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ABSTRACT

Livestock farming is the dominant source of atmospheric ammonia (NH;) in large parts of the world. However,
its emissions remain difficult to quantify because of the complex and diverse nature of farms, and the technical
and practical challenges involved in measuring NH;. Emission estimates from individual farms are traditionally
obtained from in situ measurements, while regional to global distributions are provided by infrared satellite
sounders. Airborne hyperspectral infrared imaging can be used to map NH; over large areas (> 10 km?) and
at high spatial resolution (< 5 m), therefore providing measurements at a scale between in situ and satellite
data.

During a joint ESA-NASA funded campaign in the summer of 2023 near Grosseto, Italy, a cattle farm and
its surroundings were overflown by a research aircraft 69 times in five days. Airborne hyperspectral longwave
infrared imagery was collected using the NASA-JPL Hyperspectral Thermal Emission Spectrometer (HyTES). We
developed an efficient lookup table approach to derive NH; abundances and associated uncertainties from the
HyTES radiance data. The resulting distributions reveal a diversity of small and large NH; plumes emanating
from the farm. Lagoons and barns were identified as the main emission hotspots. From these distributions and
with the help of a box model, total farm fluxes were estimated for each overflight. The emission fluxes range
from 3+1to 7+5 ghd™' h™! for the first three days, in line with emission factors reported by other studies.
Much larger emissions are seen on the last two days, between 13 + 8 and 59 + 42 ghd™' h~!, likely caused by
specific farm activities. Overall, this case study demonstrates that airborne hyperspectral infrared imaging is
a valuable complement to existing methods for quantifying NH; emissions at the farm scale.

1. Introduction

et al., 2016; de Vries et al., 2024). Accurately quantifying NH; emis-

sions is essential for better constraining its sources and for developing

Ammonia (NH3) is one of the most important inorganic pollutants. effective mitigation strategies. In most developed regions, the main

In air, it contributes to the formation of secondary particulate matter,
affecting human health. Upon deposition in natural ecosystems, it

source of atmospheric NHj is agriculture, particularly livestock farm-

ing. For instance, in Europe, the agricultural sector is responsible for

can lead to acidification, eutrophication and biodiversity loss (Bauer
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more than 90% of the atmospheric NH; emissions, with over 70%
linked to livestock, even excluding emissions from manure spread on
fields (European Environment Agency, 2022).

Traditional techniques to estimate NH; emission fluxes on farms
include (Harper, 2005; Hristov et al., 2011; Cole et al., 2018): (i)
Enclosure methods, which rely on measurements of NH; concentra-
tions in the incoming and outgoing air of chambers, wind tunnels,
or mechanically ventilated barns (Demmers et al., 1999; Scotto di
Perta et al.,, 2020). These techniques can also be applied to natu-
rally ventilated barns when the ventilation rate can be estimated (Zou
et al., 2020). (ii) Micrometeorological approaches that measure vertical
fluxes, such as the flux-gradient (McGinn et al., 2016), eddy covari-
ance (Sun et al.,, 2015), and relaxed eddy accumulation (Baum and
Ham, 2009) methods. (iii) Inverse dispersion models that combine
point or path measurements of NH; with meteorological data (Shon-
kwiler and Ham, 2018; McGinn and Flesch, 2018; Wang et al., 2024).
These techniques generally provide emissions at high temporal resolu-
tion, allowing not only the calculation of average emissions, but also
the study of specific farming activities and the effects of meteorological
conditions on emission fluxes. As all methods rely on local concen-
tration measurements, they require meticulous experimental setups to
yield emission estimates of entire farms.

Large-scale NH; emissions from farms can be quantified with in
situ measurements onboard mobile vehicles (Nowak et al., 2012; Leifer
et al., 2018; Golston et al., 2020) and aircraft (Hacker et al., 2016;
Juncosa Calahorrano et al., 2023; McCabe et al., 2023), and with
mobile solar occultation measurements (Kille et al., 2017; Vechi et al.,
2023; Mellqvist et al., 2024). The latter is a remote sensing technique
that allows for measuring two-dimensional cross sections of plumes.
Mobile observations offer larger spatial coverage, but to estimate fluxes,
they must be complemented with accurate inverse modelling. They also
commonly rely on assumptions on the parts of the plume that are not
covered by the measurements.

Observations of NH3; on an even larger scale are provided daily
across the globe by hyperspectral infrared sounders such as the Infrared
Atmospheric Sounding Interferometer (IASI, (Clarisse et al., 2023))
and the Cross-track Infrared Sounder (CrIS, (Shephard et al., 2020)).
Using chemistry-transport models, their data have been used to derive
gridded global and regional top-down emissions (Luo et al., 2022; Ding
et al., 2024) at coarse spatial resolution (>0.2°). In addition, satellite
measurements have been used to identify and quantify the world’s
largest individual NH; emitters (Van Damme et al., 2018; Clarisse et al.,
2019). Among them are 200 concentrated animal feeding operations
(CAFOs), mostly situated in the USA. However, beyond these, the
12-40 km ground footprint of current generation infrared sounders
prohibits the assessment of NH; emissions from individual farms.

Hyperspectral infrared imagers mounted on airplanes bridge the gap
between satellite and (mobile) in situ measurements. Their data can
be used for mapping NHj vertically integrated abundances over large
areas (10—1000 km?) and at a high spatial resolution (<5 m). Some
studies have used such imagers to map NHj distributions over farms
and agricultural areas (Leifer et al., 2017, 2018; Kuai et al., 2019;
Tratt et al., 2025; Hasheminassab et al., 2025). Better than any other
technique, these measurements may allow simultaneous visualization
of individual emission plumes originating from different parts of the
farm, as well as the regional transport of the larger NH; plumes.
However, until now, no studies have been published that attempt to
derive agricultural emissions from such observations.

Here, we demonstrate that hyperspectral longwave infrared (LWIR)
aircraft measurements can be used not only to map NHj distribu-
tions but also to quantify emission fluxes at the farm scale. This
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Fig. 1. Photographs of (a) Le Rogaie farm, (b) the lagoons where agricultural
waste is stored before being used as fertilizer, and (c) the main feedlots where
the cows are kept. The photographs were taken by the authors or extracted
from a video by the farmer available at https://www.youtube.com/watch?v=
9NUE16xRN8w.

work introduces a novel retrieval and flux estimation framework de-
signed for hyperspectral LWIR imagery, providing the first quantitative
assessment of agricultural NH; emissions from airborne observations.

