr%, 0.10 (0.040.18) Tg N yit and 0.05 (0.080.07) Tg N yi?,
respectively. Changes in climate, £&nhd land cover had an overall positive effect o dmissions with the

mean value of 09Tg N yr?, ranging from0.10Tg N yrf1to 0.30 Tg N yi.

3.5.12 Central Asia(CAS)

TD approaches suggested a larger magnitude of te@lehissions from Central Asia than BU approaches over

the period 1992020 Figure 13n), with values of 0.19 (0.10.29) Tg N yr* and 0.14 (0.0i10.27) Tg N yt,
respectively. BU and TD estimates were consistent irtrémal of total NO emissions during 1992020, with
increase rates of 1.9 x8d'g N yr2and 2.0x16 Tg N yr'?, respectively. Direct emissions increased from 0.05

Tg N yrtin 1980 to 0.07 Tg N ytin 2020, making the largest contribution to the increase &nissions from

Central Asia. Other direct emissions and indirect emissions had no significant trend. Fluxes from changes in

climate, CQ and land cover showed an overall increasing trend with large interannual varidigitye(14).
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In the 2010s, the TD estimates (0.20, 082 Tg N yi') were on average 0.05 Tg N ¥higher than the BU
estimates (0.15, 0100.30 Tg N yr'1) (Figure 15). Natural sources accounted for 30% of total emissions (0.04,

0.0110.11 Tg N yrY) during this period. Direct agricultural emissions, other direct emissions, and indirect
emissions were 0.06 (0.02.08) Tg N yr% 0.02 (0.010.02) Tg N yi* and 0.02 (0.0i10.03) Tg N yr?,
respectively. Changes in climate, £&nd land cover had an overall positive effen NO emissions with the
mean value of 0.02 Tg Nyt ranging from-0.04 Tg N yrf1to 0.07 Tg N yr %,

3.5.13 Middle East(MIDE)

BU and TD estimates are comparable for the magnitude of the t@da¢Mdissions from the Middle East during
19972020, with values of 0.27 (0.10.45) Tg N yr! and 0.30 (0.260.36) Tg N yt* (Figure130), respectively.

BU and TD estimates were consistent in the trend of taf@l éimissions during 1992020, with increase rates

of 4.4 x10° Tg N yf2and 3.9x16 Tg N yr?, respectively. According to the BU results, direct agricultural

emissions increased from 0.07 Tg N'yin 1980 to 0.13 Tg N yt in 2020. Emissions from other anthropogenic

sourcesfpssil fuel and industry particularly) had the largest increase, from 0.03 Tg 980 to 0.10 Tg N

yr'tin 2020. Indirect emissions also continuously increased from 0.02 Tg*Nhyt980 to 0.04 Tg N Vi in

2020. Perturbed fluxes from changes in climate; @ad land cover had no significant tredgure14).

BU and TD approaches gave consistent estimates of tgfaéhissions from the Middle East in the 2010s, with
values of 0.2 (0.1210.49) Tg N yr* and 0.32 (0.260.39) Tg N yr! for BU and TD approachesigure 15),

respectively. Natural emissions were 0.04 (DA8 Tg N yr!), accounting for 15% of total emissions during

this period. Direct agricultural emissions, other direct emissions, and indirect emissions &€0e08i0.21) Tg
N yr't, 0.09 (0.070.10) Tg N yrtand 0.03 (0.020.04) Tg N yI*, respectively. Changes in climate, £ind land
cover had an overall positive effect oBONemissions with the mean value of 0.01 Tg N,yianging from-0.04
Tg N yrto 0.05 Tg N yr.

3.5.14 China(CHN)

BU and TD approaches agreed very well regarding the magnitudes and trep@sawhidsions from China. Both

approaches sugg e s20 endssionk sighificahtlyiinareaded duting 128220, ahd the increase

rates estimated by the BU and TD approaches were 12:8Pg M yrtand16.5x10° Tg N yr'l, respectively

(Figurel 3 p) .

According to t hGemBdbnsrinersaged frosn,0.TgNyilmdIBGto t ot a l

1.38 Tg N yrflin 2020. Direct emissions from N additions in agriculture made the largest contribution to the

i ncrease

A0 emigsSibns, nviaiah scredsed from 0.29 Tg N iyr 1980 to 0.71 Tg N yt#in 2016 and
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then decreased to 0.64 Tg N%in 2020 due to decreased N fertilizer applicati6igre 14). Both indirect

emissions and other direct emissions continuously increased, from 0.09 and 0.11"¥§nNL$80 to 0.24 and

0.27 Tg N yrtin 2020, respectively. The total anthropogeni©ONmissions from China increased at the average

rate of 189x10° Tg N yr 2 during 19862020, which was the largest among the 18 regions and contributed to

40% of the increase in global anthropogeni©ONemissions.

The BU and TD

approaches

g avVv e @ amssonssirt tkerR®10sevath vValoea t e s

0f1.41(0.8212.23) Tg N yr*and 1.33 (1.061.60) Tg N yr! for BU and TD approacheFigurel5), respectively.

According to the BU results, natural sources only contributed 21% of total emissions (0.20,51.20y N yiY)

during this period. Nitrogen additions in agriculture were the dominant sourcgoémissions, contributing to

48% of the total emissions (0.68, 014803 Tg N yI'). Emissions from other direct anthropogenic sources and

indirect emissions from anthropogenic nitrogen additions were 0.23 023 Tg N yit and0.24 (0.170.28)

Tg N yrl, respectively. Changes in climate, £4hd land cover had an overall negative effect g Bimissions

with the mean value 60.08 Tg N yr'%, ranging from0.25 Tg N yr1to 018 Tg N yf 2.

3.5.15 Korea and Japar(KAJ)

TD approaches suggested a smaller magnitude of te@akissions from Korea and Japan than BU approaches
over the period 1992020 Figure13q), with the values of 0.06 (0.0311) Tg N yr!* and 0.1 (0.061 0.16) Tg

N yr'l, respectively. Botlapproaches suggested that tot&DNmissions from Korea and Japan decreased during
19972020, and the decrease rates estimated by the BU and TD approachds4anet®® Tg N yr 2and-0.5x10

3 Tg N yr2, respectively. Other direct emissions (fossil fuel and industry, particularly) dominated the temporal

variations of NO emissions from Korea and Japan, which increased from 0.04 Tg id $©80 to 0.08 Tg N

yr'lin 1997 and then decreased to 0.04 Tg N iy 2020. Emissions from agriculture, indirectusces and

perturbed fluxes remained relatively stable during 12920 Figurel4).

In the 2010s, BU estimates (mean: 0.10, 00085 Tg N yi?') of total NNO emissions were on average 0.04 Tg N
yr'L higher than the TD estimate (0.06, 0.0411 Tg N yI?) (Figure15). Natural sources accounted @2 of
total emissions (0.03, 0.00.05 Tg N yrY) during this period. Direct agricultural emissions, other direct
emissions, and indirect emissions were 0.03 {@@) Tg N yr!, 0.04 (0.040.04) Tg N yr*and 0.01 (0.0
0.02) Tg N yI?, respectively. Changes in climate, £&nd land cover had an overall negative effect g® N

emissions with the mean value-6f01 Tg N yr?, ranging from-0.02 Tg N yi'to 0.QL Tg N yr' L.

3.5.16 South AsigSAS)
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BU and TDestimates are comparable in terms of both the magnitude and trend of the@&zhid$sions from

South Asia Figure 13r). During 19972020, he magnitudes of total & emissions estimated by BU and TD
approaches were #00.351.80) Tg N yr! and 1.21 (0.961.56) Tg N yr%, respectively.Both approaches
suggested that the totat)® emissions from South Asia significantly increased during 2220, and the increase
rates estimated by BU and TD approaches we@X102 Tg N yr2and 20.2x16 Tg N yr 2, respectivelyDirect
emissions from nitrogen additions in agriculture made the largest contribution to the increzZBemiskions in

South Asia, which increased from 0.19 Tg N*ym 1980 to 0.55 Tg N ytin 2020 due to increased N fertilizer
application Figure14). Other direct emissions and indirect emissions also significantly increased, from 0.06 and
0.06 Tg N yrtin 1980 to 0.14 and 0.17 Tg N'yin 2020, respectively. Fluxes from changes in climate; £&@

land cover showed an overall increasing trend with large interannual variabilities.

