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ABSTRACT

Ammonia is a form of reactive nitrogen whose emissions are primarily from livestock excreta and crop fertilisation. Atmospheric

ammonia is a major source of anthropogenic aerosols, and can negatively impact both human and ecosystem health. Despite

its importance, rates of ammonia emission remain highly uncertain at all spatial scales, local to global. Here we use satellite

ammonia observations to produce the first global observation-based, county-level annual rates of ammonia emissions. We find

that previously reported ammonia emissions tend to be under-estimated over large parts of the globe. Global satellite-based

emission totals are 1.8 times greater than in previously reported anthropogenic locations, and 4 times greater when newly

detected anthropogenic and natural sources are included. Countries with ammonia regulations in place (e.g. European Union)

tend to show a much better comparison to reported emissions. In addition to quantifying ammonia emissions and their spatial

distribution, our satellite-based methodology provides a globally consistent emissions database that is not subject to offsets

and gaps across geopolitical borders. With ammonia emissions expected to rise in the future due to increasing demands

to feed the growing world population, there is a growing need for timely monitoring of ammonia emissions at a county-level

worldwide to support mitigation policies.

Introduction

In the atmosphere, ammonia (NH3) is a common form of reduced nitrogen1 and readily reacts with acid gases to form small

aerosols (particulate matter PM2.52, that strongly impacts human health, causing reduced life expectancy and tremendous

health costs3–9. Deposition of NH3 can negatively impact terrestrial and aquatic ecosystems through soil and water acidification,

eutrophication, and associated loss of biodiversity. The primary sources of ammonia in the atmosphere are related to livestock,

mineral and organic nitrogen fertilisers, biomass burning, pet animals, traffic, and households. Indeed it was the Haber-Bosch

process10 that allowed for the large-scale production of ammonia and the mass production of fertilisers. The resultant increase

in food production helped to feed the rapidly increasing world population and combined with a general lack of NH3-related

regulations resulted in global NH3 emissions increasing by a factor of 2 to 5 since pre-industrial times11, 12. Also, NH3 is

the only major air pollutant in which both global emissions and atmospheric concentrations are projected to increase in the

future13–15, potentially doubling by 2100 compared to 2000 values13.

Despite the importance of NH3 emissions, they have largely been unregulated. Even when regulations are in place , they

are mainly based on traditional NH3 bottom-up emission inventories and less so on observations. Observations of emissions

and ambient concentrations are limited by large temporal and spatial variation, rapid dispersion, chemical conversion and

deposition. The traditional method to compile an emission inventory therefore is a multi-stage “bottom-up” approach where the



inventory is built from statistical information on production in combination with technology dependent emission factors and

proxies (i.e. animal distributions) for spatial-temporal allocation. Such an approach is labour intensive and not always possible

(i.e. remote locations, insufficient local resources) and only available with latency of a few years. As each country builds their

own inventory, differences between countries can emerge based on the different methodologies used. The combination of all

these factors, and that emission factors are typically only available for a limited number of studied sources and conditions in the

Northern Hemisphere, results in a high uncertainty in the global emission inventory totals. In situ observations can capture

the high spatial and temporal variations in NH3 emissions, but measurement challenges have prevented the kind of in situ

monitoring required to reliably develop and constrain emissions inventories16. As these emissions are vital for accurate air

quality and deposition estimates it is important to better constrain the emissions.

Recent operational satellite missions, such as CrIS17 and IASI18, provide NH3 observations that can be used to apply a

consistent monitoring methodology globally over multi-decadal time frames to help reference and validate emission inventories

and track the efficacy of (future) mitigation efforts around the world. NH3 satellite observations have already been used to

track emissions from point sources19, 20 as well as in combination with computationally intensive model inversions to create

updated spatial-temporal emission fields21–23. However, such model inversions are typically not entirely independent from

a-priori emission fields, are generally applied at a regional spatial level, cover shorter periods of only a few months or years,

and are often ineffective at locating and quantifying new emissions sources that are not in current emission inventories.

In this study, we present a new methodology to derive ammonia emissions using satellite observations that is independent of

prior knowledge of the emission source locations and strengths, and only requires additional knowledge of the winds (explained

in detail in Methods). Unlike previous approaches that require detailed survey data and/or a chemical transport model, this

approach can identify and quantify previously unknown emissions sources and can be updated more frequently (e.g., seasonally,

annually) to capture seasonal and inter-annual spatial-temporal variability (e.g. timing of fertiliser application on farmer’s fields).

We use vertical column density data from the CrIS instrument, over the period 2013-2020, which has daily overpasses with an

individual footprint size of ∼14x14km2 at nadir Observed plumes from wildfires were removed from the CrIS dataset through a

set of data criteria (see supplementary section 1.5). Our method is based on a grid of potential regional emission sources that

are individually linked to nearby upwind and downwind satellite observations determining the location and magnitude of the

emission in each grid cell around the globe. Therefore, this approach does not require prior knowledge of source locations,

which provides for the discovery and inclusion of unknown sources. These emissions are directly calculated by inverting the

wind-rotated observations using a linear scheme of source-receptor relations. The specific details of the method and application

are available in the Methods and supplemental sections (see supplementary section 1.4). The satellite-derived emissions are

then compared with a more traditional leading-edge global “bottom-up” emission inventory (CAMS-GLOB-ANT), which is

used in air quality forecasting, deposition modelling, and air quality and climate scenarios for policy support.

Results

The resulting global map of satellite-derived NH3 emissions using CrIS-NH3 total column values is provided in Figure 1a.

Figure 1b shows the global NH3 emissions as currently included in the state of the art CAMS-GLOB-ANT inventory. For a

more detailed comparison and based on the satellite-derived and inventory emissions from Figure 1 we aggregate the gridded

emissions by country (Fig. 2a-d) and state/province (Fig. 2e-h) totals in Figure 2. The countries are split among continents

to allow for a more easy comparison. Our satellite-derived approach estimates global terrestrial emissions of 216.6±66.2

Tg NH3 per year, which is roughly 3 to 4 times larger than a previous emission inventory estimate of 53.6 Tg per year (only

anthropogenic emissions24). Differences range from a factor 1.8, for Europe, up to a factor 10 or more for regions such as

Africa and Oceania (see supplementary table 3). When looking at sources with current inventory emissions above the detection

limit of our satellite derived emissions, this range changes to a factor 1.7 for Europe to a factor 3.5 for North America. This

has major implications for the global and regional nitrogen budgets. Fowler et al (2013)25 for example used 60 Tg NH3 as a

global NH3 emission estimate, together with 40 Tg NOx resulting in 70 Tg N deposition to terrestrial systems. This deposition

estimate could possibly increase by a factor of 3 based on the emissions reported by this study.