The study focuses on the livestock farm Le Rogaie, located near
Grosseto, Italy (Fig. 1). The farm houses about 600 animals (both beef
cattle and dairy cows) and includes 200 hectares for forage. It operates
a biogas system that uses animal waste to produce electricity. Specifi-
cally, anaerobic fermentation of animal slurry produces methane (CH,),
which is combusted in an internal combustion engine. A byproduct of
this process, known as digestate, is stored in lagoons (Fig. 1b). This
digestate contains 3.7 kgNm™>, of which 52% is in the form of NH;.
This digestate is ultimately used to fertilize the surrounding agricultural
fields.

In the next section, we describe the airborne observations used in
this study to survey the livestock farm. Section 3 provides a detailed
description of the algorithm developed to retrieve NH; abundances
and associated uncertainties from the measured spectral radiances.
The derivation of the corresponding NH; emission fluxes is presented
in Section 4. We then analyse the data together with meteorological
parameters and compare the derived emissions with values reported
in the literature. In the conclusion, we summarize the main findings
from this study and formulate a series of recommendations for future
dedicated campaigns.

2. Airborne observations

As part of a joint ESA-NASA funded campaign conducted in the
summer of 2023, a research aircraft operated by Kenn Borek Air (KBA)
and carrying the NASA-JPL Hyperspectral Thermal Emission Spectrom-
eter (HyTES) performed numerous aerial surveys of the region around
the farm of interest. These measurements were collected in support of
the development of the Copernicus Land Surface Temperature Moni-
toring (LSTM) mission (Pascolini-Campbell et al., 2024), and primarily
targeted a group of fields located near the farm, not the farm itself.

The HyTES sensor, a compact pushbroom imaging spectrometer,
measures 256 spectral channels in the LWIR between 835 and 1340
cm~! (7.5-12 um), collecting 512 pixels cross-track (Hook et al., 2013).
The aircraft flew at an altitude of about 2 km above ground, with
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Table 1
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Summary of the principal variables and associated symbols that are used in the retrieval of NHg

distributions and emission fluxes.

Symbol Name

y Observed spectrum

K NH; Jacobian

(Vmean> S) Mean spectrum and covariance matrix describing the background spectra
HRI Hyperspectral range index

T, Median brightness temperature of observed spectra

Tyir Air temperature

TC Thermal contrast

Cnh, +0¢ Retrieved NH; columns and their associated uncertainties
SF Scaling factor

cur NH; column used in the simulations

NH;
HRILUT R SFLUT

HRI and SF estimated from simulated spectra

My NH; total enhancement mass inside a fixed box

Tout NH; lifetime inside a fixed box

D Distance from the centre of the analysis box to its edge

w 10-m wind speed

Exop Retrieved NH; emission fluxes and their associated uncertainties

§ Bworwod spccirs
]

S lateld
T

—_— -
{ My
|
i Exep
- - rl
Tomt ™ T

Fig. 2. Flowchart of the methodology for retrieving NH; columns and emission fluxes from airborne observations. The acronyms used here are defined in Table

1.

HyTES looking nadir in flight. This configuration provided an across-
track swath width of about 1.9 km and a pixel size of approximately
3.4 m, yielding up to 1.26 million observations per scene. The area was
surveyed several dozen times at different times of day. For this study,
we selected data acquired during five days in June and July 2023,
totalling 69 flight tracks over the farm.

3. Retrieval of NH; distributions
3.1. Retrieval method

Prior to the retrieval of NH; abundances, the HyTES level 1 at-
sensor radiances were preprocessed as follows. First, the radiance mea-
surements were limited to the spectral range of 900 to 1000 cm~'. This
range contains the most important part of the NH; spectral signature
in the LWIR (Noppen et al., 2025) and corresponds to the range for
which the instrument has the best radiometric performance. However,
careful analysis of the spectra revealed small spectral shifts, particularly

noticeable in the spectral peaks associated with atmospheric water
vapour that did not always align with positions from the HITRAN
molecular spectroscopic database (Rothman et al.,, 2013). The best
empirical correction of the wavenumber scale v was found to have the
following form:

V= v+ (V= Veentral) X 5> (€]

with veepera between 900 and 1050 cm™! and s a scaling factor between
—0.02 and 0. These parameters were determined for each of the 69
scenes and for each of the 512 cross-track positions, by maximizing the
correlation coefficient between the average spectrum and a spectrum
simulated with a forward model (described below).

As the observation geometry is downward-looking, the HyTES spec-
tra contain information on the vertically integrated amount of gas in
an atmospheric column extending from the surface to the sounder.
Following the terminology common in satellite remote sensing, we
refer to such abundances as total columns and express them in units

molec cm™2.
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Fig. 3. Panel (a) shows the median brightness temperature 7; retrieved from HyTES measurements on 29 June 2023 around 15:00, superimposed on satellite
visible imagery from Google Maps. Panels (b) and (c) show the initial and final HRI distributions over the same region. Panels (d) and (e) provide close-up views
over the areas outlined by dotted boxes in the left panels. The inset in the bottom left corner shows in red the location of the surveyed area in Italy.

The NH; retrieval methodology consists of four main steps, as
outlined below. Table 1 lists the principal variables and their corre-
sponding symbols used throughout the retrieval process, while Fig. 2
summarizes the overall methodology. Figs. 3 and 4 illustrate each step
using a reference flight track acquired on 29 June 2023 around 15:00
(local time), covering an area of approximately 2 x 7 km?. The median
brightness temperature of each spectrum 7;,, which serves a proxy for
the apparent brightness temperature of the surface, is shown in Fig. 3a.
(i) HRI calculation

The first step consists of calculating the NH; hyperspectral range
index (HRI; (Walker et al., 2011; Van Damme et al., 2014)), also known
as the matched filter (Manolakis et al., 2016). This dimensionless
quantity is defined as

IZTS_](; - .;}mean)
VKTS-1K

For an observed spectrum Y, the HRI quantifies the spectral strength of

the target species relative to the background. The NH; signature against

which each spectrum is compared is defined by the NH; Jacobian
K, calculated as the difference between two spectra simulated with

HRI = (2)

different amounts of NH;. The background is characterized by a mean
spectrum .., and its associated covariance matrix S, ideally built
from a set of spectra with no measurable NH; signatures. S character-
izes the spectral variability due to all parameters affecting the radiance
in the spectral range under consideration, except for NH;. The HRI
can be interpreted as a signal-to-noise ratio, which in the case of an
underlying multivariate normal distribution, approximately follows a
Gaussian distribution on background spectra with a mean of 0 and a
standard deviation of 1. Larger values indicate the presence of NHj;
with increasing probability. For example, if the index exceeds 3, there
is already a 99.7% probability that the compound of interest is observed
in the spectrum (Noppen et al., 2025).

