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Abstract. In this paper, we present global atmospheric microplastic (MP) emissions calculated using remote depo-

sition measurements, Lagrangian transport modelling and a pattern-restricted Bayesian inversion. Emissions were

constrained using four source patterns representing agricultural activity, bare-soil, road dust, and oceanic resuspen-

sion. A Gibbs-sampling framework combined with an orthogonal transformation of the inverse problem was used to

quantify posterior emissions and their associated uncertainties. We estimate annual atmospheric MP emissions to be5

1.46× 1018 particles y−1, equivalent to 1001± 781 Gg y−1 for particles 5–250 µm. Oceanic emissions dominate the

global budget, contributing 763± 611 Gg y−1, while agriculture, road dust, and bare-soil resuspension contribute

170± 125, 51± 31, and 17± 14 Gg y−1, respectively. Independent validation against global atmospheric MP obser-

vations gives a correlation coefficient of 0.57, with 50% of modelled values within one order of magnitude and only

12% as outliers. Restricting this comparison to only observations over the ocean, together with a sensitivity experi-10

ment in which marine emissions were strongly reduced, reveals that oceanic emissions are likely non-negligible. The

measured size distribution further indicates a strong decoupling between particle number and mass, with the 10–25

µm fraction dominating particle-number emissions, but not emitted mass. Consequently, assumptions regarding par-

ticle size, density, and geometry affect global mass estimates significantly and explain the large spread observed in

previously reported inventories. Our results provide an observation-constrained estimate of the global atmospheric15

MP budget, in which the accuracy of the emissions is supported by an independent comparison.

1 Introduction

Global plastics production continues to rise, increasing from 370.7 Mt in 2018 to 413.8 Mt in 2023, of which only

8.7% was circular, mostly through mechanical recycling (Plastics Europe, 2024). As plastics degrade and fragment,

a portion enters the environment as microplastics (MPs), defined as particles smaller than 5 mm. While MPs are20

present in soils (Xu et al., 2024), aquatic systems (Kye et al., 2023), and a wide range of organisms (Li et al., 2025;

Wang et al., 2022) including humans (Leslie et al., 2022; Saha and Saha, 2024), they may also enter the atmosphere,

contributing to a global airborne MPs cycle. The ability of MPs to undergo long-range atmospheric transport (Tatsii

1

https://doi.org/10.5194/egusphere-2026-5158
Preprint. Discussion started: 22 September 2026
c© Author(s) 2026. CC BY 4.0 License.



et al., 2023) is further supported by their detection in remote environments, including protected areas and national

parks (Brahney et al., 2020), Siberia (Frank et al., 2025), or even polar regions (Bergmann et al., 2019; Evangeliou25

et al., 2020).

Despite the atmosphere being an important environmental compartment contaminated with MPs, it remains

the least explored medium, largely due to difficulties in modelling their complex shapes and in measuring their

macromolecular polymer composition. Once released into the environment, MPs undergo mechanical, radiative,

chemical, and biological degradation that alters their size, shape, surface properties, composition, and overall mobility.30

These transformations make them prone to becoming airborne through surface turbulence, much like mineral dust,

from both, land (Evangelou et al., 2024) and ocean surface (Allen et al., 2020). Recent studies (Brahney et al., 2021;

Evangeliou et al., 2022; Fu et al., 2023; Yang et al., 2025) have identified that the key emitters of MPs are road

dust originated from tire and brake wear, agricultural activity (plastic nets), resuspension from bare soils such as

deserts, and resuspension from the surface of the ocean via bubble bursting and wave breaking into the shore (Jiang35

et al., 2025). Although Yang et al. (2025) argued that the ocean contributes only a negligible share to global MPs

emissions, other studies suggest a much higher role (Trainic et al., 2020; Allen et al., 2020). Here, we include the

ocean as a possible source of atmospheric MPs and we evaluate its contribution to the atmospheric burden above

oceans using a set of independent observations (Evangelou et al., 2025).

In bottom-up approaches, emissions are typically estimated on the basis of local knowledge such as concentration40

in a given environment combined with, e.g., experimentally obtained resuspension coefficients or emission factors.

