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Abstract

Agricultural ammonia (NHjz) emissions are strongly influenced by environmental
conditions and management practices, yet how fertilizer type shapes the tempera-
ture response of volatilization at large scales remains poorly understood. Here we
show, using a 16-year record of daily NHg total columns from the Infrared Atmo-
spheric Sounding Interferometer, that the dependence of atmospheric NHz on
skin temperature diverges into two fundamentally different responses. In regions
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less reliant on urea, NH3 columns increase monotonically with skin tempera-
ture, matching the classical process-based representation of NHg volatilization.
In urea-dominated regions, by contrast, NHg columns rise quasi-exponentially
to a characteristic breakpoint between 310 and 318 K, above which they decline
sharply. This discontinuity, revealed here for the first time using a large observa-
tional dataset, is consistent across urea-dominated regions. We hypothesize that
this discontinuity reflects a temperature-limited NH,, supply in urea-dominated
systems, potentially mediated by urease-catalyzed hydrolysis and modulated by
local environmental conditions. These findings identify fertilizer type, soil charac-
teristics, and climate variability as key drivers of NHg volatilization, and suggest
that their combined effects must be represented in models to improve emission
predictions and anticipate climate impacts on air quality and nitrogen deposition.

Keywords: Ammonia volatilization, agricultural emissions, satellite remote sensing,
urea, fertilizer

Since the 1930s, the use of nitrogen (N) fertilizers has risen sharply to meet growing
food demand, making modern agriculture critically dependent on them [1]. Yet, over
80% of anthropogenic reactive nitrogen is lost to the environment [2], with ammonia
(NH3) emissions from fertilized soils and livestock excreta among the largest of these
losses [2, 3]. Atmospheric NH3z contributes to the formation of fine particulate mat-
ter (PMs 5) [4], which is associated with cardiovascular and respiratory diseases, and
caused an estimated 4.7 million premature deaths in 2021 alone [5]. Beyond air quality,
reactive nitrogen delivered to surface compartments via atmospheric deposition and
hydrological runoff accelerates soil acidification and eutrophication, threatening biodi-
versity across terrestrial and aquatic ecosystems [6, 7]. Despite these well-documented
impacts, atmospheric NH3 columns have continued to rise over the past two decades
[8], underscoring how poorly the drivers of NHj emissions are currently understood
and constrained.

The dominant NH3 emission process from these agricultural sources is volatiliza-
tion from the soil to the atmosphere. Warming is expected to enhance this process
by accelerating both gas-phase conversion and atmospheric release. In soils, NHj
is in acid-base equilibrium with ammonium (NH; = NHj + H7), so that lower
soil acidity (higher pH) and warming shift this balance toward free NHg, increasing
the soil emission potential sy = [NHJ]/[H*] [9]. Exchange with the atmosphere
is further governed by Henry’s law, under which NHjs solubility decreases with tem-
perature. Soil moisture modulates the magnitude of this exchange, retaining NHj in
solution when soils are wet but promoting its release as they dry, a transition that
itself typically accompanies warming [10-13]. Together, these thermodynamic con-
trols imply a non-linear yet monotonic increase of NH3 exchange with temperature
[11, 13, 14]. Further details on the equilibria at play and on state-of-the-art volatiliza-
tion models are provided in Supplementary Information. Key implementations of this
process include canopy compensation-point formulations [9, 13] and temperature-
correction approaches [14], which both reproduce this monotonic thermal response.
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These parameterizations currently serve as the standard framework for representing
soil-atmosphere fluxes in chemistry transport and Earth system models [15-18].

Building on these formulations, Abeed et al. [19] used satellite NH3 columns from
the Infrared Atmospheric Sounding Interferometer (IASI), a hyperspectral infrared
sounder aboard the Metop satellites that has provided twice-daily global measure-
ments of atmospheric NHj since 2007 [8], to characterize I'so;) over Europe, assuming
that the short atmospheric lifetime of NHs (hours to days) allows column abundances
to be used as a proxy for local surface emissions. That study demonstrated the feasi-
bility of deriving process-level information from space, but was restricted to a single
month at the onset of the growing season and to a region where temperatures rarely
exceed 310 K, without differentiating fertilizer type. Extending this approach globally
across a wider temperature range, and stratifying regions by their urea reliance, TASI
NHj3 observations reveal a striking asymmetry: whereas non-urea dominated regions
exhibit the monotonic response of NH3 to skin temperature (Tyin) predicted by cur-
rent parameterizations, urea-dominated regions show a quasi-exponential rise up to a
characteristic breakpoint temperature (7} ), above which NH3 columns decline sharply.
This suggests that fertilizer type could introduce a temperature-sensitive control on
NHj release that is not captured by current parameterizations.

