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Abstract 32 

Nitrogen oxides (NOx ൌ NO ൅ NO2) are a key player in the nitrogen cycle affecting 33 

health and climate. Recent work revealed high nitric oxide (NO) emissions from natural 34 

lakes on the Tibetan Plateau, yet the global prevalence and importance of lake emissions 35 

remain unclear. Here, we quantify NO emissions from 300 large natural or human-36 

influenced lakes across the Northern Hemisphere (NH) in 2018–2024 summertime 37 

early afternoon, based on satellite measurements of tropospheric nitrogen dioxide (NO2) 38 

and an advanced emission inversion algorithm. The average lake emission intensity 39 

reaches 0.15 േ  0.32 kg N km-2 h-1, nearly four times greater than summertime soil 40 

emission intensity from croplands in the NH. The total emissions from all lakes amount 41 

to 70.95 േ 13.98 Tons N h-1, equivalent to twice the anthropogenic emissions in Japan 42 

or nearly half of power-sector emissions in China. Emissions from many lakes are each 43 

comparable to anthropogenic emissions in global economic hub cities. Such 44 

considerable emissions across the NH lakes are either missing (for natural sources) or 45 

poorly represented (for anthropogenic sources) in current emission datasets and models. 46 

The significance of lake NO emissions calls for improved in-situ measurements and 47 

numerical models to better understand such lake-atmosphere interactions and their eco-48 

environmental impacts. 49 
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1 Introduction 51 

Lakes (including reservoirs) occupy about 3 ൈ 106 km2 of the Earth surface, and 52 

most of them are located in the Northern Hemisphere (NH) (Messager et al., 2016; Pi 53 

et al., 2022). Lakes are home to numerous microorganisms and planktons (Clark et al., 54 

2018; Liu et al., 2015; Savvichev et al., 2018), which can decompose organic matter in 55 

the water and sediments through aerobic or anaerobic processes to produce carbon 56 

dioxide (CO2) (Duarte and Prairie, 2005) and methane (CH4) (Liu and Whitman, 2008). 57 

In addition, nitrification and denitrification processes in lakes can produce nitrous oxide 58 

(N2O) (Soued et al., 2015). Emissions of these greenhouse gases (GHGs) are affected 59 

by lake environmental factors such as water temperature, chlorophyll-a (Chl-a) 60 

concentration, dissolved oxygen (DO), nitrogen and phosphorus contents (Beaulieu et 61 

al., 2019; DelSontro et al., 2018; Marotta et al., 2014; Yang et al., 2025; Zhou et al., 62 

2021). The total emissions from global lakes amount to about 0.32 Pg C yr-1 for CO2 63 

(Raymond et al., 2013), 42 Tg yr-1 for CH4 (Johnson et al., 2022) and 65 Gg N yr-1 for 64 

N2O (Li et al., 2024) in recent decades. Yet lakes might also be an important source of 65 

tropospheric nitrogen oxides (NOx ൌ NO ൅ NO2) (Kong et al., 2023), which has largely 66 

been overlooked. 67 

As a key player in the nitrogen cycle besides N2O, NOx affect human health, 68 

ecosystems and climate. NOx are emitted mainly as nitric oxide (NO), and subsequently 69 

undergo chemical reactions in the atmosphere, resulting in being mainly in the form of 70 

nitrogen dioxide (NO2). Yet the quantities of NO emissions from anthropogenic and 71 

natural sources remain highly uncertain (Weng et al., 2020; Zhao et al., 2011). Many 72 

lakes are influenced by local human activities such as shipping, but the existing bottom-73 

up anthropogenic emission inventories (e.g., the Emissions Database for Global 74 

Atmospheric Research (EDGAR) (Crippa et al., 2024), the Community Emissions Data 75 

System (CEDS) (Hoesly et al., 2018), the Global Emission Modeling System (GEMS) 76 

(Huang et al., 2017) and the National Emissions Inventory (NEI) (Eyth et al., 2025)) 77 

contain large uncertainty in NO emissions from lakes. This is because the shipping data 78 

over inland lakes are not reliable (Crippa et al., 2024), with many fishing, transport and 79 

energy vessels missing from public datasets (Paolo et al., 2024) used in these 80 

inventories. Aquaculture might also lead to NO emissions (Preena et al., 2021) but are 81 

not included in these inventories. Several widely-used emission inventories do not 82 

include any emissions on lakes (e.g., the Multi-resolution Emission Inventory (MEIC) 83 

(Li et al., 2017) and the Regional Emission Inventory in Asia (REAS) (Kurokawa and 84 

Ohara, 2020)). Moreover, natural NO emissions from water were traditionally thought 85 

to be negligible, with an assumption that NO produced by microorganisms in water are 86 

consumed quickly before being released into the atmosphere (Tian et al., 2019). As a 87 

result, current emission datasets and climate and air quality models do not consider 88 

natural NO emissions from lakes (Byun and Schere, 2006; Dunne et al., 2020; Guenther 89 

et al., 2012).  90 

However, recent satellite-based work (Kong et al., 2023) revealed many hotspots 91 

of tropospheric NO2 vertical column densities (VCDs) over natural lakes on the Tibetan 92 

Plateau in summer 2019. The subsequently quantified NO emissions from 135 lakes 93 
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larger than 50 km2 in size amount to 1.89 േ 0.54 Tons N h-1, which are comparable to 94 

anthropogenic emissions in several megacities such as Beijing, New York City and 95 

London (Kong et al., 2023). In addition, a field study of three lakes on the Yunnan 96 

Plateau in southwestern China in summer 2022 detected a large amount of NO in 97 

surface water related to microbial activity (Chen et al., 2025), which were 98 

approximately two orders of magnitude higher than summer surface-water N2O 99 

concentrations in two other Chinese reservoirs (Xiao et al., 2019; Yang et al., 2023b), 100 

and these NO could be further released into the atmosphere. In situ measurements also 101 

showed that NO2 concentrations over several lakes were comparable to, or even higher 102 

than those over surrounding lands (Donaldson, 2026; Kong et al., 2024; Stanier et al., 103 

2021). Together, these studies suggest that lakes are important sources of NO. Yet, their 104 

results are sparse in space and/or time, and thus the significance of lake NO emissions 105 

from both anthropogenic and natural sources on the global scale remains unknown.  106 

In this study, we analyze the seasonal variation of NO2 VCDs and then quantify 107 

summertime (June, July and August) NO emissions from 300 large lakes (> 200 km2) 108 

in the NH during 2018–2024, based on satellite NO2 VCDs data and a physics-based 109 

emission inversion algorithm (Peking university High-resolution Lifetime-Emission-110 

Transport, PHLET) (Kong et al., 2022) with a resolution of 0.05° ൈ 0.05°. These 300 111 

lakes are located in five continents, covering 6.7 ൈ 105 km2 in total; see Supplementary 112 

Data for geolocation and other details. They are classified into 102 natural lakes away 113 

from human activities and 198 human-influenced lakes, based on multiple 114 

anthropogenic activity datasets. To ensure the quality of lake NO2 VCDs, we exclude 115 

satellite pixels with unphysical, negative retrieved water vapor concentrations or 116 

affected by sun glint, in addition to adopting the commonly used filtering criteria. The 117 

PHLET algorithm quantifies NO emissions from NO2 VCDs under the influences of 118 

meteorology-driven horizontal transport and nonlinear chemistry (Kong et al., 2022), 119 

and it exhibits high accuracy in different countries. Given the satellite overpass time, 120 

the VCDs and emissions represent the early-afternoon values. We find that considerable 121 

