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In brief

The atmosphere plays a crucial role in the

microplastic environmental cycle, with its

sources still largely unclear. The ocean

has been suggested to be the major

contributor. In this study, we devise a

novel model for atmospheric

microplastics, constraining sources

using global atmospheric microplastic

abundance data. Our findings indicate

that ocean emissions are 50 times lower

than previously estimated. This

underscores the importance of

addressing land-based sources,

particularly by regulating littering and

managing plastic waste disposal near

roadways.
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SCIENCE FORSOCIETY Microplastics are tiny plastic particles that are widespread in our environment and
pose potential risks to ecosystems and human health. The atmosphere plays a vital role in moving micro-
plastics over long distances and continuously engages in exchanges with the land and ocean. However,
identifying the sources of atmospheric microplastics remains challenging. Previous research suggested
that the ocean is the main source, but our study, which combines global data and atmospheric models, re-
veals that the ocean contributes less than initially thought. Road-related sources, such as tire and brake
wear and poorlymanaged plastic waste, also contribute significantly. Our findings underscore the necessity
of regulating litter and dumping of plastic waste near roads. Further data collection and laboratory research
are needed to better understand the atmospheric microplastic cycle.
SUMMARY
The atmosphere plays a vital role in microplastic (MP) transport, facilitating continuous exchanges with land
and ocean. However, the sources of atmospheric MP remain unclear. Previous studies suggested that the
ocean is the primary source, with global emissions reaching up to 8,600 Gg year�1. Here, we use global at-
mospheric abundance data, a newly developed atmospheric model, and optimal estimation to constrain the
atmospheric sources. We find that the global atmospheric MP emissions are 324 (73–1,450) Gg year�1. The
ocean source is estimated to have a much smaller global emission (171 [38–764] Gg year�1] than previously
believed, followed by road-related sources (115 [26–513] Gg year�1) including the suspension of tire and
brake wears and mismanaged plastic waste. We simulate a net land-to-ocean transport by the atmosphere
(25 Gg year�1). This highlights the importance of controlling terrestrial sources, and more data are needed to
improve our understanding of the atmospheric MP cycle.
INTRODUCTION

Plastics are durable, versatile, and ubiquitous in modern life.

While their global production has increased from 1,700 Gg

year�1 in 1950 to 367,000 Gg year�1 in the 2020s, plastic waste

management has not kept up, resulting in more than 40,000–

80,000 Gg mismanaged plastic waste (MMPW) globally per

year.1,2 MMPW is defined as the plastic waste not properly re-

cycled, incinerated, or buried in landfills but which enters the
environment. MMPW is broken down or disaggregated to

much smaller microplastics (MPs) (approximately 1 mm–5 mm)

or nanoplastics (typically <1,000 nm),3 which could cause a

long-term ecological impact on both terrestrial and aquatic

lives,4,5 act as a vector for contaminants,6 and even pose a po-

tential threat to human health.7

The atmosphere plays an important role in the transport of

plastics in the environment, especially MPs smaller than

70 mm.8–10 Atmospheric long-range transport has been
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suggested as the major pathway of MPs observed in the remote

environment such as protected areas of the US,11 pristine moun-

tain catchments in the French Pyrenees,12 the Tibetan Plateau,13

and the polar regions.14 Records of atmospheric MP levels

remain sparse, but limited data suggest that atmospheric depo-

sition rates range from 50 to 700 MP m�2 d�1 with atmospheric

concentrations of 10�2 to 101 MP m�3.15

Two categories of sources are hypothesized as the major con-

tributors to atmospheric MPs: (1) marine sources, such as aero-

solization of marine plastics caused by sea spray, and (2) terres-

trial sources, such as the resuspension of road-related plastic

particles from tires, brakes, and road surfaces; movement of

previously deposited or discharged plastics in soils and agricul-

ture lands; and direct atmospheric emissions from human

activities occurring around population centers.8 While most bot-

tom-up inventories focus on plastic emissions to the total envi-

ronment, the inverse modeling method is often applied to

constrain the atmospheric emissions with observed data. For

example, Brahney et al.8 suggest the current global atmospheric

emissions of MPs as 8,600 (0–22,000) Gg year�1 mainly from the

ocean source, and Long et al.16 found a large tire dust source

(280 Gg yea�1) over the continent of Asia.