In urea-dominated systems, NH, (NHs + NHZ{) availability largely depends on
the hydrolysis of urea, catalyzed by the soil enzyme urease. Unlike non-urea fertilizers
that supply a substantial fraction of N directly as NH,, urea-based fertilizers must
first be hydrolyzed before contributing to NHj volatilization [20]. This requirement
is especially important, as urea dominates global synthetic fertilizer use [21], and a
substantial fraction of N excreted by livestock is also in the form of urea [3], so the
same hydrolysis step governs both sources. This enzymatic step adds a temperature-
dependent biological control on NH, formation that is absent when N is already
present in ammoniacal form.

In contrast to in witro, where the temperature response of urease is governed by
enzyme-level (Arrhenius-type) kinetics [22, 23], the field-scale urease optimum depends
fundamentally on the size of the active enzyme pool [24]. This pool reflects a balance
between two processes: the persistence of existing enzymes and its ongoing production
by urease-producing bacteria, whose growth peaks between 303 and 308 K and is
suppressed above ~313 K [25]. Enzyme persistence, in turn, declines steeply with
temperature: urease half-life shortens from 16-32 days at 277 K to only 2—-6 hours at
343 K [26]. As warming accelerates this loss while simultaneously suppressing microbial
replenishment, the active enzyme pool is expected to become severely restricted above
~308-313 K [25, 26]. We therefore hypothesize that this urease supply limitation might
impose a thermal ceiling on NHj release in urea-dominated systems.

Here, we use 16 years of daily TAST NHj observations across diverse global agricul-
tural regions to investigate how fertilizer type shapes large scale NH3—Tyyi, responses.
We contrast the annual and seasonal thermal dynamics of urea and non-urea dom-
inated regimes, examine drought-rewetting pulses as an additional volatilization
mechanism, and outline the broader implications for global NH3 emission modeling.
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Fig. 1 Selection of the nine agricultural regions. a, Agricultural regions colored by dominant
soil texture and by fertilizer regime, with the nine selected regions (A-I) outlined. b—g, 16-year (2008—
2023) mean morning IAST NH3 column (molec.cm™2) [27], cropland fraction (%) [28], maximum Tyjin
(K) [27], national urea share of total synthetic N fertilizer (%) [21], dominant soil texture [29] and
mean annual NHj fire flux (kg m™2 yr~1!) [30], respectively. These datasets were used to select the
nine regions in a, following the criteria laid out in the Methods.

Study regions and analytical approach

Building on the rationale introduced above, agricultural regions were classified using
national fertilizer statistics from IFASTAT [21], based on the mean contribution of
urea to total synthetic N use over 2008-2023. We defined urea-dominated systems



120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

as regions with urea > 65% (for most regions it is ~80%) and non-urea dominated
systems as regions with urea < 40% (typically below 30%) (Methods).

We selected nine representative cropland-intensive regions (Fig. 1a) showing ele-
vated NH3 columns to contrast fertilizer regimes across sandy, silty and clayey soils
(Fig. 1). Comparing these distinct soil textures explicitly accounts for their different
capacities to buffer pH and regulate emissions; more precisely, clayey and, to a lesser
extent, silty soils strongly retain NHs, whereas sandy soils favor rapid release [31].
Additionally, we required Ty, to frequently exceed 310 K to ensure a sufficiently large
dynamic temperature range. Regions significantly affected by biomass burning, which
is a known source of NHj [30, 32], have been excluded. For each region, we constructed
annual and monthly NHs—Tg, curves (Figs. 2 and 3), from which we derived two
diagnostics: the breakpoint temperature T3, above which the temperature dependence
reverses, and the pre-breakpoint @19, the factor by which NHjs increases for a 10 K
rise (Methods).

NH3— Ty, relationships

Figure 2 compares normalized, 16-year aggregated TASI NH3—Tgy;, observations for
two distinct agricultural regions (281-331 K) against theoretical baselines (dashed and
dash-dotted lines) [9, 14]. As introduced, these reveal a striking contrast dictated by
fertilizer type: in the non-urea dominated region (Spain, region G; blue curve), NHj
columns increase quasi-monotonically, whereas in the urea-dominated region (South
Asia, region A; red curve), columns rise steeply up to 310 K before rapidly declining.
The appearance of this breakpoint has, to the best of our knowledge, not been reported
before and seems consistent for urea-dominated regions, although subject to significant
seasonal dependence. Figure 3 shows the NH3—Tyyi, curves for all nine regions, annual
and monthly, with T, and the pre-breakpoint Q1o calculated wherever possible and
reported in Table 1 and Supplementary Tables 1 and 2. We first describe the annual
relationships, then how seasonality modulates them.

