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 27 

Abstract 28 

Atmosphere ammonia (NH3), primarily emitted from agriculture, poses 29 

significant threats to ecosystems, climate, and human health through nitrogen 30 

deposition and secondary aerosol formation. NH3 flux estimates remain highly 31 

uncertain due to limited direct observations and complex emission–deposition 32 

processes. Here, we estimated NH3 fluxes over the contiguous United States using 33 

satellite observations from the Infrared Atmospheric Sounding Interferometer (IASI, 34 

2008–2022) and Cross-track Infrared Sounder (CrIS, 2012–2022). By applying a 35 

directional derivative approach, we minimized the impact of offsets in satellite-derived 36 

vertical column densities. Our results highlight major agricultural emission hotspots, 37 

including the San Joaquin Valley in California, the Snake River Valley in Idaho, the 38 

Texas panhandle, the Great Plains, Southeastern Pennsylvania, and Eastern North 39 
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Carolina. NH3 removal was predominantly driven by deposition near source areas 40 

rather than chemical transformation, with strong sinks in vegetation-dense regions 41 

such as forests, grasslands, shrublands, and wetlands. Seasonal flux variations 42 

showed peaks in warm months and lower values in winter, driven by temperature-43 

dependent volatilization from livestock production and fertilizer application. Satellite-44 

based estimates aligned well with bottom-up inventories, effectively capturing spatial 45 

and seasonal patterns while revealing additional insights into key flux hotspots and 46 

peak seasons. CrIS consistently reported higher fluxes than IASI, especially in spring, 47 

reflecting differences in their overpass times. Combining IASI (morning overpass) and 48 

CrIS (midday overpass) observations enables a better understanding of diurnal NH3 49 

flux dynamics. These findings provide critical insights into NH3 spatiotemporal 50 

variabilities, complementing inventory-based approaches and informing nitrogen 51 

management and environmental policy, particularly in regions with limited ground-52 

based monitoring. 53 

1. Introduction 54 

Atmospheric NH3 is the most abundant alkaline gas (Asman et al., 1998; Sutton 55 

et al., 2020), and a major component of reactive nitrogen (Galloway et al., 2004). It is 56 

removed primarily through two pathways: deposition and chemical transformation. 57 

Deposition occurs when atmospheric NH3 is taken up by surfaces via dry or wet 58 

processes near its emission sources. Chemical removal involves reactions with sulfuric, 59 

nitric, and hydrochloric acids (Loubet et al., 2009), forming particulate ammonium 60 

(NH4
+) and secondary pollutants (Behera and Sharma, 2010; Wang et al., 2015). 61 

Global NH3 emissions have more than doubled since pre-industrial times (Galloway et 62 

al., 2003), driving a cascade of environmental consequences. NH3 deposition and its 63 

secondary chemical products contribute to ecosystem eutrophication and soil 64 

acidification, disrupting natural nutrient cycles and reducing biodiversity (van Breemen 65 

et al., 1982; Heil and Diemont, 1983; Sutton et al., 2008). These processes degrade 66 

air quality, threaten human health (Ma et al., 2021), and influence climate through 67 

radiative forcing alterations (Erisman et al., 2013; Gong et al., 2024). 68 

NH3 is emitted from various sources, including domestic animals (40%), 69 

synthetic fertilizers (17%), biomass burning (11%), natural sources (19%), crops (7%), 70 

and humans and pets (5%) (Bouwman et al., 1997). However, large-scale ground-71 

based measurements of NH3 emissions are sparse due to the challenges associated 72 

with accurately capturing gaseous NH3. Observations of NH3 fluxes are further 73 

constrained by its sharp spatial gradients and short tropospheric lifetime, typically of 74 

only a few hours (Adams et al., 2019; Wang et al., 2023). Regional and global NH3 75 

fluxes are often estimated using bottom-up approaches that rely on emission factors 76 

and spatial allocation of NH3-emitting activities (Liu et al., 2022). However, these 77 

estimates have large uncertainties, reaching up to 50% (Bouwman et al., 1997). A 78 

major source of uncertainty is the lack of reliable statistics on fertilizer use and animal 79 

waste production. Regional variations in agricultural practices complicate scaling local 80 

observations to global estimates (Luo et al., 2022). Further challenges arise from a 81 
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limited understanding of emissions from natural sources and biomass burning 82 

(Dentener and Crutzen, 1994) and the dependence of NH3 volatilization on 83 

environmental conditions (Vira et al., 2022). 84 

Advances in satellite-based atmospheric retrievals have introduced powerful 85 

tools for estimating trace gas fluxes, enabling large-scale investigation of gas 86 

dynamics. For example, the Infrared Atmospheric Sounding Interferometer (IASI) and 87 

the Cross-track Infrared Sounder (CrIS) have identified large NH3 point sources 88 

worldwide that were absent from bottom-up inventories (Van Damme et al., 2018; 89 

Dammers et al., 2019). Chemical transport models (CTMs) have been widely 90 

employed to derive gas fluxes from satellite observations (Cao et al., 2020, 2022; Chen 91 

et al., 2021; Marais et al., 2021). However, the computational demands of running 92 