The largest agricultural hotspots around the world are clearly visible, with the central United States (US), north-western

Europe, the Po Valley in northern Italy, the Nile Delta, Indo-Gangetic-Plain (IGP) and eastern China having the largest emissions

with values ranging up to and over 100 kg NH3 ha−1 yr−1. However, while the spatial patterns tend to match between inventory

and satellite emissions, the absolute difference is much larger throughout the world, with the emissions in the inventory on

average ∼10-20 kg NH3 ha−1 yr−1 less than the satellite based estimates over most of the globe. Throughout the lesser

inhabited regions in Northern Canada and Russia emissions can be observed that are lower than those in the agricultural source

regions, but still above the detection limit (more detail can be found in the method section insertfuturelink). However,

these and other more remote areas of the northern and southern hemispheres show virtually no emissions in the inventory,

which is expected as the global inventory is based on anthropogenic activities and does not consider natural NH3 emissions26.

To the best of our knowledge no high spatial resolution (0.1-0.2 degrees or better) global emission inventory exists that includes
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Figure 1. Global satellite-based (panel A) and inventory (panel B) annual NH3 emissions derived over the period of

2013-2020. The four insets in each subplot show enlarged and aggregated totals at county/provincial level for four hot-spot

regions around the globe (central-US, north-western Europe, Indo Gangetic Plain (IGP), and eastern China. The grey overlay

(only panel A) represents areas where emissions are below the detection limit.

such emissions. The impact of missing natural emissions is also visible in the more detailed county level insets (Fig 1a and 1b)

and Fig. 2, where large parts of the world show a large spread, with most having lower inventory emissions than estimated

by the satellite. While direct observations of plumes from wildfires were removed through our data criteria, NH3 emitted

from fires can be deposited on soils and plants and re-emitted through bi-directional exchange27. In addition, remote areas

can have small non-agricultural natural source emissions as a result of the mineralization of organic N, which are generally

underestimated in models. For example, recent direct flux measurements over grassland field sites (U.S. Great Plains) show

ammonia concentrations of ∼1 to 2 ppbv26, which is detectable by the CrIS satellite28, 29. Global emission estimates for soils

under natural vegetation range and other natural sources range from 2.9 to 6.2 Tg NH3 yr−130, 31. Another potentially larger

source are excreta from wildlife which are estimated at around 3.0 NH3 yr−131. It should be noted that direct in-situ surface

monitoring stations are generally located in source regions, while direct observations in non-source and/or remote regions are

rare. Emission estimates in these regions would benefit from additional future surface station measurements.

Besides the underestimation of natural emissions other differences can, depending on the region, be explained by a

combination of factors, such as the misattribution of emissions, underestimated emission factors, missing industrial emissions

and outdated emission data. For example, compared to the traditional emissions inventory, the satellite-based estimates show

much larger emissions for most of the United States. While the distribution of emission peaks are roughly in the same location,
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the absolute difference varies, being especially large for the diagonal line of hotspots in the western part of the central United

States (inset fig 2). These differences are also observed in the aggregated country and provincial totals for the US (Fig 2d,

2h), with a broad distribution around the 4:1 to 2:1 lines. Differences are especially large in regions with large numbers of

livestock32, 33, and can be related to underestimated livestock emission factors. This result is strengthened by conclusions of

previous studies for small regions of the United States34 or individual months21, 22 but now observed more widely and over a

longer time period. The “step” in the inventory emissions on the border of the US and Canada (Fig 1b) is a good showcase

of an artefact introduced by a geopolitical border. The application of a single methodology to all regions ensures that such

artificial patterns do not occur.

Throughout western Africa some larger differences can be observed. It is possible that there are emissions from smaller

scale fires, which sometimes can be missed in the Fire Radiative Power (FRP) products from instruments such as VIIRS and

MODIS35 and consequently might increase the uncertainty of our emission estimate in this location. However, another potential

explanation is that the local agricultural emissions are underestimated in the current inventories36, 37. The emission patterns,

and especially the higher emissions found for Nigeria, match closely to distribution of livestock animals33, 38. The disparity in

inventory and satellite derived emissions numbers for northeastern Argentina and southern Brazil, and other parts of South

America, can similarly be linked to the livestock emissions that are missing in the inventory. By applying emission factors,

typically derived for (cooler, temperate) northern hemispheric conditions, emissions can easily be underestimated in current

inventories. Another explanation can be an underestimation of emissions after rewetting of long-dry soils. An example is the

Sahel region where the onset of the rainy season causes large pulses of NH3 (and nitric oxide) emissions from seasonally-dry

soils,39.

Smaller differences are observed throughout the EU. Aggregated at country and provincial level the inventory emissions

for the European countries match best compared to the satellite-based emission estimates. Within Europe there are extensive

resources available for the development of accurate inventories to meet regulations (National Emission Ceilings Directive,40).

Especially EU countries known for their NH3 emissions and history of emission measurement and modelling such as the

Netherlands, Denmark, and Germany41–45, almost all match the 1:1 line within the uncertainty range. The Netherlands emission

registration for example is based on a large wealth of input information that is often not available for other parts of the globe nor

parts of Europe46. This is illustrated by the smaller differences observed for the Netherlands, and up to a point for Belgium and

North-Western Germany [second inset fig 1a/1b]. However, even with the increased resources, larger differences can still be

observed for the eastern parts of Germany, Poland and for example northeastern France, which is reflected by a larger spread at

province level (fig 2e). Similarly, large emitting countries, India and China, compared well at the country scale in Figure 1. At

province level (Fig. 2g) the match deteriorates with some provinces showing large underestimations while others overestimate,

which points to a geographic misattribution of the emissions in the inventory.

Some of the stronger point source-like differences can be related to large megacities such as Mexico City, Santiago and

Karachi, with emissions potentially being related to a combination of urban anthropogenic sources such as emissions from

vehicles, coal and wood stoves and industrial activities19, 24, 47, 48. Industrial sources such as fertiliser and soda-ash plants are

also observed, for example throughout Russia and north-western China that match up with point source locations reported in

earlier studies reporting on single sources19, 20, 49 and are typically underreported in emission inventories.

It should also be noted that the accuracy of the satellite emission estimates are limited by some surface terrain features

including deserts and high mountainous areas. Some of the deserts, such as the Taklamakan desert in China and the Bodélé

depression in Chad, show enhanced amounts of NH3, while potentially these enhancements could be real originating from

either ammonium salts or microbes50, 51, another explanation could be that they are artefacts in the retrieved concentrations52, 53

that are currently being investigated. As stated before direct in-situ monitoring sites in some of these regions are non-existing

and even a single to a few sites could improve future emission estimates. Another reason for an emission difference, which

applies to any region covered by the Inter-tropical Convergence Zone (ITCZ), is the reduced number of satellite observations

over this region due to increased cloud cover that inhibits measurements. Similarly, some regions surrounded by seas/oceans

such as Indonesia can show a negative difference, related to the low availability of observations combined with some estimated

emissions being wrongfully attributed to nearby ocean cells.

Figure 3 shows the normalised emissions over the four highest emitting regions around the world for both annual and

monthly intervals. Emissions from these regions were summed to get the total inventory and satellite-derived emissions for

the regions marked by the red outlines on the maps in Figure 3. Here, the annual emissions (middle column) were calculated

over a window of three years at a time to ensure that there was ample data available for the fits and that shorter-term variations

were smoothed out. Our satellite-derived emissions reveal substantial regional inter-annual variability that is not captured in

inventories (though it has been noted in previous studies). Furthermore, for some regions the seasonal emission variability

shows large differences that cannot solely be explained by shifting spring emission peaks.