In the urea-dominated regions (A-F), annual mean NHj columns (Fig. 3; black
lines) increase with Ty, up to a characteristic breakpoint, before declining at tem-
peratures above ~310-318 K (Fig. 3; two uppermost rows). A sustained turnover is
resolved in four of the six urea-dominated regions (A, B, D, E) and in none of the
three non-urea dominated regions; the two exceptions, regions C and F, are discussed
below. The discontinuity in the annual curves is particularly pronounced in the South
Asian regions: regions A (NW Indo-Gangetic Plain; hereafter NW IGP) and B (central
IGP) show steep pre-breakpoint increases with (¢ values of 2.39 and 1.92, respec-
tively, which are followed by sharp declines above T,: NH3 columns in region A fall
by nearly half over the 20 K above the breakpoint, and by about a quarter in region
B, whose sampled range ends 10K above its T, (Fig. 3). Region C (Deccan Plateau)
shows the same initial rise, with a smaller Q19 (1.23) and a visible maximum near
317 K. However, it diverges fundamentally from the other two regions under extreme
heat: above 323K the curve rises again, and by the top of the sampled range it has
returned to, and slightly exceeded, its earlier maximum. Because this decline is not
sustained, no annual T}, is reported for region C, although individual months do resolve
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Fig. 2 Temperature-dependent NHj3 volatilization responses. Response functions from two
widely used parametrizations (dashed and dash-dotted lines) [9, 14], are presented alongside annual
IASI-derived normalized NH3 columns as a function of Ty, for two contrasting agricultural regions:
a urea-dominated region in South Asia (NW Indo-Gangetic Plain, region A; red) and a non-urea
dominated region in Spain (region G; blue). Both parametrizations are plotted as functions of Tgkip,
with all other terms held constant. Nemitz et al. [9] give the temperature dependence of the canopy
compensation point ¢r « (1/T)exp(—FEq./RT), where T is temperature, R the gas constant and
Eq/R = 10378 K the effective enthalpy combining the NH4+/NH3 dissociation and Henry’s law equi-
libria, while Skjgth et al. [14] use the empirical form F o exp[0.0223 (T' — Tyer)], in which Tyer is
a reference temperature and the coefficient 0.0223 K~ was fitted to measured emission data. All
curves are normalized at their maximum for visual comparability. The breakpoint temperature (7})
is shown for the urea-dominated region, indicating where the temperature dependence reverses.

one (Supplementary Table 2). This enhancement is discussed below. Regions D and E
display the same unimodal behaviour, with T} of 318 and 311 K. In region F (Sudan)
the sampled range begins on the warm plateau, so no rising branch and no annual
T, can be resolved, although the column declines monotonically above 312 K and
three individual months do turn over (Supplementary Table 2). Note that Q19 values
in urea-dominated regions fall within or just below the range of 1.5-3 reported for
agricultural soils [13].

A plausible interpretation of the unimodal shape in regions A-F is that above a
critical temperature the active urease pool is depleted faster than it can be replenished,
constraining hydrolysis and ultimately the NH,. available for volatilization. This inter-
pretation is supported by the systematic clustering of breakpoint temperatures within
the 310-318 K window, consistent with the expected temperature range for field-scale
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optima governed by turnover of the active enzyme pool rather than by enzyme kinetics
alone [24, 25, 33]. Crucially, this interpretation is also supported by the absence of a
unimodal response in non-urea dominated regions (G-I), as the NH3 columns in these
regions increase almost monotonically over the entire temperature range (Fig. 3, bot-
tom panels), more consistent with theoretical, purely physicochemical, volatilization
schemes, while showing lower annual Q19 values than most urea-dominated regions
considered here (1.48-1.74). This class contrast extends to the full set of twenty regions
analyzed here, including those of Supplementary Figs. 1-3, and holds without refer-
ence to any breakpoint: the more a region relies on urea, the more its NHs columns
decline over the warmest quarter of its own sampled temperature range (p = —0.69,
n = 20, p = 0.001; Methods).
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Fig. 3 Monthly and annual mean NH3—7y;, relationships for the nine agricultural
regions. Regions are grouped by dominant soil type and fertilizer regime (as defined in Fig. 1). From
left to right, panels represent sandy, silty and clayey soils. From top to bottom, rows represent South
Asian urea-dominated regions, other urea-dominated regions (Nigeria, Egypt, Sudan) and non-urea
dominated regions (Spain, USA, Morocco). Colored curves show monthly means; black curves show
the annual mean. Months corresponding to peak fire activity have been excluded on a region-specific
basis, from the annual as well as the monthly curves, to minimize the contribution of non-agricultural
sources (Methods).