CTMs at fine temporal and spatial scales pose significant limitations in fully leveraging 93 

the coverage and resolutions of new-generation satellite products. To complement 94 

CTMs, observational-data-driven approaches have been developed to derive gas 95 

emissions directly from satellite Level 2 products. The flux divergence method, for 96 

example, has been used to estimate NOx fluxes (Beirle et al., 2019, 2021). Closely 97 

related to the flux divergence method, the directional derivative approach estimates 98 

fluxes with additional agility (Ayazpour et al., 2024; Sun, 2022) and demonstrates 99 

broad applicability across various atmospheric species and regions (Lonsdale and Sun, 100 

2023). 101 

In this study, we applied the directional derivative approach to estimate NH3 102 

fluxes across the contiguous United States (CONUS). Using observations from two 103 

space-based instruments, IASI and CrIS, we derived top-down NH3 fluxes at fine 104 

spatial (0.1° grid) and temporal (daily) resolutions. This study addresses the following 105 

questions: 1) How accurately can satellite observations from IASI and CrIS be used to 106 

estimate NH3 fluxes? 2) What are the spatiotemporal patterns of NH3 fluxes over the 107 

CONUS? Our findings aim to enhance the understanding of reactive nitrogen cycling 108 

and provide valuable information for environmental and policy applications. 109 

2. Data and Methods 110 

2.1 Data 111 

IASI and CrIS datasets use distinct retrieval approaches, providing two 112 

independent datasets and complementary perspectives for analyzing NH3 flux patterns. 113 

IASI onboard the Metop-A/B/C meteorological payload was launched by the European 114 

Organisation for the Exploitation of Meteorological Satellites (EUMETSAT), starting in 115 

October 2006. Operating in a polar orbit, IASI provides global coverage with two 116 

overpass times daily, morning (09:30 local solar time, LST) and at night (21:30 LST). 117 

The instrument features a circular footprint on ground of 12 km along the satellite track 118 

and a swath width of 2200 km (±48.3°) (Clerbaux et al., 2009). IASI measurements 119 

generate vertical column densities (VCDs) of NH3 using machine learning-based 120 

retrieval algorithms. We utilized daytime (09:30 LST) NH3 VCD measurements over 121 

the CONUS from January 2008 to December 2022. The data was sourced from the 122 

Level 2 reanalysis product of the ANNI-NH3-v4R dataset (Clarisse et al., 2023). 123 
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Additionally, we excluded Metop-A data after 2019 due to a drift in Metop-A’s overpass 124 

time towards the end of its operational life. CrIS is onboard the Suomi-NPP, NOAA-20 125 

and NOAA-21 satellites, with the first instrument launched in October 2011. It also 126 

operates in a polar orbit with two overpass times daily, early afternoon (13:30 LST) 127 

and after midnight (01:30 LST). CrIS features a swath width identical to IASI (2200 km) 128 

and a similar ground pixel resolution (14 km circular pixels at nadir). NH3 VCDs are 129 

generated using the fast physical retrieval (CFPR) approach (Shephard and Cady-130 

Pereira, 2015; Shephard et al., 2020). We used daytime (13:30 LST) NH3 VCDs 131 

measured by CrIS-NPP and CrIS-NOAA-20 over the CONUS for the period from June 132 

2012 to December 2022. The dataset was derived from the Level 2 CrIS NH3 version 133 

1.6.4 product. 134 

We used gridded monthly NH3 emission inventories from the Harmonized 135 

Emissions Component (HEMCO) 3.0 for 2016  with a spatial resolution of 0.1° (Lin et 136 

al., 2021). HEMCO converts publicly available emissions data, such as SMOKE 137 

outputs, into inputs compatible with atmospheric models like GEOS-Chem. The 138 

inventory integrates data from the National Emissions Inventory (NEI) and includes 139 

key NH3 sources such as agriculture, industry, and natural emissions. Comparing 140 

these bottom-up estimates with satellite-derived fluxes provides insights into their 141 

consistency and helps assess the utility of satellite-based estimates. 142 

This study also incorporated additional datasets to support NH3 flux estimation 143 

and analysis. Hourly horizontal wind data at 100 and 10 m above the surface was 144 

utilized to estimate NH3 fluxes from VCD observations. The data was obtained from 145 

the ERA5 reanalysis at a spatial resolution of 0.25° (Hersbach et al., 2020) spanning 146 

2008 to 2022. The 2021 release of the National Land Cover Database (NLCD) with a 147 

resolution of 30 meters was used to analyze the spatial patterns of NH3 fluxes across 148 

different land cover types. Land and water mask data from the North American Land 149 