NO emissions are released from these lakes across the vast NH, providing spaceborne 122 

evidence of previously missed or poorly-represented sources of this important pollutant 123 

from a vital ecosystem that should be included/enhanced in future environmental 124 

analyses and modeling.  125 

 126 

2 Materials and Methods 127 

2.1 Tropospheric NO2 VCDs from satellite 128 

The Tropospheric Monitoring Instrument (TROPOMI) is aboard the Sentinel-5 129 

Precursor satellite launched in October 2017, and it crosses the equator at 13:30 local 130 

solar time (LST) (Veefkind et al., 2012). TROPOMI offers unprecedented high-131 

resolution global NO2 monitoring, with a pixel size of about 7 km ൈ 3.5 km at nadir, 132 

which was refined to about 5.5 km ൈ 3.5 km since August 2019.  133 

Here, we use the official TM5-MP-DOMINO Level 2 NO2 product (S5P-RPRO 134 

for 2018–2021, and S5P-OFFL for 2022–2024) to derive monthly and summertime NO2 135 

VCDs. For Asia (70°–140° E, 15°–55° N), we adopt the POMINO-TROPOMI (Liu et 136 
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al., 2020) v1.2.2 Level 2 product with enhanced data quality, for all months in 2018–137 

2022 and summer months (June–August) in 2023 and 2024 given the data availability. 138 

The POMINO-TROPOMI algorithm uses the tropospheric slant column densities 139 

(SCDs) data from the official product but recalculates the air mass factors to derive NO2 140 

columns. Compared to the official product, POMINO-TROPOMI explicitly accounts 141 

for the effects of aerosol scattering and absorption and surface reflectance anisotropy, 142 

and employs a priori NO2 vertical profiles with a higher horizontal resolution (25 km 143 

versus 100 km). Therefore, it shows a smaller bias of NO2 VCDs relative to ground-144 

based MAX-DOAS measurements (Liu et al., 2020).  145 

We calculate gridded NO2 VCDs data at 0.05° ൈ 0.05° resolution from the Level 2 146 

data. For this purpose, we select satellite pixels that satisfy all of the following criteria: 147 

QA_value ൒ 0.75 for the official product; and QA_value ൒ 0.5, CRF ൑ 0.5, solar 148 

zenith angle (SZA) ൑  80°, viewing zenith angle (VZA) ൑  80°, no icy or snowy 149 

ground, surface blue-sky albedo ൑ 0.3, and AOD ൑ 3 for POMINO-TROPOMI. The 150 

above screening is commonly used and is referred to here as Screening 1.  151 

We further remove pixels over lake water that might be affected by sun glint under 152 

specific satellite-Sun geometries and result in abnormally high surface albedo and 153 

bright satellite true-color images (Kay et al., 2009). Specifically, we only select pixels 154 

without sun glint warning, i.e., bit 11 in the processing_quality_flags is set to “1”, which 155 

excludes 11 % of the pixels after Screening 1. This screening is referred to as Screening 156 

2. 157 

Furthermore, for some lake pixels, the spectral fit to obtain NO2 SCDs can lead to 158 

low-frequency residuals (wavelength > 10 nm) in the 430–460 nm range, accompanied 159 

with unphysical, negative retrieved water vapor (H2O) SCDs (Labzovskii et al., 2024). 160 

More recently, van Geffen et al. (2026) identified a prominent residual feature around 161 

430 nm associated with the omission of vibrational Raman scattering (VRS) over water 162 

pixels. Because VRS cannot currently be explicitly accounted for in NO2 SCD retrievals, 163 

they introduced a NO2-gap approach in which wavelengths between 428 and 433 nm 164 

are excluded from the DOAS-based NO2 SCD retrieval. Here, we use a Python version 165 

of the open-source code of QDOAS (Fayt et al., 2026) to conduct both full-window and 166 

NO2-gap retrievals in August 2019, and retain the pixels meeting the two screening 167 

criteria described above. The Python version of QDOAS reproduces the NO2 SCD 168 

fitting results by the original QDOAS (written in C++) when all input data are kept the 169 

same (i.e., r = 1.00, NMB = 0.00 %, linear regression slope = 1.00, and intercept = 0.00, 170 

with a relative difference within 5 ൈ 10-4 % for any given pixel globally, based a test on 171 

1 August 2019). Across the 300 lakes, the mean normalized difference between NO2-172 

gap and full-window retrievals is 1.7 % (5th–95th percentile: 0.4 % to 2.9 %). This 173 

small difference suggests that the fitting residual feature around 430 nm has a limited 174 

overall impact on lake NO2 SCDs. 175 

We further examine whether the over-lake Ring effect coefficients fitted alongside 176 

the SCDs are affected by the low-level fitting residuals, as another indicator of potential 177 

failure in lake NO2 SCD fitting. For this purpose, we compare the QDOAS-fitted Ring 178 

effect coefficients over individual lakes (from grid cells with the areal proportion of 179 

lake water exceeding 90%) with those over its surrounding (within 4 non-lake grid cells 180 
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of the lake periphery). Only pixels with QA ൒ 0.75 and without sun glint warning are 181 

included. This results in generally similar values of fitted Ring effect coefficient for 182 

lake and its surrounding globally, with a median relative difference of 4.67 % (Figure 183 

S1a–c). Zoomed-in results over the Tibetan Plateau also show no systematic lake–184 

surrounding differences across the lakes (Figure S1d). 185 

The NO2-gap approach cannot eliminate the low-frequency structures in the fitting 186 

residuals at wavelengths above 433 nm. Since the KNMI’s official SCD product does 187 

not provide data for spectral fitting residuals, we further use negative values of retrieved 188 

H2O SCDs as the indication of such abnormal fitting, and only select lake pixels with 189 

positive H2O SCDs. This screening is referred to as Screening 3. 190 

To ensure the proper use of Screening 3, we quantitatively examine whether the 191 

exclusion of lake pixels with negative retrieved H2O SCDs can effectively remove the 192 

effect of low-frequency fitting residuals in 430–460 nm, based on a test in summer 2019. 193 

First, we use the QDOAS model (Fayt et al., 2026) to conduct full-window spectral 194 

fitting, and obtain the fitting residuals and H2O SCDs for each pixel of each orbit. We 195 

then assess the existence of low-frequency variability by applying a discrete Fourier 196 

transform to the 430–460 nm fitting residuals for each pixel. In the Fourier transform 197 

(Eqs. (1)–(3)), 𝑥ሺ𝑡ሻ ሺ𝑡 ൌ 1,2, … ,𝑛,𝑛 ൌ 152ሻ  denotes the fitting residuals with the 198 

sampling interval of 0.2 nm, k the wavenumber, and ak and bk the Fourier coefficients. 199 

Subsequently, the F statistic is used to evaluate the significance of low-frequency 200 

harmonics (𝑘 ൌ 1– 3, corresponding to the wavelength of the low-frequency feature > 201 

10 nm; Eq. (4)); here, the variance of 𝑥ሺ𝑡ሻ  is denoted by s2, the variance of the 202 

harmonic with wavenumber 𝑘 is denoted by 
ଵ

ଶ
ሺ𝑎௞

ଶ ൅ 𝑏௞
ଶሻ, the numerator degrees of 203 

freedom is 6, and the denominator degrees of freedom is 𝑛 െ 6 െ 1 . At the 1 % 204 

significance level (𝛼 ൌ 1 % ), the threshold value 𝐹ఈ  is 3, indicating that low-205 

frequency variability is statistically significant when 𝐹 exceeds 3. The test results for 206 

all lake pixels show that, among the pixels with negative H2O SCDs (that are removed), 207 

59 % exhibit low-frequency fitting residuals at the 1 % significance level, with the rest 208 