These annual NH3—Ty;, relationships, however, aggregate across substantial sea-
sonal variability. The monthly curves (colored lines in Fig. 3) show that this variability
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Table 1 Characteristics of the nine selected agricultural regions.
Dominant soil texture, urea contribution to total synthetic N fertilizer use, the
Q10 of the rising branch, and the breakpoint temperature T (Methods).
Bracketed values are the range across the calendar months, each fitted separately;
where only one month satisfies the reporting criteria, no range is given. Because
curve fits depend on the sampled temperature range, annual parameters are not
simple averages of monthly values. Years span broader extremes, meaning the
annual Q10 and 7} can fall outside the monthly range. Entries are left blank
where the sampled temperature range, the number of observations or the width of
the confidence interval do not support an estimate. Confidence intervals on all
values are returned by the analysis code (Code availability).

Region (Soil Type) Urea Q10 Ty
Northwest IGP (A; sandy soil)  81.6%  2.39 (1.55-2.08) 310 K (298-311 K)
Central IGP (B; silty soil) 80.9%  1.92 (1.85-2.29) 313 K (294-309 K)
Deccan Plateau (C; clayey soil)  80.9% 1.23 —a
Nigeria (D; sandy soil) 70.8%  1.81 (1.62-3.47) 318 K (307-308 K)
Egypt (E; silty soil) 68.1%  1.99 (1.27-1.54) 311 K (310 K)
Sudan (F; clayey soil) 81.5% —b —b (307-311 K)
Spain (G; sandy soil) 29.6%  1.48 (1.81-2.66) —

USA (H; silty soil) 23.5% 1.74 (1.24-2.18) —
Morocco (I; clayey soil) 19.3% 1.72 (1.55-3.81) —

“NHjs columns in region C recover above 323 K to their earlier maximum and slightly
beyond it, so the decline is not sustained and no annual T} is reported. ®The sampled
temperature range in region F does not extend below the plateau of the annual curve, so
neither a rising branch nor a turnover can be resolved; the column declines monotonically
above 312K, and three individual months do turn over (Supplementary Table 2).

is mechanistically informative, most visibly as a systematic seasonal shift of T} in
urea-dominated regions. In South Asia, we observe that peak agricultural months
(April-May to September—October) exhibit consistently unimodal responses with
maxima around 306-311 K in regions A and B, followed by rapid declines, even dur-
ing periods of peak NHj columns, when N inputs are likely highest. During drier,
and less agriculturally active months (November—April), breakpoints shift to lower
temperatures and NHs columns are reduced. Curves from this period should, how-
ever, be interpreted cautiously, as abundances approach the IASI detection limit
[34]. In region C, the monthly curves retain the unimodal form below ~315 K, but
show high-temperature enhancements in May—June above this temperature threshold
that coincide with the first monsoon rains and a pulse-like response to soil rewetting
(examined below).

The seasonal shift of breakpoint temperatures in regions A—C is difficult to recon-
cile with the hypothesis of a fixed optimum temperature for field-scale urease activity
alone. Under warm (~303-313 K), nutrient-rich, and moist conditions (June-October
in South Asia), the urease pool is near its optimal state and actively renewed, so that
replenishment matches, or even dominates over, enzyme degradation, setting the effec-
tive Tp, [24, 26], consistent with the ~310-318 K range observed in the annual curves.
However, in drier, less agriculturally active months, reduced soil moisture and nutrient
availability limit microbial growth and enzyme synthesis [33, 35-37], severely restrict-
ing the capacity for enzyme renewal. In this suppressed state, the temperature at
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which heat-induced enzyme degradation outpaces replenishment is likely much lower.
Such a reduction in urea hydrolysis potential could ultimately drive an earlier decline
in NH, availability, translating into the downward shift of T observed in regions A—C
during November—April. Consistent with this, Feng et al. [33] found that urease activ-
ity tracks urease-producing microbial diversity more strongly in wet than dry soils,
implying that the microbial community’s capacity to sustain urease production indeed
weakens under dry conditions. A further consequence of this interpretation is testable.
If the size of the ammoniacal nitrogen pool sets the temperature at which emission
can no longer be sustained, then the months that turn over at a higher T; should
also reach a higher NH3 maximum, the same larger pool producing both. Across the
eight months of region A that individually resolve a turnover, spanning 13K in T,
the two are indeed correlated (r = 0.90 between T}, and the logarithm of the monthly
maximum).