Data Assimilation System (NLDAS) unified mask were used to exclude water body 150 

data due to the larger noise of the satellite retrievals over these areas. 151 

2.2 NH3 flux estimations 152 

2.2.1 Directional derivative approach 153 

The derivation of emissions (𝐸) from satellite-observed column amounts (𝛺) is 154 

grounded in the principle of mass conservation as in Eq. (1). This approach considers 155 

the physical and chemical processes affecting gas distribution, incorporating horizontal 156 

transport, topography, and chemical transformation. The first term (𝐷𝐷) captures the 157 

role of wind in transporting NH3 horizontally, representing the directional derivatives of 158 

the column amounts (𝛺) with respect to horizontal wind vectors (𝑢⃗  , 100 m winds 159 

sampled from ERA5) within the planetary boundary layer. The second term accounts 160 

for the directional derivatives of the surface altitudes (𝑧0, obtained from Level 2 satellite 161 

data) relative to near-surface wind vectors (𝑢0⃗⃗⃗⃗ , 10 m winds sampled from ERA5), which 162 

is denoted as 𝐷𝐷_𝑡𝑜𝑝𝑜 combined with 𝐷𝐷. This component captures the influence of 163 

terrain on NH3 movement. For example, variations in elevation can create localized 164 

gradients that resemble NH3 fluxes. The third term reflects chemical interactions 165 
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between NH3 and atmospheric acids, resulting in the formation of particulate matter, 166 

and is referred to as 𝐷𝐷_𝑐ℎ𝑒𝑚 along with the other terms. The full derivation of Eq. (1) 167 

is detailed in Sun (2022) and further explained by Ayazpour et al. (2024).  168 

 169 

                                   (1) 170 

 171 

Here 𝑋 and 𝑘 represent the inverse scale height and inverse chemical lifetime, 172 

in which scale height represents the characteristic height of the species’ vertical 173 

distribution, and chemical lifetime represents the average time before the species 174 

being removed by chemical reactions. ⟨ ⟩  denotes the spatiotemporal averaging 175 

operator already implemented in the physical oversampling framework (Sun et al., 176 

2018). This method leverages the spatial variability of individual orbits and the data 177 

record to reduce noise and smooth spatial gradients in the gridded product. We 178 

employed the oversampling approach to aggregate Level 2 satellite data into a gridded 179 

Level 3 product at a 0.1° resolution on a daily scale. Data from IASI and CrIS were 180 

treated separately, but when multiple IASI and CrIS instruments were available on the 181 

same day, their data were merged together. Each Level 2 pixel was inflated spatially 182 

by a factor of 2 along both the major and minor axes of the ellipses, effectively filling 183 

observational gaps and reducing noise. By smoothing spatial gradients, this method 184 

enables the generation of a more continuous and representative Level 3 NH3 product. 185 

To estimate gas flux, the inverse scale height (𝑋) and inverse chemical lifetime 186 

(𝑘 ) were determined using a linear regression approach. At locations where the 187 

emission term (𝐸) was negligible compared to other terms (< 1 × 10−9 mol m−2, Fig. 188 

S1), Eq. (1) can be reformulated into a multilinear regression model by omitting the 189 

emission term: 190 

⟨𝑢⃗  ∙ (𝛻𝛺)⟩ = 𝛽0 + 𝛽1⟨𝛺𝑢0⃗⃗⃗⃗ ∙ (𝛻𝑧0)⟩ + 𝛽2⟨𝛺⟩ + 𝜀                           (2) 191 

Here 𝛽1  corresponds to the negative inverse scale height ( −𝑋 ), and 𝛽2 192 

represents the negative inverse chemical lifetime (−𝑘). The 𝛽0 and 𝜀 account for the 193 

offset and random error, respectively, in the 𝐷𝐷 term ⟨𝑢⃗  ∙ (𝛻𝛺)⟩.   194 

We conducted a two-step fitting process to estimate NH3 fluxes over the 195 

CONUS (Lonsdale and Sun, 2023). The first fitting step focused on 𝛽1 since the fitting 196 

results for 𝛽2  are usually noisy. This fitting was limited to rough terrains with 197 

0.001 𝑚 𝑠−1 < ⟨𝑢0⃗⃗⃗⃗ ∙ (𝛻𝑧0)⟩ < 0.1 𝑚 𝑠−1. Once 𝛽1 was determined and then fixed, and 198 

the second step focused on 𝛽2. This step was conducted in flat terrains with moderate 199 

NH3 column amounts and minimal NH3 emissions to isolate chemical transformation. 200 

To address the challenges associated with a low signal-to-noise ratio, the fitting was 201 

performed over extended time intervals. Daily flux components, including ⟨𝑢⃗  ∙ (𝛻𝛺)⟩,  202 

⟨𝛺𝑢0⃗⃗⃗⃗ ∙ (𝛻𝑧0)⟩ and ⟨𝛺⟩, were first calculated at a spatial resolution of 0.1°. These values 203 

were then aggregated into six-month intervals for IASI and four-month intervals for 204 

CrIS, striking a balance between temporal resolution and noise reduction. 205 
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2.2.2 Uncertainty analysis 206 

To estimate the uncertainty in 𝐷𝐷, we calculated directional derivatives in both 207 

the zonal/meridional directions (𝑥 /𝑦 ) and the diagonal directions (𝑟 /𝑠 ). The final 𝐷𝐷 208 

value was determined as the mean of the directional derivatives calculated along the 209 