The monthly inventory emissions over the central-US and NLD-BEL-GER regions indicate emission peaks at the start and

end of the crop growing season associated with spreading of manure and fertiliser, while there is a smaller peak in summer
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Figure 2. Comparison of the CAMS-GLOB-ANT inventory NH3 emissions with satellite-derived emissions plotted on a

logarithmic scale scatter plot to keep all regions on a similar scale. The EU countries are indicated by an additional bold outline

around the symbol. Both sets are aggregated into country totals (top-row) and provincial/state totals (bottom-row). Emissions

in both panels are labelled by country, with the columns from left to right showing countries in Europe, Africa, Asia, and a

combination of North- and Latin-America and Oceania. Countries with inventory emissions smaller than 10kt are not shown.

Diagonal grey and black lines indicate the 1:4, 1:2, 1:1, 2:1 and 4:1 ratios.
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Figure 3. Satellite-derived and inventory inter annual and seasonal emission variability for selected regions around the globe.

The left column panels show the regions of interest, with the region used for the graph indicated with a red outline. The middle

column shows the inter annual emission variability, based on a moving window of three years of observations, and the column

on the right the monthly/seasonal emission cycle. Emissions in both cases are normalised by the mean of the individual

emissions (satellite-derived and inventory).
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matching the increased volatilization of NH3 due to higher temperatures typically originating from livestock emissions. The

peak of the satellite-derived emissions over this central-US region, however, indicates that this emission peak is missing

altogether. The pattern matches much more closely that of a region dominated by emissions from livestock, with emissions

peaking mid-summer when temperatures are highest54. Previous studies also reported on the potential underestimation of

livestock emissions in the US, especially those from pigs and cows21, 22, 55. It should be noted that over large parts of North

America where there is a strong seasonal cycle and the dominant agricultural practice is crop production, a springtime peak

associated with fertiliser application is observed at the start of the growing season (see Figure 12). The inter-annual variations

in the emission inventory over this region are very small, which is a little surprising as one might expect that temperature

variations from year-to-year to have a noticeable effect on agricultural emissions. The satellite-derived pattern shows some

more variation, with lower emissions over the earlier years, and a more constant pattern since 2015. These variations are within

the uncertainties and too small to be significant.

While the temporal monthly emissions pattern in the NLD-BEL-GER region shows the peaks associated with seasonal

(spring/fall) fertiliser applications, the initial growing season peak is shifted a month earlier in the satellite-derived values. This

matches well with the meteorological trend over recent years, especially in 2019 and 2020 (see supplementary Figure 12).

During this period the growing season arrived early (warmer temperatures early in the year), meaning that fertiliser is spread

earlier in the season, and higher temperatures enhance the emissions. The above average temperatures in 2018 and 2020 also

result in significantly higher emissions in our intra-annual variation with the three year averages over the recent years being

much larger than those in previous years. An increase of similar scale was also observed in the concentrations of the Dutch

ground-based monitoring network44, 56 and the trend in atmospheric NH3 as reported based on IASI satellite observations (3-4%

a year57). Normalised inventory emissions over the same period meanwhile show a decrease with little variation.

Similar to the results found in the NLD-BEL-GER region, the satellite-derived emissions in Eastern China are steadily

increasing while the inventory shows a minor decrease. The satellite-derived emission increase matches with results found in

earlier studies (∼6-7 % a year), with increasing fertiliser usage throughout China and high temperatures driving the higher NH3

emissions57, 58. Another potential reason for the increase is a change in NH3 lifetime. Air-quality related mitigation measures

have led to a general reduction of atmospheric concentrations of SO2 and NO2 and their acid reaction products in the US and

Europe, which are the main chemical sinks of NH3, that leads to an increase in NH3 lifetime58–60. Like the emissions in other

agricultural regions, Eastern-Chinese emissions peak early in the growing season due to fertilisation of fields, followed by a

summer high matching the increase in volatilization due to higher summer temperatures27, 61. Over the IGP region in India,

the inventory and satellite-derived emissions show a similar seasonal cycle, with emissions peaking in May, followed by a

sharp decline towards the monsoon season, evening out towards the end of the year. However, the satellite-derived emissions

also show a second increase towards the end of the year. This period corresponds to a time of widespread burning of crop

residue62–65, and while the data criteria filter out most fires, the small number of remaining observations in combination with

some remaining enhancements could lead to an offset in the emissions. Provided here are four examples over large hot-spot

regions around the globe, but similar seasonal and inter-annual analysis can be performed in other parts of the globe where the

source signal is above the detection limit.

Discussion

Emissions are expected to continue to rise in the future, both due to an increase in agricultural activity and fertiliser use14, 15 as

well as increasing temperatures31, 66. Unless measures are taken, the increase in emissions can be expected to have an even

greater impact on human and ecosystem health, especially in regions where fertiliser use is as of yet limited. The future role for

satellite observations seems clear: with ever-increasing global long-term records, it can form the basis for a global monitoring

system with a spatial-temporal coverage far beyond what a ground-based network could achieve. Emission maps, such as

those presented in this study, can also form the basis for the distribution of emissions in bottom-up emission inventories. Our

approach does not require prior knowledge of source locations, which enables the discovery and quantification of unknown

sources. The enhanced capabilities that future planned missions bring (IASI-NG67, MTG-IRS68), with improving detection

limits and around-the-clock coverage, will only further enhance the role of satellite observations in emission monitoring and

regulations.

Methods

Datasets. In this study, we use the CrIS-Fast Physical Retrieval (CFPR)-NH3 data product version 1.617, 29, 69. The CFPR

retrieval is a physical retrieval based on minimising the residuals between the measured and simulated spectra to retrieve an

atmospheric profile of NH3. The CFPR product has been validated and compared well with both ground-based FTIR and

in-situ observations28, 70. The CrIS sensor has an NH3 detection limit of ∼0.3 to 0.9 ppb29, which varies depending on the

atmospheric conditions. Comparing the NASA/NOAA SNPP satellite radiances from both CrIS and VIIRS instruments show
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that the stability of CrIS is very good. The VIIRS – CrIS daily mean brightness temperature difference shows a trend of -0.40

± 0.03 mK per year at the wavelength of 10.76 um for a ∼273 K average scene (David Tobin, personal communication). The

most recent update of the CFPR (v1.6) identifies and accounts for non-detect values below the sensor’s detection limit69, which

reduces the previously reported small positive bias for the lower range of total column concentrations (<5x1015 molecules

cm−2). For this study, only daytime observations from 2013 to 2020 are used. Long-distance NH3 plumes from biomass

burning can introduce strong signals in regions with no other dominant NH3 sources. As the focus of this study is on agricultural

emissions we reduce the effects from such plumes with a smoke plume filter based on a combination of VIIRS FIRMS FRP

observations and events observed in inter-annual IASI-CO concentrations. This smoke plume filter is described in more

detail in supplement section 1.5. The wind information used in the satellite-based emissions is obtained from the European

Centre for Medium-range Weather forecasts (ECMWF) ERA-5 dataset71, 72 (https://cds.climate.copernicus.

eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab=overview). The dataset was obtained

at a resolution of 0.25ºx0.25º with a 1-hour temporal resolution. The wind fields are interpolated in time and space to each

of the satellite observations with the average winds computed from the wind profile over the first 100hPa above the surface

(∼1000m). Following the procedure of previous studies73, we further remove any observations with a mean wind speed below

1 and above 45 km per hour.