Here, we follow a top-down approach in which ambient measurements are compared with model predictions with

optimized emissions. We used one of the most complete, in the sense of spatial and temporal distribution, dataset

of MPs wet and dry deposition from remote regions in West United States Brahney et al. (2020). To allow for

MPs emission optimization, we model the relations between measurements and each possible source location using45

the atmospheric transport model FLEXPART version 11 Bakels et al. (2024), which has been designed to model

non-spherical particles, taking into account shape corrections during gravitational settling for non-spherical shapes

(Tatsii et al., 2023).

However, without additional constraints, such an inverse estimation problem would be highly ill-posed, as many

different solutions could fit the observations (Tarantola, 2005; Brožová et al., 2025). To address this ambiguity,50

we used an inverse model for MPs emission optimization, in which MPs emissions are restricted to follow specific

global patterns discussed above, namely road dust, agriculture, bare soils, and oceans. Even with this pattern-

restricted inversion approach, uncertainties related to measurements, transport parameterizations, and atmospheric

modelling are expected to remain substantial (Ganesan et al., 2014). To explicitly account for these uncertainties, we

employ a Bayesian inversion framework in which all unknown parameters are estimated without extensive tuning.55

For parameter estimation, we adopt Gibbs sampling rather than a variational method, as Gibbs sampling has the

important property of not underestimating posterior uncertainty (Tichý et al., 2020). The Gibbs sampling method is

a statistical method that repeatedly draws values for each unknown parameter, allowing us to approximate complex

2

https://doi.org/10.5194/egusphere-2026-5158
Preprint. Discussion started: 22 September 2026
c© Author(s) 2026. CC BY 4.0 License.



probability distributions and their uncertainties that would otherwise be very difficult to calculate directly (Casella

and George, 1992; Chib and Greenberg, 1995), which further allows us to better capture the uncertainties in global60

MPs emission estimates. The results are compared with the latest global emission estimates for MPs (Brahney et al.,

2021; Evangeliou et al., 2022; Fu et al., 2023; Yang et al., 2025; Evangelou et al., 2026), as well as emissions calculated

for specific environmental compartments, such as from bare soils (Evangelou et al., 2024) or the ocean (Shaw et al.,

2023; Harb et al., 2023; Bucci et al., 2024).

2 Measurements and atmospheric modelling65

2.1 Measurements of dry and wet deposition

Measurements used in inverse modelling must be representative of the modelled spatiotemporal scales, have well-

characterized and realistic uncertainty estimates, and be as free from systematic bias as possible, since inversions

cannot distinguish observational bias from emission errors. They need sufficient temporal variability and coverage

across different meteorological regimes to provide information on sources, and they must be sensitive to the emissions70

being inferred through transport and source-receptor matrix (SRM) diversity. Observations must also be consistent

with the forward model in terms of units, definitions, averaging, and physical meaning, and be accompanied by

adequate metadata and quality control so that representativeness, error correlations, and exclusions can be justified

(Enting, 2002; Tarantola, 2005). Although not all of the aforementioned criteria are met with respect to atmospheric

MP observations, the only public MP measurement dataset that is consistent enough to be used in inverse algorithm75

is from Brahney et al. (2020) in the sense that all samples were corrected and measured with the same techniques.

Brahney et al. (2020) collected dry and wet samples from the 11 remote ares and national parks in the Western

USA. Specifically, the samples were collected using Aerochem Metrics model 31 wet/dry collectors between 2017 and

2019. The collectors were able to open and close dry and wet buckets based on a precipitation sensor. Field blanks,

as well as laboratory open air and process blanks were routinely collected to assess the possibility of contamination80

and determine associated error. All samples were weighed and counted at 100x magnification using a BX50 Olympus

Microscope and cellSens Imaging Software and were separated into five size classes (5-10 µm, 10-25 µm, 25-50 µm,

50-100 µm, and 100-250 µm), which allowed us to have a measured size distribution. Then, according to their

observed shapes (e.g., 39% of particles less than 25 µm were spheres) they were converted to mass deposition

rates. Mass deposition rates were also estimated using a Thermo ScientificTM NicoletTM iN10 Fourier Transform85