𝑥 /𝑦  and 𝑟 /𝑠  directions: 210 

𝐷𝐷 = 𝑚𝑒𝑎𝑛(𝐷𝐷𝑥 /𝑦⃗   , 𝐷𝐷𝑟 /𝑠 )                                      (3) 211 

𝐷𝐷𝑥 /𝑦⃗ = 𝑢⃗  ∙ (𝛻𝛺)𝑥 /𝑦⃗ = 𝑢𝑥
𝜕𝛺

𝜕𝑥
+ 𝑢𝑦

𝜕𝛺

𝜕𝑦
                                (4) 212 

𝐷𝐷𝑟 /𝑠 = 𝑢⃗  ∙ (𝛻𝛺)𝑟 /𝑠 = 𝑢𝑟
𝜕𝛺

𝜕𝑟
+ 𝑢𝑠

𝜕𝛺

𝜕𝑠
                                (5) 213 

The difference between 𝐷𝐷𝑥 /𝑦⃗  and 𝐷𝐷𝑟 /𝑠  was used to estimate the random 214 

errors (𝜎) of 𝐷𝐷:  215 

𝜎 = [𝑠𝑡𝑑(𝐷𝐷𝑥 /𝑦⃗ − 𝐷𝐷𝑟 /𝑠 )]/2                                      (6) 216 

We evaluated NH3 fluxes at multiple spatial resolutions, including 0.2°, 0.1°, and 217 

0.04°. Consistent spatiotemporal patterns were observed across all grid scales (Fig. 218 

S2). A resolution of 0.1° was selected as the optimal balance, ensuring sufficient data 219 

coverage while effectively capturing spatial gradients in NH3 fluxes (Wang et al., 2023). 220 

2.3 Spatiotemporal pattern analysis 221 

To analyze the spatial patterns of NH3 fluxes, we focused on the period from 222 

September 2019 to April 2021. This timeframe was selected because both IASI and 223 

CrIS observations of NH3 VCDs provided the most extensive data coverage, enabling 224 

a more reliable comparison between the two datasets. We also compared the spatial 225 

patterns of satellite-based NH3 fluxes with bottom-up inventory NH3 emissions and 226 

land cover types. This comparison allows us to evaluate the consistency of satellite-227 

derived flux estimates with known NH3 sources and their relationship to land use and 228 

vegetation cover. 229 

For the temporal pattern analysis, we utilized the full observational periods of 230 

the datasets: January 2008 to December 2022 for IASI and June 2012 to December 231 

2022 for CrIS. This extended temporal coverage allows for a comprehensive 232 

understanding of NH3 flux trends over time. To analyze the temporal patterns of NH3 233 

emission/deposition rates across high-flux regions, we calculated regional 234 

emission/deposition rates by spatially integrating the fluxes within the source/sink 235 

areas of each region. We examined the seasonal patterns of NH3 emission/deposition 236 

rates in both source and sink areas. These areas were defined based on the 237 

uncertainty in 𝐷𝐷 quantified in Eq. 6. We classified locations where both IASI- and 238 

CrIS-derived NH3 fluxes exceeded 2𝜎 as source regions and locations with both fluxes 239 

lower than −2𝜎 as sink regions. Additionally, we investigated the seasonal variations 240 

in NH3 emission/deposition rates derived from IASI and CrIS observations. These were 241 

compared with seasonal signals in inventory data to evaluate the consistency between 242 

top-down and bottom-up approaches. 243 
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3. Results 244 

3.1 NH3 flux estimation 245 

In this study, we used the 𝐷𝐷_𝑡𝑜𝑝𝑜 term as our estimate for NH3 fluxes, and the 246 

chemical loss term (𝑘⟨𝛺⟩) was excluded due to its negligible contribution and poor 247 

fitting performance. Specifically, the derived 𝑘  values and its fitting R2 were 248 

consistently near zero, indicating minimal contribution of chemical loss for the overall 249 

fluxes (Fig. S3). In contrast, the wind-topography term ⟨𝛺𝑢0⃗⃗⃗⃗ ∙ (𝛻𝑧0)⟩ proved essential 250 

for addressing topographic biases in mountainous regions (Fig. S4). Estimated NH3 251 

scale heights generally ranged from 1 to 2 km (Fig. S5), approximating the planetary 252 

boundary layer height. Higher scale heights were observed when only one IASI 253 

instrument was operational as well as during winter months in CrIS data, possibly due 254 

to weak thermal contrast.  255 

Fig. 1 shows the random errors, estimated through Eq. 6, in IASI- (a) and CrIS-256 

based (b) fluxes over the CONUS from 2019 to 2021. These random errors were 257 

calculated separately over monthly, annual, and total aggregated flux fields and plotted 258 

against the mean coverage of Level 2 pixels used in the aggregation. These mean 259 

coverage values were denoted by 𝑁 and roughly correspond to the number of satellite 260 

overpasses. Both IASI and CrIS observations demonstrated improved precision (lower 261 

random errors) with increasing data coverage. The black lines in Fig. 1 represent the 262 

theoretical scaling relationship, 𝜎 = 𝜎0 /√𝑁 , where 𝜎0  is the scaling factor derived 263 

from the random errors of the monthly values: 264 

𝜎0  = 𝑒𝑥𝑝(𝑚𝑒𝑎𝑛(𝑙𝑜𝑔(𝜎𝑖)) + 0.5 ⋅ 𝑚𝑒𝑎𝑛(𝑙𝑜𝑔(𝑁𝑖)))                         (7) 265 

where 𝜎𝑖  and 𝑁𝑖  represent the random errors and mean Level 2 data coverage for 266 