41 % pixels being associated with other imperfections in spectral fitting. By comparison, 209 

for the lake pixels with positive H2O SCDs, only 4 % exhibit low-frequency fitting 210 

residuals, and further removing these low-frequency pixels has a negligible impact on 211 

the lake NO2 VCDs (by -2.0 % to 0.6 %, 5th–95th percentile). Even at the 5 % 212 

significance level (𝐹ఈ ൌ 2.2, which leads to more pixels being considered to have low-213 

frequency residuals), 11 % of pixels with positive H2O SCDs exhibit low-frequency 214 

residuals, but their impact on lake NO2 VCDs is still very small (by -2.2 % to 1.1 %, 215 

5th–95th percentile). Therefore, excluding lake pixels with negative H2O SCDs 216 

represents a practical, effective method to remove lake pixels affected by low-frequency 217 

fitting residuals. 218 

𝑥ሺ𝑡ሻ ൌ  𝑎଴ ൅  ∑ ሺ𝑎௞ 𝑐𝑜𝑠 𝜔௞𝑡 ൅ 𝑏௞ 𝑠𝑖𝑛 𝜔௞𝑡ሻ௞ୀଵ , k=1,2,…,76 (𝑛 2⁄ ) (1) 219 

𝑎௞ ൌ  ଶ
௡

 ∑ 𝑥௧ cos ଶగ௞
௡
ሺ𝑡 െ 1ሻ௡

௧ୀଵ  (2) 220 

𝑏௞ ൌ  ଶ
௡

 ∑ 𝑥௧ sin ଶగ௞

௡
ሺ𝑡 െ 1ሻ௡

௧ୀଵ  (3) 221 
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𝐹 ൌ
భ
మ
∑ ሺ௔ೖ

మା௕ೖ
మሻయ

ೖసభ ଺⁄

ሺ௦మିభ
మ
∑ ሺ௔ೖ

మା௕ೖ
మሻయ

ೖసభ ሻ ሺ௡ି଺ିଵሻൗ
 (4) 222 

After applying Screening 2 and 3, the summer average NO2 VCDs over 2018–2024 223 

decrease by more than 10 % over 8 out of the 41 lakes (including 38 natural and 3 224 

human-influenced) on the Tibetan Plateau, but they are still 1.2–1.3 times the VCDs 225 

over their surroundings (Table S1). In other TP lakes, the relative changes of NO2 VCDs 226 

range from -8 % to 2 %. And for lakes in other regions, the relative changes range from 227 

-6 % to 7 % (Figure S2). For 98 % of lakes on the Tibetan Plateau and 72 % of lakes in 228 

other regions, NO2 VCDs over lakes are higher than those over their surroundings 229 

(Figure S3), compared with 98 % and 70 % before Screening 2 and 3 are applied. 230 

Overall, the above results suggest that Screening 2 and 3 have minor impacts on the 231 

NO2 VCDs data and subsequent emission estimate on the hemispheric scale. 232 

 233 

2.2 Comparison of in situ and satellite observations of NO2 over or near lakes 234 

There are very few in situ measurements of NOx concentrations or fluxes over lakes. 235 

Based on the literature search, we obtain in situ measurements of tropospheric or near-236 

surface NO2 concentrations over or near four lakes over North America and Asia, and 237 

use them for independent validation of satellite data (Table S2). In situ and satellite data 238 

are matched spatially and temporally. For comparison with in situ measurements of 239 

near-surface NO2, satellite NO2 VCDs are converted to surface mixing ratios following 240 

previous work (Wang et al., 2026; Zhang et al., 2023).  241 

Three lakes are human-influenced, with in situ measurements using shipborne or 242 

airborne instruments from Donaldson (2026) (for Lake Ontario) and Stanier et al. (2021) 243 

(for Lake Michigan), or as unpublished work by the authors (for Lake Taihu). Overall, 244 

in situ NO2 concentrations are 1–3 times higher than those derived from TROPOMI. 245 

This suggests that TROPOMI data likely provide a low bound of NO2 concentrations 246 

for these human-influenced lakes, although the differences in measurement methods 247 

(point measurements for in situ versus areal measurements for satellite) might also 248 

affect the comparison. 249 

For natural lakes, to our best knowledge, there are almost no in situ measurements 250 

of NOx, albeit with many measurements of GHGs. Based on measurements on the bank 251 

of Lake Nam Co on the Tibetan Plateau (Kong et al., 2024), near-surface NO2 252 

concentration shows a distinct diurnal pattern with a nighttime minimum and afternoon 253 

peak, indicating the dominant source from natural emissions. Moreover, during the 254 

satellite overpass time, prevailing winds blow from the lake toward the observation site 255 

(Figure S4), with in situ measured NO2 mixing ratios reaching 2.6 ppb, comparable to 256 

TROPOMI-derived results (2.0 ppb). These results support the existence of high NO 257 

emission from Lake Nam Co. 258 

 259 

2.3 NO emission inversion and uncertainty 260 

We apply the physics-based PHLET model and its adjoint (Kong et al., 2022) to 261 

quantify NO emissions on a 0.05° ൈ 0.05° grid based on the above-selected NO2 VCDs 262 

data in the summers from 2018 to 2024. As detailed in Kong et al. (2022), PHLET is a 263 

two-dimensional (2-D) model that describes the relationship between NO emissions 264 
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and de-backgrounded NO2 VCDs over a period of time (summer in this study). It 265 

incorporates the nonlinear chemistry, flux divergence caused by temporal average 266 

winds, and “effective” diffusion of NO2 caused by the temporal deviations of wind 267 

speed. The de-background process removes the impact of NO2 in the free troposphere 268 

(quantified as the 1 % percentile of NO2 VCDs within 500 km of each grid cell, 269 

followed by a spatial smoothing to remove potential noise), and it allows the de-270 

backgrounded NO2 VCDs to be more closely tied to surface emissions. PHLET has 271 

been used to investigate anthropogenic emissions in China (Kong et al., 2022) and 272 

natural lake emissions on the Tibetan Plateau (Kong et al., 2023). 273 

This study improves PHLET by using the European Center for Medium Weather 274 

Forecasting (ECMWF) real-time analysis wind field data with a higher horizontal 275 

resolution of 9 km, compared with previous wind data from GEOS-FP at 0.25° 276 

(lat)ൈ 0.3125° (lon) resolution. This higher-resolution wind field data can more 277 

accurately depict the wind field in complex terrains and the local atmospheric 278 

circulation between lakes and surrounding land. We regrid the wind fields at different 279 

pressure levels to 0.05° ൈ 0.05° by bi-linear interpolation, calculate the vertical average 280 

wind from the surface to 500 m, and then linearly interpolate the data to 13:30 LST to 281 

match the satellite overpass time.  282 

To quantify the uncertainty (1-𝜎) of PHLET inversion, a 20-member Monte Carlo 283 

experiment is conducted. The experiment accounts for uncertainties from satellite NO2 284 

VCDs, background removal, steady-state assumption, meteorological data, NO2 285 

lifetime, NO2-to-NOx ratio and other procedures, as described in previous work (Kong 286 

et al., 2022). For each grid cell, the NO2 VCD uncertainty is taken to be 287 

20 %  ൅  0.5  ൈ  1015 molecules cm-2, with equal contributions from systematic and 288 

random errors.  289 

 290 

2.4 Validation of PHLET-derived emissions 291 

Previous work has assessed the reliability of PHLET. For China, the PHLET-292 

derived anthropogenic NO emissions are within 15 % of each of four bottom-up 293 

anthropogenic emission inventories at the national level, but PHLET reveals much finer 294 

emission details at the local scale, including a considerable number of small sources, 295 

substantial cross-city disparity in emission trends, and emission changes associated 296 

with power plant dynamics (close-down and built-up) which are missing from these 297 

inventories but confirmed by independent datasets (Kong et al., 2022; Kong et al., 2025; 298 