BU estimates (1.15, 0142.06 Tg N yr' %) were on average 0.21 Tg N ylower than the TD estimate in the 2010s
(1.36, 1.051.84 Tg N yt') (Figure15). Natural sources accounted for 28% of total emissions (0.32,00562

Tg N yr1) during this period. Direct agricultural emissions, other direct emissions, and indirect emissions were
0.49 (0.2%0.75) Tg N yr?, 0.13 (0.180.13) Tg N yftand 0.15 (0.100.19) Tg N yI?, respectively. Changes in
climate, CQ and land cover had an overall positive effect o Mmissions with the mean value of®Tgy N

yr'%, ranging from0.19 Tg N yr1to 043Tg N yrt,

3.5.17 Southeast Asi&SEAS)

TD approaches suggested a smaller magnitude of the te@lédrmissions from Southeast Asia than BU
approaches over the period 1928020 Figure13s), with values of 0.69 (0.50.02) Tg N yt! and 092 (0.24i

2.04 Tg N yr't, respectively. Both approaches suggested that te@lexhissions from Southeast Asia increased
during 19972020, and the rates of increase estimated by the BU and TD approachBslwafe Tg N yr 2and
2.3x10° Tg N yr2, respectively. Direct agricultural emissions, other direct emissions, and indirect emissions
significantly increased during the study period, from 0.09, 0.08 and 0.04 Tg N ¥880 to 030, 0.11 and 0.12

Tg N yrtin 2020, respectively. Meanwhile, perturbed fluxes from changes in climatea@Dland cover
significantly decreased fror®.07 Tg N yr *in 1980 t0-0.12 Tg N yr ! in 2020 Figure14).

The BU and TD approaches gave comparable estimates of the 16tarissions from Southeast Asia in the
2010s, with values of 95 (0.2412.09 Tg N yf! and 0.72 (0.511.12) Tg N yr! for BU and TD approaches
(Figurel5), respectively. Natural sources accounte@®28t of total emissions (mean: 0.59, 0.2430 Tg N yi?)

during this period. Direct agricultural emissions, other direct emissions, and indirect emissions were Q.26 (0.20
0.35) TgNyrt 0.11 (0.090.14) Tg N yrtand 0.10 (0.080.14) Tg N yr?, respectively. Changes in climate, £O
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and land cover had an overall negative effect e@ Bmissions with the mean value-6f12 Tg N yf?, ranging
from-0.35 Tg N yf1t00.16 Tg N yr™.

3.5.18 Australasia(AUS)

BU and TD estimates are comparable in terms of magnitude of the t@atmissions from Australasthuring
19972020(Figure13t). The magnitudes of total emissions estimated by BU amb approaches were B4
(0.0110.92) Tg N yrtand 0.52 (0.2110.72) Tg N yI, respectively. TD estimates increased at the rate of 4.4x10
3Tg N yr2over 19972020; however, BU estimates did not show a notable trend during this peigode(13t).
According to the BU results, direct agricultural emissions increased from 0.08 TgiN3880 to 0.09 Tg N y#

in 2020, while emissions from all the other three anthropogenic sectors remainedmtalts14).

In the 2010s, the magnitudes of totallNemissions estimated by BU and TD approaches were 0.42 @®Q0)

Tg N yrtand 0.53 (0.200.71) Tg N yi?, respectively. Natural sources accounted5@ of total emissions
(0.25, 0.050.50 Tg N yr 1) during this period. Direct agricultural emissions, other direct emissions, and indirect
emissions were 09(0.0610.11) Tg N yrt, 0.08 (0.060.11) Tg N yit and 001 (0.01i 0.02) Tg N yr?,
respectively. Changes in climate, £&hd land cover had an overall negative effect e@ Bmissions with the
mean value 0f0.01 Tg N yt, ranging from0.17 Tg N yr 1t0-0.17Tg N yr ! (Figure15).
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Figure 14. Ensembles of regional anthropogenic XD emissions over the period 980 2020. The bar chart

in the centre shows the total changes in regional and globab@® emissions during the study period of 1980
2020. Error bars indicate the 95% confidence interval for the average of the changes. The Marnendall

test was performed to establish any trends globally and for each region over the period 192020. The
changes were calculated from the annual change rate (Tg N §f), determined from a linear regression,
multiplied by 40 years. All regions except Australasia and the USA show a significant increasirgg

decreasing trend in the estimated ensemble2 emissions during 198€2020. *P < 0.05.
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1225 Figure 15. Regional NO emissions during 201€2019. Each subplot shows the emissions from five sub
sectors using BUapproaches, followed by the sum of these five categories using BU approaches (blue) and
the estimates from TD approaches (yellow). Error bars indicate the spread between the minimum and the
maximum values. The centre map shows the spatial distribution of0lyear average NO emissions from
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land and ocean based on the land and ocean models.

4. Discussion

4.1 Emission sources and comparison with previous estimates of the globalNbudget

In comparing the global 4D budget estimates with previosisidies, the definitions and terminology used in this

study for NO sources and sinks are consistent with tho3éaim et al. (2020). In this new synthesis, we have also

included a new emission source, namely

continent al

overlying continental shelves (Laruelle et al., 2013), which was not explicitly repotteel previous global YD
budget (Tian et al. 2020). Thus, a total of 18 sources and 3 sinks are quantified in the globadidet reported
here. We utilized a similar methodology to synthesize multiple TD and BU estimates. The TD estimates of global

total emissions in this study are consistent with Tian et al. (2020). However, the TD estimates of emissions from
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the ocean are about 2.3 Tg Nylower than the previous estimate in the 2000s, while the TD estimates of land
emissions are about 2.4 Tg N Yyhigher than the previous estimate for the decade-20Q% (Tian et al. 2020).

Global BU estimates in this study are abo@Tg N yr * higher than the previous estimate, primarily due to the
inclusion of emissions from continental shelves (mean: 1.2 Tg')amd 0.8 Tg N y# higher than the previous
estimatefor thenatural soils baseline.

According to our analysis, natural soils contributed to more than half of terrest@akiissions (Tabl8),
consistent with previous studies (Denman et al., 2007, Tian et al., 2020). The global natural soil emissions derived
from this study are estimated to be 6.4 Tg N, yith a large uncertainty ranging from 3.9 to 8.6 Tg M. Wsing

the emission factor from the IPCC 2006 Guidelines, Syakila and Kroeze (2011) estimated that glodakjial

N0 emission from natural soils was 7 Tg N'yXu et al. (2017) suggested that global natural sgfil Bimissions

were about 6.2 Tg N ¥ with an uncertainty range from 4.8 to 8.1 Tg N.yFian et al. (2019) estimated global

soil N2O emissions derived from NMIP using seveongassbased Terrestrial Biosphere Models (TBMs) and
suggested a global soib® emission of 6.3+1.1 Tg N yrin the 1860s.

The total of direct agricultural emissions, other direct anthropogenic emissions, and indirect anthropogenic
emissions in this studg the same athe previous estimates (Tian et al. 2020). However, the total anthropogenic
emission in this study is lower than our previous estimate (Tian et al., 2020), mainly because of the differences in
perturbed fluxes from climate, GQand land cover change. According to our new estimate derived from NMIP2,
the average perturbed flux from climate, £@&nd land cover change w6 (-2.1-1.2) Tg N yr* during 2010

2019 (Table3). By contrast, the average perturbed flux during 220T6 reported by Tian et al. (2020) was 0.2
(-0.6-1.1) Tg N yrt, which was based ahe first phase of NMIP (Tian et al. 2018). This study suggests a larger
negative effect of increased g€@oncentration and reduced mature forest area@nhdvnissions than Tian et al.
(2020). Much uncertainty exists in estimating the perturbed fluxes of atmospherica@®mature forest
conversion as discussed in the section of uncertainties followed.