Emission Inventory. In this study, the CAMS-GLOB-ANT global emission inventory is used for the comparisons with the

satellite-derived emission set. The CAMS-GLOB-ANT inventory (version v4.224) is available at a 0.1x0.1 degree resolution

and at a monthly temporal resolution. The inventory is a combination of several regional inventories, with varying levels of

detail, on top of the global EDGARv4.3.274 and CEDSv375) inventories that are used to fill in gaps. The underlying temporal

emission profile is mainly based on a 2x2.5 degree resolution MASSAGE_NH3 dataset8, with some regions having variations

in the agricultural (e.g. fertiliser application) emissions that vary strongly from one cell to the next.

Methodology. Emissions are derived using the multi-source gaussian plume method that can be used to derive contibutions

from both area and point sources. The method was originally developed by76 for derivation of SO2 emissions and has since

been applied to other species77, 78. The methodology directly links observations and emission sources by creating a system

of source-receptor relations through a set of plume functions. The method is explained in more detail in the supplementary

section (1.2). Each plume function describes the downwind enhancement of total column concentrations by each individual

source. The relations are derived by applying a transformation that rotates the observation around the location of a source;

thus after the rotation the observation is aligned within an upwind-downwind projection and the location within the plume

can be established79. This relation is then calculated for all observations in respect to the location of each potential source

to establish a linear Ax=b system, in which A is a matrix (with size N observations by M sources) of plume functions, x is a

vector (M sources) with the source enhancements, and b vector (N observations) is the observed total column concentrations.

Here we use the Exponentially Modified Gaussian (EMG) plume function to calculate the source-receptor relations20, 77, 80–83.

The EMG plume function describes the vertical column density downwind of a source (eq. 1 in supplementary section 1.1).

The VCD at each position x,y near a source can be described through a convolution product of the diffusion and dilution of

the plume. Essential parameters are the plume-spread (σ ) and decay rate (λ ), which represent the diffusion/smearing of the

plume and decay over time and are set to 15 km and 8 hours respectively based on previous results20 and simulations/tests

(supplementary section 1.2 & 1.4). The emission rate of each source i can be calculated by dividing the emission enhancement

xi by the decay-rate λ ; E=x/τ = x λ . τ = 1/λ presents the decay-time of the species, and can be seen as the lifetime linked to a

combination of sinks, such as to chemical conversion and deposition. Similarly, the plume-spread (σ ) is also a combination of

the diffusion, limited footprint size, and the resolution/size of the sources77. Our approach does not require prior knowledge

of source locations, which provides for the discovery and contribution from unknown sources. Based on computational and

instrument limitations77 we define a global grid with the resolution set to 0.2x0.2 degrees, after splitting the globe in blocks of

10x10 degrees. The (aggregated) source size resolvability is estimated at around 20 km based on an eight hour lifetime and a

satellite footprint of 15km77. Finally, a damping factor is added to the linear system in equation (eq. 8), to reduce non-physical

oscillation effects in the solution. The resulting sparse linear system can be solved efficiently.

Uncertainty analysis and detection limit. The uncertainty analysis is based on a Monte-Carlo approach using a

combination of the most important parameters to derive an overall uncertainty. The methodology is described in more

detail in supplementary section 1.7. The approach was chosen for two reasons. First, it is found computationally infeasible to

estimate the effects of each parameter separately on a global scale. Secondly, some of the parameters are linked/correlated

(not independent), either increasing or decreasing the overall emissions. A more representative uncertainty can be obtained by

applying a variational type of approach to derive the combined effect of uncertainties in the parameters. The set of parameters

that are adjusted are lifetime, plume-spread, wind speed, wind direction, satellite uncertainty, plus a basic approximation to

account for the effects of sudden elevation changes(e.g. around mountains). The combination of these parameters resulted in a

lower range of uncertainty of ∼20-30% for individual sources for most regions, which can increase to over 100% for regions

with larger localised elevation differences. A spatially dependent overview is shown in figure 10 in the supplemental. The

8/26

https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab=overview
https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab=overview


emission detection limit used for some of the analysis and figures in this study was calculated by applying the multi-source

methodology directly to a system of observations with the total column concentration replaced by a conservative estimate of the

detection limit of each of the observations. This results in a detection limit of 4.2 to 4.7 kg/ha for all tested regions. Using the

global emission inventory distribution of ammonia emission values, this would result in < 20% of global emissions expected to

be below the detection limit of CrIS. The methodology and results are explained in more detail in supplementary section 1.6.

Data availability. All data used in this study is either publicly available or available on request. The CrIS CFPR

version 1.6.3 NH3 VCD data, central to this study, was created by Environment and Climate Change Canada (ECCC) and is

available upon request (mark.shephard@ec.gc.ca) at: https://hpfx.collab.science.gc.ca/$\sim$mas001/

satellite_ext/cris/snpp/nh3/ (last access: 24 January 2022). Meteorological data from ECMWF, ERA5, can be

directly downloaded from the C3S data storage, https://cds.climate.copernicus.eu/. The VIIRS FIRMS data

is distributed from NASA FIRMS, available on-line at https://earthdata.nasa.gov/firms. The IASI-CO data is

available via the data-portal https://iasi.aeris-data.fr/co/.

The CAMS-GLOB-ANT inventory can be freely accessed at the ECCAD data hub (https://eccad3.sedoo.fr/,

https://permalink.aeris-data.fr/CAMS-GLOB-ANT) and can be downloaded through their distribution system

after making an account on the website. Country and other administrative level polygons were downloaded from a variety of

sources; the Global Administrative Unit Layers (GAUL) country and provincial level outlines were downloaded at https:

//datacore-gn.unepgrid.ch/; while EU, US, India, and China county/prefecture level polygons were obtained from

https://www.diva-gis.org/Data and https://earthworks.stanford.edu/.
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Supplementary

1 Supplementary methods

1.1 The CrIS satellite instrument and CFPR v1.6 NH3 product

In this study, we use data from the CrIS-Fast Physical Retrieval (CFPR)-NH3 product version 1.6 (17, 29 for more details). The

CFPR retrieval is a physical retrieval based on the optimal estimation method85 that uses the fast Optimal Spectral Sampling

(OSS) OSS-CrIS86 forward model to minimise the residual between the measured and simulated spectra. The previous

version of the CrIS-NH3 product (Version 1.3) has been compared with ground-based FTIR observations, and showed good

performance70 with correlations of r∼0.8 and a slope of 1.02. The validation study indicated that for total columns greater than