Xu et al., 2026). Over the Tibetan Plateau, the PHLET-derived emissions from natural 299 

lakes are also supported by in situ measurements of near-surface concentrations (Kong 300 

et al., 2024).  301 

Here we further validate the applicability of PHLET to other regions, by applying 302 

PHLET to estimate emissions in the Contiguous United States (CONUS) and 303 

comparing the PHLET-derived anthropogenic emissions (by subtracting fire and soil 304 

emissions from the PHLET-derived total emission and excluding the grid cells with no 305 

human activities, following Kong et al. (2022)) with the NEI. The NEI provides 306 

monthly average hourly gridded (0.1° ൈ 0.1°) NO emissions in 2022 (Eyth et al., 2025). 307 

To ensure a temporally consistent comparison, we calculate NEI emissions for summer 308 
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early-afternoon (LST 13:00–14:00). We find that PHLET anthropogenic NO emissions 309 

are about 298 േ 75 Tons N h-1 in the CONUS in summer 2022 early afternoon, which 310 

are approximately 4 % lower than NEI (312 Tons N h-1), with a strong spatial correlation 311 

of 0.89 at the state level, or 0.92 when the outlier data point for California is excluded 312 

(Figure S5). This comparison further supports the general reliability of PHLET-derived 313 

emissions.  314 

 315 

2.5 Selection and classification of lakes 316 

We use two datasets of lake shapefile to generate lake masks, including the 317 

Reservoir and Lake Surface Area Timeseries (ReaLSAT) (Khandelwal et al., 2022) and 318 

the HydroLAKES (Messager et al., 2016). ReaLSAT provides monthly shape of lakes 319 

larger than 0.1 km2 in 60° S–50° N from 1984 to 2020, with a resolution of 1 arc-second 320 

(~30 m at the equator). HydroLAKES provides static shapes of global lakes larger than 321 

0.1 km2, at the same resolution as ReaLSAT in our research domain. We regrid lake 322 

shape data of ReaLSAT (0°–50° N) and HydroLAKES (50° N–60° N) to both 323 

0.01° ൈ 0.01° and 0.05° ൈ 0.05° grids. If the center of a 0.01° grid cell is located in a 324 

lake, we mark this grid cell as lake. Then, we calculate the proportion of lake area in a 325 

0.05° grid cell based on the number of 0.01° lake grid cells inside that 0.05° grid cell.  326 

Considering the horizontal resolution of PHLET (~25 km2 per grid cell), we focus 327 

on large lakes with area larger than 200 km2 and completely covering at least one 0.05° 328 

grid cell, to ensure sufficient grid coverage over the lakes. In addition, we remove nine 329 

irregularly-shaped lakes (Figure S6) for which it is difficult to distinguish emissions 330 

from lakes and those from their surrounding land. To further reduce uncertainty, we 331 

require that in a given lake, more than one third of its 0.05° grid cells have non-zero 332 

emissions for at least six years during 2018–2024. This criterion removes 54 lakes. At 333 

last, we obtain 300 large lakes in the NH to be analyzed in the main text. 334 

Human activities, such as aquaculture and industry, can alter the biochemistry of 335 

lakes, which may in turn affect NO emissions from lakes. Thus, we classify the 300 336 

lakes into 198 human-influenced lakes and 102 natural lakes based on population 337 

density data from Worldpop (WorldPop and Center for International Earth Science 338 

Information Network (CIESIN), 2018), AIS ship density (Cerdeiro et al., 2020), 339 

aquacultural data derived from Sentinel-2 satellite image (Wang et al., 2022b), and 340 

anthropogenic point-source facility data from the Global Energy Monitor (GEM), 341 

including combustion-based power plants, heavy industry and fossil fuel extraction 342 

facilities (Global Energy Monitor, 2026a, b, c, d, e). Specifically, a lake is classified as 343 

human-influenced lake if it meets any of the following criteria: the average population 344 

density within 20 km (i.e., the length of four 0.05° grid cells) of its periphery exceeds 345 

10 km-2, the maximum population density within 10 km exceeds 100 km-2, the 346 

maximum population density within 20 km exceeds 200 km-2, the maximum population 347 

density within 50 km exceeds 1000 km-2 , the ship density over the lake exceeds zero, 348 

aquacultural activity is present within the lake, or at least one anthropogenic facility is 349 

located within 10 km of its periphery. Otherwise, the lake is classified as natural lake.  350 

 351 

2.6 Calculation of monthly NO2 VCDs over lakes and surroundings 352 
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We calculate monthly mean NO2 VCDs over 300 lakes and their surrounding areas 353 

from May 2018 to December 2024, which are defined as follows.  354 

𝑉𝐶𝐷௟௔௞௘ೣ ൌ
∑ ௏஼஽೔,ೣൈ௟௔௞௘_௥௔௧௜௢೔,ೣൈ௔௥௘௔೔,ೣ
೙
೔సభ

∑ ௟௔௞௘_௥௔௧௜௢೔,ೣൈ௔௥௘௔೔,ೣ
೙
೔సభ

 (5) 355 

𝑉𝐶𝐷௦௨௥ೣ ൌ
∑ ௏஼஽೔,ೣൈ௦௨௥_௥௔௧௜௢೔,ೣൈ௔௥௘௔೔,ೣ
೘
೔సభ

∑ ௦௨௥_௥௔௧௜௢೔,ೣൈ௔௥௘௔೔,ೣ
೘
೔సభ

 (6) 356 

For lake x, 𝑙𝑎𝑘𝑒_𝑟𝑎𝑡𝑖𝑜௜,௫ denotes the fraction of the 0.05° grid cell i covered by lake 357 

x; and 𝑠𝑢𝑟_𝑟𝑎𝑡𝑖𝑜௜,௫ denotes the fraction of i not covered by any lakes. n denotes the 358 

number of 0.05° grid cells with 𝑙𝑎𝑘𝑒_𝑟𝑎𝑡𝑖𝑜௜,௫ > 0, population density < 10 km-2, and 359 

the number of anthropogenic point-source facilities = 0. m denotes the number of 360 

surrounding grid cells within 20 km (four 0.05° grid cells) of the periphery of lake x. 361 

As such, the surrounding could include a few grid cells with anthropogenic and/or open-362 

fire emissions; and excluding these human- or fire-influenced surrounding grid cells 363 

increases the lake–surrounding VCD difference very slightly. 𝑎𝑟𝑒𝑎௜,௫ denotes the area 364 

(in km2) of i. If more than half of the grid cells in a lake or its surrounding area have 365 

missing NO2 VCD values in a given month, the data for that lake in that month are 366 

removed; this situation occurs in winter for 71 natural lakes and 50 human-influenced 367 

lakes. 368 

 369 

2.7 Derivation of lake emission intensities and total emission amounts  370 

Some grid cells on the lake-land boundary area might be affected by open fires, 371 

resulting in elevated NO emissions. To exclude the effect of fires along lake shorelines, 372 

PHLET-derived emissions are subtracted by the maximum values of fire emissions 373 

among three datasets at 0.1°  ൈ  0.1° resolution, and are subsequently used in the 374 

following calculations. These fire datasets include the Fire INventory (FINN v2.5) 375 

(Wiedinmyer et al., 2023), the Quick Fire Emissions Dataset (QFED v2.6r1) 376 

(Darmenov and Silva, 2015), and the Global Fire Assimilation System (GFAS v1.2) 377 