Across the urea-dominated regions outside South Asia (D-F), the monthly curves
behave similarly but often sample a narrower temperature range, such that some
individual months might only capture the pre- or post-breakpoint branch (Fig. 3). For
instance, in persistently warm climates (e.g., Sudanese region F) the low-temperature
branch is not well monitored, while in the other regions temperatures above 320 K
are rarely encountered. By contrast, the regions that rely little on urea (G-I) remain
monotonic throughout the year, varying month to month in amplitude rather than in
curve shape, with monthly Q1 values from 1.2 to 3.8, largely within the reported range
[13]. The supplementary regions show similar behavior across the different soil types,
within each fertilizer class (Supplementary Figs. 1-3, and Supplementary Tables 1-3).
These seasonal patterns cannot, however, explain the episodic, anomalously high NHj
columns measured well above T}, (region C in May—June; Fig. 3).

Drought-rewetting effects on NHg variability

In Figure 4, we examine how rainfall, soil moisture, and Tgy;, correlate with the NHj
columns measured from IASI. This is done for 2021 in region A (NW IGP), where
NHjs columns and observation density are highest and the sporadic high-temperature
enhancements most pronounced. A single year is needed because 16-year aggregation
largely masks these short-lived weather-coupled pulses. The seasonal cycle of soil mois-
ture and rainfall shows that the region experiences a clear transition from hot and dry
pre-monsoon conditions to monsoon-humid conditions in early July (Fig. 4a). From
that period on, soil moisture rises rapidly (Fig. 4a; blue curve) and NHjs columns
increase in parallel (Fig. 4b; black curve).

More precisely, NHs columns peak at the end of July, when soils are rewetted and
Tskin has already passed its annual maximum. The temporal alignment between these
parameters is consistent with a Birch-like response, in which rewetting after prolonged
drought stimulates microbial activity and N turnover, increasing the pool of volatiliz-
able NH, in warm soils [40, 41]. In South Asian agricultural systems, particularly
across the NW IGP, the monsoon (kharif) cropping season could contribute indepen-
dently. Rice seedlings are planted into flooded fields in the weeks after the monsoon
rains arrive [42], and in Indian Punjab, for example, legislation prohibits planting
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Fig. 4 Evidence for drought-rewetting-driven NHj3 pulses across the NW Indo-Gangetic
Plain (region A) in 2021. a, Soil moisture (volumetric water content, %) from the ESA CCI Soil
Moisture COMBINED product (dark blue line, left axis) [38] and accumulated rainfall from CHIRPS
v3 (light blue bars, right axis) [39]. b, NHj3 total columns (black line, left axis) and Ty, (red shading,
right axis). All series are shown as 5-day (pentad) values; month labels indicate the start of each
month.

rice in the drier months before the monsoon [43]. Soil rewetting, fertilizer application
and still-high Ty, therefore fall in the same weeks, which can amplify the soil’s NHj
emission potential [12]. Both mechanisms could contribute to the observed pulses,
and a single year in one region cannot separate them. After the late-July maximum,
NHj3 columns decline markedly despite persistent rain throughout August—September,
while soils remain wet and Ty, stays elevated. Neither soil moisture nor tempera-
ture accounts for this decline, which could instead be a signature of rapid NH, pool
depletion following an initial burst of mineralization and microbial activity at mon-
soon onset [40, 41]. Consistent with this interpretation, Krichels et al. [12] showed that
rewetting of dry soils can trigger significant NHj volatilization losses (up to ~30-fold
higher at the most alkaline site than at the most acidic one), with fluxes up to ~3-fold
higher when water and NH} are added simultaneously.