Fig. 3b shows the initial HRI distribution for the reference track
calculated from Eq. (2), with ¥ .., and S estimated using all spectra
measured over the scene. Two plumes are visible, including one over
the farm of interest. We also observe vertical stripes in the HRI distribu-
tion, likely due to minor systematic differences among the cross-track
pushbroom detectors. To address this, we used the approach proposed
by Thompson et al. (2015), which involves building the (Jpean.S)
pair individually for each cross-track position. For this pair to be as
representative as possible of the background, we calculated an initial
HRI distribution and screened out pixels with an HRI above 3 to create
a new (¥pean.S) pair. This new pair was then used to calculate the
final HRIs (Clarisse et al., 2013). The updated distribution, shown in
Fig. 3c, no longer exhibits the vertical striping. The few remaining
vertical lines correspond to cross-track positions that were filtered out
because of the presence of spectra with negative values or with spikes
exceeding 0.025 W(m? sr em~1~". With a better-defined background, the
two plumes also appear much clearer, with larger corresponding HRIs.
In particular, the number of pixels with an HRI above 3 inside the
dotted boxes in Fig. 3 increased from 2160 to 6401.

As illustrated in panel (d) of Fig. 3, the elevated NHj levels in the
northern part of the scene could be due to fertilization of a nearby field.
The other strong plume visible in Fig. 3 is detected over the farm of
interest, as shown in panel (e) of Fig. 3. We focus on this plume to
illustrate the remainder of the method. This plume is shown again in
Fig. 4b for the region of interest shown in the left panel.

(ii) Lookup tables building

In addition to the HRI, the retrieved NH;3 columns are based on
the thermal contrast (TC). The TC, which is the difference between the
apparent surface temperature Ty, ¢ and the air temperature 7,;,, greatly
influences the sensitivity of infrared sounders, as can be seen from the
following equation (Di Gioacchino et al., 2024)

Bv(Tsurf) - Iv =a, [Bv(Tsurf) - Bv(Tair)] ’ (3)
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Fig. 4. (a) Satellite visible imagery from Google Maps centred on the farm.
The white dotted box corresponds to the area shown in Fig. 3e. (b) The
hyperspectral range index (HRI) distribution calculated from HyTES measure-
ments performed on 29 June 2023. (c) The thermal contrast (TC) distributions
estimated from ERA5 (left) and WRF model (right). Also shown are the
resulting (d) scaling factor (SF), (e) NH; columns Cyn,» and (f) associated
uncertainties o.

where a, is the absorptivity, and B, the Planck blackbody function.
This equation describes how the surface radiance B, (Ty,) is altered
after passage through an isothermal atmospheric layer at a temperature

T, resulting in an outgoing radiance I, at wavenumber v. For weakly

Atmospheric Environment: X 29 (2026) 100395

absorbing trace gases like NHj, a, is linearly proportional to the column
amount (Clarisse et al., 2023). The left-hand side of Eq. (3) represents
the spectral change with and without the atmospheric layer. The term
B, (Tyurs) — B, (Ty;,) represents the TC expressed in radiances. Therefore,
Eq. (3) shows that the spectral change due to a weak absorber is
proportional to the product of the total column and the TC. We can also
see that the sign of the TC determines whether the signal is observed
in absorption or emission. Because the TC naturally arises in the above
equation in radiances, in what follows, we express TC in these units,
rather than temperatures.

This relation can be generalized to multiple spectral channels and to
a multilayered atmosphere. In particular, it can be shown that for weak
absorbers, the HRI, as a quantitative measure of the spectral change in a
range of channels, can be written as the product of total column amount
Cyp, and a scene-dependent scaling factor (SF), or more precisely:

Cny, = % + By, 4
where Byy, is the NH; column associated with ie., that characterizes
the background (Clarisse et al., 2023). For the derivation of emissions,
we are only interested in column enhancements relative to the back-
ground, and for this reason, we set By, to zero. Eq. (4) is the main
equation used for the retrieval. The HRI is calculated directly from
the spectrum, and the remaining unknown, the SF, is estimated from
spectra simulated with a forward radiative model as described below.

The most important parameters affecting the SF are the NH; vertical
profile shape and the TC (Clarisse et al., 2023). We assume a constant
NH; profile shape throughout (described below) and later account
for uncertainties related to this choice. This leaves the TC as the
driving variable for the SF. We use a fixed, average atmosphere for the
simulations and vary the TC only through the surface temperature. This
is justified because all measurements took place during daytime, with
atmospheric temperatures exhibiting similar lapse rates. In addition,
from a radiative transfer perspective, a scene with e.g. Ty, = 302 K and
T,ir = 297 K is equivalent to one where T, = 307 K and T;, = 302 K.
The SFs are stored in a lookup table (LUT) for ease of access during the
retrieval.

For the calculation of the TC, choices have to be made on its
exact definition. Ideally, the TC should be defined with respect to an
atmospheric temperature at a representative altitude for NH;. Here,
we chose 300 m as this is the approximate altitude for which the SF
vanishes when the TC is zero (see Fig. 5b). Note, however, that the
precise choice of this altitude is of little importance, as long as the same
altitude is used in the setup of the LUTs and the subsequent retrieval. As
a proxy for the apparent surface temperature Ty, we use the median
brightness temperature of each spectrum 7;,. This has the advantage
of being straightforward to calculate, both for the simulated and the
observed spectra.