month 𝑖. If the random errors across different aggregation levels align with the 1/√𝑁 267 

scaling, it suggests that the random errors are independent and random. This 268 

alignment in Fig. 1 highlights the importance of extensive spatial and temporal 269 

coverage for reliable flux estimation. Additionally, the intercept of the black line with 270 

the vertical line at 𝑁 = 1 provides the theoretical precision (𝜎𝟎) of flux estimated by a 271 

single, gap-free overpass of the satellite instrument. IASI showed slightly better single-272 

overpass precision at 1.5×10−8 mol m2 s-1 for IASI, compared with 1.7×10−8 mol m2 s-273 
1 for CrIS. However, the random errors are generally lower for CrIS when aggregated 274 

to the same intervals due to its denser Level 2 coverage than IASI. 275 
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  276 

Figure 1. The relationship between random error (𝜎) and data coverage (𝑁) for IASI 277 

(a) and CrIS (b) records. Dots represent random errors at various aggregation levels 278 

(monthly, annual, and total). The black lines represent the theoretical scaling 279 

relationship, 𝜎 = 𝜎0 /√𝑁, where 𝜎0 denotes the single-overpass precision. 280 

3.2 Spatiotemporal pattern of NH3 flux over the CONUS 281 

IASI and CrIS observations exhibited consistent hotspot regions in NH3 VCDs 282 

and fluxes (Fig. 2). Spatially continuous hotspots included the San Joaquin Valley in 283 

California, the Snake River Valley in Idaho, the Texas panhandle and the Great Plains 284 

(Fig. 4-7), all regions known for intensive livestock production and high nitrogen 285 

fertilizer use (Liu et al., 2019). Discrete NH3 emission hotspots also occurred in the 286 

eastern United States, notably in Southeastern Pennsylvania and Eastern North 287 

Carolina (Fig. 8, 9), where concentrated animal feeding operations (CAFOs) are 288 

prevalent. Major NH3 sinks were located near sources, highlighting the localized 289 

deposition of NH3 emissions. The primary sources of NH3 emissions from satellite 290 

observations showed strong consistency with those from bottom-up inventories (Fig. 291 

S1), enhancing confidence in the reliability of satellite-based flux estimates for 292 

identifying key emission regions. 293 
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  294 

Figure 2. IASI- (a, c) and CrIS- (b, d) derived NH3 VCD (a, b) and 𝐷𝐷_𝑡𝑜𝑝𝑜 flux (c, d) 295 

averaged from Sep 2019 to Apr 2021 over the CONUS on a 0.1° grid.  296 

Both NH3 VCDs and flux estimates showed significant spatial agreement in IASI 297 

and CrIS, with correlation coefficients of R = 0.84 for VCDs and R = 0.40 for NH3 fluxes 298 

(P < 0.01; Fig. 3). Frequently there was an offset between VCDs from CrIS and IASI, 299 

manifested as consistent shifts or proportional scaling differences (Fig. 3a), impacting 300 

flux estimates in different ways. By concentrating on spatial gradients of VCDs, the 301 

directional derivative approach minimizes the impact of these offsets and results in 302 

comparable NH3 flux patterns across both datasets. The lower correlation for fluxes 303 

compared to VCDs likely reflects additional noise introduced during flux estimation, 304 

which relies on external datasets, assumptions, and signal differentiation. 305 

  306 

Figure 3. Comparison of IASI- and CrIS-derived NH3 VCD (a) and flux (b) averaged 307 

from Sep 2019 to Apr 2021. 308 

The NH3 fluxes over the CONUS exhibited a clear seasonal pattern, with higher 309 

fluxes observed in spring and summer and lower values during winter (Fig. S6). CrIS-310 
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derived NH3 flux showed strong signals throughout spring and summer, reflecting 311 

consistent emissions during these warmer months. IASI-derived NH3 flux displayed a 312 

more pronounced peak during summer. This difference may be attributed to the 313 

instruments' distinct observational characteristics, such as overpass time, and 314 

sensitivities under varying seasonal conditions. These spatiotemporal patterns are 315 

studied more closely in high-flux regions in the following section. 316 

3.3 Spatiotemporal pattern of NH3 flux in high-flux regions 317 

Both IASI and CrIS revealed consistent spatial patterns of NH3 sources and 318 

sinks across key high-flux regions (Fig. 4-9), closely linked to underlying land cover 319 

types. Agricultural lands emerged as dominant NH3 sources, while vegetated 320 

landscapes, including forests, shrublands, grasslands (Fig. 4-8), and wetlands (Fig. 9), 321 

predominantly served as NH3 sinks. These natural and managed ecosystems can 322 

capture NH3 through deposition processes near emission sources.  323 

In areas with complex terrain, such as the mountainous regions near 324 

California's San Joaquin Valley, topographical artifacts were reduced when using 325 