Residence time is the average time for MP particles to stay in

the atmosphere before their removal by dry and wet deposition,

which is calculated as the ratio of its atmospheric abundance to

total emission flux. Thewet deposition of anMP is similar to other

aerosol components such as dust and sea salt,11 while the size,

shape, and chemical compositions are important factors influ-

encing the dry deposition velocity of MP particles. The shapes

can be pellets, fibers, and sheets with sizes ranging from 10�6

to 10�3 m.15 The density ranges, approximately from 0.9 to

1.4 g cm�3, may have an overall smaller influence on deposition

velocity than the other factors. Therefore, aerodynamic diame-

ters are often used, as they are directly associated with the resi-

dence time of MPs in the atmosphere. In modeling studies, aero-

dynamic sizes of different MP particles are considered with a

residence time from hours to days.8,16 Given their importance,

the sources of atmospheric MPs and their residence times

remain unclear.

This study develops an atmospheric transport model for MPs

based on the Goddard Earth Observing System (GEOS)-Chem

model to determine the most likely sources and residence time

of atmospheric MPs. The global atmospheric MP emissions are

determined to be 324 (73–1,450) Gg per year. Marine plastic aero-

solization is still considereda significant source, butwith consider-

ably lowerglobal emissions (171 [38–764]Ggper year), followedby

road-related sources (115 [26–513]Ggper year),which include tire

and brake wear suspension and improperly managed plastic

waste. The findings reveal a predominantly coarse sizedistribution

for these sources, with almost all (99%) of the MP particles classi-

fied as very coarse aerosols (70 mm). We calculate a net land-to-

ocean transport of atmosphericMP at 25Gg per year, a consider-

ably smaller amount than riverine discharge and erosion of coastal

waste to theocean (approximately1,000Ggper year).Our findings

underscore the necessity of regulating litter anddumpingofplastic

waste near roads. To enhance our comprehension of the atmo-

spheric MP cycle, more data on atmospheric abundance in unex-

amined regions and direct measurements of emissions from

various source categories are required.
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RESULTS AND DISCUSSION

Methods summary
The GEOS-Chemmodel considers the emissions, transport, and

deposition of MPs in the atmosphere and includes six aerosol-

like MP tracers with aerodynamic sizes ranging from 0.3 to

70 mm and residence times ranging from 0.04 to 6.5 days

following Brahney et al.8 This size range mainly belongs to

MPs with the smallest one to nanoplastics, but we call both

MPs for simplicity. We lump all shapes of MP particles into these

six bins, as the aerodynamic size is the most important influ-

encing factor for their residence time, and pellets also dominate

the air samples among other shapes such as fragments and fi-

bers.16 Possible sources include aerosolized marine plastic,

traffic-related sources, resuspension of MMPW and agricultural

plastic waste, and generic sources associated with residential

activities. The model results are compared with available

observed data for atmospheric MPs (both atmospheric concen-

trations and deposition fluxes). We adopt an optimal estimation

approach following Brahney et al.8 and Long et al.16 and incorpo-

rate all available observational data over the global land and the

ocean environment.15 Due to the close coupling between emis-

sion strength and size distribution (i.e., residence time), they are

optimized simultaneously in the optimization procedure (more

details in the experimental procedures).

Optimized emissions
We find a global total atmospheric MP emission of 324 Gg

year�1, with terrestrial and marine sources contributing 154

and 171 Gg year�1, respectively (Figure 1). Among the terrestrial

sources, the road-related source is dominant (115 Gg year�1),

followed by agriculture dust (38 Gg year�1), residential sources

(0.80 Gg year�1), and MMPW resuspension (0.11 Gg year�1).

The spatial pattern of ocean emissions follows that of the

modeled surface ocean plastic mass, scaled by the wind speed

and sea surface temperature (see experimental procedures).17

The highest emissions are in the subtropical centers of the five

gyres (i.e., North Pacific, South Pacific, North Atlantic, South

Atlantic, and the Indian Ocean), where convergent ocean circu-

lation causes an accumulation of floating plastic particles (Fig-

ure 1B).18 Road-related emissions follow that of traffic activities

with higher emissions in North America, West Europe, East Asia,

and South Asia (Figure 1A). The other three categories have

much smaller emissions compared with these two.

The optimizer can also infer the size distribution of emissions.

The GEOS-Chem model simulates the mass concentrations of

six MP bins that have distinct atmospheric residence times. A

unit mass of emissions with different sizes thus has different

travel distances and a varied impact on the MP concentrations

at receptors. By searching within the possible combinations for

the size distributions of emissions to minimize the model-obser-

vation difference, the optimizer suggests that almost all (99% in

mass) MP particles are emitted as very coarse aerosols (70 mm),

reflecting the fact thatmost of them are from the ocean and road-

related sources. The fractions from smaller sizes (0.3–35 mm) are

much smaller, with negligible contributions. Indeed, these sour-

ces are related to mechanical processes forced by strong wind

events or wind/wave breaking of sea surface spray. The size dis-

tribution of emissions reflects the influence of inertial or cohesive
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Figure 1. Optimized emissions from a variety

of sources

(A) Total terrestrial sources.