The same processes may also explain the NH3 enhancements observed in region C,
although that particular region proves more difficult to investigate due to its size and
significant monsoon cloud cover. Whether such short-lived pulses occur more widely
remains to be tested, but the conditions that produce them are not unique to South
Asia and could arise in other intensive agricultural areas wherever prolonged drought
under warm conditions precedes intense rainfall events.
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Discussion

In interpreting the data, several caveats should be acknowledged. First, satellite-
derived NH3 columns do not uniquely isolate surface emissions: their temperature
dependence may also reflect variations in atmospheric lifetime, transport, vertical mix-
ing, and retrieval sensitivity. Second, our urea versus non-urea dominated classification
is based on mineral fertilizer statistics and should be interpreted as a coarse proxy
for dominant synthetic fertilizer form rather than total agricultural N input. Seasonal
and regional differences in fertilizer timing and management, crop type, and irrigation
may also co-vary with temperature and contribute to the observed patterns. While the
satellite-derived temperature dependence cannot be taken as a direct measure of urease
activity, it provides a process-level interpretation of a robust observational record. The
strength of the result lies in the consistent contrast between urea- and non-urea dom-
inated systems, the clustering of breakpoint temperatures in urea-dominated regions,
and the seasonal modulation of the NH3—Tgy;, curves, with episodic drought-rewetting
pulses adding to this in some regions.

Our findings could have direct implications for NH3 emission modeling. Most cur-
rent chemistry-transport and Earth-system models assume that warming increases
NHj volatilization monotonically through its effects on partitioning and transfer. Our
results indicate that this is adequate for systems in which N is supplied directly in
ammoniacal form, but does not hold in regions where N is applied as urea, which
must first be hydrolyzed in soil. In such systems, warming does not uniformly amplify
agricultural NH3 burdens: the response depends on fertilizer regime, hydro-climate
and soil context, and can even decline significantly beyond a given T}. Such behavior
should therefore be represented more consistently in models to better predict future
NHj3 burdens and the PMs 5, N-deposition and ecosystem impacts they drive. This
would in turn help design management strategies to reduce agricultural NHg losses
under warming climates.

Methods

IASI NHj3 and Ty;, data

The Infrared Atmospheric Sounding Interferometer (IAST), deployed aboard the Metop
satellites, provides twice-daily global measurements of atmospheric temperature and
humidity, trace-gas abundances and surface temperature. Its spatial resolution (12
km at nadir), swath width (2100 km), and radiometric and spectral performance (0.5
em™! apodized spectral resolution with low noise) [44] have been instrumental to
characterize the spatiotemporal variability and budget of atmospheric NHj [8, 45, 46],
as well as many other trace gases [47]. TAST measurements have been used to identify
global NH3 hotspots, assess seasonal and inter-annual variability, analyze long-term
trends and support source attribution studies [8, 32, 34, 45, 46]. Using the data record
provided by the IASI instruments on Metop-A (2008-2020) and Metop-B (2013-2023),
we constructed long-term NHs—Tg;, relationships over selected agricultural regions.
NHj total columns were taken from version 4 of the Artificial Neural Network for
TASI (ANNI) products, which improve temporal consistency relative to earlier versions
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[27], while Ty, was retrieved using a dedicated neural network [27]. To minimize
uncertainty in the NHj retrievals, only morning ITASI observations were retained and
a maximum cloud-cover threshold of 10% was applied. Restricting the analysis to
daytime observations increases sensitivity to the boundary layer because of the larger
thermal contrast between the surface and the atmosphere [34, 48].

All quality-filtered NHj3 observations from 2008 to 2023 were aggregated into 1
K Tiin bins centered on integer kelvin values (279.5-339.5 K), and the mean NHg
column in each bin was used to construct the NH3—Tgy;, relationships. Bins containing
less than 2% of the maximum bin population, or fewer than 20 observations, were
excluded to ensure statistical robustness. Monthly relationships were derived using the
same binning approach but restricted to individual calendar months. Annual NH3—
Tikin curves therefore represent the mean NHjg column per 1 K bin across all daily
observations, rather than averages of monthly means, thereby preserving full temporal
sampling while giving greater weight to periods with higher observational density.

Breakpoint temperature and Q19

For each binned curve, annual and monthly, two quantities were derived independently:
the breakpoint temperature T}, and the pre-breakpoint ()1g9. No value was inherited
between an annual curve and its months; every curve was analyzed on its own.

T, was defined as the skin temperature at which the binned NH3 column reaches
its maximum. Candidate temperatures were restricted to the plateau of the curve,
taken as the bins lying within 5 % of the maximum of the column smoothed over three
1K bins in logarithmic space, and T was taken as the highest observed bin within
that plateau. Ty is reported as the center of that 1 K bin, which sets its resolution.
Smoothing determines which bins are plausible maxima, so that a single noisy bin
cannot set Ty, while the reported value remains a temperature at which NHs was
measured to be highest. A T}, was retained only where the column rises into that
maximum with at least 3 K of sampling below it, where observations extend at least
5K above it, where the column falls by at least 15 % between T}, and the upper end
of the sampled range, and where that decline is sustained rather than followed by a
recovery.