Infra Red (FTIR) microscope using two different modes of analysis, reflection and micro-ATR (attenuated total

reflectance). FTIR provides both the number of polymeric particles, as well as the area of the sample that was

identified as polymeric, organic, or silicate. Both the count-based and the FTIR-based deposition estimates showed

a strong relationship (r = 0.89, p<0.001), even though they differ slightly in magnitude, which gives credence to

the deposition measurements and to how they relate to the drivers of plastic emissions to the atmosphere. From the90

whole dataset, we selected only those samples that were collected during year 2018 in order to perform a full year
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top-down calculation of atmospheric MPs emissions. In addition, year 2018 is well covered by measurements while

the remaining years (2017, 2019) are covered only partially. In total, we used 209 wet and 96 dry, with mean density

of 1.22 g · cm−3 based on the detected polymers using the FTIR Brahney et al. (2020).

2.2 Atmospheric transport modelling95

To calculate the SRMs, we used the upgraded Lagrangian particle dispersion model FLEXPART version 11 (hereafter

FLEXPARTv11) (Bakels et al., 2024) driven with ERA5 assimilated meteorological data (Hersbach et al., 2020),

which includes 137 vertical levels, hourly time resolution, and a spatial resolution of 0.5° x 0.5°. The SRMs were

calculated in reverse time mode, utilizing a feature that reconstructs both wet and dry deposition at the receptor site

for backward simulations (Eckhardt et al., 2017). Wet deposition of MPs was modelled by releasing computational100

particles at the receptor during precipitation events at altitudes of 0–20 km above sea level. For dry deposition,

particles were released at a height of 0–30 m at the same receptor point, corresponding to the layer where particles

experience dry deposition in forward mode. Each released particle represents a unit deposition amount, which was

immediately converted to atmospheric concentrations based on the deposition intensity characterized by either dry

deposition velocities or the wet scavenging rates (both in-cloud and below-cloud) (Grythe et al., 2017; Eckhardt105

et al., 2017). This process allows for the determination of sensitivities between emissions and deposition amounts for

50-day backward tracking based on the long atmospheric lifetimes of MPs (Evangeliou et al., 2020).

FLEXPARTv11 is of the most effective models for simulating MPs, as it uses shape corrections for gravitational

settling of non-spherical shapes (Tatsii et al., 2023). Based on experiments showing that that non-spherical particles

experience a larger drag in the atmosphere and therefore have lower settling velocities than volume-equivalent110

spherical ones, Tatsii et al. (2023) implemented and tested how non-spherical shapes affect FLEXPARTv11 transport.

They reported that settling velocities for fibers can be less than one-third of those of spherical particles with the

same volume, while fragments fall in between. In the present study, MPs were modelled as spheres (39%) and the rest

(61%) as fragments to be exactly consistent with the findings reported by Brahney et al. (2020), while fibers were

not modelled. Fragments were defined as cylinders with base diameters those measured by Brahney et al. (2020)115

and aspect ratios of 5, 10 and 20 (which determine the cylinder’s length). Since the updates in FLEXPARTv11

involve only settling, while wet scavenging of non-spherical particles has not been measured yet, we also perturbed

scavenging coefficients to calculate the sensitivity of the results to different scavenging coefficients for in-cloud and

below-cloud. We used three MP species with cloud condensation nuclei (CCN) and ice nuclei (IN) efficiencies of 0.01

and 0.01 (low scavenging), 0.05 and 0.15 (medium scavenging), 0.35 and 0.55 (high scavenging), respectively.120
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3 Inverse modelling

3.1 Standard methods

We utilize the concept of the SRM between the source and measurements, by Seibert and Frank (2004), which

has been widely applied in atmospheric inverse modelling for continental-scale scenarios, including our study. This

approach models the relationship between a potential emission source and a measurement, defined by its spatial125

coordinates and time interval, as the sensitivity of that measurement to a unit release, as simulated by an atmospheric

transport model.