𝐷𝐷_𝑡𝑜𝑝𝑜 instead of 𝐷𝐷 (Figure 4 b, c, e, f), while 𝐷𝐷_𝑡𝑜𝑝𝑜 and 𝐷𝐷 exhibited similar 326 

flux values in flatter regions (Figure 5-9 b, c, e, f). Moreover, spatial patterns observed 327 

by IASI and CrIS closely align with bottom-up emission inventories, with correlation 328 

coefficients ranging from 0.38 to 0.78 over the key high-flux regions (Fig. S7), 329 

supporting the utility of satellite-derived flux estimates in characterizing NH3 flux 330 

dynamics.  331 
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 332 

Figure 4. (a) Land cover types in the San Joaquin Valley in California. (b, c) 𝐷𝐷 and 333 

(e, f) 𝐷𝐷_𝑡𝑜𝑝𝑜 flux derived from IASI and CrIS NH3 records. (d) NH3 emission from 334 

bottom-up inventory. (g) Source and sink areas of NH3 flux, defined as the outside 335 

region of ±2σ of 𝐷𝐷 from IASI and CrIS. 336 
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 337 

Figure 5. (a) Land cover types in the Snake River Valley in Idaho. (b, c) 𝐷𝐷 and and 338 

(e, f) 𝐷𝐷_𝑡𝑜𝑝𝑜 flux derived from IASI and CrIS NH3 records. (d) NH3 emission from 339 

bottom-up inventory. (g) Source and sink areas of NH3 flux, defined as the outside 340 

region of ±2σ of 𝐷𝐷 from IASI and CrIS. 341 
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 342 

Figure 6. (a) Land cover types in the Texas panhandle. (b, c) 𝐷𝐷  and and (e, f) 343 

𝐷𝐷_𝑡𝑜𝑝𝑜 flux derived from IASI and CrIS NH3 records. (d) NH3 emission from bottom-344 

up inventory. (g) Source and sink areas of NH3 flux, defined as the outside region of 345 

±2σ of 𝐷𝐷 from IASI and CrIS. 346 

https://doi.org/10.5194/egusphere-2025-725
Preprint. Discussion started: 5 March 2025
c© Author(s) 2025. CC BY 4.0 License.



14 

 347 

Figure 7. (a) Land cover types in the Great Plains. (b, c) 𝐷𝐷 and and (e, f) 𝐷𝐷_𝑡𝑜𝑝𝑜 348 

flux derived from IASI and CrIS NH3 records. (d) NH3 emission from bottom-up 349 

inventory. (g) Source and sink areas of NH3 flux, defined as the outside region of ±2σ 350 

of 𝐷𝐷 from IASI and CrIS. 351 
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 352 

Figure 8. (a) Land cover types in Southeastern Pennsylvania. (b, c) 𝐷𝐷 and and (e, f) 353 

𝐷𝐷_𝑡𝑜𝑝𝑜 flux derived from IASI and CrIS NH3 records. (d) NH3 emission from bottom-354 

up inventory. (g) Source and sink areas of NH3 flux, defined as the outside region of 355 

±2σ of 𝐷𝐷 from IASI and CrIS. 356 
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 357 

Figure 9. (a) Land cover types in Eastern North Carolina. (b, c) 𝐷𝐷 and and (e, f) 358 

𝐷𝐷_𝑡𝑜𝑝𝑜 flux derived from IASI and CrIS NH3 records. (d) NH3 emission from bottom-359 

up inventory. (g) Source and sink areas of NH3 flux, defined as the outside region of 360 

±2σ of 𝐷𝐷 from IASI and CrIS. 361 

Fig. 10 and 11 illustrate the temporal and seasonal patterns of NH3 VCDs and 362 

emission/deposition rates across major high-flux regions in the CONUS. Over time, 363 

these regions exhibited upward trends in VCDs (Fig. 10), potentially indicating 364 

increasing NH3 emissions. Seasonal cycles in NH3 VCDs were distinct across all 365 

regions, with higher values in the warm seasons and lower values in winter, driven by 366 

increased agricultural activities, such as livestock operations and fertilizer application, 367 

and enhanced volatilization during higher temperatures. Observations from CrIS (dark 368 

lines) and IASI (light lines) were generally aligned, though CrIS often reported higher 369 

VCDs. Differences between CrIS and IASI were largely consistent across seasons, but 370 

tended to be more pronounced in the warm months in regions such as the Texas 371 

Panhandle and Great Plains (Fig. 10 f, h).  372 
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Satellite-derived NH3 fluxes, including emissions (positive fluxes, yellow lines) 373 

and depositions (negative fluxes, blue lines), exhibited increasing trends over time (Fig. 374 

11). Seasonal patterns in NH3 fluxes revealed mirrored those of VCDs, with emissions 375 

peaking in warm months due to heightened agricultural activity and elevated 376 

temperatures, while deposition rates also increased during this period, though with 377 

smaller magnitudes. This synchronization between emissions and deposition rates 378 

suggests that a significant proportion of emitted NH3 was deposited locally. A 379 

comparison with bottom-up inventory data revealed key differences. Satellite-based 380 

estimates captured diurnal patterns, with IASI observing morning emissions (09:30 381 

LST) and CrIS capturing midday emissions (13:30 LST), whereas inventory data 382 

represented modeled averages. In regions like the Texas Panhandle and Great Plains 383 