Our estimate indicates that agricultural emissions were the major drivers of the increase in anthropogenic
emissions during the past four decades, increasing from 3.0 Tg M ¥980 to 5.0 Tg N ytin 2020 Figure

16). Direct agricultural emissions had a larger increase than indirect agricultural emissions (2.2'Tig 2980

to 3.9 Tg N y*in 2020 versus 0.8 Tg Nyin 1980 to 1.2 Tg N ytin 2020). Agricultural emissions contributed

to 74% of total anthropogenic emissions in the 2010s, with 56% from direct agricultural emissions and 18% from
indirect emissions. Neagricultural anthropogenic emissions had a slight decreasing trend during2280

because of a higher estimate of chemn climate, C@ and land cover than previous estimate.
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Figure 16. Changes in MO emissions from anthropogenic emissions from agricultural and neagricultural
sources during 19862020 (a, c). (b) and (dshow average anthropogenic emissions from different sources
during 2010-2019, error bars indicate the spread between the minimum and the maximum values. Here,
direct agricultural emissions include emissions from fertilizer and manure applied on agriculturhsoils,
manure left on pasture, manure management, and aquaculture. Indirect agricultural emissions include
emissions from anthropogenic nitrogen additions to inland waters, estuaries and coastal vegetation, and N
deposition on land. Other anthropogenic emissionsre classified as noragricultural anthropogenic
emissions.A-E in Figure 16(d) represent perturbed NeO fluxes from climate/COz/land cover change,
emissions from nitrogen deposition on ocean, emissions from fossil fuels and industry, emissions from waste
and wastewater, and emissions from biomass burningiespectively.
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This study divides the global land into 18 regions and provides a more detailed regional budget than a previous
study which had only 10 regions (Tian et al., 2020), #nlsancing our understanding of thgONbudget in sub

regions of North America, South America, Africa, and East Asia. In the 1980s, Europe made the largest
contribution to global anthropogenic.® emissions 43.8%), followed byChina(11.6%), South Asia(8.0%),

USA (7.8%), andRussia (73%). During the study period, Europe and Russia had the largest decline in share of
anthropogenic BD emissions, fron23.68% and 73% in the 1980s t41.8% and4.3% in the 2010s, respectively.

In contrast, China and South Asia had the largest increasel 1r68 and8.0% in the 1980s t&7.8% and13.26

in the 2010s, respectively. In the 2010s, Chihia&kb), South Asia(13.26), Europe(11.8%), USA (6.7%), and
Equatorial Africa(6.5%) were the top five contributors gobal anthropogenic & emissionsKigurel17).

(a) 1980s {b) 2010s
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Figure 17. Contributions of the 18 regions to global anthropogenic D emissions in the 1980s (a) and 2010s
(b).

Among the eighteen regions identified in this study, only Europe, Russs&ralasiaand Japan and Korea had
decreasing BD emissions. Europe had the largest rate of decrease with an averEg@xf0 Tg N yr' ‘during
19802020 (31% reduction), largely resulting from reduced emissions in fossil fuel and industry, which changed
from 0.49 Tg N ytin 1980 to 0.14 Tg N ytin 2020. In addition to the large reduction of fossil fuel and industry
emissions in Europe, direct agricultural emissions and indirect emissions show overall decrease trends from 0.46
and 0.16 Tg N y#in 1980 to 0.38 and 0.12 Tg N'yin 2020, respectively. However, the decreasing trend in

agricultural emissions hasvelledoff since the 2000s.
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1305 China and South Asia had the largest increase@ émissions during the study period. The rates of increase of
anthropogenic emissions from China and South Asia we8x18% and 143 x 10° Tg N yr 2, respectively. The
rates of increase of anthropogenic emissions from China and South Asia con#ifstadd30% to the global
anthropogenic increase rate ®.0g N yr?), respectively. In these two regions, direct nitrogen additions in
agriculture made the largest contribution, while other direct emissions and indirect emissions also steadily
1310 increased. Our results show a significant increase in anthropogghierissions from South America, which is
consistent with the previous budget (Tian et al., 2020). Moreover, we reveal that Brazil had a higher increase rate
in anthropogenic PO emissions (2 x103 Tg N yr?) than Northern South Americ8.8 x10° Tg N yr?) and
Southwest South America €x103 Tg N yr?) during 19862020, and direct emissions from agriculture made
the largest contribution. Our results suggest that Northern Africa made the largest contrib®%yriq the
1315 increase in anthropogenic® emissions from Africa, followed by EquaiarAfrica (38%) and Southern Africa
(4%). Anthropogenic BD emissions from the USA and Canada show simitzakincreasing rates d.6 x103
Tg N yr2and0.9 x10° Tg N yr2 during the period 198@020, respectively. Central America shows higher
anthropogenic BD emission increase rate $5¢10° Tg N yr'?), attributing to increase in emissions from fossil
fuels and industry from 0.01 Tg N-¥in the 1980s to 0.16 Tg N yin the 2010s in Central America. The data
1320 for Mexico from EDGAR has a known problem with its estimates ¥ Bmissions from industry, which requires
further expl orat i ol mitgaton, & is gsgeatial to accuwately estimag sodircedland sinks
of N2O at national level.

4.2. Sources of uncertainties and suggestions for improvements
1325 4.2.1 Uncertainties in NO emission factors

Four inventories of bD emissions (EDGAR, FAOSTAT, GFED and UNFCCC) are integrated into the current
synthesis of anthropogenic® emissions. These emission factor @BByed inventory datasets used the IPCC
default EFs at regional and global scaléscertainty in FAOSTAT MO emissions is ~ 60% across typology. In
fact, it is asymmetrical, following 200guidelinevalues and IPCC uncertainty formulae, with umi80% and

1330 umax ~90%Tubiello et al., 2013Yor N,O in EDGAR, the global uncertainty ranges defining the 95% confidence
intervals of a lognormal distribution are for Energy £113%, for IPPU betwek?% and +16%, for agriculture
between225% and +302%, for Waste betwed89% and +203%, and for Other sectt142% (Solazzo et al.,
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2021). However,the poorly captured dependenagEEFs on regional climate, management practices such as
tillage, legume effect, and soil physical and biochemical conditions are key causes of the large uncetftainty in
estimates oégricultural NO emissions (Shcherbak et al., 2014; Tian et al., 2019; Lu et al., 2022), particularly for
croplands where EFs has high spatial heterogeneity (Shang et al., 2019; Wang et al., 2020). There is evidence of
greaterthartlinear dependence of emissions ofinldut where there is an excess of N, which is not represented

in inventories which assume adiar dependence oniNput (Cui et al. 2021). Higher IPCtier GHG inventories

using the alternative EFs that are disaggregated by environmental factors and manegatednfactors
(Buendia et al., 2019) could provide more accurate estimates, espfriadigions where N input surplus is high

such as Eastern Chinimdia, and the USA. For example, the U.S. national inventory uses a Tier 3 modelling
approach (Del Grosso et al., 202Eftablishingnational and regional 0 flux measurement networks could
improve the accuracy of EFs estimates for regions with different vegetation types and management measures.
Furthermore, inventory datasets based on EF methods also suffer from large uncertainties induced by the
underlyingagriculture and rural data and statistics used as input, including statistifertilizer applications,

livestock manure availability, storage and applications, and nutrient, crop and soils management.

According to the ensemble of procdsssed land model emissions derived from NMIP2,esttmatethat the
emission factor (EF) of fertilizer and manure applied on global croplanadd.9% (1.2%3.3%) in the 2010s,

which is significantly larger than the IPCC THieefault for direct emission of 1%. This higher EF derived from
processhased models suggests a strong interactive effect between N additions and other global environmental
changes (Tabl8, Perturbed fluxes from climate, atmospheric.C&hd land cover changdjigure18 shows the

spatial pattern of cropland.® EF during the 2010s, and highlights that thevizgs high in eastern China,
Southeast Asia, western Europe, and central USA where anthropogenic N inputs wefeghigBg). Previous

field experiments reported a better fit to local observations of s@l &missions when assuming a Hoear
response to fertilizer N inputs under varied climate and soil conditions (Shcherbak et al. 2014; Wang et al. 2019).
The nonlinear response is likely also associated with #ergn N accumulation in agricultural soils from N
fertilizer use and in aquatigystems from N loads (the legacy effgdtan Meter et al. 2016), which provides more
substrate for microbial processes (Firestone and Davidson 1989). The incregBimgnidsions estimated by
processhased modeld@ian et al. 2019) also suggest that reatimate change (particularly warming) may have
boosted soil nitrification and denitrification processes, contributing to the growing trendOineidissions
together with rising N additions to agricultural s¢iffis et al. 2017; Parn et al. 2018; Smith 2017)
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Figure 18. Spatial pattern of the emission factor (EF) of fertilizer and manure applied on global
croplands in the 2010s derived from NMIP2.