(B) Ocean sources.

(C) Road sources.

(D) Agricultural sources.

(E) Mismanaged plastic waste sources.

(F) Residential sources.

Note that the (A) is the sum of (C)–(F), and the color

is in a base 10 logarithm scale.
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forces on roadside and ocean surfaces. The results are also

consistent with observed size distributions of MPs in the marine

atmospheric boundary layer (MABL or MBL), with mass concen-

trations often dominated by sizes >50 mm.19,20 This size distribu-

tion pattern contrasts with combustion processes, which are

typically associated with smaller or finer particles like sulfate

and black carbon. The residential sources indeed may have a

smaller particle size, but our study could not sufficiently

constrain it due to the very low overall global emissions. This is

generally consistent with previous studies.8,16 For example,

Brahney et al.8 considered three cases with different prescribed

size distributions and found that the best case has 85% global

ocean emissions in the 70 mm bin. Long et al.16 also found that

87% terrestrial emissions and 90% ocean emissions are larger

than 50 mm. One drawback of this study is that we use only

bulk mass concentrations of observed MPs in the cost function

of our optimizer (see experimental procedures), as many studies

did not report size distributions or used inconsistent definition of

size categories.9 In addition, many of these studies adopted

Fourier transform infrared spectroscopy to identify polymers.

This technique is typically limited to size ranges greater than

�30 mm, which thus causes an underestimation of MP particles

smaller than this size.21 Nevertheless, our optimizer can greatly

benefit frommore consistent observations with detailed size dis-

tributions by using a cost function considering such information.

Terrestrial sources
Wefindaglobal terrestrial emission source of 154Gg year�1. Fig-

ure 2 compares the model results driven by the optimized emis-

sion inventory against these observations. These data include at-

mospheric deposition fluxes for US national parks and European

andAsian coastal cities.Overall, themodeled averagedeposition

flux over all the sites is 3.6 ± 3.8 kg km�2 year�1, which is not

significantly different from the observations (3.5 ± 3.2 kg km�2

year�1) (Figures 2C and 2D). Themeasured atmospheric deposi-

tion flux over US national parks (2.8 ± 2.3 kg km�2 year�1), which
are remote and mountainous regions, is

slightly lower than the data over urban

areas in Asia (3.5 ± 2.8 kg km�2 year�1).

Our model simulates a lower deposition

flux of 1.5 ± 1.2 kg km�2 year�1 in US na-

tional parks but at a comparable level

(3.9 ± 2.3 kg km�2 year�1) over Asia. The

model (14 ± 15 ng m�3) also reproduces

the observed (18±24 ngm�3) atmospheric

MP concentrations over land-based sites.

Indeed, our model cannot fully simulate
the variability in the observations (e.g., Figure 2D). The optimized

terrestrial emissionandmodel performanceare similar to thoseof

Brahney et al.8 (183Gg year�1), even thoughwe include observa-

tions not only over US national parks, which were used by that

study, but also data from other continents including atmospheric

concentrations and deposition fluxes. This, on one hand, sug-

gests that our estimate for terrestrial sources is quite robust,

i.e., not sensitive to a specific subset of data. On the other

hand, this maymean that both our optimized results are local op-

timums due to the lack of size distribution information, which is

the key to further improve the model performance.

The optimized results suggest that road-related (115 Gg

year�1) and agricultural (38 Gg year�1) sources contribute the

most to total terrestrial emissions, while the contributions from

MMPW and residential sectors are much smaller. This is gener-

ally consistent with Brahney et al.8 and Long et al.,16 but we es-

timate a lower emission from agricultural sources than Brahney

et al.8 (69 Gg year�1). We scale the MP emissions of this source

by the fraction of agricultural land use and dust emission fluxes,

which are quite sporadic but had no observations available

nearby (see experimental procedures; Figure 1C). We thus call

for more observations near these source regions to better

constrain this source. The residential sector contains sources

that include synthetic fibers from clothing, artificial turf, personal

care, and cosmetic products.22 We scale the spatial pattern of

this source by population density following Brahney et al.8 We

find that the relatively high MP deposition flux over US national

parks with low population density drives down the optimized

emission for this category.

It is surprising to find that the aerosolization ofMMPW is a negli-

gible source. MMPW emissions are based on MMPW generation

(see experimental procedures), which has a larger emission from

populous developing countries such as India and China (Fig-

ure 1E).1 Wind speed and soil moisture also influence the emis-

sionsanalogous todust emissions,whichmakeshigheremissions

over dry and windy climate regions such as the Middle East
One Earth 6, 1–10, June 16, 2023 3
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Figure 2. Comparison of model results

driven by optimized emissions against ob-

servations

(A and B) Atmospheric MP concentrations at

ground level.