The line-by-line radiative transfer model Atmosphit (Coheur et al.,
2005) was used for the forward simulations of spectra. The average
atmosphere, divided in 21 homogeneous layers between 0 and 2 km,
was obtained as follows. For each individual HyTES observation, ver-
tical profiles of temperature, pressure, and humidity were calculated
by spatiotemporal interpolation of data from the ERA5 global reanal-
ysis from the European Centre for Medium-Range Weather Forecasts
(ECMWEF, (Hersbach et al., 2020)). These were then averaged to obtain
a single average temperature, pressure, and humidity profile. The ver-
tical profiles of the main atmospheric gases were taken from a standard
atmospheric model (Kneizys et al., 1996), except for NH;, for which we
used the Gaussian-shaped vertical profile illustrated in Fig. 5a. With
this profile, 85% of NH; is below 400 m, i.e. mostly confined to the
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Fig. 5. (a) The NH; vertical profile used for the radiative transfer simulations
(black line) and the altitude at which the air temperature T, is taken for the
calculation of the TC (dashed blue line). (b) An example of a theoretical lookup
table (LUT) used to convert HRIs into NH; columns via SFs that depend on
TC.

planetary boundary layer, whose height varied between 370 and 1440 m
over the farm according to ERAS5 reanalysis. Surface temperatures
were varied to obtain TCs ranging from —0.1 to 0.1 W(m?2 sr em 7
corresponding to TC from —50 to 50 K.

From these simulations, we calculated HRI*YT and

HRILUT

LUT ~’
CNH3

QFLUT _

)

with CI%I[IE = 3 x 105 moleccm™2 the total NH; column corresponding

to the NH; profile. While a single atmosphere is used for the forward
simulations, a different LUT is built for each cross-track position and
each scene, as the HRI is dependent on the cross-track position. An
example of a LUT for a single scene is shown in Fig. 5b, where each
line corresponds to a different cross-track element. Note the near-linear
relationship between the TCs and the SFs.

(iii) Columns retrieval

For the actual retrieval, the TC is calculated on an individual
observation basis. As before, T is determined as the median bright-
ness temperature of each spectrum. The air temperatures at 300 m
were obtained by spatiotemporal interpolation of the outputs from
two different datasets: the ERAS5 reanalysis and the Weather Research
and Forecasting (WRF) model developed by NCAR/NOAA/AFWA (Ska-
marock et al.,, 2019) and reworked specifically to the Tuscany do-
main (Capecchi, 2021). ERAS5 provides hourly fields with a grid spacing
of approximately 31 km; the WRF model also provides hourly values,
but with a grid spacing of approximately 3 km. These two models
show sometimes large differences (see Fig. 9 discussed below), and
thus we considered both. For the reference scene, the TC distributions
derived from these two models are however very similar, as illustrated
in Fig. 4c. From these TC distributions and the LUTs, we derived the
corresponding SFs as illustrated in Fig. 4d. As expected, they show a
significant correlation with the TC maps (shown in the upper panels),
with low SF values corresponding to small absolute TCs.

Using Eq. (4), NH; columns were then retrieved using these SFs and
the calculated HRIs. Following Clarisse et al. (2023), a post-filter was
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applied at the end of the retrieval process to remove observations with
an uncertainty or error that is too large. This includes observations with
limited sensitivity to NH3, for which

ﬁ > 5.5 % 10 molec cm™2, (6)
and observations for which the temperature profile and the NH; profile

are incompatible with the calculated HRI:

IHRI| > 1.5 and Cyy, < 0 moleccm™. @)

The retrieved NH; columns for the reference scene are displayed in
Fig. 4e. The distributions show a low background with larger columns
over the farm, revealing an NH; plume moving north-eastwards. The
pixels removed by the post-filter flag correspond to areas where the TCs
and SFs are low.

(iv) Uncertainties estimation

Finally, uncertainties on Cyy, were estimated for each measure-
ment through propagation of uncertainties on the input variables, as
explained in Appendix A. The distributions of uncertainties o, over
the reference scene are shown in Fig. 4f. As expected, higher o, are
observed where TCs and SFs are low. We can also see a correlation
between the pixels with high uncertainty and those discarded by the
post-filter. The average uncertainty of the remaining pixels is 9 x
105 molec cm2.

As a consistency check, we compared the NH; columns of the ref-
erence scene with those retrieved using an optimal estimation method
(OEM) on an average of 25 spectra with a large HRI (see Appendix
B). The OEM retrievals are about 20% higher than those obtained with
the LUT, regardless of the dataset used to calculate Ty;,. The difference
is likely due to the fact that the OEM column includes a contribution
from the background, which is removed in the HRI-based approach.
The comparison confirms the validity of the retrieval method presented
here. Note that in addition to being computationally demanding, the
OEM method has other limitations, such as having a greater sensitivity
to errors of the forward model (see Whitburn et al. (2016) for a
discussion).

3.2. NHj distributions

Fig. 6 shows the evolution of NH; columns over the farm on 2 July
2023 between 10:18 and 12:07, retrieved using air temperatures from
ERAS. Each snapshot shows NH; plumes emanating from the farm, with
large variations in size and direction. The observations not only capture
the rapid changes in the NH; distributions over the farm but also reveal
remarkable spatial detail. In several overpasses (e.g. the one at 11:30)
plumes are seen to originate directly from lagoons (the two dots show
their centres) and the barns (triangle). Note that weaker columns are
frequently observed directly above the barns. Spectral analysis revealed
that these are explained by the particular emissivity of the building
roof material, leading to negative or small HRIs even though TCs are
high. Such anomalies in the HRI related to specific materials have been
observed before in hyperspectral imaging data (Noppen et al., 2023).
Small secondary sources are also seen in a field west and south-west of
the farm (white stars), which could be due to fresh fertilizer application
or past spreading during which liquid fractions may have accumulated
in soil pockets and continued emitting for several days.