Q10 is the factor by which the NH3 column changes for a 10K rise in skin tem-
perature, Q19 = exp(10b), with b the slope of a log-linear fit to the rising branch
of the curve, from its coldest retained bin up to and including T, where a turnover
is resolved, and across the whole sampled range where none is. Weighting each bin
by its TASI observation count ensures the densely sampled core of the temperature
range dictates the slope, preventing sparse data at the extremes from skewing the fit.
A Q19 was reported only where the fit was well determined. This required at least
eight retained bins on the rising branch and a fitted span of at least 8 K. In addition,
a fit had to draw on at least 200 individual observations summed over those bins,
reach a population-weighted R? of at least 0.50, and return a 95 % confidence interval
narrower than 45 % of the estimate.

The annual and monthly curves of a region are fitted independently, and they do
not cover the same temperatures. As noted above, an annual curve is a mean over all
observations rather than an average of monthly means, so it extends from the coldest
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1 K bin reached in any month to the warmest reached in any, while a single month
covers only its own part of that interval. The annual Q¢ is therefore not an average
of the monthly values and does not necessarily lie within their range. The same holds
for T. The warm end of an annual curve is populated only by the months that reach
those temperatures, so the annual maximum describes the warm-season part rather
than the mean of the monthly maxima, and may lie above the highest of them. A
monthly value contributes to the reported range only where its fit describes a rising
branch; months in which NHjs declines across their whole sampled range are excluded.
Where only one month satisfies these conditions, the single value is not reported as a
range. Curves failing any criterion are not reported.

Comparison between fertilizer classes

To compare the two fertilizer classes without relying on a breakpoint, a QQ1¢ was fitted
in the same way over the warmest quarter of each region’s own sampled temperature
range. This gives one value for every region, including those in which no turnover is
resolved. The median is 0.81 in the urea-dominated regions and 1.56 in the others
(exact two-tailed Mann—-Whitney U test, p = 4 x 107>, ten regions in each class), and
ranking the twenty regions by this value and by their urea share gives a Spearman
correlation of —0.69 (p = 1 x 1073, from 20,000 random reshufflings of the ranks). The
correlation uses no class boundary, and regions were classified from fertilizer statistics
before any curve was fitted.

Agricultural region selection

Agricultural regions were classified using national-scale synthetic N fertilizer con-
sumption statistics from IFASTAT [21]. For each country, synthetic N fertilizer use
over 2008-2023 was compiled and the mean contribution of urea-based fertilizers was
calculated relative to total synthetic N consumption. The resulting urea fractions
should be interpreted as conservative estimates, as mixed fertilizer formulations such
as urea ammonium nitrate (UAN) and NP (K) blends were not (partially) attributed to
urea-based fertilizers because their chemical composition varies substantially between
products and regions, preventing consistent categorization. Organic N inputs, includ-
ing animal excreta, were also excluded as IFASTAT does not provide systematic or
spatially resolved information for these sources, despite the fact that a substantial
fraction of reactive nitrogen in animal excreta originates from urea [3]. Based on these
fertilizer-use statistics, two regional classes were defined: (i) urea-dominated regions,
where urea-based fertilizers account for at least 65% of total synthetic N input, and (ii)
non-urea dominated regions, where the urea contribution does not exceed 40%. These
thresholds were chosen to ensure a separation between urea-dominated and non-urea
dominated systems while minimizing ambiguous intermediate cases, although some
overlap and classification uncertainty is unavoidable in practice. However, it should
be underlined that for the nine regions described in the paper, the separation is sub-
stantial, with a ~50% difference in urea usage between the two classes. The selected
regions corresponding to these classes are shown in Fig. 1.
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To ensure spatial consistency across all datasets, gridded data were mapped onto a
common regular latitude-longitude grid at 1/12° x 1/12° resolution. Agricultural rel-
evance was assessed using cropland information from the Global Land Cover-SHARE
(GLC-SHARE) database [28]. Cropland intensity was defined as the fraction of each
grid cell classified as cropland, and only grid cells with a cropland fraction of at least
40% were retained. Within each candidate country, contiguous agricultural clusters
satisfying the fertilizer and cropland criteria were identified, and rectangular bound-
ing boxes were defined to encompass the dominant high-NHj3 agricultural cores while
aiming to avoid major urban or water bodies. Soil properties were obtained from the
Harmonized World Soil Database (HWSD) v2.0 [29]. Each grid cell was characterized
using the dominant topsoil (D1) layer of the corresponding Soil Mapping Unit. USDA
soil texture codes, based on the relative proportions of sand, silt and clay, were first
mapped to the 12 standard USDA textural classes [49] and then aggregated into three
broader texture groups: (i) sandy (sand, loamy sand, sandy loam), (ii) silty (silt, silt
loam, loam), and (iii) clayey (clay, silty clay, sandy clay, clay loam, silty clay loam,
sandy clay loam). Grid cells corresponding to open water bodies or lacking valid soil
information were masked. Because biomass burning is an important non-agricultural
source of atmospheric NHj [32], fire-related NH3 emissions were quantified using the
Copernicus Atmospheric Monitoring System (CAMS) Global Fire Assimilation Sys-
tem (GFAS), which estimates emissions from fire radiative power [30]. GFAS daily
NHj3 fluxes for 2008-2023 were converted to mean annual totals and re-gridded to the
common 1/12° framework. To minimize the influence of biomass burning, only regions
with a mean annual fire-related NHz flux below 1 x 1075 kg m~2 yr=! (0.1 kg NH;3
ha~! yr=!) were retained. In addition, months of peak fire activity, defined as those in
which the mean monthly fire-related NHs flux exceeded the regional 80" percentile,
were excluded from the analysis, both from the annual curves and the monthly ones.