(C and D) Atmospheric MP depositions.

Note that the colors in (A) and (C) and the axes of

(B) and (D) are in a base 10 logarithm scale.
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(Figure 1D). Developed countries in Western Europe and North

America have generally lower MMPW emissions due to better

waste management practices.1,23 However, such a pattern is not

well supported by the available observation data, and the opti-

mizer generates a low weighting factor for this source category.

An alternative explanation is that the optimized road-related

source does not only include plastic emissions from tire and

brake wears but also the aerosolization of MMPW dumped

and/or littered roadside, which consists of two-thirds of all

MMPW.24 Exposure to the environment including ultra-violet ra-

diation, high temperatures, and being smashed by vehicles

further break it down into microscopic fragments before being

brought into the atmosphere by the energetic flows and turbu-

lence caused by traffic.8 This is also supported by the fact that

road dust consists of multiple chemical compositions rather

than just tire materials (natural or synthetic rubber).25 Atmo-

sphericMP samples across different environments are also often

identified mainly as polystyrene (PS), polyethylene terephthalate

(PET), polypropylene (PP), polyethylene (PE), and nylon, which

are the major chemical components of MMPW.9,11,26 The

amount of MMPW generation seems not to be a limiting factor

for its source in the atmosphere but is driven by aerosolization

related to traffic activities. This also implies the importance of

controlling the littering and dumping of plastic waste in the

near-road environment.

Marine sources
We find much lower emissions from ocean sources (171 Gg

year�1) compared with previous studies, e.g., 8,600 Gg year�1

by Brahney et al.8 Long et al.16 calculated an ocean source of

60 Gg year�1 for the western Pacific and Indian Oceans, which

can be scaled to a global emission of 1,500 Gg year�1 following

the spatial pattern of ocean emissions simulated by Brahney

et al.8 These differences can be first attributed to the different

observation datasets. Indeed, Brahney et al.8 derived the ocean

emissions based on inland observations at US national parks,
4 One Earth 6, 1–10, June 16, 2023
with an extremely low contribution of

oceanic sources at these sites. Their esti-

mation thus carries a large uncertainty

range of 0–22,000 Gg year�1. By including

observations in the MBL of the Pacific and

the Indian Ocean, the magnitude of the

ocean source is drawn down greatly by

Long et al.16 and this study. Indeed, the

much lower measured atmospheric MP

concentrations in the MBL (4.1 ± 8.3 ng

m�3) than in the land-based sites (18 ±

24 ng m�3) suggest a relatively low ocean

emission. Our model well reproduces this
land-ocean gradient (3.7 ± 5.1 vs. 14 ± 15 ng m�3) (Figures 2A

and 2B).

Another cause of the difference is the spatial distribution of

ocean emissions, which is calculated based on the surface ocean

plasticmassconcentrationsand the sea salt emissionfluxes in this

and previous studies.8,16 While the sea salt emissions are calcu-

lated by similar methods (as a function of sea surface temperature

and wind speed; see experimental procedures for details),

different assumptions are used for the surface ocean plastic abun-

dance. Brahney et al.8 used the surface ocean flow convergence

as a proxy for the plastic abundance in the surface ocean. Howev-

er, they ignored the spatial distribution ofmarine plastic emissions

(including riverine and coastal sources23,27) and their transport

pattern to the centers of ocean gyres.28 Long et al.16 improved

this by using a global inventory of floating plastic particles based

on observed surface ocean abundance data interpreted by plastic

trajectory models.28 However, these models represent plastics as

virtual tracerswithoutconsidering theactual fragmentation,degra-

dation, sinking, and biofouling processes.29 In this study, we use

the results ofaEulermodel that takes intoaccount theactual trans-

port and biogeochemical processes of plastic particles in the sea-

waters, driven by actual riverine and coastal plastic emission in-

ventories (Figure S1).30 Compared with previous results,28 this

model generally captures the spatial variability of observed ocean

plastic concentrations in the whole water column and is quantita-

tively linked to riverine and coastal sources.30 Indeed, the absolute

magnitude of the simulated plastic concentrations is subjected to

large uncertainty due to the large variability of the model parame-

ters, but the relative spatial distribution is expected to be much

more robust.30

There is generally a paucity of atmospheric MP observations

over the MBL, except for a few cruises in the western Pacific, In-

dian, and Atlantic Oceans (Figure 3A).15 Existing MBL studies

may suffer from low sample volumes and low particle counts on

filters due to logistical and technical reasons (e.g., a sampler

with a flow rate of �20 L/min used by Trainic et al.31), limiting
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Figure 3. Total deposition contributed by different sources

(A) Terrestrial sources.