The 10-m wind speed and direction interpolated from ERAS5 data
are indicated at the bottom of each panel. The wind speeds remained
modest, ranging from 1.0 to 1.7 ms~!. It can be seen from the figure
that the predominantly southerly wind direction of the dataset is not
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Fig. 6. Evolution of Cyy, (in molec cm™2) retrieved over a fixed area centred on the farm of interest from HyTES measurements performed on 2 July 2023 between
10:18 and 12:07, as indicated on the top of each panel. The greyscale background shows satellite visible imagery from Google Maps. The 10-m wind and average
TC derived from ERAS5 data are shown at the bottom left of each panel. Note that in some panels, the plotted wind direction differs from the apparent plume
trajectory, likely reflecting local turbulence and sub-grid variability not captured by the model outputs. The two dots indicate lagoons emitting NHj, the triangle
shows the centre of the barns, and the white stars point to secondary sources.
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Fig. 7. In the upper panels, average NH; column distributions obtained from all HyTES measurements considered in this study, and retrieved using atmospheric
temperatures from ERAS (on the left) and WRF (on the right). The boxes delimit the close-up views over the farm shown on the bottom panels, with high columns
outlined by coloured contour lines superimposed on visible imagery from Google Maps. The numbered arrows point to specific activities described in the text.

Fig. 8. () Initial NH; columns (in molec cm~2) retrieved from HyTES measure-
ments performed on 2 July 2023 at 10:22 (see Fig. 6b) and (b) after gridding
and interpolation over the selected area. The white contour line represents the
plume mask within which M, is estimated.

always consistent with the trajectory of the plumes. This is likely due
to local turbulence not captured in the coarse model outputs and their
uncertainties. Similar discrepancies are seen with the WRF model (see
Appendix C). We finally note that the number of disregarded low-
sensitivity observations decreases over time, as the average TC (also

indicated at the bottom of each panel) gradually increases from 5.6 to
9.0 K due to increased surface heating.

The gridded NH; column distributions (see next section) retrieved
for all the tracks considered in this study and using both atmospheric
models are available in Appendix C. The upper panels of Fig. 7 show
the average distributions of these columns over a small area centred on
the farm, after smoothing the 69 individual maps. The aforementioned
anomalously low observations directly over the barn were discarded
and filled through interpolation. Only grid cells with at least two
measurements are displayed. Both distributions, retrieved using (a)
ERAS and (b) WRF data, are similar, with global averages of 3.2 x 1013
and 2.7 x 10" molec cm™2, respectively and show a pronounced NHg
hotspot over the farm. In the close-up views shown in the lower panels
of Fig. 7, we find average values up to 2 x 10'® moleccm™2 over the
lagoons and adjacent to the barns, indicating that they are the main
source of NH; emissions from the farm.

The numbered arrows in Fig. 7c indicate specific features: (1) the
lagoon where the hardest fraction of the digestate is stored, forming a
thick dry crust that prevents NH; emissions; (2) the lagoon containing
pure digestate, which emits NH3; (3) the lagoon where slurry and di-
gestate are mixed daily, resulting in the highest observed NH; columns;
(4) the lagoon containing olive pomace, used in the anaerobic digestion
process, from which no NH; emissions are detected; (5) the poultry
litter storage area, which accounts for localized NH; hotspots.
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4. Estimation of NH; fluxes

4.1. Methodology

NH; fluxes were estimated as summarized in the right part of Fig.
2, based on a box model, linking emissions E to the total enhancement
mass M, inside a fixed box and the atmospheric lifetime of the species
T as
_ Mot

T

E ®

This model is commonly used for retrieving emissions of NH; and CH,
from satellite data (Van Damme et al., 2018; Evangeliou et al., 2021;
Jacob et al., 2022). For the box, we considered a circular area with a
radius of 500 m centred on the farm.

To calculate the total mass, the Cyy, distributions were interpo-
lated on a uniform grid of the same spatial resolution as the native
measurements. The original data contain many gaps, either because
of the post-filter or because the measurement track did not cover the
entire area. Gaps smaller than 4 x 4 pixels were interpolated from
neighbouring observations, while larger gaps were set to 0 moleccm™2,
with a high associated uncertainty, as explained in Appendix A. As
mentioned in Section 3.2, unreliable pixels were observed directly over
the barns. They were also removed and interpolated from neighbouring
pixels. Only tracks covering at least 60% of the circular area were
considered when calculating the total mass. Fig. 8 shows an example
(a) before and (b) after gridding and interpolation. The gridded column
distributions were then converted into mass distributions by accounting
for the surface area of each pixel and the molar mass of NH;. M, was
obtained by summing the individual masses inside a plume mask. This
plume mask was built from the HRI distributions previously gridded
and smoothed, and selects pixels with an HRI > 0.7. It is shown in Fig.
8b as a white contour.

To calculate the emissions following Eq. (8), an estimate of the
atmospheric lifetime is required. The lifetime of NH; is typically of the
order of hours due to chemical losses and deposition (Dammers et al.,
2019; Xie et al., 2024). However, when a fixed area is concerned, trans-
port out of the box must also be considered. The lifetime associated
with this transport can be calculated as (Jacob, 1999)
Tout = 2’

w
where D = 500 m and W is the 10-m wind speed derived from ERA5
reanalysis or WRF model, depending on which dataset was used to
retrieve Cyy,. This value was calculated for each observation track,
resulting in a 7., ranging from 1 to 9 min. As this is much smaller than
the lifetime due to other sinks, it dominates the loss processes within
the considered area, and we set 7 = 7,,;. Note that this short lifetime

©)]

is consistent with the variability observed in Fig. 6 for measurements
taken 5-10 min apart.

For the reference example discussed in Section 3, following Eq. (8)
and the uncertainty estimates from Appendix A, we obtain

603 +153 g

— = "5 _ -1

FErpas = R0 I57s 22+13gs™! and 10$)
593:145g o,

EWRF = m =71 121 gs (11)

depending on the atmospheric model used. The discrepancy between
the two estimates is mainly due to the difference in wind speed,
estimated at 1.8 ms~! with the ERAS5, and at 6.0 ms~' with the WRF
model.

Atmospheric Environment: X 29 (2026) 100395

4.2. Results

The same procedure was used to derive emission fluxes for each
aircraft overpass. The results (M,,; and E) are displayed in Fig. 9 for
the 69 tracks, together with the air temperature, the average median
brightness temperature over the farm, the relative humidity, and the
wind speed. The air temperatures at 300 m from the WRF model (blue
dots) are typically higher by 1-3 K than those from ERA5 (green dots),
thus leading to lower TCs. This implies lower SFs and slightly higher
columns. The retrieved total masses of NHg, displayed in blue in row
(d) of the figure, are on average 37 g higher than those retrieved
using ERA5 data (in green), with the largest differences occurring on
2 July. For the same reason, the uncertainties associated with M, are
generally higher for the results derived with the WRF model.