10x1015 molecules cm−2 CrIS-FPR values have a small ∼0-5% difference with a standard deviation (std) of 25% up to 50%,

which is within the FTIR and CrIS estimated retrieval uncertainties. For the total columns smaller than 10x1015 molecules

cm−2 the difference is larger, with a positive bias of 2.4x1015 ± 5.5x1015 molecules cm−2 , equivalent to a relative difference

of around 50% (±100%). This larger relative bias can occur for observations close to the detection limit of the CrIS instrument,

which conservatively is about 0.9 ppb17, 29, but under ideal conditions reaches down to ∼0.3 ppb28. Assuming that 1 ppb is

equal to a total column of 2±1x1015molecules cm−2 this leads to a total column detection limit of 1.8±0.9x1015 molecules

cm−2. In this study, we use Version 1.669, which improves on the previous versions by including a dedicated cloud flag and the

addition of non-detect values. The option to include non-detect values typically does not change the mean concentrations for

regions with large sources, but can impact the long term mean concentrations in regions with negligible NH3 concentrations,

for example reducing the effects of sporadic long distance plume overpasses. For this study, only daytime observations between

Jan 2013 and December 2020 are used. Only observations with a Quality Flag of 3 are used29. Furthermore, a thermal contrast

above >-2K filter was added to remove potentially anomalous values due to challenging retrievals through radiative emission

layers near the surface. To further reduce the effects of small outlier values we removed observations with either a total

column or retrieved surface profile value above the 99th percentile. Finally, all CrIS observations identified as having clouds by

coincident Visible Infrared Imaging Radiometer Suite (VIIRS) observations have been removed from the dataset69.

Figure 4 shows the 8-year mean (2013-2020) of CrIS total column concentrations on a 0.20º x 0.20º grid. The original CrIS

total column data has been gridded by splitting the observation footprints into smaller pieces which are attributed to the 0.20º x

0.20 º grid. The mean shown in Figure 4 includes the data filtering as described in the previous paragraph.

1.2 Multi-source model

A total column distribution can be represented by a combination of functions describing the contributions of several nearby

sources76. Each of these functions is a combination of an exponential function, describing the decay of the concentration

downwind from a source, and a Gaussian function which describes the diffusion. In case of a single source we can describe the

total column concentration at position x, y [km] relative to the source with wind speed, s ,[km hr−1] with equations 1:5,

ColumnNH3(x,y,s) = a · f (x,y) ·g(y,s)+B (1)

f (x,y) =
1

σ1

√
2π

exp
(

−
x2

2σ2
1

)

(2)
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Figure 4. Figure CrIS NH3 8-year 2013 to 2020 global mean at 0.2º x 0.2 º resolution (∼20x20km2) with all data criteria

applied.

g(y,s) =
λ1

2
exp

(λ1(λ1σ2 +2y)

2

)

er f c
(λ1σ2 + y√

2σ

)

(3)

σ1 =

{ √

σ2 −1.5y ,y < 0

σ ,y ≥ 0
(4)

λ1 =
λ

s
(5)

in which a is a factor representing the concentration enhancement by the source, B the background total column concentration

[molecules cm−2], σ is the parameter describing the width of the Gaussian [km], which is a measure of the diffusivity of the

pollutant of interest, λ is the decay rate [hr−1], and er f c(x) = 2√
π

∫ ∞
x e−t2

dt the complementary error function. Equation 5,

f (x,y), describes the diffusion of the pollutant of interest perpendicular to the downwind direction. Equation 3, g(y,s), is a

product of a Gaussian function describing the diffusion (with the diffusion width) that smooths an exponential function which

describes the decay of a pollutant in the downwind direction (with decay rate τ = 1/λ , and t =−y/s thus decay being ∼ eλy/s

and λ1 = λ/s as given in equation 5). Using a the emission enhancement [E] can be calculated using E = a/τ . To calculate

the relative position of an observation downwind of a source, the wind rotation method can be used. This method has been

extensively described in several other studies49, 73, 79. A detailed explanation of the method can be found see Dammers et al.20.

For a system with multiple sources equation 1 can be expanded by summing the source contributions of several sources,

which is represented by equation 6, for satellite observation j,

ColumnNH3 j(ψ j,θ j,sj) = ∑
i

ai f (xi, j,yi, j)g(yi, j,sj)+a0 + ε (6)

with ψ j and θ j the longitudinal and latitudinal position of observation j, s j the wind vectors at observation j which can be

used to calculate the position of observation j relative to source i, a0 the background due to for example long-range transport
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Figure 5. Global overview of sectionalized (red blocks) regions used for the multi-source fits. Only results found for the inner

sections (Blue blocks) are used for analysis and interpretation.

and diffuse sources, and lastly ε a potential bias in satellite observations. In the algorithm used in this study a0 and ε are

merged and set to zero as they will be included in the uncertainty estimate. This means we can rewrite equation 6 as,

ColumnNH3 j(ψ j,θ j,sj) = ∑
i

ai f (xi, j,yi, j)g(yi, j,sj) (7)

Combining all observations and sources into a single system, we can describe the system as a simple linear equation,

Ax = B (8)

with A an array of dimension Mobservations Nsources which links the source contributions of N sources to M observations,

vector x with dimension Nsources describing the source enhancements, and vector B with dimension Mobservations the satellite

observations.

A global array of source receptor points would quickly grow into an unfeasible system to solve. To reduce CPU and memory

cost of solving the system, the globe has been sectionalized into 14ºx14º regions (red squares, Figure 5). To account for edge

effects in the solutions, an overlapping 2º x2º is included in the 14ºx14º regions so that the solution that’s actually used ends up

being 10ºx10º. In effect only results within the inner squares (blue, Figure 5) are actually used.

The linear system can be solved using any least-squares solver. However, as the dimension N is equal to the number of

source elements (of the order 104, for a sub-region of 14º x14º with resolution 0.2º x0.2º) and M to the number of satellite

observations (of the order 105 to 107 elements, for the current NH3 measurement capable satellites) the system can be very

large, although sparse. Furthermore, fits of the relatively sparse linear system can show some form of oscillation in the solution.

To solve this oscillation a dampening factor is added as a smoothing constraint to the system, which reduces the oscillation

within the system. The addition of this dampening factor can reduce the system’s ability to resolve smaller hotspots, but spatial

patterns at provincial/county level are still resolved. Addition of this parameter expands equation 8 to the form;

[

A

γC

]

x =

[

B

0

]

(9)
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The optimal will depend on the number of observations and resolution of the system. The optimal value was determined

using a simulation study by comparing fitting routine results with the original emission input, and determined to be 0.009 for a

system with 0.2x0.2 degrees resolution. Using these values the system was constrained enough to only allow minor oscillations

while leaving enough freedom to allow the fit of smaller spatial variations in the emissions. Solutions are calculated using

the Python Scipy package and in particular the scipy.sparse.linalg.lsqr module which allows for the addition of the dampen-

ing parameter87, https://docs.scipy.org/doc/scipy/reference/generated/scipy.sparse.linalg.

lsqr.html) and is very efficient in solving systems with relatively sparse matrices.