(B) Marine sources.

Note that the colors are in a base 10 logarithm scale.
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the comparability with land-based studies, which often have

higher sampling volumes and lower limits of detection.15 How-

ever, we find that our optimized ocean emissions are rather

robust without being sensitive to individual studies. For example,

removing the Trainic dataset in the North Atlantic Ocean has no

significant impact on our optimized results. The overall agree-

mentwith theMBLdataset also indicates that ourmodel captures

the large-scale variability of oceanMP emissions (Figures 2A and

2B), which lends confidence to this dataset in revealing the rela-

tive spatial pattern of atmospheric MP abundance.

Other approaches to determine the magnitude of ocean MP

emissions include either in situ or laboratory flux measurements.

The former remains lacking in the literature, while the latter sug-

gests much lower ocean emissions than previous estimates. For

example, a recent study by Yang et al.32 estimated global ocean

MP emissions to be less than 1 Gg year�1 based on the sea salt

aerosol generation tank method. Although such a laboratory

study cannot represent the full dynamic range of realistic wind

speeds and subsequent wave and bubbling conditions, the

generally low MP emission factor with regard to sea salt aerosol

supports the findings of our results. Despite our initial effort to

includeMBLMP data in an inverse analysis, further observations

and a more comprehensive approach are needed to better

constrain this source. In particular, more consistent sampling

and analyzing techniques are required, along with more in-situ-

or laboratory-based flux measurements under more realistic

oceanic conditions. Additionally, it is necessary to gather more

data on the abundance of atmospheric plastics in the MBL

over garbage patches in the centers of gyres, such as the Great

Pacific Garbage Patch.33

Land-ocean transport
Figure 3 shows the spatial distribution of atmospheric deposition

fluxes contributed by terrestrial and marine sources, totaling 152
and 170 Gg year�1, respectively, a slight discrepancy from the

emissions due to the seasonal variation in atmospheric plastic

abundance. The spatial pattern of deposition largely resembles

that of the emissions due to the relatively short residence time

of the coarse plastic particles. Indeed, the average lifetime of a

plastic particle with an aerodynamic size of 70 mm is approxi-

mately 1 h and has a short travel distance (<100 km) given a

wind speed of 10 m s�1.16 The deposition flux of terrestrial sour-

ces to the global ocean is 32 Gg yr�1, and the marine sources to

land are 8.2 Gg yr�1, both are rather limited to the coastal regions

(Figure 3). This results in a net land-to-ocean transport of 25 Gg

year�1 that is consistentwithLongetal.16 but contradictsBrahney

et al.,8 as the latter suggests a net ocean-to-land transport

(9 Gg year�1) because of its high ocean emissions. The net

land-to-ocean transport is confirmedby thehigher offshore atmo-

spheric MP concentrations than the pelagic areas.34 It is also not

against our intuition, as terrestrial sources are the ultimate source

of plastics in the environment. This indicates that riverine and

coastal discharges are the major pathways for plastics entering

the marine environment (4,000–13,000 Gg year�1),23,35 dwarfing

the atmospheric transport and deposition (25 Gg year�1).

Figure 4 shows a budget for atmospheric MPs. The simulated

total atmospheric MP mass is 0.60 Gg with an overall lifetime

against deposition of 0.68 days. This is also consistent with pre-

vious estimates for the MPs from terrestrial and marine sources

(0.10–0.62 days).8 The atmospheric lifetime of an MP is deter-

mined to be relatively short, which limits its long-range transport

potential.16 This also implies that the air-sea exchange and at-

mospheric transport may not be able to significantly redistribute

the MP in the surface ocean. Indeed, we may underestimate

such potential, as currently available observations only include

MPs >4 mm, while fine particles, especially nanoplastic particles,

are known to be able to transport across continents.36

Uncertainty analysis
Wefirst estimate the uncertainty by a ‘‘leave-one-out’’ approach,

i.e., alternatively drop an observation data point for the opti-

mizer, as the number of observational data is relatively small.

This results in relatively small interquartile ranges of 168–172,

32–48, and 103–110 Gg year�1 for the ocean, agricultural, and

road sources, respectively (Figure 5), indicating the robustness

of the optimizer. The uncertainty of our optimized emissions

can also be represented by the discrepancy between model

and observed values, as all the MP emission, transport, and

deposition processes are linear. The root-mean-squared errors

are 0.65 and 0.37 orders of magnitude for theMP concentrations

and depositions, respectively (Figure 2B and 2D). Using the

larger one for a conservative estimation, we can deduce that

our optimized emissions also vary by a 0.65 order of magnitude.