From Fig. 9a, we see that the TC follows its typical diurnal cy-
cle (Di Gioacchino et al., 2024), increasing in the morning, reaching
a maximum between 11:00-14:00, and dropping off thereafter. The
relative uncertainties on NH; columns (and M,,; and E) are larger
in the morning when the TC is smaller. This is particularly visible
in the data measured on 26 June. Note that low TCs result in more
pixels being filtered out, and as the entire track is discarded when less
than 60% of coverage is attained, some distributions do not have an
estimated total mass estimate (e.g., between 10:00 and 11:30 on 2 July
for the WRF model).

Row (c) of Fig. 9 illustrates the large differences in 10-m wind
speeds between the two models. Wind speed strongly influences the
calculation of emission fluxes through Eq. (9). Consequently, since
the winds estimated from the WRF model are generally higher, the
resulting emissions are higher even though the total masses are similar,
as can be seen in rows (d) and (e). The average difference between M,
estimated using ERA5 and WRF data is 13%, whereas the difference
in emissions exceeds 90% for certain overpasses. This discrepancy
highlights the strong sensitivity of the results to the wind data. Beyond
the uncertainty in the wind fields themselves, our flux calculation relies
on the simplified assumption of uniform transport, where the NH;
lifetime within the box is governed solely by horizontal advection.
This approach neglects non-uniform wind fields, wind shear, and local
turbulence, which cannot be properly resolved by the ERA5 and WRF
models used here, whose spatial resolutions are too coarse (31 and
3 km, respectively). Alternative approaches, such as combining the
airborne data with in situ wind measurements at the farm or using
plume geometry to estimate the effective transport speed, could be
considered in future campaigns.

While the observed NH; plumes vary greatly from one overpass to
the next, overall we observe a rather smooth intra-day evolution of the
NH; emissions, especially for the first three days with values ranging
from 0.1 to 2.3 gs~! using ERA5 data and from 0.3 to 4.9 gs~! using
WRF model. This consistency indicates that measurement noise is not
the main driver of uncertainty. On the 26th and 27th, emissions are
higher in the early morning than later in the day. Two factors could
explain this. First, it was shown that morning dew evaporation can be
a strong source of NH; (Wentworth et al., 2016). Second, according
to information obtained directly from the farm operator, animal slurry
is mixed each morning with digestate from the biogas tank to initiate
anaerobic fermentation (in the lagoon pointed by the number 3 in Fig.
7¢), which promotes NH; volatilization. The last two days show larger
emissions, ranging from 1.3 to 5.4 gs~! and from 7.1 to 13.5 gs~!,
depending on the meteorological data used. As mentioned above, this
large difference can be explained by the differences in wind speed.
Additionally, based on information provided by the farmer after the
campaign, digestate was applied to a nearby field on 2 July. During
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with their associated uncertainty. Green dots represent data derived from ERA5, and blue dots represent data from the WRF model. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Table 2

Atmospheric Environment: X 29 (2026) 100395

Comparison of livestock NH; emission factors (EF) with literature data from the past decade. EF are expressed per head (hd), except those marked * (per Livestock
Unit, LU) and ** (per Animal Unit, AU). The unit “head” refers to an individual animal, while LU and AU are standardized reference units that account for animal
type, size, and production level, and their exact definitions vary between regions and applications. For adult cattle, 1 hd ~ 1 LU ~ 1 AU is generally a reasonable

approximation (USDA, NRCS, 2003; Benoit and Veysset, 2021).

Reference Facility Location Season Type NH; EF
(ghd”'h1)
Wang et al. (2016) Barns Washington, USA Summer Dairy 0.9%*
Hacker et al. (2016) Open lot with piles Victoria, Canada Winter, spring Beef 9.7
Hempel et al. (2016) Barns Germany All seasons Dairy 1-8*
McGinn et al. (2016) Open lot with piles Alberta, Canada Summer, autumn Beef 3.5
Rzeznik et al. (2016) Barns Poland Spring, summer, winter Dairy 0.8 + 0.4*
Yang et al. (2016) Open lot Jing-Jin-Ji, China All seasons Beef 2.1-2.4
Open lot Jing-Jin-Ji, China All seasons Dairy 5.1-5.8
Kille et al. (2017) Open lot with lagoons Colorado, USA Summer Beef 12.0 + 2.8
Open lot with lagoons Colorado, USA Summer Dairy 11.4 + 3.5
McGinn and Flesch (2018) Open lot with piles Alberta, Canada Summer, autumn Beef 4.2-49
Schmithausen et al. (2018) Barns Germany All seasons Dairy 0.8-1.3*
Voglmeier et al. (2018) Grazed pasture Switzerland Summer, autumn Dairy 0.64-1.07
Shonkwiler and Ham (2018) Open lot Colorado, USA Summer Beef 33+16
Shi et al. (2019) Barns China Summer Dairy 0.6-1.7**
Zou et al. (2020) Barns Tianjin, China Summer Dairy 1.0-2.4*
Golston et al. (2020) Open lot with lagoons Colorado, USA Summer Beef 2.27 + 0.23
Open lot with lagoons Colorado, USA Summer Dairy 5.33 + 0.49
Wu et al. (2020) Barns Beijing, China Spring Dairy 0.2%*
Grant et al. (2020) Open lot with lagoons Texas, USA All seasons Dairy 3.4
Liao et al. (2021) Barns with lagoons Zhangjiakou, China Summer, winter Dairy 3.9-7.7
Mazur et al. (2021) Barns Poland Summer Dairy 1.5-2.8*
Goossens et al. (2022) Barns Belgium All seasons Beef 0.4-3.9
Yang et al. (2022) Barns with piles Beijing, China All seasons Dairy 0.6-4.3
Vechi et al. (2023) Open lot with lagoons California, USA Spring to autumn Dairy 16.8 + 5.5
Shi et al. (2023) Barns China Winter Dairy 0.6-1.4**
Mei et al. (2023) Open lot with piles Beijing, China Summer Dairy 4.1 + 1.0
Open lot with piles Beijing, China Winter Dairy 34+11
McCabe et al. (2023) Open lot with lagoons Colorado, USA Autumn Mixed 13 +2
Juncosa Calahorrano et al. (2023) Open lot with lagoons Colorado, USA Summer Beef 4-29
Valach et al. (2023) Barns Switzerland Autumn, winter Dairy 0.9 + 0.4*
Tabase et al. (2023) Barns Norway Spring, autumn, winter Dairy 1.9*%
Wang et al. (2024) Open lot with piles Victoria, Australia All season Beef 6.7
Mellqvist et al. (2024) Barns Denmark Autumn Dairy 2.5 + 0.9*
Open lot California,USA Autumn Dairy 6.8*
EDGAR, Banja and Crippa (2020) Barns with lagoons Italy All seasons Dairy 5.8
Barns with lagoons Italy All seasons Beef 2.5
ISPRA (2025) Barns with lagoons Italy All seasons Dairy 8.1
Barns with lagoons Italy All seasons Beef 3.6
This study - ERA5 Barns with lagoons Tuscany, Italy 29 May Mixed 29+ 1.1
25 June 3.2+ 20
26 June 5.0 + 3.5
27 June 129 £ 7.9
2 July 18.1 + 15.9
This study - WRF Barns with lagoons Tuscany, Italy 29 May Mixed 56 + 1.7
25 June 6.5 + 3.5
26 June 7.4 + 4.5
27 June 42.5 + 12.6
2 July 59.0 + 42.1