(Kaiser et al., 2012). 378 

The emission intensities and total emissions from lakes in summer are calculated 379 

according to Eqs. (7) and (8). 380 

𝐸௔௩௘,௫,௬ =
∑ ௘೔,ೣ,೤ൈ௟௔௞௘_௥௔௧௜௢೔,ೣൈ௔௥௘௔೔,ೣ
೙
೔సభ

∑ ௟௔௞௘_௥௔௧௜௢೔,ೣൈ௔௥௘௔೔,ೣ
೙
೔సభ

 (7) 381 

𝐸௧௢௧,௫,௬ = 𝐸௔௩௘,௫,௬ ൈ ∑ ሺ𝑙𝑎𝑘𝑒_𝑟𝑎𝑡𝑖𝑜௜,௫ ൈ 𝑎𝑟𝑒𝑎௜,௫
௣
௜ୀଵ ሻ (8) 382 

Here, y denotes the year and x the lake. 𝑒௜,௫,௬ denotes PHLET-calculated summertime 383 

NO emission intensity (kg N km-2 h-1) in the 0.05° grid cell i of lake x for year y. 384 

𝑙𝑎𝑘𝑒_𝑟𝑎𝑡𝑖𝑜௜,௫, 𝑎𝑟𝑒𝑎௜,௫ and n are defined in Eqs. (5) and (6). p denotes the total number 385 

of 0.05° grid cells covered by lake x (𝑙𝑎𝑘𝑒_𝑟𝑎𝑡𝑖𝑜௜,௫ > 0). 𝐸௔௩௘,௫,௬ denotes the average 386 

emission intensity of lake x in year y. For human-influenced lakes, 𝐸௔௩௘,௫,௬ excludes 387 

the residential and point-source anthropogenic emissions in lake-land boundary area 388 

(because n excludes grid cells with population density greater than 10 km-2 or point-389 

source facilities), but may include anthropogenic emissions on lakes such as shipping, 390 

tourism, and aquaculture. 𝐸௧௢௧,௫,௬ (kg N h-1) denotes the emission amount, which is 391 

calculated as the lake-average emission intensity 𝐸௔௩௘,௫,௬ multiplied by lake total area.  392 
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For quality control, in a given year, if less than one third of 0.05° grid cells in a 393 

lake have non-zeros emissions, we remove emissions from that lake in that year. Then 394 

for each lake, we calculate the multi-year average of 𝐸௔௩௘,௫,௬ and 𝐸௧௢௧,௫,௬ to obtain 395 

more representative values of emission intensity (𝐸௔௩௘,௫) and total emission (𝐸௧௢௧,௫), 396 

which are analyzed in the main text.  397 

 398 

2.8 Sensitivity test by using only lake-interior grid cells 399 

To assess the potential influence of anthropogenic and open-fire emissions near 400 

lake shorelines and lake-land mixed grid cells on our results, we recalculate lake-level 401 

NO2 VCDs and NO emissions using a conservative lake-interior grid cell selection 402 

scheme as a sensitivity analysis. The lake grid cells are selected according to the 403 

following two criteria. First, a grid cell is retained only if the grid cell itself and all eight 404 

neighboring grid cells belong to the same lake (𝑙𝑎𝑘𝑒_𝑟𝑎𝑡𝑖𝑜 > 0), thereby removing the 405 

outermost ring of 0.05° lake grid cells. Second, the retained grid cells are required to 406 

be entirely covered by lake (𝑙𝑎𝑘𝑒_𝑟𝑎𝑡𝑖𝑜 = 1). Together, these criteria retained only 407 

lake-interior grid cells away from the mapped shoreline. Examples of the lake-interior 408 

grid cells are marked with black crosses in Figures S7 d–f and S8 d–f. After applying 409 

both criteria, 98 natural lakes and 177 human-influenced lakes have at least one valid 410 

grid cell and are included in the sensitivity analysis. 411 

 412 

2.9 Environmental factors of lakes and surroundings 413 

We select two environmental factors with data available for global lakes. 414 

Summertime lake mixed-layer temperature data are taken from the ERA5-Land 415 

reanalysis (Muñoz Sabater, 2019) monthly dataset at a horizontal resolution of 0.1° for 416 

2018–2024. Annual lake-average DO concentrations for 2003–2023 are obtained from 417 

Zhang et al. (2025), which are based on machine learning-aided extension of in situ 418 

measurements. For these two factors, multi-year mean values are used in the main text.  419 

In situ measurement data of TN, TP and Chl-a concentrations in lakes are obtained 420 

from Naderian et al. (2024), who compiled and integrated data from accessible 421 

repositories, published articles, publicly available maps, as well as private and 422 

governmental reports up to 2022. Most measurements are located in human-influenced 423 

lakes. Here, we select measurements in May–September (rather than June–August, to 424 

obtain more data) for the period 2000–2022 and then project the data to 0.05° ൈ 0.05°. 425 

For each grid cell, the concentration is defined as the mean of all measurement data 426 

within that grid cell. To better exclude the direct anthropogenic sources such as ship 427 

emissions, we remove grid cells with population density greater than 10 km-2, or ship 428 

density (Cerdeiro et al., 2020) greater than zero, or aquacultural activity (Wang et al., 429 

2022b). After the screening, we obtain in situ measurements of TN, TP and Chl-a in 35 430 

(15), 40 (15), 183 (35) grid cells (lakes), respectively. In relating these factors and NO 431 

emissions, we apply logarithmic transformation following previous work on GHG 432 

emissions (DelSontro et al., 2018; Yang et al., 2025). 433 

 434 

3 Results and Discussion 435 
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3.1 Seasonal variation of NO2 VCDs over lakes and surroundings 436 

Figure 1 shows the monthly mean early-afternoon NO2 VCDs over the 300 lakes 437 

and their surrounding areas within 20 km of their peripheries in 2018–2024 (Sect. 2.6). 438 

The mean and median NO2 VCDs over natural lakes and human-influenced lakes for 439 

each season are shown in Tables S3 and S4, respectively. Over natural lakes, NO2 VCDs 440 

start to increase in spring, peak in summer, and then decrease until a minimum in winter 441 

(Figure 1a). The summertime peak value is about twice of the wintertime minimum 442 

value. This seasonal cycle points to natural sources of NO from microbial processes, 443 

i.e., nitrogen input from the melting of glaciers and permafrost as well as more vigorous 444 

microbial activity leading to NO emissions in warm seasons (Pilegaard, 2013; Wang et 445 

al., 2011). The surrounding areas of these natural lakes (population density < 8 km-2) 446 

exhibit a similar seasonality in NO2 VCDs (Figure 1b).  447 

The differences in NO2 VCDs between natural lakes and their surrounding areas 448 

also exhibit a seasonal variation (Figure 1c). In summer and autumn, the lake–449 

surrounding differences are statistically significantly positive (p < 0.01) based on cross-450 

lake Wilcoxon signed-rank test, indicating generally higher NO2 VCDs over natural 451 

lakes than their surrounding areas. For summer specifically, individual-lake test based 452 

on paired lake–surrounding differences shows that 65 % of natural lakes exhibit 453 

statistically significantly higher NO2 VCDs than their surrounding areas (p < 0.05 based 454 

on cross-year Wilcoxon signed-rank test); and that 92 % of natural lakes exhibit higher 455 

NO2 VCDs than their surrounding areas (including statistically significant and 456 

insignificant cases). In winter and spring, nearly 67 % and 48 % of natural lakes exhibit 457 

lower NO2 VCDs than their surrounding areas; and the median and mean NO2 VCDs 458 

over all natural lakes are close to those over their surrounding areas (Table S3). These 459 

results indicate that lakes are the natural source of NO in warm seasons, and their 460 

emissions reach minimum values in winter due to weakened microbial activity and lake 461 

freezing in mid-to-high latitudes (Wang et al., 2022a).  462 

To further verify that the NO2 VCD signal and its seasonal pattern observed over 463 

natural lakes are from the lake, rather than the shoreline sources that could be 464 

contaminated by open fires and anthropogenic activities, we conduct a sensitivity test 465 

using only lake-interior grid cells (Sect. 2.8). The resulting NO2 VCDs over natural 466 

lakes follow the aforementioned seasonal pattern (Figure S9), with 62 % of natural 467 

lakes exhibiting significantly higher NO2 VCDs than their surrounding areas in summer 468 