This results in uncertainty ranges of 154 (34–688) and 171

(38–764) Gg year�1 for terrestrial and marine sources, respec-

tively, and 324 (73–1,450) Gg year�1 for total emissions.

The optimizer uses the spatial patterns of different emission

sources as a fingerprint, adjusting their emission strength and

size distributions to best match the available observations.

More observations covering the complete spatial features of

different sources are thus of vital importance (e.g., garbage

patches for ocean emissions). Furthermore, uncertainties are

introduced when proxies are used for the source spatial
One Earth 6, 1–10, June 16, 2023 5



Figure 4. A global budget of atmosphericmi-

croplastics

Vertical arrows indicate different emission sources

with horizontal ones as transport between the at-

mosphere and ocean.
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distributions, e.g., traffic emissions of NO for traffic activities and

sea salt spray for ocean plastic aerosolization (see experimental

procedures). In addition, our optimizer cannot provide an effec-

tive constraint on the nanoplastics as none of the observations

include such small size ranges. Our model framework also

does not consider the fragmentation and decomposition of

MPs by physical and microbial processes, which are important

sources of nanoplastics. This limits the environmental implica-

tions of our study.

Understanding and modeling atmospheric MP cycles are still

in their embryo stage. Our study develops a new global model

for their atmospheric transport and deposition. Incorporating a

global dataset and using different spatial surrogates for candi-

date emission sources also generate a different budget of atmo-

spheric MPs compared with previous studies, which also dem-

onstrates the uncertainty of our understanding of the key

processes of atmospheric MP cycles. More atmospheric abun-

dance data, especially over the unsampled areas (e.g., the

Southern Hemisphere and garbage patches in the center of

gyres), and direct measurements of the strength, size distribu-

tion (including nanoplastics), chemical composition, and

morphological features of different source categories (i.e., a bot-

tom-up approach, e.g., for oceanic, road, MMPW resuspension,

and agricultural sources) are needed to evolve our understand-

ing the atmospheric MP cycles.
EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources and reagents should be

directed to and will be fulfilled by the lead contact, Yanxu Zhang (zhangyx@

nju.edu.cn).

Materials availability

This study did not generate new unique materials.

Data and code availability

The GEOS-Chem code is available at https://www.geos-chem.seas.harvard.

edu. Other code and datasets have been deposited at Mendeley Data

(https://doi.org/10.17632/52knh3btb3.1). Any additional information required

to reanalyze the data reported in this paper is available from the lead contact

upon request.
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GC-MP model

The global three-dimensional GEOS-Chem v.14.1.1

is adopted to simulate the atmospheric emission,

transport, and deposition of MPs. The model is

run with a 0.5� latitude 3 0.625� longitude horizon-

tal resolution and 72 vertical layers extending to

0.01 hPa. The model is driven by meteorological

data from the GEOS (https://gmao.gsfc.nasa.gov/

GMAO_products/NRT_products.php). MERRA-2

reanalysis data with a native resolution of 0.5�

latitude 3 0.625� longitude and 72 levels is used.

We run the model for the year 2018–2020 with a
spin-up time of 2 months. The model is run in an aerosol-only model including

aerosols of anthropogenic and natural sources (sulfate, nitrate, ammonium,

carbonaceous, dust, and sea salt) with archived gaseous phase chemical

tracers.37 The MPs are added to the GEOS-Chem aerosol-only simulation as

insoluble aerosol tracers with six different aerodynamic diameters (0.3, 2.5,

7, 15, 35, and 70 mm) following Brahney et al.8 (referred to as GC-MP). As

the density of plastics is much larger than the air, we use a uniform 1 g cm�3

for all particles.8 The model uses the TPCORE advection algorithm of Lin

and Rood,38 and convective transport is computed from the convective

mass fluxes in the meteorological archive as described by Wu et al.39 Bound-

ary layer mixing uses the non-local scheme implemented by Lin and McEl-

roy.40 The wet deposition scheme is described by Liu et al.41 for water-soluble

aerosols. Scavenging of aerosols by snow and cold/mixed precipitation fol-

lows Wang et al.42,43 Dry deposition is based on the resistance-in-series

scheme of Wesely.44 Size-dependent aerosol dry deposition is from Emerson

et al.45 with gravitational deposition following Fairlie et al.46 for dust and Alex-

ander et al.47 and Jaeglé et al.17 for sea salt.