The NH3 lifetime choice has a strong effect on the resulting emission estimate. The lifetime from surface anthropogenic

emissions can be highly variable throughout the spatial and temporal domain, depending on the various sinks and can range

from a few hours up to a day19, 20. Dammers et al (2019)20 report a mean lifetime of 2.3±1 hour for relatively isolated single

source emitters. While representative for isolated sources, the lifetime can be expected to be longer for agricultural regions

where the sinks of NH3 can be expected to become more saturated and thus lead to an increase in lifetime. Furthermore, De

Foy et al(2014)88, showed that lifetimes are typically underestimated using the EMG algorithm. While the single source fits the

lifetime and plume spread can be fitted, this is not feasible with the multi-source method as the lifetime parameter introduces a

non-linearity to the system that cannot be readily attempted for a large number of sources. We attempted to derive the lifetime

by repeating the fit and calculation of the flow fields (Equation 2 & 3) for various lifetime parameters, but the system tends to

move towards an as short as possible lifetime with the solution becoming a set of delta functions. Instead, the lifetime was

derived based on a single model run in combination with a labelling routine, which will be explained in section 1.4. For the

plume spread parameter σ a single value of 15 km is chosen as the plume spread is mostly dominated by the satellite pixel

footprint (∼15km)20.

1.3 Meteorology and wind rotation
In this study a wind rotation approach is used that makes use of the difference in the upwind and downwind column totals of the

satellite observations20, 73, 79. The wind fields (U,V) are taken from the ECMWF ERA-5 dataset (https://cds.climate.

copernicus.eu/cdsapp#!/dataset/reanalysis-era5-pressure-levels?tab=overview71, 72) which

was retrieved at a resolution of 0.25ºx0.25º resolution (∼25 x 25 km2 at 45º North) with a 1-hour temporal resolution. The

wind fields are interpolated in time and space to each satellite observation.

The majority of the NH3 mass in the atmosphere is located in the lower boundary layer70, 89, 90. To give the best representation

of the transport of NH3 an average is used of the wind fields for the first 100 hPa (around the first kilometre) above the surface

(∼1000-900 hPa). This translates into using the 1000-900 hPa layers for locations at sea level altitude. For locations at higher

altitudes we select layers that cover pressures from the surface pressure up to 100 hPa less above the surface (for example

800-700 hPa, for a location with a surface pressure of 800 hPa). To calculate the required layers, the lowest available pressure

layer of each satellite observation is used. The choice for the first 100 hPa was based on an intermediate case of the boundary

layer height (∼1000 m).

1.4 Derivation of lifetime

The LOTOS-EUROS model91 has the capability to label the emissions from specific categories, time of emission, and/or source

locations and track the mass throughout the model92. Using this labelling it is possible to derive the lifetime of any of the

emitted species by tracking the mass emitted at a specific time for several hours and fitting a temporal decay function to the

mass. By repeating this for several hours of the day on any day in a year, a representative lifetime can be derived for specific

parts/regions within the domain.

Within this study, the lifetime was derived through the use of labelling. For three locations, spread throughout our model

domain (North-Western Europe), representing high, medium and low NH3 regimes, emissions are labelled by location, hour and

date. The three locations are located in Niedersachsen in North-Western Germany (high concentrations, 52.71°N, 7.69°E), South-

Western Germany (low concentrations, 49.53°N, 8.56°E), and the Southern part of the Netherlands (medium-high, 51.22°N,

5.19 °E). To keep the CPU cost reasonable, this operation is only performed for the year of 2015, which meteorologically was

an average year for North-western Europe.

The remaining mass in the model for each hour since initial emission can be fit with an exponential function (eq. 10)

representing the loss of NH3 to several sinks such as chemical conversion to ammonium salts (NH4NO3 & (NH4)2SO4, dry-

and wet-deposition. Losses to the sides of the domain can be expected to be relatively low due to the central location of the

sources within the domain and the preferential wind directions. The exponential function (eq. 10) contains 3 parameters, of

which a is the mass injected into the model, b the reciprocal of lifetime, Lifetime = 1/b, and c a constant, which usually fits to a

value around 0.

m(x) = ae−bx + c (10)
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Figure 6. NH3 lifetime fits for three locations in the Netherlands and Germany.

The total mass found for each of the first 10 hours after emission is used for the fit. Fits are performed over the monthly

mean hourly mass for each month in the year and hour of the day, as well as over an aggregated set, with a yearly mean hourly

mass for each of the 24 hours of the day.

Figure 6 shows a summarised view for the three locations of the mean lifetimes found as a function of month and hour of

emission. The lifetime is found to be highest during the day while concentrations and emission of NH3 are high and sinks

such as HNO3 are easily saturated by NH3. Regions with lower NH3 loads show shorter lifetimes which follow the same

reasoning. Regionally differences can be expected depending on the NOx and SOx load and local production of HNO3 and

H2SO4. Lifetimes are found to be the highest in spring and lowest in winter, which can directly be related to both the NH3 load,

which peaks in summer, as well as the enhanced aerosol production (sink), which is enhanced under cold and wet wintertime

conditions93, 94.

North-Western Germany Southern Netherlands Southern Germany

Latitude/Longitude 52.71°N, 7.69°E 51.22°N, 5.19 °E 49.53°N, 8.56°E

NH3 concentrations High Medium-high Low

Lifetime [hours] 9.2±0.4 8.8±2.1 4.0±0.9

Table 1. Mean lifetime by region. The mean is taken over the fitted lifetime of 8-13 UTC. The second value is the standard

deviation of the lifetimes within the interval

The typical CrIS local overpass time over the Netherlands and Germany is around 10:00-13:00 UTC. A representative

lifetime at overpass time can thus be found by taking the average over those hours, to which we add the two hours before

the overpass as emissions have already taken place in the previous hours before the observation takes place. The mean

lifetimes for the three regions range from 4.0 hours for the low concentration region of southern Germany to around 9 hours

for the high concentration region of north-western Germany both with standard deviations of around 0.5-1 hour. While

the Southern-Netherlands results show a lower lifetime than North-Western Germany, the standard deviation is a lot higher,

indicating that the lifetime is quite variable during the overpass depending on the season. Based on these findings the lifetime

assumption for the entire domain will be 8 hours. Depending on the region this can be on the high end, but due to the direct

relation with the total estimated emissions the bias/uncertainty is smaller when on the high side of the lifetime estimates than

on the low side.