such operations, the contents of the lagoon (number 2 in Fig. 7c) are
stirred to ensure proper mixing of solid and liquid components, which
agitates the surface and enhances NH; volatilization. Such disturbances
are well-known to give rise to sharp emission peaks (Kupper et al.,
2020; Leytem et al., 2018).

It is widely established that NHj volatilization, also from lagoons,
is greatly influenced by meteorology, especially wind and tempera-
ture (Hristov et al., 2011; Behera et al., 2013; Sommer et al., 2022).
However, we observed no such correlations here, likely due to the
limited range of weather conditions during the measurement period
and the fact that all measurements took place between 10:00 and 16:15.
In particular, meteorology cannot explain the observed morning peaks,
nor the large emissions observed on 29 June and 2 July, even allowing
for errors in the model data. Thus, we conclude that specific farming
activities drove variations in the observed emission fluxes.

11

4.3. Literature comparison

Normalizing the estimated total farm fluxes by the number of ani-
mals on site (600 heads), we obtain day-average emission factors (EF)
per head (hd) ranging from 3 to 7 ghd™'h~! for the first three days
and from 13 to 59 ghd~' h~! for the last two days. Average day values
and their uncertainties are listed in Table 2 for both meteorological
datasets.

The table also summarizes livestock NH; EFs from cattle farms
reported in the literature since 2016. Reported values range from 0.2 to
16.8 ghd~! h~!, with one outlier reporting emissions up to 29 ghd~' h~!,
Apart from differences in testing methodology, the large range results
from local differences in housing and manure handling, the tempo-
ral coverage of the measurements, meteorology, type of cattle and
their diet. Several studies do not include emissions from manure after
collection (in manure piles or lagoons).
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Table 2 also presents average emission rates used by the Emissions
Database for Global Atmospheric Research (EDGAR) bottom-up inventory
for Italy and the Italian Institute for Environmental Protection and Re-
search (ISPRA). Both use the official calculation methodologies from the
European Environment Agency (European Environment Agency, 2023)
and include emissions from grazing, livestock housing, and manure
storage. The ISPRA EFs, 3.6-8.1 ghd™' h™!, apply specifically to Italian
barns with manure stored in lagoons, and should therefore represent
the closest point of comparison. Lagoons account for about 50% of the
ISPRA emissions, consistent with the high NH; concentrations observed
here over the lagoons. The emissions of 3-7 ghd™' h™! measured on the
first three days are fully in line with the ISPRA values, in contrast to the
much higher emissions seen on the last two days (12.9-18.1 ghd™' h™!
for ERA5 and 42.5-59.0 ghd~'h~! for WRF). It should be empha-
sized that the ISPRA fluxes represent all-year averages, including all
seasons and all hours of the day. By contrast, the measurements in
this study represent snapshots in time, during summer daytime hours
(10:00-16:00), when temperatures and, consequently, emissions are
at their peak (Yang et al.,, 2022; Wang et al., 2024). Note also that
the fluxes on 2 July include emission sources from nearby fields (see
Section 3.2, Fig. 6).

5. Conclusions

Despite the recognized importance of monitoring atmospheric NHj,
detailed observational studies at the farm level remain scarce, limiting
the development of effective mitigation strategies. This study represents
the first quantification of NH; emissions from a livestock farm using
airborne hyperspectral LWIR imaging spectroscopy. The technology
uniquely allows for mapping NH; over large areas at high spatial
resolution, from which emissions can be inferred using a simple yet
robust box model.

The NH; distributions revealed highly variable and fine-scale plume
features, with rapid temporal changes. In around fifty aircraft over-
passes over three days, day-average emissions varied from 3 to
7 ghd™' h~!. These numbers are in line with emission factors reported
in the literature. Stronger emissions were observed on two other days,
with an average of 29 + 22 ghd~! h~!, suggesting that on-farm activities,
rather than meteorological conditions, were the primary drivers of
the strong temporal variability. The main sources of uncertainty were
identified as instrument noise and resolution (via the HRI), as well as
knowledge of wind speed and thermal contrast.

It should be stressed again that the HyTES measurements anal-
ysed here were recorded during a campaign primarily designed to
support the forthcoming LSTM mission. Thus, several aspects were
not optimized for NHj flux quantification. Based on our experiences,
recommendations for future dedicated campaigns include:

» To avoid problems with partially covered scenes, the airborne
measurements should extend over an area of at least 500 m around
the farm, but preferably up to 1 km.

To complement meteorological model data, wind speed, wind
direction, air temperature, and humidity should be measured at
multiple locations on and around the farm to better constrain NH;
columns and fluxes.