MP emissions

Several emission source candidates are considered in this study, including

aerosolized marine plastic, traffic-related sources, deflation of MMPW and

agricultural plastic waste, and generic sources associated with domestic ac-

tivities largely following Brahney et al.8 An extension based on the HEMCO

3.0 facility is developed for these MP sources in the GC-MP model. The emis-

sions of these sources change dynamically at eachmodel time step depending

on meteorological factors or scaled by the emissions of other species.48

The ocean emission flux density of MP (Focean) is simulated based on the

ocean surface plastic concentrations (CMP) scaled by the emission flux of

sea salt spray (Fseasalt). The sea salt emission is calculated based on wind

speed and sea surface temperature following Jaeglé et al.17 (Equations 1

and 2):

Focean = kocean 3CMP 3Fseasalt; and (Equation 1)

Fseasalt =
�
0:329 + 0:0904T � 0:00717T2 + 0:00027T3

�
3U3:41

10m;

(Equation 2)

where kocean is a scalable parameter adjusted by the optimizer (elaborated

below), T is the sea surface temperature, and U10m is the wind speed at

10 m height.

The ocean surface plastic concentrations are taken from themodel output of

the NJU-MP model, which is a Euler-based three-dimensional global ocean

plastic model as described by Peng et al.18 and Zhang et al.30 This model con-

siders the emissions, windage, ocean transport, and sinking of plastic tracers

with different sizes, chemical components, and densities in the ocean. The

fragmentation, degradation, biofouling/defouling, beaching, and sedimenta-

tion processes of plastic processes are also considered with constraints

mailto:zhangyx@nju.edu.cn
mailto:zhangyx@nju.edu.cn
https://www.geos-chem.seas.harvard.edu
https://www.geos-chem.seas.harvard.edu
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Figure 5. Uncertainty of optimal emissions from a variety of sources

calculated by ‘‘leave-one-out’’ strategy

The top and bottom edges of the boxes represent 75% and 25% percentiles,

respectively, with horizontal line inside the box as median. The whiskers are

the non-outlier maximum and minimum, with circles as outliers.
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from available surface ocean plastic concentrations. The model is driven by

historical emissions from rivers, coastal zones, and direct ocean dumping

from 1950 to 2018 scaled by accumulated plastic production and shipping/

fishing activities.18 The model simulates different plastic types such as PE,

PP, polyvinyl chloride, PS, and acrylonitrile butadiene styrene, which are

divided into four MP (<0.0781, 0.0781–0.3125, 0.3125–1.25, and 1.25–5 mm)

and two macroplastic bins (5–50 and >50 mm). Due to the model uncertainties

in the plastic fragmentation process,30 this study uses the annual total plastic

concentrations from all bins in the surface ocean for the final simulation year

(2018) as a surrogate for the potential of atmospheric MP emissions.

The direct emission ofMMPW (FMMPW) is simulated based on theMMPWgen-

eration flux (EMMPW) scaledbywindspeed analog to dust aerosols49 (Equation 3):

FMMPW =
kMMPW 3EMMPW 3U2

10m 3 ðU10m � UthÞ ;U10m >Uth

0 ;U10m <Uth

; (Equation 3)

where kMMPW is a scalable parameter adjusted by the optimizer and Uth is a

threshold wind speed calculated as a function of MP size (dMP), density

(rMP), and soil moisture (q) (Equations 4, 5, 6, and 7):

Uth = 1:29 3 10� 3 3 ð1:2 + 0:2 log10 qÞ3
ffiffiffiffiffiffiffiffiffiffiffi
a3 b

g

s
; (Equation 4)

a =
rMP3 g3dMP

rair
; (Equation 5)

b = 1+
0:006

rMP 3g3d2:5
MP

; (Equation 6)

g = 1:928Re0:092 � 1; (Equation 7)

where g is the gravity acceleration, rair is the density for air, and Re is the Rey-

nold number (Equation 8):

Re = 13313d1:56
MP + 0:38: (Equation 8)

The releaseofMMPWto the total environment (EMMPW) is fromBorrelle et al.,1

which is estimated basedon thepopulation,waste generation, andwasteman-

agement levels of different countries. This dataset provides the total MMPW

generation of each country, and we interpolate it to the model grids within

each country using the gridded population density as a spatial proxy (https://

sedac.ciesin.columbia.edu/data/set/gpw-v4-population-density-rev11).

The MP emission from agricultural sources (Fagri) is calculated by a similar

method to MMPW but scaled by the fraction of agricultural land use in a model

grid (fagri)
50 (Equation 9):
Fagri =
kagri 3U2

10m 3 ðU10m � UthÞ3 fagri ;U10m >Uth

0 ;U10m <Uth

: (Equation 9)

We assume that all crop areas have the same fraction of MPs in soil,

following Brahney et al.8 The effect of crop growth is also not considered

due to the lack of data.