1.5 Forest fires and biomass burning plumes

Biomass burning plumes can cause enhancements in the NH3 concentration fields. Some plumes are transported over long

distances and can influence long term average concentrations in regions with typically lower ammonia emissions (e.g. northern

latitudes in Canada). Because the multi-source algorithm cannot reproduce such long distance plumes, periods with enhanced

concentrations due to biomass burning plumes should be removed from the data. Here two methods are used to remove the
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Figure 7. Estimated emissions before applying data criteria filter, and after application. On the right side the values from the

emission inventory (CAMS-GLOB-ANT).

influence of biomass burning. First the local region is scanned on Fire Radiative Power (FRP) measurements observed by

VIIRS on board the SUOMI-NPP platform (VNP14ML, https://earthdata.nasa.gov/viirs-fire-data). Only observations with an

FRP>100 and confidence level of >75 FRP are used to analyse local clusters of potential fires (within 25km). Any of such

clusters with a total FRP above 1000 are marked as potentially large fires and the CrIS-NH3 satellite observations for that day

and the day after are removed from the dataset. Both the day of and the day after the fire are removed as FRP clusters can be

missed and NH3 emissions are typically enhanced during the starting and smouldering phases of a fire95, 96. The second method

used to remove long distance ammonia plumes involves using observations of elevated CO concentrations, which have been

used to attribute elevated CO concentrations to plumes transported over long distances in several studies97. The extensively

validated Fast Optimal Retrievals on Layers for IASI CO (FORLI-CO) product is used to detect and remove such overpassing

plumes98.

For each region, a long-term (2008-2019) time series of rolling means (N=7 days) of daily average is calculated. The goal

is to determine enhancements in such a time series. To account for seasonal and inter-annual variability of the column totals a

combination of a fourth order Fourier series and a basic second order polynomial is fit to the timeseries in the regions;

X(t) = a0 +a1t +a2t2 +
4

∑
n=1

bncos(2πnt)+ cnsin(2πnt) (11)

with X(t) the CO column total, the first half of the equation accounting for the long-term inter-annual trend and the fourth

order Fourier transform representing the seasonal variability of CO. Based on this equation, a fit is performed to the time series

with the result subtracted from the original time series. The standard deviation of the absolute values is then calculated and

all days with values larger than three standard deviations are removed from the CrIS dataset. An example of the effect of the

combination methods on the estimated emissions is shown in Figure 7 for a region over the northwest coast of North America.

The left side of the figure shows the estimated emissions before applying the biomass burning filter. The middle figure after

applying the filter, and the right panel showing the emissions that are included in the inventory.

1.6 Posteriori adjustment for diurnal and seasonal variations

Observations of CrIS (and the modelled VCDs) are only representative of this overpass time. Assuming that the mass in the

model, m(t), and lifetime is constant throughout the day, an equation (eq. 12) can be set up to calculate an adjustment parameter

to correct the fitted emissions a-posteriori; with, τ = 1/li f etime and E the emission at time t.

m(t) = m(t −1)e−τ +E(t) (12)

This equation is applied to the domain-wide emissions that are injected into the model for a whole year, including a 2

day spin-up, and averaged and normalised for a selection of expected lifetimes. This results in the graph shown in Figure 8.

A typical lifetime of 8 hours and an overpass time of around 12:00 UTC results in a correction factor of 1.2, meaning that

the estimated emissions can be expected to be high by around 20%. Depending on the location and time of year this value

is expected to vary due to variations in the temporal emission profile. However, as actual measurements of diurnal cycles of
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Figure 8. Diurnal emission adjustment factor based on the diurnal variability in the emissions

ammonia emission fluxes are rare, only the variability in the model emissions can be used to create a regional adjustment

parameter. To calculate the viability of such a regional factor the adjustment parameter was calculated for each cell. The

standard deviation of the regional parameters is only 0.04. Therefore, to reduce complexity, the value of 1.2 is assumed for the

entire domain. Similarly a factor can be derived to adjust for the seasonal representativity. CrIS observations that pass the

quality filter are skewed towards the summer, with the least number of observations available during winter time. Using the

results from the previous section a correction factor is calculated based on a weighted mean of the number of observations

per month and the mean correction factor for each month. Using this approach a value of 1.11 is found. Combined with the

previous 1.2, the final correction factor for temporal variability will be 1.34 for this domain.

1.7 System uncertainty analysis and detection limit

1.7.1 Uncertainty analysis

In order to estimate the uncertainty we need to take into account the parameters that have a dominant effect on the derived

emissions. Instead of estimating the effects of each individual parameter, we use a Monte-Carlo approach to estimate the overall

effect. It would be computationally infeasible to run the inversion for all the individual error parameters over the entire globe.

Thus, we approach the problem by setting a range of uncertainty on each of the parameters and perturbing these parameters in

different combinations. Based on the Ax=B system only a subset of parameters are important for the source-receptor relations

(A) and these are perturbed separately from the observational parameters (b). In total we solve the Ax=B system 100 times

with different combinations of perturbations applied to each of the parameters. For each of the 100 resulting sets of emissions,

we compare the outcome to the original emission fit, and calculate the standard deviation of the difference. As the uncertainties

of the observation parameters and source-receptor relations can be calculated independently, we add the outcome of both

quadratically to find the final emission uncertainty. The perturbation parameters are listed in table 2, and discussed here. The

observational parameter perturbations are based on an earlier validation study70. While the product used in the study used the

previous version of CrIS-FPR(v1.5) instead of 1.6, we expect the results to be similar as no major changes were made to the

retrieval methodology. Dammers et al. (2017)70 reported a high bias +3.3 (±5.3) x 1015 molecules cm−2 for the lower range of

column concentrations -0.4 (±4.1) x 1015 (<10 x 1015 molecules cm−2) and a low bias for the higher range observations (>10 x

1015 molecules cm−2). Both standard deviation ranges (±5.3 & ±4.1 x 1015 molecules cm−2) are used as random components

for the perturbations and the biases (+3.3 & -0.4 molecules cm−2) are used as systematic components. All random components

are taken from a Gaussian distribution in which the value is used for the standard deviation parameter, and the mean is set to

zero. Next we considered the source-receptor parameters. First, the plume spread and lifetime parameters. In earlier studies

on single source plume fits20, 80, 81, 88 it is stated that the plume spread and lifetime parameters are not entirely independent

in the fitting. In most cases the lifetime is underestimated for the EMG method, which in combination with Dammers et al.

(2019)20 reporting on sources that were often far away from other sources, can explain the difference in the lifetime found
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Figure 9. Example of the ratio used for the calculation of uncertainty due to elevation / orography differences.

in modelling based approaches. At the same time, the plume spread will have been impacted by the lack of accuracy on the

lifetime, potentially enhancing the width of the uncertainty distribution found in Dammers et al. (2019)20. Solely based on the

CrIS footprint (14 km diameter at nadir), in combination with the approach described by McLinden et al. (2022)77, we assume

a plume spread of 15 km with a standard deviation 2 km to account for pure area sources and pure point sources. For lifetime,

we selected 8 hours as the upper lifetime range shown in section 1.4. A 2-hour standard deviation in the perturbation was

selected based on the maximum spread in lifetime derived from the high emission zone in the Southern Netherlands (see Table

1). Next, the uncertainty in meteorology, which has a direct relation to our emissions and is somewhat correlated with lifetime

through λ /s (Eq. 5). We add a perturbation of ±1 ms−1 in the wind fields, added separately to both the U and V wind field

parameters that were matched to each satellite observation in the set. Finally, to account for the effects of changing elevations

we use an approach based on the wind field deflection away from the mountain peak. We add a systematic offset based on

the difference in surface pressure (hPa) of the surrounding cells. This difference is calculated in a few steps. First the surface

pressure is gridded to a global 0.1°x 0.1° grid. Second, a convolution is calculated by convoluting the map with a 15 x 15

square. Third, the original surface pressure is subtracted from these 225 values, after which we calculate the relative change by

dividing the original surface pressure. Finally, the standard deviation is calculated (StDev (n=125 cells, relative difference

essentially)). For each cell with a standard deviation value above 0.005 [frac] a ratio is calculated which peaks at 1 for cells

with a pressure standard deviation of 0.05 [frac], which relates to an elevation difference of up to 500 m [0.05 of 1000 hPa is 50

hPa, which is roughly 500 m]. Figure 9 shows an overview of the resulting scaling. The resulting ratio is multiplied with a 30º

deflection angle which is added to the wind direction used for the source-receptor relations.