To ensure comparability across a broad temperature range, the analysis focused on
warm agricultural regions where daily Ty, frequently exceeded 310 K. To restrict the
analysis to NHs-rich environments, only grid cells with mean NHg column densities
above 3 x 10'® molec.cm ™2, averaged over 2008-2023, were retained. Both criteria were
derived from TASI observations. Based on these combined constraints, nine agricultural
regions were selected for detailed analysis (Fig. 1). Six correspond to urea-dominated
systems, including three sites in South Asia, the world’s largest urea-consuming region,
accounting for nearly one-third of global urea use [21]; the additional urea-dominated
regions are located in Nigeria, Egypt and Sudan. Three non-urea dominated regions
(urea contribution below 40%) were selected in southern Spain, the central United
States of America and Morocco, each representing a distinct dominant soil texture
class. Table 1 summarizes the key characteristics of the core regions. To further test our
interpretation, we analyzed additional agricultural regions based exclusively on their
urea contribution, with comprehensive data for all sites detailed in Supplementary
Tables 1-3.
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Drought-rewetting analysis

To investigate drought-rewetting dynamics in South Asian region A, TASI NH3 and
Tikin Observations were complemented with rainfall and soil moisture datasets. Precip-
itation was obtained from the CHIRPS v3 dataset (Climate Hazards Group InfraRed
Precipitation with Station data), using the global pentad product, which provides
5-day accumulated precipitation totals at 0.05° resolution from 2008 to 2023 [39].
CHIRPS combines infrared satellite-derived precipitation estimates with in situ rain
gauge observations to generate spatially complete rainfall fields, and has been exten-
sively validated for its ability to capture seasonal rainfall variability and extreme
precipitation events across data-sparse regions, including South Asia. Soil moisture
was taken from the ESA Climate Change Initiative (CCI) COMBINED surface soil
moisture product (v09.1), which provides daily estimates at 0.25° resolution as volu-
metric water content (m3 m~3) [38]. All datasets were spatially aggregated over the
predefined bounding box of region A without pixel-level regridding, thereby preserving
their native resolution. IASI NH3 and Ty, retrievals were treated as point observa-
tions and aggregated into fixed 5-day (pentad) bins, from which mean NHj3 columns
and mean Ty, were calculated. CHIRPS precipitation totals were spatially averaged
over the region for each pentad, while ESA CCI soil moisture fields were spatially aver-
aged over the same region and then aggregated into pentads by computing the mean
within each 5-day interval. Pentad bins were aligned identically across all datasets to
ensure temporal consistency, suppress day-to-day variability, and preserve drought—
rewetting transitions, thereby enabling direct comparison of rainfall, soil moisture,
temperature, and NHg variability.

Data availability

The TAST NH; (ANNI v4) and Ty, products are available from the AERIS data
centre (https://iasi.aeris-data.fr). CHIRPS v3 precipitation, ESA CCI soil moisture
(v09.1), GLC-SHARE, HWSD v2.0, CAMS-GFAS and IFASTAT fertilizer statistics
are available from their respective providers as cited in the Methods.

Code availability

The analysis code used to construct the NHz—Tgy, relationships and to derive the
breakpoint temperature (T}) and Q19 values is publicly available on Zenodo at https:
//doi.org/10.5281/zenodo.23163582 under the MIT licence.
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