(Fig. 11 f, h), satellite observations showed higher seasonal emission peaks than 384 

inventory models, indicating potential underestimation of seasonal emissions in the 385 

inventories. Conversely, inventories overestimated emissions compared to satellite 386 

observations in the San Joaquin Valley and Eastern North Carolina (Fig. 11 b, l). 387 

Seasonality in inventory emissions was consistent with IASI observations in some 388 

regions, such as the Texas Panhandle and Great Plains (Fig. 11 f, h). However, in the 389 

Snake River Valley, Southeastern Pennsylvania, and Eastern North Carolina (Fig. 11 390 

d, j, l), inventory displayed entirely different seasonal signals compared to satellite data, 391 

underscoring the value of satellite observations in capturing the temporal dynamics of 392 

agricultural emissions. CrIS consistently observed larger NH3 emissions than IASI, 393 

while deposition differences were smaller. Notably, the difference between CrIS and 394 

IASI was most obvious in spring across all the regions. CrIS detected early spring 395 

peaks in regions like the Texas Panhandle and Great Plains (Fig. 11 f, h), which were 396 

not captured by IASI, highlighting variations in sensitivity between the two instruments. 397 
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 398 

Figure 10. Temporal series (a, c, e, g, i, k) and seasonal pattern (b, d, f, h, j, l) of NH3 399 

VCD at source areas from IASI (light lines) and CrIS (dark lines) records in the San 400 

Joaquin Valley in California (a, b), Snake River Valley in Idaho (c, d), Texas panhandle 401 

(e, f), Great Plains (g, h), Southeastern Pennsylvania (i, j), and Eastern North Carolina 402 

(k, l). The dashed lines represent trends derived using linear regression applied to the 403 

monthly temporal series data. 404 
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 405 

Figure 11. Temporal series (a, c, e, g, i, k) and seasonal pattern (b, d, f, h, j, l) of NH3 406 

emission/deposition rate from IASI (light lines) and CrIS (dark lines) records, and NH3 407 

emission rate at source areas from bottom-up inventory (black dashed lines) in the 408 

San Joaquin Valley in California (a, b), Snake River Valley in Idaho (c, d), Texas 409 

panhandle (e, f), Great Plains (g, h), Southeastern Pennsylvania (i, j), and Eastern 410 

North Carolina (k, l). 411 
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4. Discussion 412 

4.1 Robustness of satellite-based NH3 flux estimates 413 

Our findings underscore the value of satellite observations in advancing the 414 

characterization of NH3 fluxes. With the ability to produce flux estimates at relatively 415 

fine spatial and temporal scales, satellite datasets can help understand emission and 416 

deposition dynamics, thereby providing additional insights into seasonal variability that 417 

traditional bottom-up inventories often miss. 418 

A key advancement of this work is the combined use of IASI (morning overpass) 419 

and CrIS (midday overpass). By combining these two instruments, it is possible to 420 

achieve quasi‐diurnal coverage and capture the sub‐daily variability of NH3 fluxes that 421 

is challenging to discern with a single satellite product. This synergy is especially 422 

evident in spring, when the transition from cooler morning to warmer midday conditions 423 

can amplify NH3 emissions. CrIS frequently shows an early‐spring emission pulse that 424 

is less pronounced in IASI data, especially in areas with substantial emissions (Fig. 425 

11). Spring emerged as a critical transitional period, characterized by moderate 426 

temperature differences between IASI and CrIS observations (Fig. S8) and relatively 427 

high NH3 fluxes (Fig. 10). A further strength of combining different instruments lies in 428 

the expanded data coverage. Our error analysis indicates a strong 1/√𝑁 dependence 429 

of random errors (Fig. 1), suggesting that the flux uncertainties drop significantly with 430 

denser observations (Wang et al., 2023). By merging multiple overpasses and 431 

employing spatial smoothing through physical oversampling, we can substantially 432 

reduce random errors and enhance flux precision. 433 

 Our satellite-based approach demonstrates some advantages over bottom-up 434 

inventories, in which satellite‐based observations detect finer‐scale fluxes and uncover 435 

seasonal patterns not always well represented in inventory data. Previous studies have 436 

shown that top-down approaches using satellite observations significantly reduce 437 

uncertainties in emission estimates (Byrne et al., 2024; Evangeliou et al., 2021). Each 438 

method has unique strengths, and integrating them offers a robust pathway to make 439 

more reliable and comprehensive estimates (Tian et al., 2020). While bottom‐up 440 

methods provide critical context on local processes such as fertilizer application 441 

(Zhang et al., 2018), satellite data can validate or refine emission factors and aid in 442 

reconciling regional to continental‐scale uncertainties (Chen et al., 2021; Zhu et al., 443 

2013). 444 

Despite their advantages, infrared‐based NH3 satellite retrievals have certain 445 

limitations. For instance, weak thermal contrast and cooler thermal signals, common 446 

in winter, reduces the detection efficiency of the infrared sensors (Clarisse et al., 2010; 447 

Sutton et al., 2013). Overcoming these challenges requires ongoing refinements to 448 

retrieval algorithms, particularly in cloud screening and thermal contrast corrections. 449 

As satellite missions and retrieval techniques continue to improve, we anticipate further 450 

reductions in retrieval biases and increases in data coverage, leading to even more 451 

reliable, near real‐time estimates of NH3 fluxes. 452 
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4.2 Spatiotemporal pattern of NH3 flux 453 