The generic sources associated with residential activities such as emissions

from households (e.g., synthetic fibers from clothing), construction work, arti-

ficial turf, and personal care and cosmetic products are scaled by the gridded

population density dataset (POP) (Equation 10):

Fresi = kresi 3POP; (Equation 10)

where kresi is an adjustable parameter by the optimizer. The spatial distribution

of traffic emissions is assumed to follow that of NO emissions from traffic sour-

ces (Etraffic) based on the CEDS v.2 inventory (https://data.pnnl.gov/dataset/

CEDS-4-21-21) (Equation 11):

Froad = kroad 3ENO
traffic; (Equation 11)

where kroad is a parameter scaled by the optimizer. The traffic NO emissions

are used as a spatial proxy for traffic activities including number of vehicles,

vehicle speed, type, and loads. This source does not only include road tire

and braking emissions but also the aerosolization of MMPW dumped on

and/or near roads.
Observational dataset

The global dataset for atmospheric MP abundance compiled by Allen et al.15 is

used in this study. This dataset contains 73 studies published to date, which

include air concentration and deposition sampling, and surface sampling

potentially representative of atmospheric deposition. We include only outdoor

air concentration sampled with a flow rate >1 L/min and direct deposition sam-

pling results. We also include new studies for air concentration and deposition

flux data in Guangzhou, China, and the South Atlantic Ocean (concentration

only51,52). We retain the observations with size ranges >70 mm, as larger sizes

often consist of mainly fibers or lines. Although these fibers may be relatively

long in their longest dimension, their deposition velocity is shorter than or com-

parable to pellets with sizes <50 mm.16 Thus, they can be generally represented

by the six tracers in our model that have an aerodynamic size range of 0.3–

70 mm. This results in a total of 109 points for our observation dataset, including

72 concentration and 37 deposition points.

We calculate the seasonal mean of observations for the corresponding sam-

pling periods, as many of the observational studies did not report their raw

(typically daily) data. We maximize our spatial coverage by sacrificing some

temporal resolution but retaining the important seasonal variations. These

data are reported as number concentrations (i.e., items per unit volume or

per unit area and time). To better compare MP emissions with a mass unit,

the reported number concentrations are transferred to a mass unit. The

average single-particle mass is assumed to be 57 ng/item for terrestrial sam-

ples11 and 100 ng/item for marine samples.34
Optimal estimation

As the magnitudes of the atmospheric MP sources (i.e., Focean, FMMPW, Fagri,

Fresi, and Froad) are generally unknown, and as atmospheric emission inven-

tories are lacking in the literature, we consider only the spatial patterns but

leave the magnitudes optimized by observations. We run the GC-MP with in-

dividual candidate emission sources alternatively to get the spatial pattern

of atmospheric MP abundance. The sensitivity of atmospheric abundance

(SC and SD for concentrations and depositions, respectively) is also calculated

for each model grid to the global emission (Fi,j) of the source category i = 1, 2,

., 5 (ocean, MMPW, agriculture, residential, and road sources) and size bin j =

1, 2,., 6 (0.3–70 mm as described above). A cost function (J) is used to repre-

sent the deviation of model results from observations (Equation 12):

J =
X
k

ðlog10Cmodel;k � log10Cobs;kÞ2 +
X
l

ðlog10Dmodel;l � log10Dobs;lÞ2 + P;

(Equation 12)
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where k and l represent individual observed air concentration (C) or deposi-

tions (D) and the subscript model and obs represent modeled and observed

values, respectively. Cmodel and Dmodel are calculated using Equations 13

and 14:

Cmodel;k =
X
i

X
j

SC
i;j;kFi;j; and (Equation 13)

Dmodel;l =
X
i

X
j

SD
i;j;lFi;j ; (Equation 14)

where k and l represent the model grids the observed concentrations and

deposition data fall in, respectively. To consider the seasonal changes in emis-

sion and transport conditions, we sample the model at the same month as the

observations. For observations outside of the model coverage (i.e., 2018–

2020), we use the multiple-year monthly mean. P is a penalty function to

make sure we get a positive F (Equation 15):

P = 105 3
X
i

X
j

ð��Fi;j

�� � Fi;jÞ: (Equation 15)

The minimum of J is found using a gradient descent approach by the fmin-

search function provided by the MATLAB software. The state variable is the k

values for the five sources (in Equations 1, 3, and 9–11) for all size bins with a

degree of freedom of 5 3 6 = 30. The initial conditions of Fi,j are taken from

Brahney et al.8
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