4.2.2 Uncertainties in estimates of soil XD emissions

Both proces$ased land biosphere modeling andasuremenrbased upscaling approaches have been used to
estimate global soil }0 emissions (Tabl8), with large uncertainties in their estimates. As showhigure19,

NMIP2 models exhibit the highest uncertainties in the estimates of gdieMissions from tropical forests such

as the Amazon Basin, the Congo Basin, and Southeast Asia, as well as in regions with high fertilizer application
rate, including Eastern China, Northern India, and the US Corn BeftNMIP2 estimates of direct agricultural
emissions, the maximum estimate is about 60% higher than the ensemble mean, and the minimum estimate is
about 40% lower than the ensembiean.A large discrepancy in natdrsoil emissions among NMIP2 models

exists, ranging from 3.9 to 8.6 Tg Nymwhich needs to be reconciled in future research.

62



1380

1385

1390

60°N

40°N

20°N

Latitude

0°
20°8

40°s |-

180°
Longitude

| | |
0.01 0.02 0.03 0.04 0.05 0.06 0.08 0.1 0.15
Uncertainty in NMIP2 N20 emissions (g N m? yrfl)

Figure 19. Spatial distribution of uncertainty (one standard deviation) in NMIP2 estimations of soil BD
emissions in the 2010s

Uncertainties associated with NMIP2 modelsThe uncertainties iprocesshased models primarily stem from
differences in model configuration and process parameterization, as well as the missing paocessgésal
information (Tian et al., 2019).

First, the NMIP2 models use divergent schemes to represent the flows of reactive N through ecosystems
(biological N fixation, N deposition, N leaching, N volatilization, nitrification, and denitrification), which could
result in large discrepanciessoil mineral N that serves as substrates f@ Nroduction. Explicit representation

of these processes is a critical need for enhancing model simulation accuracy.

Second, several important processes are missing in most phasess land models. Human management
measures like tillage and legume cultivation can alter the physical and chemical characteristics of soil in croplands
(Raji & Dérsch, 2020; Z. Yu et al., 2020), but they are not adequately represented in most NMIP2 models.
Parameterizing these processes in the models is necessary to reduce uncertainty. Additionally, N addition in
pasture and rangeland (e.g., livestockretac deposition, manure, and mineral fertilizer application) constitutes

an important source of global soib® emissions (Davidson, 2009), accounting for more than half of the global
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agricultural NO emissions (Dangal et al., 2019). However, only DLEM considered these processes. The
consideration of N addition in managed grasslands is an essential task for -basmssnodels to estimate
grassland soil pD emissions accurateliloreover, most procedsased models did not explicitly consider
seasonal freezthaw processes and the thawing of permafrost, which can emit substantial amoup@ of N
(Marushchak et al., 2021; Marushchak et al., 2011; Repo et al., 2009; Voigt et al., 2017; Del Grosso et al. 2022).
It is recommended to include explicit representation of permafrost physiceasuhal freeiehaw processes in
processased model s, as this would hel p bet)emissiangilh c h t
northern regions (Wagndiddle et al., 2017). Current procdsased models also face challenges in adequately
representing the fingrained landscape structure of Arctic ecosystems (e.g., landscape elements that act as ultra
emitters of NO like organic soil notvegetated fractions), so integrating syiid information and processes into
models may provide a solution for figgained physicahydrological modeling.

Third, microbial nitrification and denitrification processes are regulated by multiple environmental factors,
including substrate availability, precipitation, temperature, oxygen status, pH, vegetation type, and atmospheric
CO; concentration (ButterbaeBahl et al., 2013; Dijkstra et al., 2012; Li et al., 2020; Tian et al., 2019; Yin et al.,
2022; Yu et al., 2022). However, there is significant divergence among NMIP2 models in their response to these
factors. For example, simiéad soil NO emissions in rgmwnse to N addition (i.e., fertilizer and manure N
applications, and N deposition) exhibit large divergence among the participating NMIP2 models, primarily due to
differences in model representation of N processes and parameterization schemes. Moreover, in contrast to our
findings indicating N fertilizer pplication and manure additions as dominant drivers, Harris et al. (2022) identified

N deposition as the primary contributor to anthropogeni© Mmissions, accounting for 41+14% of all
anthropogenic emissions. These different findings highlight the comnmgiieire of NO emissions and the need

for further research to better understand the relative contributions of different N sources. For the climatic effects
on soil NO emissions, our NMIP2 models indicate enhance@ Bmissions due to warming, consistent with
findings from experimenbased studies (Smith, 1997, Cui et al., 2018; Voigt et al., 2017; Wang et al., 2017), as
the denitrifying bacteria community may adapt to higher temperature (Parn et al., 2018). Alliditonaidering

that microbial nitrification and denitrification are alsogaly controlled by soil moisture (ButterbaBahl et al.,

2013), it is important to address the discrepancies in NMIP2 models concerning soil moisture representation, such
as soil depth, root distribution, root water uptake, and water movement processes (Ostle et al., 2009; Raats, 2007,
and Raoult et al., 2018).

At the global scale, although NMIP2 models show large discrepancies in theffé@ on soil NO emissions,

most NMIP2 models show a negative effect, suggesting that enhanced plant N uptake caused by xising CO
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concentration played a dominant role (Usyskomne et al., 2020; Tian et al., 2019). Nevertheless, observation
based results of the G@ffect diverge among different ecosystem types, with some studies reporting reduced
N2O emissions in forests under elevated.QPhillips et al., 2001), while others found increased emissions in
grasslands (Moser et al.,, 2018 and Regan et al.,, 2011). It should be noted that the interactions among
environmental factors influencing soib® emissions are still poorly repreged in the NMIP2 models. Further
targeted continuous measurements and manipulation experiments are needed to better represent the interactive
effects of multiple environmental factors oaQNemissions in the models to improve the simulation of complex

N2O dynamics. Finally, simulations targeted to explain the reconstructed increase in terreStreahidsions

over the deglaciation and during past abrupt climate events will further help to constrain-pessgbsnodels
(Fischer et al., BG, 2019; Joos et al., BG20).

Land cover change/deforestation The two methods for estimating deforestatioduced NO changes have

their limitations. The accuracy of the empirical estimates of-gefirestation pulse /D emissions in tropical

forests strongly depends thre availability of paired pO observations in deforested and nearby intact forest sites
(Melillo et al., 2001; Verchot et al., 1999), which are extremely scarce. Moreover, a fixed value was adopted as
the default referenceJ® emission rate for tropical forests to simplify computation, but it inevitably ignored the
spatiotemporal heterogeneity in tropical foregDemissions (Barthel et al., 2022). It is also noted that there were

no empirical postleforestation HO emission estimates in exi@pical areas, as no feasible empirical
relationships between® emissions and years after deforestation were available. The accuracy of-pesesss
estimates (specifically by DLEM here) could be regulated by msietific configurations for land use change
pathways. For example, in modeling tropical shift cutttva DLEM assumed that agricultural lands newly
converted from forests can only be reforested after at least 15 years to be consistent with the LUHv2 data (Ma et
al., 2020). Meanwhile, treatments of different nitrogen pools (such as leaf, stem, root and litter pools) during land
conversion would direatlinfluence the nitrogen substrate for nitrification and denitrification. The DLEM model
follows the biomass allocation scheme proposed by previous studies (Houghton et al., 1983; McGuire et al., 2001),
which may introduce uncertainty in varied land mamaget practices. A bias in the LUHv2 land use change data

in regions experiencing drastic land conversions could also contribute to uncertainty in deforestation induced
greenhouse gas emissions, for example, in areas withdasade plantations (Yu et al., 2022).