For each source location, we calculate SRMs for each measurement and potential emission time step construct-

ing the coefficient m̃i,j for every measurement yi and emission time step j, and forming the SRM M̃ . Given a

measurement vector y and an emission vector x̃, we express their relationship as:130

y =M̃x̃+ e, (1)

where e represents the error term. The objective is to estimate the unknown emissions x̃ from this linear system.

While this formulation may be straightforward, real-world applications are naturally subject to uncertainty in

all model components. For instance, measurement data, y, contain observational noise and errors, the SRM, M̃ , is

affected by approximations in the atmospheric transport model and meteorological reanalyses used (Leelőssy et al.,135

2017; De Meutter and Delcloo, 2022).

In an idealized setting where M̃ is exactly known and e is negligible, a simple least-squares solution could be

used to estimate emissions x̃. However, in practice, atmospheric transport models introduce biases caused by, e.g.,

approximations and parameterizations (Bocquet, 2012; Ganesan et al., 2014; Ling et al., 2021) and measurement

networks provide incomplete and noisy observations. These factors make a direct least-squares solution unstable140

or even meaningless, as it amplifies errors and fails to provide physically meaningful solutions. Consequently, more

sophisticated approaches incorporating uncertainty quantification and regularizations are necessary to obtain robust

and reliable emission estimates (Tarantola, 2005; Ganesan et al., 2014; Brožová et al., 2025).

The inverse problem of emissions estimation from a point source is already challenging due to uncertainties

in atmospheric transport modelling, measurement noise, and the limited spatial coverage of observations. However,145

when extending the inversion to a spatiotemporal domain, the problem becomes even more ill-conditioned (Eckhardt

et al., 2023; Vojta et al., 2024; Brožová et al., 2025). In this case, a number of spatiotemporal distributions of the

emissions can be considered with almost identical measurements fits, making it impossible to distinguish between

possible solutions. This ill-posedness arises because even small variations in the timing and location of the emissions

can lead, by coupling it to an atmospheric transport model, to similar measurement predictions. This may result150

in reconstructed concentrations that are highly sensitive to modelling errors and observational uncertainties. As a

consequence, there is a strong need for additional constraints or regularizations.
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Therefore, here we assumed that MPs emissions follow spatial patterns associated with known MPs source cate-

gories (see Section 3.2), rather than resolving individual emission sources explicitly. We used unit-less source patterns

to regularize the possible source emissions on a global grid, so that we estimate monthly weights of each pattern155

instead of estimating each map element separately. This approach reduces the dimensionality of the inverse problem

from emissions at individual grid cells to monthly weights of the prescribed source patterns.

3.2 Pattern-restricted inverse model

Similarly to previous studies (Brahney et al., 2021; Evangeliou et al., 2022), we assumed that atmospheric MPs

originate mainly from four different global source sectors. This assumption was primarily motivated by the lack of160

consistent long-term observations over a global domain and served as regularization of the inverse problem. The four

source sectors were (a) emissions from agricultural nets used in crop production, (b) resuspension from bare soils,

(c) road dust, and (d) resuspension from ocean’s surface. All these source categories have been previously identified

as the main global sources of atmospheric MPs (Brahney et al., 2021; Evangeliou et al., 2022; Fu et al., 2023; Yang

et al., 2025).165

The agricultural pattern was adopted from Potapov et al. (2022) in which cropland land-cover was derived from

satellite data. The cropland is unevenly distributed between global regions, with 55% in Eurasia, 17% in Africa,

16% in North and Central America, 9% in South America and 3% in Australia and Oceania. The pattern for bare

soil resuspension was adopted from the FLEXDUST model (Groot Zwaaftink et al. (2017)) after simulating the full

year with the most recent assimilated meteorological fields from ERA5 (Hersbach et al., 2020). Road dust source170

pattern has been used before (e.g., in (Evangeliou et al., 2020, 2022)) and was adopted here from the ECLIPSEv6b