(p < 0.05 based on Wilcoxon signed-rank test), and 91 % of natural lakes exhibit higher 469 

NO2 VCDs than their surrounding areas (including statistically significant and 470 

insignificant cases). 471 

Opposite to natural lakes, the 198 human-influenced lakes and their surrounding 472 

areas exhibit a peak of NO2 VCDs in winter and a minimum in summer (Figure 1d and 473 

1e). The wintertime peak value is about 1.4 times the summertime minimum. This 474 

seasonality is similar to that in urban areas, and is caused by a longer lifetime and higher 475 

anthropogenic emissions of NO in winter (Crippa et al., 2020; Shah et al., 2020). There 476 

are no statistically significant differences in NO2 VCDs between human-influenced 477 

lakes and their surrounding areas in all seasons (p > 0.1 based on Wilcoxon signed-rank 478 

test, Figure 1f, Table S4). In addition, the human-influenced lakes exhibit higher NO2 479 
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VCDs than the natural lakes in both winter (i.e., by a factor of about 4) and summer (by 480 

a factor of about 1.4), likely because of the contributions (in addition to natural 481 

emissions) from human activities on lakes such as shipping, sightseeing tours and 482 

aquaculture as well as atmospheric transport from human-influenced surrounding areas.  483 

We further assess the potential influence of satellite air mass factor (AMF) 484 

calculation uncertainty, such as due to different aerosol treatments, on the observed lake 485 

enhancement by comparing the summer-averaged NO2 VCDs from POMINO-486 

TROPOMI (with explicit aerosol treatment) and official TM5-MP-DOMINO product 487 

(with implicit aerosol) over Asia (70°–140° E, 15°–55° N) in 2018–2024. For natural 488 

and human-influenced lakes, the NO2 VCDs derived from POMINO-TROPOMI are 489 

slightly higher than those from the official product (5.8 % and 11.4 %, respectively) 490 

with strong correlation (0.93 and 0.99, respectively) (Figure S10). However, the lake-491 

to-surrounding NO2 VCD ratios agree even better between these two products (with 492 

difference of 1.6 % and 0.8 % and correction of 0.96 and 0.98 for the natural and human-493 

influenced lakes, respectively) (Figure S10). These results suggest that the satellite 494 

VCD data are reliable for lake emission assessment. 495 

 496 

 497 

Figure 1. Monthly variation in NO2 VCDs over lakes and surrounding areas in 2018–2024. (a, 498 

b) Monthly average NO2 VCDs over 102 natural lakes and surroundings; (c) the difference in NO2 499 

VCDs between natural lakes and surroundings; (d, e) monthly average NO2 VCDs over 198 human-500 

influenced lakes and surroundings; (f) the difference in NO2 VCDs between human-influenced lakes 501 

and surroundings. The yellow lines in (a) and (d) indicate the number of lakes with valid data. The 502 

green, pink, yellow and blue colors in the background denote spring, summer, autumn and winter, 503 

respectively. Each box represents the interquartile range (IQR), with the line inside indicating the 504 

median value and the cross indicating the mean value. Box whiskers extend to the 10th and 90th 505 

percentiles. VCDs data are from the POMINO research product for Asia and the official product for 506 

other regions. 507 

 508 

3.2 NO emissions from lakes 509 

Figure 2 and Figure 3 show the multi-year summer average early-afternoon 510 

emission intensities (per km2 per hour) and total emissions (per hour) of NO from the 511 

300 lakes in five continents (Sect. 2.7). It is obvious that NO emissions are widely 512 
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distributed across the NH lakes. The mean (േ one standard deviation; same hereafter) 513 

emission intensity from all lakes reaches 0.15 േ 0.32 kg N km-2 h-1, which is nearly 514 

four times larger than the summer early-afternoon soil NO emission intensity from 515 

croplands in the NH (0.03 േ  0.02 kg N km-2 h-1) (Weng et al., 2020). The median 516 

emission intensity for these 300 lakes is about 0.10 kg N km-2 h-1.  517 

From the perspective of individual lakes, Figures S7 and S8 illustrate the spatial 518 

patterns of NO2 VCDs, de-backgrounded NO2 VCDs (i.e., after removing NO2 in the 519 

free troposphere, Sect. 2.3), flux divergence, effective diffusion and NO emissions for 520 

three human-influenced lakes and three natural lakes with the highest emission 521 

intensities as examples. These figures show that the emissions of human-influenced 522 

lakes are comparable to those of the surrounding grid cells, and that natural lakes exhibit 523 

obvious NO2 VCD and emission hotspots. Moreover, positive flux divergence is 524 

observed in both human-influenced and natural lakes, suggesting net outward transport 525 

of NO2 from these lakes to their surroundings. Overall, these spatial patterns further 526 

demonstrate that both human-influenced and natural lakes act as local emission sources, 527 

rather than being solely influenced by transport from surrounding areas. 528 

Almost all of the natural lakes (101 out of 102) are located in Asia and North 529 

America. Their emission intensities range from 0.03 to 0.28 kg N km-2 h-1, exhibiting a 530 

slight right-skewed distribution with a mean value of 0.10 േ 0.06 kg N km-2 h-1 and a 531 

skewness (standardized 3rd central moment) of 1.06. This means the existence of high 532 

values, with the median (0.09 kg N km-2 h-1) being slightly lower than the mean. About 533 

97 % of these lakes exhibit emission intensities larger than 0.03 kg N km-2 h-1 (the 534 

average value for the NH cropland soil), and 14 % exhibit emission intensities larger 535 

than 0.15 kg N km-2 h-1.  536 

Compared with natural lakes, the 198 human-influenced lakes exhibit a much wider 537 

range of summertime NO emission intensities (0.03–5.38 kg N km-2 h-1). The average 538 

emission intensity (0.17 േ 0.39 kg N km-2 h-1) is 1.7 times of that for natural lakes, 539 

consistent with their higher NO2 VCDs (Figure 1, Tables S2 and S3). This difference 540 

persists among the different continents, with the largest contrast occurring in Asia (by 541 

a factor of about 2.2). The emission intensity enhancement reflects that in human-542 

influenced lakes, PHLET-derived emissions include the combined contributions of fuel 543 

combustions from aquaculture facilities and ships, as well as natural and human-544 

influenced lake microbial processes. In particular, aquaculture and the inflow of nearby 545 

wastewater provide more nutrients and chemical reaction substrates for microorganisms 546 

(Dunne et al., 2021; Upadhyay et al., 2023). The emission intensities of human-547 

influenced lakes exhibit a right-skewed distribution, similar to that for as natural lakes, 548 

but the skewness (11.91) is much greater due to the existence of extremely high values 549 

(up to 5.38 kg N km-2 h-1). Thus, the median value (0.10 kg N km-2 h-1) is much smaller 550 

than the mean.  551 

As a sensitivity test, we recalculate lake NO emission intensities using only lake-552 

interior grid cells (Sect. 2.8). This results in even higher average emission intensities, 553 