To investigate meteorological influences on NH; emissions, mea-
surements should cover several seasons and a large part of the
diel cycle.

To better analyse and interpret the results, a detailed journal
should be maintained to document, in particular, animal num-
bers, lagoon status, and manure-handling operations before and

during the measurement period.
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« If there is flexibility on the farm location, farms that are sur-
rounded by bare fields should be targeted, as forests and crop
fields reduce thermal contrasts and thus measurement sensitivity.
For this reason, early spring before crop growth will generally
offer the best measurement conditions (Di Gioacchino et al.,
2024).

The main disadvantages of hyperspectral imaging onboard aircraft
are related to the cost of the instrument and its maintenance, the cost
of the flights, and the logistics associated with organizing aircraft mea-
surements (the availability of a nearby airport, flight permits, weather
conditions, etc.). Hyperspectral infrared sounders onboard satellites
currently lack the required spatial resolution to replace such aircraft
measurements. However, it has been shown that a satellite sounder
concept like Nitrosat (ESA, 2023), measuring NH; at a resolution of
0.5 km?, is within current technological capabilities. While its resolu-
tion is much coarser than the measurements presented here, a single
measurement would still be smaller than the size of the box model used
0.8 kmz), therefore enabling the inference of fluxes from individual
livestock farms worldwide.
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Fig. 10. (a) The averaged observed spectrum from the plume shown in
Fig. 4 is displayed in blue; the calculated spectrum is shown in red. The
equivalent spectrum calculated without NH; is shown with a dotted line. (b)
The difference between these spectra is shown in black, and the NH; spectral
contribution is shown in green. (For interpretation of the references to colour
in this figure legend, the reader is referred to the web version of this article.)

Appendix A. Uncertainty budget of NH; emissions

As explained in the main text, NH; columns Cyy, were estimated us-
ing Eq. (4). Uncertainties on the retrieved columns can be obtained via
propagation of the uncertainties oyr; and ogp associated respectively
with the HRIs and the SFs (Clarisse et al., 2023):

dCxm. \ 2 9CNm. \ 2
2 _ 3 2 3 2
’c = < OHRI > %irr ( OSF > 7sF (12)
2
1\2 , acNH3 )
= <§) Oqrr < Fite (e 13)

Here, we used the fact that the SFs only depend on the TCs. By
definition oyg; = 1. We set op¢ = 1 K to reflect the random uncertainty
associated with the TC calculation; the systematic component is added
later.

To obtain total masses, NH; column distributions were gridded, and
small gaps were interpolated using neighbouring points. The associated
uncertainties were interpolated in the same way, and empty pixels were
assumed to have an uncertainty of 6. = 1 x 10'° moleccm™2. The pixel
uncertainty on the column o was converted to a pixel uncertainty on
the mass o), by accounting for the surface area of each pixel and the
molar mass of NH;. The uncertainty on the total mass was calculated
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as
2 2
Mo = Z oM,
1
The first term is the sum in quadrature of the individual pixel uncertain-
ties, assuming uncorrelated random errors. The second term represents
the systematic component, i.e., biases related to the instrument (affect-
ing T;), the meteorological data (affecting 7,;.), and the use of a fixed
NH; vertical profile (which affects the TC as well). We assume such a
bias to be of the order of 2 K on the TC. Its effect on the total mass
AM,, was estimated by repeating the retrieval process for each scene

with the TC augmented by 2 K. This approach avoids the need to model
the correlations between systematic uncertainties on an individual pixel

2
+AM,.

14)

basis.
The uncertainty on the lifetime o, was estimated as

D

O—Tout = m ow> (15)

with oy, the uncertainty on wind speed, which was set to 1 ms~! (the
standard deviation of the wind speed differences between the ERA5 and
WRF model is 0.9 ms™1).

Finally, the uncertainty on the emissions o was calculated from
Eq. (8) using propagation of uncertainties on M,y and

2 2
5 OE 5 0E \* ,
_ + 16
%E < OM o ) Mo ( OTout 7tou (16

1 2

— 2 2 2

- (T ) (o3 + E202,)- a7
out

Appendix B. Evaluation of the NHj retrieval using the optimal
estimation method

Optimal estimation is a retrieval technique that derives atmospheric
parameters (in this case, the NH; column) by iteratively adjusting
an atmospheric model and associated spectrum, while minimizing the
departure from the a priori atmospheric model and the difference
between the observed and calculated spectra (Rodgers, 2000). In this
study, we fitted the average of 25 spectra measured inside the plume
shown in Fig. 4, using the same atmospheric conditions (temperature,
pressure, trace gas profiles) as those defined in the main manuscript
for the setup of the LUTs (from the ERAS5 data). The fitting process
was performed using Atmosphit. The NH; variance was set to 1000%
for an almost unconstrained retrieval, and the variance of the other
retrieved parameters (total columns of water vapour (H,0), carbon
dioxide (CO,), ozone (O53), and surface temperature) was set to 30%.
Fig. 10 shows the observed spectrum (blue) and the fitted spectrum
(red). The difference between these two (the residual, shown in black
in panel (b)) has a root mean square (RMS) of 0.11 K. The NHjy
contribution, shown in green, amounts to 0.7 K and 0.85 K around
930 cm™! and 966 cm~!. The NH; column retrieved from the fit is
7.0+ 0.1 x 10'® molec cm™2, whereas the average NH; column retrieved
with the HRI-based approach is 5.8 + 0.5 x 10'® molec cm~? using ERAS
data and 5.7 + 0.5 X 10'® molec cm~2 using the WRF model.

Appendix C. Evolution of NH; columns distributions

Each figure of this section shows, superimposed on satellite visible
imagery from Google Maps, the evolution of Cyy, (in x10'® molec cm™)
retrieved over a fixed area centred on the farm of interest. The figures
display results derived from ERAS (left panels) and WRF model (right
panels), after gridding and interpolation. The wind direction is illus-
trated at the top right of each panel. The average 10-m wind speed W,
thermal contrast TC, total mass of NH; M, and emissions fluxes E
estimated over the area are indicated at the bottom, where available.
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Data availability

HyTES airborne data are available online: https://hytes.jpl.nasa.
gov/order.
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