(Evaluating the Climate and Air Quality Impacts of Shortlived Pollutants version 6b) emission inventory (Klimont

et al., 2017) after bottom-up calculations performed by IIASA (International Institute for Applied Systems Analysis)

using the GAINS model (Greenhouse Gas and Air Pollution Interactions and Synergies). Finally, the pattern for

oceanic resuspension was taken from Isobe et al. (2021) as gridded monthly surface concentration data, assuming175

that oceanic emissions of atmospheric MPs follow the same pattern as surface concentrations. In Isobe et al. (2021),

data from several research projects conducted from 2000 to 2019 were used to create data on the oceanic abundance

of MPs. The data has been corrected to wind speed and wave height and interpolated to the monthly gridded surface

concentration data (Kako et al., 2011). For ocean surface emissions, we performed a correction for seasonal snow

and sea-ice extent using data adopted from the ERA5 (Hersbach et al., 2023), assuming that atmospheric MPs are180

not resuspended from snow and sea-ice surfaces (Supplementary Information Figure S1). In fact, this is reasonable

since in cold environments, plastic degradation slows down, leading to temporal accumulation of MPs and associated

chemical pollutants, that can be released to the aquatic environment upon melting (Zhang et al., 2023; Edo et al.,

2025). The annual average patterns for the aforementioned sources are shown in Figure S2.
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The concept of SRM is modified here for four source sectors. The modified SRM for each source is calculated as:185

Mpattern =
∑

lat,lon

Slat,lonM̃ lat,lon, (2)

where Slat,lon is normalized source activity at given location, see Figure S2, and M̃ lat,lon is SRM calculated for each

measurement and time-step at given location. The spatial activity fields Slat,lon are normalized by their maximum

value (i.e., maxSlat,lon = 1), so that they represent only the relative spatial distribution of emissions within each

source pattern. Since the measurements are the mixture signal from all four considered sources, we aggregate these190

modified SRM from all considered source as:

M = [M1,M2,M3,M4] . (3)

Then, the modified inverse problem is formulated as follows:

y =Mx, (4)

where y ∈Rp is the original measurement vector, M ∈Rp×n is the modified SRM, and x ∈Rn is the vector con-195

taining the source-pattern weights over the considered time steps. This approach follows the pattern of each source

but dramatically reduces the number of unknowns, vector x, to be estimated.

3.3 Uncertainty Estimation using Gibbs sampling

The linear model (Eq. 4) is, in principle, inaccurate, and the goal of the inversion is to minimize the residues.

However, due to model and measurement uncertainties, the minimum-residual solution is not unique, and solutions

with slightly higher residuals may also be consistent with the observations. The aim of uncertainty estimation is to

find a set of possible solutions. A probabilistic approach represents the residue as a random variable with a chosen

distribution. Gaussian distribution is a common assumption on the residues, yielding a probabilistic model:

p(y|M ,x) =N (Mx,ω−1
y Ip)

where Ip is the identity matrix of the given size equal to the number of measurements and the variance of the residues

ω−1
y is identical for all measured data. The assumptions about the source term are summarized in the form of a prior

distribution:

p(x) = tN (0,ω−1
x In, [0,+∞]),

where ω−1
x is the estimated variance of the emissions. Note that the prior is not a standard Gaussian distribution

but its truncated version, assigning zero prior probability to negative values.200

The posterior distribution of the source term is proportional to the product of the likelihood and the prior:

p(x|M ,y)∝ exp
(
− 1

2
ωy(y−Mx)⊤(y−Mx)

− 1

2
ωxx

⊤x
)
χ(x> 0). (5)
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The presence of the positivity constraint makes the problem analytically intractable, requiring approximate solutions.

We propose to use the Gibbs sampler for this task.205

The Gibbs sampler is a type of Markov Chain Monte Carlo (MCMC) method that generates a sequence of samples

consistent with the posterior distribution. The method is applicable to multivariate distributions x= [x1,x2, . . . ,xn],

for which it is possible to sample from conditional distributions for every dimension:

xi ∼ p(xi|{xj ,∀j ̸= i}). (6)

The key advantage of the method is its efficiency, which is achieved at the cost of the need for exact evaluation of210

the conditionals (Eq. 6).