0.15 േ 0.13 kg N km-2 h-1 for natural lakes and 0.18 േ 0.43 kg N km-2 h-1 for human-554 

influenced lakes. This means that the derived lake NO emissions, particularly for 555 

natural lakes, are from the inner parts of lakes rather than along the lake shorelines (in 556 
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which case the estimated emissions could be contaminated by non-lake sources). This 557 

spatial pattern is also evident in the three exemplary lakes in Figure S8, where NO 558 

emissions are generally higher over the lake-interior grid cells than those over the 559 

shoreline-adjacent grid cells. 560 

For human-influenced lakes, the emission intensities in Asia are higher than those 561 

in other continents. For example, seven out of the top 10 human-influenced lakes in 562 

terms of emission intensity are located in India and China (Figure 2b). Among them, 563 

Govind Ballabah Pant Sagar has the highest emission intensity (5.38 േ 1.25 kg N km-2 564 

h-1, Figure S7m). This lake is one of the biggest reservoirs in India, with tourism 565 

activities and six super thermal power plants (capacity  ൒  1000 MW) nearby. The 566 

associated human activities can alter the biological and chemical properties of the lake, 567 

which may in turn affect NO emissions.  568 

 569 
Figure 2. Multi-year summer average NO emission intensities from lakes in the Northern 570 

Hemisphere during 2018–2024. (a) Average emission intensities from lakes in each continent. 571 

Each box represents the IQR, with the line inside indicating the median value and the cross 572 

indicating the mean value. Box whiskers extend to the 10th and 90th percentiles, and the circles 573 

show data outside the 10th–90th percentile range. The numbers at the bottom represent the number 574 

of lakes in each box. The blue and red histograms inside illustrate the frequency distributions of 575 

emission intensities in natural lakes and human-influenced lakes, respectively. (b–e) Spatial 576 

distribution of emission intensities for individual lakes in Asia, North America and South America, 577 

Europe and Africa, respectively. Filled circles and triangles represent natural lakes and human-578 

influenced lakes, respectively. The red and blue numbers indicate the top 10 lakes ranked by 579 

emission intensities in human-influenced lakes and natural lakes, respectively. The numbers in the 580 

lower left corner of each panel represent the mean ± std emission intensity, and the numbers in 581 

parentheses represent the number of lakes. 582 

 583 

We multiply NO emission intensity by lake area to yield total emissions per hour 584 

for each lake in summer early afternoon (Figure 3). The total emissions from 300 lakes 585 

amount to 70.95 േ 13.98 Tons N h-1, equivalent to twice the anthropogenic emissions 586 
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in Japan (33.17 Tons N h-1) (Hoesly et al., 2018), 43 % of power-sector emissions in 587 

China (164.41 Tons N h-1) (Li et al., 2017), or 15 % of soil emissions from croplands 588 

in the NH (470.34 Tons N h-1) (Weng et al., 2020) in summer early afternoon; here, the 589 

diurnal variations of anthropogenic (Crippa et al., 2020) and soil (Weng et al., 2020) 590 

emissions based on previous work are accounted for. The lake total emissions are 10–591 

35 times the shipping emissions for the same lakes reported in the CEDS (1.98 Tons N 592 

h-1) and EDGAR (6.17 Tons N h-1) inventories. Assuming that all lakes with an area 593 

exceeding 0.03 km2 in the NH (0–60° N) (Pi et al., 2022), covering a total area of 594 

1.6 ൈ 106 km2, have the median emission intensity derived here (0.10 kg N km-2 h-1), 595 

they would emit 164.29 Tons N h-1 of NO in total, about 35 % of emissions from the 596 

NH croplands; and if the median emission intensity from the natural lakes (0.09 kg N 597 

km-2 h-1) is used, the total natural emission from all NH lakes would amount to 140.64 598 

Tons N h-1, or 30 % of the NH croplands. 599 

Among the 300 lakes, human-influenced and natural lakes contribute 92 % and 8 % 600 

to the NH total emission, respectively. The contribution of human-influenced lakes is 601 

much larger, as a combined result of more lake area (by a factor of 9.7) and higher 602 

emission intensities. Among the five continents, North America has the highest lake 603 

emission (56 %) due to the largest lake area (3.83 ൈ 105 km2, Figure S11). Asia comes 604 

second (31 %) because of its second largest lake area and the highest emission intensity. 605 

The emission contributions from Europe (9 %), Africa (3 %) and South America (0.3 %) 606 

are much smaller. 607 

 608 

Figure 3. Multi-year summer average NO emission amounts from lakes in the Northern 609 

Hemisphere in 2018–2024. (a) Total NO emission amounts from lakes in each continent. The error 610 

bars indicate the emission uncertainty (± 1-𝜎). (b–e) Spatial distribution of NO emissions from 611 

individual lakes in Asia, North America and South America, Europe and Africa, respectively. Filled 612 

circles and triangles represent natural lakes and human-influenced lakes, respectively. The red and 613 

blue numbers indicate the top 10 lakes ranked by emission amounts in human-influenced lakes and 614 

natural lakes, respectively. The numbers in the lower left corner of each panel represent the total 615 

emissions ± uncertainty (Tons N h-1), and the numbers in parentheses represent the number of lakes. 616 
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 617 

From 2018 to 2024, for both natural and human-influenced lakes, the interannual 618 

variability of lake-average emission intensity and total emissions is small with no 619 

statistically significant trend (p > 0.1 based on Mann–Kendall test, Figure S12). Given 620 

the relatively small interannual variability, a longer time series is needed to firmly 621 

determinate the trend of emission intensity, if any. Here, for each lake, the change in 622 

lake area after 2020 is not considered due to lack of data, but this is not expected to 623 

have a significant impact on the emission trend. 624 

 625 

3.3 Top-10 emitting lakes 626 

 To better understand the importance of lake NO emissions, we compare the top 627 

10 emitting human-influenced and natural lakes (labeled with red and blue numbers in 628 

Figure 3b–e) with 49 alpha cities. As lake NO emissions show only slight interannual 629 

variability, their multi-year average values during 2018–2024 are analyzed here. These 630 

49 cities are economic hubs linking their respective regions or states with the world 631 

economy, as designated by the Globalization and World Cities Research Network 632 

(GAWC) (Taylor and Derudder, 2015). Anthropogenic emissions of these alpha cities 633 

in summer early afternoon are taken from two bottom-up global emission inventories 634 

including CEDS v202504 (Hoesly et al., 2018) and EDGAR v8.1 (Crippa et al., 2024), 635 

with the diurnal variations based on EDGAR (Crippa et al., 2020). The emissions for 636 

each city are presented in Supplementary Data.  637 

Figure 4a compares NO emissions from the top 10 emitting human-influenced 638 

lakes with 2018–2023 summer early-afternoon anthropogenic emissions of alpha cities 639 

from CEDS. The five Great Lakes in North America have the highest emissions due to 640 

their large lake area. Among them, Lake Michigan has the largest emission, which is 641 

lower than emissions of five alpha cities (São Paulo, Buenos Aires, Shanghai, Beijing 642 

and Riyadh) but higher than other 44 cities. Apart from the five Great Lakes, other five 643 

top-10 human-influenced lakes have emission amounts comparable to the highly-644 

emitting cities such as Istanbul, Mexico and Seoul. In addition, Figure 4b shows that 645 

among the top 10 emitting natural lakes, Lake Alakol in Kazakhstan has the highest 646 

emission that is close to the level of Chicago. Other nine highest emitting natural lakes 647 

are comparable to many alpha cities such as Taipei, Houston and Paris. The total 648 

emissions of 102 natural lakes are close to Guangzhou and higher than 43 alpha cities. 649 

Considering the uncertainty in CEDS, we further compare lake emissions with 650 

2018–2022 summer early-afternoon anthropogenic emissions of 49 alpha cities from 651 