In addition, developing forcing datasets with high quality and high spatiotemporal resolution is also important for
reducing uncertainties in simulated fluxes. Among various input variables, precise information regarding
fertilizer and manure application (including crspecific application rate, type, timing, and frequency) is pivotal

for improving the accuracy of model simulations. However, this crucial information was not unified in NMIP2
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simulations, leading to increased modeling uncertainty. To mitigate this issue, it is strongly recommended to use
improved fertilizer and manure datasets that provide detailed information espeojfic application rate, timing

and frequency to drive meth in future intercomparison projects. Moreover, with the availability of additional
high-precision datasets from manipulation field experiments (e.g., microbial data), we could use these datasets to
constrain our models and delve deeper into the underlying mechanisms that regDIftexés (e.g., the role of

soil microbes) and further incorporate these mechanisms into models to reduce uncertainties.

Uncertainties associated with measuremesttased upscaling approach:Measuremenbased upscaling
estimates are subject to uncertainties due to various factors. One major reason is the limited recording of
microscale variables and incomplete quantification of local EFs related to micrefigimdduction. Sampling
limitations also contribute to uncertainties, as the frequency and repeatability of measurements may not fully
capture the high spatiotemporal variability afNflux. The lack of the history of control sites further complicates

the exclusion of observation data with significant legacy fluxes, thereby biasing our estimates. Additionally, gaps
in global agricultural management datasets, particularly regardiriizéivon details, enlarge the prediction
interval of EFs and introduce uncertainties. We theedua Monte Carlo simulation to estimate three sources of
uncertainty for predicting EFs based on flux upscaling approach: i) the fixed coefficients, ii) the random
coefficients, and iii) input data. The uncertainty from sampling frequency and replication is reflected in the first
source, while the uncertaintyofn unquantified sources related to field measurements is reflected in the second
source. Each of the cregpecific SRNM models was run by randomly generating the fixed and random
coefficients from their fitted multivariate normal distribution, as well lasate, soil, and other relevant factors
following independent normal distributions with the mean of the value in our dataset and standard deviation of
the absolute difference between the dataset used in this study and other global datasets. Fertilizer frequency was
randomly selected using a Beulli distribution. Predicted values were calculated through 1000 iterations to
construct a 95% prediction interval. The breakdown of uncertainty revealed that the random coefficients
contributed the most to the estimation uncertainty, with observatiowgrg that they explained more variance

in EFs compared to fixed effects 4% vs. 1935%) and contributed to the most of estimation uncertainty
(Figure20).
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Figure 20. Relative standard deviation in global croplaneN20O EF. The figure breaks down the uncertainty
of EF per source of uncertainty (i.e., random coefficients, fixed coefficients, input data, or all combined).
The uncertainty due to each source can be quantified holding the coefficients for the other sources fixed.

To address these limitations and reduce uncertainties, concerted efforts should be made to enhance the availability
of N2O observations representing diverse agroecological conditions. Meanwhile, improving the availability of
high-precision datasets (e.g., microbial data), and integrating these datasets and the derived underlying
mechanisms to our models could also reducedainties. Currently, most available fieldobservations (see
Supplementary Information) are made in Europe, the USA, and China and are scarce in most developing countries
(such as Suisaharan Africa). Therefore, extending the global coverage of direct and indi@ctfliz
measurements to encompass all major agriculturalusedypes and climates, lande changes and management
practices and conducting loitgrm highfrequency monitoring are particularly important to increase the reliability

of EFs as well as updearesults from site to regional scales.

4.2.3 Uncertainties in estimates of ocean2® emissions

Global open ocean 0 emissions derived from the ocean biogeochemistry models (Table 1) for th@ @0
period are estimated to be 3.5 (2.3.7) Tg N yrt. All models show the highest emissions associated with
equatorial and coastal upwelling zones, as well as the major oxygen minimum zones (OMZs) (e.g., the Eastern

Equatorial Pacific and the Arabian Sea region of the northern Indian Ocedfigeex21). These are regions
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characterized by high levels of biological productivity and higherssuface organic matter remineralization
which results in higher D yields in suboxic waters. The four participating models capture these characteristics
but also show varying degrees of intensity in region& Emissions. The models also show good agreement in
representing the ocean regions of relatively loyDMcearatmosphere fluxes (i.e., open ocean gyres where
1505 biological productivity is low).
The spatial distribution of uncertainty in oceagONemissions among the modefsgure21) is similar to that of
the net NO ocearatmosphere flux, with the highest uncertainties observed in the equatorial upwelling and low
oxygen waters associated with high sulsface NO production (Babbin et al. 2020; Ganesan et al. 2020). Largest
uncertainties are found in the equatorial Pacific, the Benguela upwelling region of the Atlantic, and the eastern
1510 equatori al I ndi an Ocean. répreseetatidnafipd fluiewrssultifrom ardngeob c ean |
model characteristics (Zamora and Oschlies, 2014; MarRegzet al. 2015; Buitenhuis et al. 2018; Battaglia and
Joos, 2018; Landolfi et al. 2017; Berthet et al. 2023). These include (i) uncertainties in ocean circulation
(particularly the representati@f upwelling zones and the ocean circulation features (oftergsdiscale) that
control the extent and intensity of oxygemnimum zones (OMZs)); (ii) simulation of ocean organic matter
1515 productivity, export production, and mesopelagic remineralizatioiniyar of the suksurface source function for
N2O production in models); (iii) the model biogeochemical parameterizations represesfingdduction and
consumption from marine nitrification and denitrification processes, including their dependence on local dissolved
oxygen concentrations and thresholds; and (iv) parameterization ofatteagphere gasxchange fluxes.
Model simulations of oceanic® are closely linked to the underlying modeled oxygen distributions, as the
1520 embedded biogeochemical parameterizations f@ Mclude the sensitivity of }D cycling processes (e.g.,
nitrification, denitrification) to local oxygen level (Ji et al., 2018). Significant uncertainties in modglefiuXes
result from model biases in the representation of dissolved oxygen, especiallydryigen zones such as the
Eastern Equatorial Pacific (Zamora and Oschlies, 2014; MatRegzet al., 2015). Many ocean model
simulations of dissolved oxygen diag biases, especially in oxygeninimum zones critical for pO cycling
1525 (MartinezRey et al., 2015). To reduce potential sources of error froaehsimulated oxygen, one® model
in this analysis employs observatibased oxygen distributions when simulating ocead fBuitenhuis et al.,
2018) . However, this approach adasdfeedback bnroceantosygea. Inmo d e | €
addition, the models in this analysis include optimization and calibratiog®€ixtle parameters by incorporating
constraints from ocean observations (e.g., surface and intefforaNd microbiallymediated process rates)
1530 (Battaglia and Joos, 2018, Buitenhuis et al., 2018, Berthet, @023). A more detailed error analysis ofON

model parameters (including uncertainty in-gashange fluxes) in one of the component models (Buitenhuis et

68



al., 2018) suggests estimated uncertainties in global fluxes from biogeochemical parameter specifications of
~33%. Further, a 1,06@ember ensemble with 11 parameters varied with one of the models and constrained with
both surface and subsurfaceNobservations yields an observatimmstrained standard deviation of £36%
1535 around the median of 4.3 TgN-Yy(Battaglia and Joos, 2018), consistent with a recent surfag®-paked
estimated of 4.2+1 TgN yr(Yang et al., 2020).
Landolfi et al. (2017) also note that uncertainties arise in current model predictions of m&@iflaxés due to
the neglect of feedback from impacts of external nutrient sources and ocean acidification on marine productivity
and the ocean nitrogen and oxygen cycles. Reducing uncertainties in model estimates of the evolution of ocean
1540 N2O fluxes will require accounting for these impacts in the underlying biogeochemical parameterizations. In
addition, due to the high sensitivity of modelegONproduction/consumption rates to oxygen level in the key
ocean OMZ zones, an important priority in reducing modeled oce@rflbix uncertainties is to achieve a more

accurate simulation of the ocean circulation and oxygen distribution of these regions.