Application of the Gibbs sampling to the unconstrained linear Gaussian problem (Eq. 4) is a textbook example,

since all conditional samples are analytically tractable. However, the atmospheric inversion model has two specific

features: i) positivity constraint, and ii) an ill-conditioned matrix M . We propose to address the latter using an

orthogonal transformation of the linear model.215

3.4 Orthogonal transformation

Standard Gibbs sampling can be inefficient when variables are highly correlated (see Figure S3). The problem may

be avoided by rotating the coordinate system so that the components are independent. In our case, rotating the

coordinate system can be done using the SVD (Singular Value Decomposition) decomposition of M matrix, i.e.

M =UΛV ⊤. The problem is then reparametrized to:220

y =Mx=Aα,

where A is a transformation of the SRM, and α is the new unknown variable:

A=UΛ α= V ⊤x x=V α. (7)

Under this transformation, the joint distribution Eq. (5) changes to225

p(α|A,y)∝ exp
(
− 1

2
ωy(y−Aα)⊤(y−Aα)

− 1

2
ωxα

⊤α
)
χ(V α> 0).

While the analytical solution of the unconstrained transformed problem is also available, the complication arises

in sampling positive samples. We decompose the problem into individual dimensions as follows:

Aα= aiαi +A/iα/i

where αi is the ith element of vector α, ai denotes the ith column of matrix A, and a/i = [a1,a2 . . . ,ai−1,ai+1, . . .an]

is the complement of the ith element, and A/i is matrix A without the ith column. In similar fashion, we decompose

V α into V α= viαi +V /iα/i = viαi +βi where vi is the ith column of matrix V and βi = V /iα/i.230
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This parametrization yields the following inversion problem:

p(αi|ỹ,A,α/i)∝ exp
(
− 1

2
ωy(ỹ−aiαi)

⊤(ỹ−aiαi)

− 1

2
ωxα

⊤
i αi

)
χ(viαi >−βi)

where ỹ = y−A/iα/i. This problem allows analytical solution:

p(αi|y,M ,α/i) = tN
(
µi,σ

2
i , [ci,di]

)
(8)235

µi = ωyỹ
⊤aiσ

2
i ,

σ2
i =

(
ωya

⊤
i ai +ωx

)−1
.

ci = max
j∈(j:vi,j>0)

{−βi,j/vi,j}

di = min
j∈(j:vi,j<0)

{−βi,j/vi,j}

which is ready to be used in the Gibbs sampler.240

3.5 Precision terms and final algorithm

The variable ωx is the precision of the prior distribution on x. It controls the strength of the regularization applied

to x. A larger ωx implies a stronger prior belief that x should be close to zero. We choose a Gamma prior for ωx as

p(ωx) = Γ(ϵ0, ϵ0), p(ωy) = Γ(ϵ0, ϵ0),

where ϵ0 is a small number chosen for numerical stability. In our case, ϵ0 = 10−10. The conditional posterior distri-245

bution is:

p(ωx|x)∝ p(x|ωx)p(ωx)

p(ωy|x,M,y)∝ p(y|ωy,M ,x)p(ωy)

which has solution using the parametrization (Eq. 7):

ωx ∼ Γ

(
ϵ0 +

n

2
, ϵ0 +

1

2
∥α∥2

)
. (9)250

ωy ∼ Γ

(
ϵ0 +

p

2
, ϵ0 +

1

2
∥y−Aα∥2

)
. (10)

The final algorithm of the Gibbs sampler is summarized in Algorithm 1. The main modification from a classical

Gibbs sampler is the reparametrization of the problem using orthogonal decomposition, which allows the conditional

distribution to be expressed in a numerically stable form. The main consequence is the calculation of the limits for

the truncated normal distribution in Eq. (8). The Normal distribution can be truncated from both sides, since vector255

vi may contain negative entries, taking into account that positivity constraint on the original variable is transformed
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Algorithm 1 Algorithm of the proposed Gibbs sampler.

Require: M ,y, s (number of Gibbs samples), w (warm-up steps)

Ensure: Samples x(1),x(2), . . . ,x(s) from the posterior distribution p(x|M ,y)

1: Initialize: x(0)← argminx≥0 ∥Mx−y∥22
2: Compute SVD: M =UΛV ⊤

3: Set A=UΛ, α(0) = V ⊤x(0)

4: for m= 1 to s+w do

5: Sample ωy from Eq. (10)

6: Sample ωx from Eq. (9)

7: for i= 1 to n do

8: Sample α
(m)
i from Eq. (8)

9: end for

10: if m≥ w+1 then

11: x(m−w)← V α(m)

12: end if

13: end for

into different support of the transformed variable. In that case, the inequality changes sides and the corresponding

bounds need to be adjusted. The minima and maxima of the possible solution have to be found by searching through

all entries of vector vi.