EDGAR. We find that lake emissions are also comparable to emissions of alpha cities 652 

in EDGAR (Figure S13). These results suggest that globally, lakes are a major source 653 

of NO emissions that cannot be ignored. Such NO emissions from lakes into the 654 

atmosphere should be included in numerical models to assess their impacts on 655 

tropospheric chemistry, climate and the nitrogen cycle. 656 
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 657 

Figure 4. Comparison of NO emissions from lakes and alpha cities in summer early afternoon. 658 

(a) Comparison between emissions of the top 10 emitting human-influenced lakes and 659 

anthropogenic emissions of alpha cities. The total emission from all natural lakes is also shown. (b) 660 

Comparison between emissions of the top 10 emitting natural lakes and anthropogenic emissions of 661 

alpha cities. Anthropogenic emissions of cities are derived from multi-year average of the CEDS 662 

inventory in 2018–2023.  663 

 664 

3.4 Environmental factors affecting cross-lake emission variability 665 

We further investigate potential factors of lake environment that might affect NO 666 

emission intensities. Following previous work on lake GHG emissions (DelSontro et 667 

al., 2018; Marotta et al., 2014; Yang et al., 2025; Zhou et al., 2021) and given the data 668 

availability, we select two factors with data available for global lakes (i.e., lake surface 669 

temperature (LST) and dissolved oxygen (DO)) and three other factors with data 670 

available for a limited number of lakes (i.e., lake total nitrogen (TN), total phosphorus 671 

(TP), and Chl-a). We focus on how these lake factors are spatially associated with NO 672 

emission intensities. 673 

For LST and DO, we examine the cross-lake relationships between them and the 674 

lake-average emission intensity. Previous work on inland water N2O emissions have 675 

shown that higher temperatures increase microbial activity, and hypoxic conditions 676 

promote anaerobic denitrification processes, thereby increasing the emissions (Yang et 677 

al., 2023a; Yang et al., 2025). We find that across the 102 natural lakes, there is a strong 678 

negative correlation between DO and NO emission intensity (r = -0.38, p = 0.00, Figure 679 

S14). For LST, there is also a statistically significant negative correlation with NO 680 

emission intensity across the 102 lakes (r = -0.21, p = 0.04). This apparent negative 681 

LST-NO relationship is because of the 38 high-altitude, low-temperature but highly-682 

emitting lakes on the Tibetan Plateau, compared with other lakes outside the plateau. In 683 
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fact, positive correlations exist between LST and NO emission intensity among these 684 

Tibetan Plateau lakes (r = 0.21, p = 0.21) and among other 62 mid-latitude (30° N–60° 685 

N) lakes (r = 0.21, p = 0.10). For the human-influenced lakes, lake NO emission 686 

intensities are significantly positively correlated with LST (r = 0.32, p = 0.00) and 687 

negatively correlated with DO (r = -0.15, p = 0.04, Figure S15). 688 

For TN, TP and Chl-a, in situ measurements (Naderian et al., 2024) are available 689 

in 35 grid cells in 15 lakes, 40 grid cells in 15 lakes, and 183 grid cells in 35 lakes, 690 

respectively, after excluding those grid cells directly influenced by anthropogenic 691 

emission sources such as shipping and aquaculture. As key eutrophic substances in 692 

lakes (Conley et al., 2009), nitrogen and phosphorus can enhance the productivity of 693 

phytoplankton (Xu et al., 2009) and increase the content of organic matter and the 694 

substrates for nitrification and denitrification processes (Duan et al., 2025; Liu et al., 695 

2018). In addition, under anoxic conditions, ammonium produced by organic matter 696 

decomposition and nitrite produced by nitrification and nitrate reduction may support 697 

anaerobic ammonium oxidation (anammox), another important nitrogen-loss pathway 698 

in which NO serves as a key metabolic intermediate (Kartal et al., 2011; Zhang et al., 699 

2022). Chl-a is an important indicator of algal biomass and primary productivity in 700 

lakes. For the grid cells with in situ data, after logarithmic transformation, NO emission 701 

intensities are positively correlated with TN (r = 0.38, p = 0.02), TP (r = 0.70, p = 0.00) 702 

and Chl-a (r = 0.34, p = 0.00) (Figure S16), indicating that higher nutrient levels in 703 

lakes are more favorable for NO emissions.  704 

Previous studies have suggested that N2O in lakes is produced through microbially 705 

mediated nitrification and denitrification. The relationships between lake NO emission 706 

intensity and LST, DO, TN, TP and Chl-a are broadly similar to those observed for N2O 707 

(DelSontro et al., 2018; Yang et al., 2023b; Yang et al., 2025), suggesting that these two 708 

nitrogen oxides may be influenced by common environmental and biogeochemical 709 

controls. These factors can affect microbial activity and nutrient availability, thereby 710 

influencing aquatic nitrogen cycling and potentially regulating NO production. 711 

 712 

4 Summary and Implication 713 

As a key player in the nitrogen cycle, NO can be emitted from many anthropogenic 714 

and natural processes, yet accurate characterization and quantification of different 715 

emission sources remain difficult. With the reduction of on-land anthropogenic NO 716 

emissions such as power generation and transportation in many regions, other emission 717 

sources are becoming increasingly important (Lu et al., 2021; Tan et al., 2023; Zhao et 718 

al., 2025). However, there are still knowledge gaps and uncertainties regarding these 719 

sources. Taking advantage of high-resolution satellite NO2 observations and an 720 

advanced algorithm for emission quantification, here we reveal considerable NO 721 

emissions from 300 large lakes in the NH. The average lake emission intensity is nearly 722 

four times greater than the summer early-afternoon soil emission intensity from 723 

croplands in the NH. Emissions from many individual lakes are comparable to global 724 

alpha cities, and the total emissions from all lakes are equivalent to twice anthropogenic 725 

emissions in Japan or nearly half of power-sector emissions in China. These previously 726 
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overlooked or poorly-represented emissions might have played important roles in 727 

nitrogen deposition, atmospheric chemistry forming ozone and PM2.5, and climate 728 

change.  729 

Both anthropogenic activities and natural processes contribute to lake NO 730 

emissions. Lake NO emission intensities are related to environmental factors (e.g., LST, 731 

DO, TN, TP and Chl-a) in similar ways with N2O emissions (DelSontro et al., 2018; 732 

Yang et al., 2023b; Yang et al., 2025), suggesting that microbial processes may play an 733 

important role in lake NO emissions in addition to N2O. Besides microbial processes, 734 

previous studies have proposed that the photolysis of nitrite in the open ocean surface 735 

can also produce NO (Tian et al., 2024; Tian et al., 2020). Given the limited 736 

measurements in lakes, especially natural lakes, further research is needed to determine 737 

the exact processes and mechanisms of lake NO emissions such as nitrification, 738 

denitrification, anammox and nitrite photolysis, and how the environmental factors 739 

specifically cause the spatiotemporal variability in lake emission intensity. These 740 

processes and factors are often sensitive to climate conditions, thus ongoing climate 741 

change (e.g., rising temperature, changing precipitation, permafrost thawing, nitrogen 742 

input alteration, and nutrient change) are modulating NO emissions from lakes. For 743 

anthropogenic emissions from lakes, the current bottom-up inventories are subject to 744 

inadequacies and inaccuracies in activity data (e.g., on lake shipping, tourism, and 745 

aquaculture) and emission factors. Efforts to improve data collection and harmonization 746 

will help reduce the uncertainty in emission estimation. Combining satellite 747 

observations, in situ measurements, emission statistics and model simulations will be 748 

necessary to fully understand the mechanisms of lake NO emissions and their feedback 749 

with climate and aquatic systems. To this end, our study offers the first spaceborne 750 

quantitative picture of NO emissions from lakes across the Northern Hemisphere. 751 
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