Latitude

Longitude

I | I
0.002 0.004 0.006 0.008 0.01 0.02 0.03 0.04 0.05

Uncertainty in open ocean NzO emissions (g N m’ yr'l)

1545  Figure 21. Spatial uncertainty distribution (one standard deviation) in open ocean #D emissions in the
2010s. Note that the color scale in this figure is different from that ifrigure 19.
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4.2.4 Uncertainties in emissions estimates from the continental shelves

Estimates of WO emissions vary by a factor of2in thecontinental shelfl observatiorbased product and 2
models). The MEMRF observational estimate (1.63 Tg Ny ang et al., 2020) falls at the high end of the two
high-resolution model estimates (1.39 and 0.61 Tg N fgr CNRM-0.25° and ECC&Darwin, respectively).
ShelfN20 flux emissions from MEMRF, CNRMO0.25°, and EC&@arwin broadly agree in the main patterns and
magnitude.Emission hotspots in productive, le@ upwelling systems (e.g., eastern boundary upwellings,
upwellings of the norttwestern Indian Ocean) appear to be underestimated by models. Lower emissions in models
likely reflect the inability of models to resolve complex nshore dynamical circulath and biogeochemical
processes key to the production, transport, and evasion@f This includes undeesolved dynamics in
upwelling systems and shallow oxygen minimum zones with highéinissions (Resplandy et al., 2023), strong
spatial gradients introduced by patterns of high production/ high remineralization and enhanea leopaits

of N in shallow shelves (e.g., Baltic Sea, Southeast and East Asia), sedimentary processesluationpiro
estuarine and coastal vegetated ecosystesnish issubsequently transportedfshore Conversely, our ability

to reconstruct spatial patterns inQNair-sea fluxes from observations (MERF, Yang et al., 2020), in particular

along continental margins, is severely limited by the number 0§ bbservations, which is two orders of
magnitude smaller than for GADbservations tend to be localized in regions of strongeairdisequilibrium and

might thus be biased high (e.g., Babbin et al. 2020; Ganesan et al, 2020). In addition, many coastal regions remain
undersampled, further limiting the performance of MIR¥. For instance, models point to coastalONflux
hotspots along mithtitude western boundaries (e.g., the US east coast, the North Pacific east of Japan, the
southeast coast of Australia, and the saahtern tip of Africa) that are not diagnosed in the observational product
(Resplandy et al., 2023)uRhermore, MO fluxes are highly spatially heterogeneous (scales of 1 to 100 km) due

to landocean gradients and mesoscale andrsaboscale features such as eddies (AréMildinez et al., 2017,

2019; Yang et al., 2020, Grundle et al., 2017). Eddiesataimental in setting suboxic conditions favorable for

N2O production, and it has been suggested th@ production weakens within eddies during their transit across

the shelf and further offshore (Arévalo Martinez et al., 2016). These-soaddl circulation features are important
controls for NO dynamics but are poorly accounted for in ezdaed reconstructions and models.

This assessment provides the mostatgate estimate of XD climatological emissions from the glolshlelves

but the variability of these emissions remains uncertain. Each product covers a different time period and only
provides limited or missing information on seasonal fluctuations,-artaual variability and longerm trends.

For instance, only a handful of observations per year are available in most regions, providing a limited picture of

seasonality, and even mdimited information on interannual variability (e.g., EI NiSmuthern Oscillation,
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Pacific Decadal Oscillation) and global longerm trends. Disentangling such influences from limited
observations alone remains a major challenge. The effects of extreme even@ fiuxils such as storms and
marine heat waves are also currently not captured, and theamritel variability in hotspot regions such as
coastal upwelling systems remains poorly constrained. Despite these limitatioAsasdareconstructions and
models suggest a vigorous seasayale and, potentially, important variability on interannual timescales (Yang

et al., 2020, Ganesan et al., 2020). The development of a GlebaDiean Observation Network {&+ON)

(Bange et al., 2019; Bange, 2022) is critically needed to better resphtsmtemporal patterns and reduce
uncertainties in BD emissions. Increasing the density of observations in regions of bilklisequilibrium and
collecting long timeseries of NO measurements will allow a better characterization of interannual changes and
their dynamics. Meanwhile, algorithmic approaches that address the observational limitations should be developed
and refined to extrapolate®@ measurements to global and interannual timescales, leveraging advancements made
for CO, disequilibrium and flux reconstructions.

Parallel efforts based on the development of mechanistic models are also needed to strengthen our understanding
of the dynamics underlying interannualNflux variability and to detect and attribute letegm anthropogenic

effects. However, the representation efo\processes in biogeochemical models remains limited, and very few
climate models include marine emissions e©ONluxes (only 4 out of 26 CMIP6 models considered in Séférian

et al, 2020). Uncertainty persists regarding the various (micro) léalogrocesses that drive;® cycling in

coastal waters and sediments (Bange, 2022). Current global ocean biogeochemical models typically adopt an
indirect representation of & production, which is diagnosed from environmental conditions (e.g., temperature)
and Q consumption during remineralization of organic matter, without explicitly representing the bacterial pools
and chemical reactions responsible fe©Npbroduction in suboxic waters (e.g., Aumont et al., 2015, Battaglia and
Joos, 2018). In addition, key aspects ofsgia NO exchange, siicas the effects of surfactants in the sea surface
microlayer (Kock et al., 2012) remain poorly understood. Finally, the interannual variabiligpdfuxes and its
attribution to climatic and anthropogenic drivers is largely unknown. Disentangling these influences will benefit
from (1) interannually varying observationab@ flux reconstructions at scales fine enough to capture high
emissions along continental margins; (2) statistical methods that address the limited number of observations in
space and time; and (3)»® cycle simulations with forward mianistic models. A blueprint for this work already

exists with the approaches developed by the oceanicc@@munity (Gruber et al., 2022). Similar approaches

would enable attribution of #D flux changes to specific drivers, leading to better predictability.

4.2.5 Uncertainties in emissions estimates from atmospheric inversions
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The four atmospheric inversion frameworks show uncertainties in the estimatg® efhissions, especially in
hotspot regions such as Eastern China, India, Europe, the US Corn Belt, and Northern South Rigemd@2].

The uncertainties in inversion estimates are mainly from errors in the modeled atmospheric transport, the
dependence on the prior information, and the availability of atmospheric observations. Every inversion framework
in this study used a different atmbspic transport model with different horizontal and vertical resolutions (Table

1). By including estimates from multiple inversion frameworks with different modeled atmospheric transport, the
systematic error can be assessed to some extent. The invetgioates are dependent on the spatial pattern and
magnitude of the prior flux estimates to an extent that is determined by the density of the observations. Using the
same prior information might reduce the range in the atmospheric inversion estimates but not the uncertainty since
this depends on the spatémporal density of the atmospheric observations and the accuracy of the modeled
transport. The uncertainty reduction (calculated as one minus the ratio of the posterior to prior uncertainty)
indicates the degree of constraint on the inversion estinfdtpgé23). It shows that the areas of South America,
Africa, central and southern Asia as well as Australasia are poorly constrained by observations. The relatively
sparse distribution of current,@ observation sites underscores the necessity of establishing more sites and
regular aircraft profiles, especially in tropical and $udpical regions, to better constrain inversion models and

to further reduce the posterior uncertainty.
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Figure 22. Spatial distribution of posterior uncertainty (one standard deviation) in TD model estimates of
N20 emissions in the 2010s.
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1630 Figure 23. Uncertainty reduction (1 - sigma_posterior/sigma_prior) from the PyVARCAMS inversion
framework. *Atmospheric observational stations used in the inversion framework.

4.2.6 Other missing fluxes

We recognize that XD emissions contributed by termites could be a significant natural source in tropical and
subtropical ecosystems (Brimmer et al., 2009; Miambi et al., 2022). The metabolic activity of microbial
1635 symbionts in the termite gut can maintain steep oxygen gtadighich facilitates nitrification and denitrification
processes and the production ofCN(Brauman et al., 2015; Brune et al., 1995). Nevertheless, termites have a
wide trophic diversity, and their 0 emission rates vary significantly, with some species creating emission
hotspots (Brimmer et al., 2009), while others function as net sinks (Majeed et al., 2012). Feeding habits and the
abundance of nitrifiers and denitrifiers in the gut are reported thdkey factors determining net®lemission
1640 of termites (Brauman et al., 2015; Miambi et al., 2022). Tesnihat consume -Nch material, such as soil
organic matter and fungi, exhibit high® production rates and emit® into the atmosphere, while those feeding
on N-deficient wood can consume atmosphers©NBrauman et al., 2015). It is difficult to scale up calculations

of net NO emission by termites due to the lack of data on their abundance and biomass across global ecosystems,
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therefore our understanding of the precise contribution of termites to the atmospi@rmdget on a global

1645 scale remains limitednd not considered in oanalysis.