4 Results260

Below, we first quantify the annual posterior MPs emissions in the Western USA using the proposed model set-up,

assuming spatiotemporal patterns weighted by the Gibbs sampling method (Section 3). This regional assessment

helps both to evaluate the performance of the pattern-restricted inversion model in a regional domain and to establish

a reference point for subsequent scaling to the global domain. We then extend the calculation over the global domain,

a straightforward step given that the employed patterns are defined globally.265

4.1 Estimated annual MPs emissions in the Western USA

The estimated posterior annual MPs emissions are given in Figure 1a for the inversion domain with the span of 124◦

to 91◦ W and 29◦ to 47◦ N. An annual total emission of 12.15± 8.45 million MPs particles per square meter were

estimated in 5 different size bins, namely 5–10 µm, 10–25 µm, 25–50 µm, 50–100 µm, and 100–250 µm. The MPs

size distribution has been measured in the dataset of Brahney et al. (2020) (see section 2.1). This annual total is270

half than the one reported by Evangeliou et al. (2022) for the same domain (22± 10 million particles m−2 y−1). To

calculate the emitted mass, we use the the average MPs density measured by Brahney et al. (2021) that is ρ= 1.22 g

10
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cm−3. According to their findings, 39% of the detected particles were spherical, while the rest (61%) were fragments

(Brahney et al., 2021) exactly like those we simulated in the present study. Therefore, the conversion of number to

mass emission of the particles is based on spheres (39%) and on cylinders (61%) considering the diameters measured275

by Brahney et al. (2021) as follows:

msph =
4

3
π

(
Dm

2

)3

ρ, (11)

for spheres, and

mcyl =
π

4
AratioDm

3ρ, (12)

for cylinders,280

where Dm and ρ are diameter and density measured by Brahney et al. (2020) and Aratio is the aspect ratio for

the modelled cylinders that represent fragments. The resulting total annual MP mass emissions from Eq. 11 and 12

were estimated to be 18.69± 13.10 Gg y−1 for the Western US domain. These emissions are 13 times smaller than

those reported previously by the same group (Evangeliou et al., 2022: 244± 119 Gg y−1).

Regarding the seasonal variability of the posterior MP emissions in the US (Figure 1a), the lowest emissions285

were found during summer months. Across most of the US, lower surface winds and reduced precipitation are

most commonly observed in late summer to early autumn. During this period, the mid-latitude jet stream shifts

northward and large-scale pressure gradients weaken, leading to fewer strong cyclones and more persistent high-

pressure systems, which favor lighter winds and atmospheric stagnation. In the Western USA, particularly California

and the Pacific Northwest, summer and early fall are climatologically dry due to the dominance of subtropical high290

pressure associated with the eastern Pacific High. Many interior regions also experience a relative precipitation

minimum compared to the active spring storm season. While regional monsoons or tropical cyclones might occur

in the Southeast, the summer period is broadly associated with weaker synoptic forcing, lower wind speeds, and

reduced large-scale precipitation across the contiguous US (Marvel et al., 2023). These stagnant conditions cause

lower resuspension of MPs and likely explain the observed annual minimum. In contrast, the seasonal MP emission295

maxima observed during spring and autumn agree with the wind-speed and precipitation maxima that are observed

in most of the US during these seasons.

The comparison of measured with reconstructed modelled deposition rates for all size classes is shown in Figure

1b, while the different colors correspond to the respective size fractions of the posterior emissions. The reconstructed

deposition rates have been calculated by coupling the calculated a posteriori emissions to the modelled SRMs. The300

calculated Pearson’s correlation coefficient (r) for this case is 0.537, indicating a good linear relationship and thus

a reasonably good reconstruction of the observed signal. Note that a good agreement between observations and

reconstructed posterior deposition rates at this step does not justify any validation or methodological robustness.