Figure 10 shows the results of the uncertainty analysis over the European domain. Due to CPU limitations, the monte-carlo

analysis was only performed on the European domain which includes a mixture of NH3 loadings, terrain, and atmospheric

conditions. Overall the perturbation of the fitting parameters result in a 20-30% uncertainty/noise, which increases to over

100% in very mountainous regions. The CrIS satellite random parameters barely have an influence on the uncertainty with most

of the variation driven by systematic bias. This is not unexpected as the 8 year period ensures there are enough observations

to reduce the effect of random errors. Combined, the total uncertainty mostly lies in the range from 20-50% with increasing

uncertainty around mountains and in regions with low concentrations.

Source of uncertainty Systematic adjustment Random adjustment

Satellite VCD [<10x1015] +3.3 1015 molecules cm−2 ±5.3 1015 molecules cm−2

Satellite VCD [>10x1015] -0.4 1015 molecules cm−2 ±4.1 1015 molecules cm−2

Wind fields ± 1 m s−1

Lifetime ± 2 hrs

Plume spread ± 2 km

Terrain / Orography Adjusted wind direction at maximum 30 degrees

Table 2. Summary of factors of uncertainty used in the uncertainty analysis.
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Figure 10. Uncertainties in the emission estimates over the European domain. From top to bottom; (a) and (b) the absolute

and relative uncertainties due to the fitting parameters and meteorology. Subplots (c) and (d) show the absolute and relative

uncertainties due to uncertainties in the satellite product. Subplot (e) the emission fit result and the bottom right plot (f) the

relative uncertainty with all the uncertainty terms added together.
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Figure 11. Comparison of satellite-derived NH3 emissions to the emissions in the CAMS-GLOB-ANT inventory. The top

panel shows the emissions as contained in the CAMS-GLOB-ANT emission inventory (2013-2020 mean). The bottom panel

shows the difference between the satellite-derived emissions and the inventory emissions.The grey overlay represents areas

where emissions are below the detection limit.

1.7.2 Detection limit

The emission detection limit can be derived by directly applying the multi-source methodology to a set of observations at the

satellite detection limit. For a selected region and set of observations, the total column concentrations are set to the detection

limit of the satellite in question. The CrIS instrument has a detection limit that ranges from ∼0.3 to 1.0 ppbv depending on the

atmospheric state28, 29. For our approach we used the more conservative limit of 0.9ppb. In previous studies20 the conversion

ratio of surface concentration to total column of 1ppb to 2±1x1015 molecules cm−2 was used which we use here as well.

This gives a lower detection limit of 1.8 ± 0.9x1015 molecules cm−2 for CrIS. As the ratio between surface concentration

and total column is highly variable and dependent on the vertical distribution, we add an uncertainty range of ±50%. Using

the detection limit observations the Ax = B system is solved for the region in question, using the same steps as described in

supplementary section 1.2. A subset of regions were chosen to cover a large range of atmospheric conditions and terrain (both

of which influence the number of available observations). The results for these regions were quite uniform, with no strong

spatial patterns and a detection limit of about 4.2 to 4.7 kg ha−1 yr−1 for all tested regions.

1.8 Supplement References

Add separately?

2 Supplementary Figures and Tables

2.1 Example of emission variability over North America associated with crop growth
Figure 12 Shows a North American example of monthly variations in both the inventory and satellite-derived emissions that

typically occur in parts of North America that have a strong seasonal cycle and are dominated by agricultural crop planting. This

is shown in Figure 12 by the main NH3 emission peak in the springtime associated with typical farming fertiliser application

practices at the start of the growing season. The inventory emissions show the peak one month earlier than the satellite, but it

should be kept in mind that a change in growing season from April to May can vary from year-to-year depending on farming

practices associated with meteorological conditions (soil temperature and moisture). In this plot the satellite-derived monthly

emissions are based on a multi-year average (2013 to 2020), where the interannual annual inventory emissions shown in Figure

12 do not vary much from year-to-year as they are often only generated for certain years.
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Figure 12. Satellite-derived intra/inter annual and seasonal temperature variability for selected regions around the globe. The

left column shows the intra/inter annual temperature variability, based on a moving window of three years of observations, and

the column on the right the monthly/seasonal temperature cycle. The black line shows the average of all years, while the

colored lines show the temperature for the individual years. Temperatures in both cases are based on the satellite derived

surface temperature.
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Figure 13. Satellite-derived intra/inter annual emission variability for regions around the globe with inventory emissions

above the detection limit.

Figure 14. Satellite-derived and inventory intra/inter annual and seasonal emission variability for the state of North-Dakota.

The left panel shows the intra/inter annual emission variability, based on a moving window of three years of observations, and

the panel on the right the monthly/seasonal emission cycle. Emissions in both cases are normalised by the mean of the

individual emissions (satellite-derived and inventory).
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Region All Source Locations Factor Inventory Identified Source Locations Factor

Above Satellite Detection Limit

Satellite Inventory Satellite Inventory

[Tg NH3 yr−1] [Tg NH3 yr−1] [Tg NH3 yr−1] [Tg NH3 yr−1]

Europe 12.4±3.02 6.94 1.8 11.06±2.55 6.67 1.7

North America 28.46±10.03 6.43 4.4 12.18±2.69 3.49 3.5

Latin America 37.48±9.47 5.33 7.0 9.12±1.99 2.97 3.1

Africa 56.4±15.22 5.87 9.6 6.5±1.51 3.01 2.2

Oceania 11.51±3.89 0.93 12.4 0.39±0.11 0.21 1.9

Asia 70.33±24.63 28.13 2.5 34.84±8.87 24.6 1.4

Global 216.59±66.25 53.63 4.0 74.09±17.71 40.95 1.8

Table 3. Summary of satellite-derived and inventory emission totals for regions around the world. The columns from left to

right give; the region of interest, satellite derived emission totals, inventory emission totals, the ratio between the satellite

derived and inventory totals, the satellite derived emission totals for provinces with inventory emissions above the detection

limit, inventory emission totals for provinces with inventory emissions above the detection limit, and finally, the ratio between

the two.
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