5 Data Availability

The accompanying database includes two Excel files and 27 txt files. The two Excel files are organized into the
following spreadsheets.

The Global NO Budget 198&2020: Global emission data includes the following items:

1650 1. Summary.
2. Bottomup estimatesglobalBU N>O budget from 1980 to 2020, including 20 individual sources and
sinks.

3. Top-down estimatesN.O emissions from land, ocean, and global during 130 estimated bthe
four atmospheric inversion models.
1655 4. Atmospheric_Chemical_sink: Global atmospheric chemical sink estimated by the four atmospheric
inversion models (1992020) and one satellite and photolysis model (2B020).
5. N2O_dry_mole_fraction: Monthly PO dry mole fraction and its growth rate during 28820 estimated
by the three observation networks.
6. Future_NO_dry_mole_fraction: the projected-® dry mole fractions from the four illustrative
1660 Representative Concentration Pathways (RCPs) in the IPCC Fifth Assessment Repe20&0and
the seven illustrative Socioeconomic Pathways (SSPs) used in CMIP622805

The Global NO Budget 1982020: Regional emission data includes the following items:

1. Summary.
2. Anthropogenic_sectors_1980_2020:Nemissions from the four anthropogenic sources for the 18
1665 regions during 1982020.
3. Bottomup_estimates Total NNO emissions from the 18 regions during 12820 estimated bBU
approaches.
4. Top- down estimates N;O emissions from the 18 regions during 12®20 estimated by the four
atmospheric inversion models.
1670 5. Decadal_mean_2010s: regionalNemissions estimated by tfi® andBU approaches in the 2010s.

Global NNO Budget 198€2020: modelled gridded emission data includes the spatial pattern®©afmissions
from different sources (unit: gNAfyr) estimated by different models as follows:

1. NMIP2: total 16 maps showing the spatial distribution of selDMmissions, including estimates of
eight proces$®ased models participated in NMIP2 (CLASSIC, DLEM, ELM, ISAM, L-B¥rn, GCN,
1675 ORCHIDEE, and VISIT) and two periods (the1850s and 2010s).
2. Openoceanemissions total 4 maps showing the spatial distribution of open oce#h @missions,
including estimates of four ocean models: BaB, NEMO-PlankTOM10.2, NEMOv3.8?ISCESv2
gas, and UVic2.9.
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3. Shef emissions total 3 maps showing the spatial distribution of continental shely€sdwissions,
1680 including estimates of three products: CNRM, ECCO, MEM
4. Top-Downestimates: total 4 maps showing the global distribution.@f &missions, including estimates
of four atmospheric inversion models: GEOSChem, INVICAT, MIREXZTM, and PyVARCAMS.

The data presented in this work can be downloaded fitgm://doi.org/10.18160/RQ8PZ4R (Tian et al. 2023)
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Appendix A: Supplementarytables.

1685 Table Al. Comparison of terminologies used in this study and previous reports

IPCC AR6 (IPCC,

National GHG inventories (used b

UNFCCC/IPCC

GCP Terminology (this study) 2021) UNFCCC according to IPCC, 200, 2006 Source|
and IPCC, 2019) sector

Anthropogenic sources

Direct soil emissions (mineral N an . o

o o Direct N,O emissions from
manure fertilization, cultivation of .
) ) ) managed soils (except due | part of 3C4
Direct emissions of organic soils, and crop residy ] )
] grazing animals)
N additions in the| returns) Agriculture
agricultural  sector Urine and dung deposited K
) Manure left on pasture ] ) part of 3C4

(Agriculture) grazing animals

Manure management Manure management 2A2

Aquaculture ---

Fossil fuel
Fossil fuel and industry combustion and Energy and industrial processes | 1, 2
industrial processes|
Other direct 4C1, 4C2
. Waste and wastewater Human excreta Waste

anthropogenic 4D1, 4D2

sources

Biomass burning (from crop residu|

grassland, shrubland and savann

Biomass and biofue

Prescribed burning of savanng

. . . field burning of agricultural| 3E, 3F
peat fires, tropical forests, bore| burning )
residues
forests, andemperate forests)
Inland and coastal waters (riverf ) ) o )
) ) Rivers, estuaries| Indirect emissions due to leachi
lakes, reservoirs, estuaries, a| ) part of 3C5, 3C6
. coastalvegetation and runoff
. o coastalegetatiof
Indirect emission i i —
. ) - Atmospheric Indirect emissions due
from anthropogenid Atmospheric N deposition on land N . . part of 3C5, 5A
. deposition on land | atmospheric deposition (g
N additions .
) agricultural as well as othe
. » Atmospheric .
Atmospheric N deposition on oced » anthropogenic compound part of 3C5, 5A
deposition on ocearn .
emitted)
CO; effect
Perturbed  fluxe .
Climate effect -
from

climate/CQ/land

Postdeforestation pulse effect

cover change

Long-term effect of reduced matur

forest area

Natural sources and sinks
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Naturalsoils baseline

Soils under natura,

vegetation
Coastal and Open Ocean baseline Oceans ---
Natural (rivers, lakes, reservoirs, estuaries, and coi
vegetation) -
Lightning ---
Lightning and atmospheric production Atmospheric
chemistry o

Soil/wetland surface sink

Surface sink

Atmospheric sink

Atmospheric sink
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Table A2. List of the countries used to define the 18 regions.

Regi

num

Region na

Countries or territo

1

USA

USA Wil tals k a, Bermuda | sl ands

2

Canada

Canada

3

Centr al A

AnguiAlnt a gua a,nBda hBaBeadsruldadeol siBz @
Virgin, Cayman s, | Gol sat nad, sCRii bcdao mi n
Domi ni ¢can, ERe pSuahllGivaaddoer] ®@wgptee maH g
HonduydamaiMaa t i,nMegxuiedo nt s, eNircaatr,
PanafMaer t SaRindo Ki t,iSai an,dchbieti
and the ,Qruerkassdianneds CbBhcbobedI St

|l sl ands

Brazil

Brazil

Northern So

Ar
Trinidad ,dende Zuodlag o

u bGo, | ombi a, French GGyamaaa,

Sout hSweustth

Ameri ca

Ar Bol i vFal kl@Gmidl( &Mad VA
Par aguayr,u gPueayu ,

genti na,

Europe

Al
Bu
Es
Gr
Li
Ne
Mo
Swit zdhklraWdiet ed Kingdom

b adkn dagA uw @afBreilaaBeulsggBomni a and,
| g€haanel,Ct e pCyipdd@®rzse ch RBP @ o im§
,F$ hammdanCea maGn b r,&Ir ted

eenHangddrcy | amd) lanide

t pfhdrao e
ofF t aMayn,y
echt,ehst é&jualnuixae mboMalgt Mont en
t h e rNoandcs MaNocerdydail &Prod t, u greelp u
| d,oRRmma,nS er,bS lao v,aXli cav,eSp aaiSrwe d

Northern

Al geCalmo MxhradGeot e dDj vbhEggiEtr it
Et hi,GpimygGai nGuwi Méas,sL,abyan Arab
Ma] Maur i,tMomioagNiog &Smai nt , Babe nTao m
Prinsempelarhgbud@aaniVdeisa ern Saha
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9 EquatorialBenBor ki nBuFa&8dmerGemtr al Afr,
Congfongo ,EmRIGt or i,@d b,&Glm a,Kea,yabe
Ni g eRwaandiaer r aT aLnezodheigdg a n d a

10 Southern AngopBoat s wGonnao,lEe swa, Lt es gMada g,dad a
Maur jMaiymu#a 2a mhNamieRe anSewnc hed u
Af r,zaambdiambabwe