Beyond demonstrating robust satellite-based flux estimates, our analysis 454 

exposes clear spatial gradients and pronounced seasonality in NH3 sources and sinks 455 

across the CONUS. Both IASI‐ and CrIS‐derived fluxes identify consistent emission 456 

hotspots (Fig. 2) in the San Joaquin Valley (California), Snake River Valley (Idaho), 457 

Texas Panhandle, Great Plains, Southeastern Pennsylvania, and Eastern North 458 

Carolina (Fig. 4-9), characterized by intensive livestock operations and fertilizer 459 

application, which are consistent with existing maps of VCD hotspots (Chen et al., 460 

2021; Wang et al., 2021) and emission mapping efforts (Evangeliou et al., 2021; Zhang 461 

et al., 2012; Sitwell et al., 2022). Other than emissions, our directional derivative 462 

approach can detect sinks in vegetation-dense areas surrounding these emission 463 

sources, such as shrublands and scrublands, forests, grasslands, and wetlands, 464 

highlighting the role of nearby ecosystems in capturing NH3 through deposition (Pan 465 

et al., 2021; Hu et al., 2021; Azouz et al., 2019; Kharol et al., 2018; Loubet et al., 2009). 466 

This localized deposition has caused negative effects of excess nitrogen deposition in 467 

sensitive ecosystems (Krupa, 2003; Pearson and Stewart, 1993), and our results point 468 

to an upward trend in deposition (Fig. 11) that could amplify these impacts in the future.  469 

Our results further indicate that deposition near sources is the predominant NH3 470 

removal pathway, rather than chemical transformation. This pattern is likely reflecting 471 

acid‐limited conditions that suppress the formation of ammonium particulate matter 472 

(Pan et al., 2024). The relatively high dry deposition velocity of NH3 (Hesterberg et al., 473 

1996; Kirchner et al., 2005) and its slow chemical reaction rate with acidic species 474 

under acid-limited conditions (Sutton et al., 2009) reinforce the small contribution of 475 

chemical pathways to NH3 removal in many agricultural hotspots. Consistent with 476 

recent modeling and observational studies (Luo et al., 2022; Warner et al., 2017), our 477 

multi‐year analyses reveal a gradual but evident increase in NH3 fluxes over time (Fig. 478 

11), raising concerns that expanding agricultural activities may be offsetting air quality 479 

gains achieved through reductions in nitrogen oxides (Li et al., 2016). 480 

The seasonality of NH3 fluxes (Fig. 11) is closely linked to meteorological factors 481 

and agricultural activities, with enhanced fluxes in warm months due to increased 482 

volatilization from livestock production and fertilizer application (Tang et al., 2018; 483 

Warner et al., 2017; Nelson et al., 2017) and relatively lower fluxes in winter. These 484 

seasonal signals underscore the importance of timely policy by controlling agricultural 485 

practices to manage NH3 emissions and subsequent environmental impacts. 486 

Successful examples from Western Europe demonstrate that targeted regulations can 487 

effectively reduce NH3 emissions (Liu et al., 2022). Furthermore, reducing ammonia 488 

emissions proves more cost-effective than controlling nitrogen oxides for mitigating 489 

PM2.5 pollution (Gu et al., 2021). These findings emphasize the profound influence of 490 

agricultural practices and temperature regimes on NH3 flux dynamics, underscoring 491 

the need for integrated strategies to address local and regional air quality concerns. 492 
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5. Conclusion 493 

This study highlights the utility of the directional derivative approach applied to 494 

satellite data for estimating NH3 fluxes across the CONUS. By leveraging IASI and 495 

CrIS observations, we addressed challenges related to spatial variability and seasonal 496 

signals, providing insights into NH3 emission and deposition dynamics.  497 

Our findings indicate that deposition serves as a significant removal pathway 498 

for NH3. NH3 sinks were predominantly located near source regions, particularly in 499 

vegetation-dense areas where rapid deposition occurs. Major NH3 emission hotspots 500 

were identified in agricultural regions, including the San Joaquin Valley in California, 501 

the Snake River Valley in Idaho, the Texas Panhandle, the Great Plains, Southeastern 502 

Pennsylvania, and Eastern North Carolina. NH3 fluxes exhibited a clear seasonal 503 

pattern, peaking during warm months due to increased volatilization from agricultural 504 

activities and declining during winter. Increasing trends in NH3 fluxes highlight the 505 

growing impact of intensified agricultural activities, emphasizing the need for improved 506 

monitoring and mitigation strategies. While satellite-derived NH3 fluxes strongly 507 

aligned with bottom-up inventories, satellite observations offered additional value by 508 

capturing key hotspots and seasonal variabilities. 509 

This study demonstrates the value of satellite observations for high-resolution 510 

monitoring of reactive nitrogen cycling, particularly in regions with limited ground-511 

based measurements. These findings offer critical insights for understanding nitrogen 512 

loss and deposition processes, supporting enhanced nitrogen management strategies 513 

and environmental policy efforts aimed at mitigating ammonia's environmental impacts 514 

and managing reactive nitrogen in the atmosphere. 515 
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