11 Russi a Russi a

12 Central /[Kazakh&Xyagy,z#MobagolITiag i k iTsutrakmme,n
Uzbekistan

13 Mi dElas t Ar menriizae r b Biajhareor, g r,anr,algsr, d el .d
Kuwaglietb a@mpRal e, Qat&a@udi ,3y pibd @
United Arae mEmirates

14 Chi na China mHom¢g aMargai wan

15 Korea and|JapMart h, Xoouteha Kor e a

16 Sout h As|Af ghapmBiasntgd e ¢lenndNeapBaki,StianlL a

17 Sout heast|Brunei D,&Craurebsp@loaam |, BEil,pnhdech P
GuamndoKe srii,thaapgvba | a,WMai a,Mae shall a
My anmaau,mMew Cal bBdphddraf ol k, Nbst
Mari ana, Plaglidnds | sl an®al, Fapsa
Gui nRhai | i,PaitceBaamoSi ngaforemon,
Thai,JTambesTekeTangavaMamnuy &t at |,
Wallis and Futuna | sl ands

18 Austral al]Aust Na&lwi &eal and
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1690 Table A3. The sectors in MO budget and its sources. (Sector
maximum, mean, and minimum)
D N20 budget sectors Sources
(Global scale)
1 Aquaculture EFO0.5, EF5, EF1.8
2 Manure left on pasture DLEM, EDGAR, FAO
3 Manure management EDGAR
4 Direct soil emissions global EDGAR, FAO, NMIP2/DLEM, SRNM/DLEM
5 Inland water, estuaries and coastal vegeta Metaanalysis and Procetmsed models, EDGAR
anthropogenic FAO
6 N deposition on land NMIP2/EDGAR v7.Q NMIP2
2 co, CLASSIC, DLEM, ELM, ISAM, LPXBern, OCN,
ORCHIDEE, VISIT
8 Climate CLASSIC, DLEM, ELM, ISAM, LPXBern, OCN,
ORCHIDEE, VISIT
9 Postdeforestation pulse effect DLEM, Book-keeping model
10 Natural soils baseline CLASSIC, DLEM, ELM, ISAM, LPXBern, OCN,
ORCHIDEE, VISIT
11 Open ocean BERN, CNRM, UViC, UEANEMO-PlankTOM
12 N deposition on ocean Parvadha Suntharalingam et al. (2012)
13 Biomass burning FAO, DLEM, GFED
14 Fossil fuel industry EDGAR, EDGAR/UNFCCC
15 Waste and wastewater EDGAR/UNFCCC
16 Inland water, estuaries and coastal vegeta)l DLEM, stochastic mechanistic model, RRodel,
natural metaanalysesased estimates

81

wi t h



Schlesinger (2013) and Syakila, Kroeze, and Slq

17 Lightning and atmospheric production (2010)
18 Long term reduction effect DLEM, Book-keeping model
19 Continental shelvés ECCO, CNRM, MEMRF
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Table A4. Funding supporting the production of the various components of the global nitrous oxide budget

n addition to the authorsd support

ing instituti

Funder and grant number (where relevant)

Authors/simulations/
observations

Australian National Environmental Science Progra@iimate Systems Hub

Josep G. Canadell

Copernicus Atmosphere Monitoring Service, implemented by ECMWF on beh

the European Commission.

Rona Thompson

Deutsche Forschungsgemeinschaft (DFG) (grant no. SFB754/3 B1 D1807)

Angela Landolfi

Dutch Ministry of Education, Culture arfscience through the Netherlands Eg
System Science Center (NESSC)

Junjie Wang

European Space Agency (ESA) RECCAP2 project (grant | Philippe Ciais
ESRIN/4000123002/18/MB)
European Unionds Horizon 2020 r ese|Pierre Regnier, Sonk

Agreement N° 101003536 (ESM20REarth System Models for the Future)

Zaehle, Nicolas Vuichard
Sarah Berthet

European Unionb6s Horizon 2020 r es¢{

Luke M. Western

Mar i e S & aorik gransdgraement no. 101030750

European Unionés Horizon Eur ope R|GlenP.Peters
Grant Agreement N° 101081395 (EXELIMA)

EYE-CL I MA, a project funded wunder | Wilfried Winiwarter

Research and Innovatigmmogramme under grant agreement number 1010813

French state ai

(ANR-16-CONV-0003)

d, managed by ANR wu

Ronny Lauerwald

Hatch Act (Accession Number IDA01722) through the USDA National Institu

Food and Agriculture

Daniele Tonina

Hutchinson Postdoctoral Fellowship from the Yale Institute for Biospheric St

at Yale University

Judith A. Rosentreter

Member countries to FAOSTAT throug

Francesco N. Tubiello
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MIROC4-ACTM from the Environment Research and Technology Developt
Fund (SII8; grant no. JMEERF21S20800) and the Arctic Challenge
Sustainability phase Il (ArG8; grant no. JPMXD1420318865) project

Prabir K. Patra

National Natural Science Foundation of China (grant no. 42107393) Minpeng Hu

National Natural Science Foundation of China (grant no. 42225102; 4197704 Feng Zhou

Natural Environment Research Council through its grants to the UK National ¢ Chris Wilson

for Earth Observation (NCEO; NERC grant numbers NE/R016518/1

NE/N018079/1)

Swiss National Science Foundation (200020_200511) Fortunat  Joos,  Auricl
JeltschThoemmes, Qing
Sun

U.S. Department of Energy through the Reducing Uncertainties in Biogeochq Qing Zhu

Interactions through Synthesis andComputation Scientific Focus Area (RUB
SFA) project

U.S. National Science foundation (grant no. 1903722)

Hangin Tian, Shufen Pal

Chaoqun Lu

U.S. National Science Foundation (grant no. GIB27687).

Daniele Bianchi

US Department of Agriculture CBG (grant no. TENX12899)

Hangin Tian

US National Science Foundation (grant no. 1922687)

Shufen Pan

Computing Resources

Computational resources from the Expanse system at the San®ipgrompute
Center through allocation FTGCE170017 from the Advanced Cyber infrastruct
Coordination Ecosystem: Services and Support (ACCESS) program, wh
supported by National Science Foundation grants 2138259, 2138286, 21
2137603, and 212®6.

Daniele Bianchi

Computing resources from LSCE

Rona Thompson

Computing Resources from Auburn University and Boston College

Hangin Tian, Shufen Pan
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Support for atmospheric observations

CSIRO for longterm support for the operation and maintenance of C§
GASLAB and flaks network, the Australian Bureau of Meteorology, Austrg
Institute of Marine Science, Australian Antarctic Division, NOAA USA, &

Environment & Climate Change Canada

CSIRO flask network, Pay
B. Krummel

NOAAbG6s Climate Program Office unde
and Climate (AC4) theme.

NOAA observationa
network, Xin Lan, Geoffrey
Dutton

U.S. NASA Upper Atmospheric Research Program irLthiged States with grant
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NASA award to MIT with sukaward to CSIRO for Cape Grim (80NSSC21K136
U.K. Department for Energy Security & Industrial Strategy (BEIS) (cont

1028/06/2015). U.S. NOAA (contract 1305M319CNRMJ0028).

AGAGE flask network, Jen
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Appendix B: Supplementary figures
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1700 Figure B1. Spatial distribution of global N2O emissions in the 2010s estimated by different atmospheric
inversion frameworks (top-down approach)
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Figure B2. Spatial distribution of pre-industrial (1850s) soil NO emissions estimated by different NMIP2
terrestrial biosphere models.
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Figure B3. Spatial-temporal changes in fertilizer N and manure N applications and atmospheric N
deposition to global terrestrial ecosystems derived from HaNi data set (Tian et al. 2022), which were used
to drive NMIP2 terrestrial biosphere models.
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1710 Figure B4. Spatial distribution of soil N2O emissions during 2012019 estimated by NMIP2 terrestrial
biosphere models.
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Figure B5. Spatial distribution of N2O emissions from open oceans during 2042019 estimated by different
ocean biogeochemistry models/Earth System models.
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1720 Figure B6. N:O emission from continental shelves as estimated by three methods
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