The reason for this is that the observed deposition rates shown in Figure 1b were used in the inverse algorithm and

the latter has been designed to minimize the mismatch between posterior and observed deposition rates.305
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Figure 1. (a) Estimated posterior MPs emissions for the Western US domain (124◦ to 91◦ W and 29◦ to 47◦ N). Colors

define the five different particle size classes (5-10 µm, 10-25 µm, 25-50 µm, 50-100 µm, 100-250 µm) and colored shades the

associated uncertainty bounds defined here as one standard deviation of the posterior distribution. (b) Scatter-plot showing

the fit between measured and modelled (reconstructed) deposition rates. The colors correspond to the same size classes that

were plotted in Figure 1a.

4.2 Global atmospheric MPs emissions from continental and oceanic sources

The posterior emissions of atmospheric MP are inherently more reliable within the continental part of the Western

USA, where they are constrained by the available measurements and their modelled SRMs. However, even a small

oceanic coverage of the SRMs (<5% in our case, see Figure S4) can give an indication of the associated oceanic

emissions that arrive at the receptors (national parks of the Western US, Brahney et al. (2021)). Nevertheless, more310

targeted measurements closer to the ocean would of course be more preferable, but the lack of robust analytical

techniques for MP detection, accurate quantification, and source attribution hinder a comprehensive assessment

of their distribution. Since the four patterns used for estimation in the West US domain are global, the posterior

atmospheric MP emissions can be directly extrapolated over a global domain. The spatial accuracy of the posterior

emissions now depends on the accuracy of each pattern. In the present study, the most updated data have been315

incorporated to build each pattern. Specifically, the most recent satellite-based land-cover maps have been processed

to derive global agricultural emissions (Potapov et al., 2022). For bare soil resuspension, the FLEXDUST model

(Groot Zwaaftink et al., 2017) was used together with the most recent assimilated data from ERA5, road dust

was created using a bottom-up approach from IIASA’s GAINS model (Evangeliou et al., 2020). Finally, the spatial
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Figure 2. Spatial distribution of global annual posterior emissions of atmospheric MPs (1001± 781 Gg y−1). The posterior

emissions are the sum of the four different emission sectors that were assumed to contribute here, namely emissions from agri-

cultural nets used in crop production, resuspension from bare soils, road dust, and ocean’s surface. The calculated uncertainty

is given as one standard deviation of the posterior distribution.

variability of the oceanic emissions of atmospheric MPs is based on gridded surface concentration data from Isobe320

et al. (2021) that were created from measurements conducted during 2000-2019 (see Section 3.2).

The spatial distribution of global atmospheric MP emissions from all continental and oceanic sources is shown in

Figure 2. We estimate the annual atmospheric MPs emissions to be 1.46×1018 particles y−1, which upon conversion

to mass under our assumptions, becomes 1001± 781 Gg y−1. This is a substantially lower estimate compared to

previous estimates using the same data. For instance, they are almost 9 times lower than the annual global emissions325

of 8700 Gg y−1 reported by Brahney et al. (2021) and one order of magnitude lower than 9600±3600 Gg y−1 reported

by Evangeliou et al. (2022) using a similar inverse modelling approach, but considering only spherical particles in the

model. The spatial distribution of the annual global emissions of atmospheric MPs from agricultural, road, bare soil

and oceanic sectors are depicted in Figure 3. Their uncertainty bounds have been derived from the Gibbs sampler

(Figure S4). The largest contributor is the oceanic sector that releases 1.11×1018 particles y−1 or 763±611 Gg y−1330

for 5-250 µm. This is consistent with previously estimates reporting that the large oceanic surface, the final receptor

of larger plastics, has accumulated several tons of plastics (4800 to 12700 Gg y−1, Jambeck et al. (2015)), that can

be remobilised as a result of bubble bursting and wave breaking into the shore releasing plastic debris back to the

atmosphere (Allen et al., 2020; Fu et al., 2023). However, the relative importance of oceanic contribution is smaller

in our study. While Brahney et al. (2021) and Evangeliou et al. (2022) attributed 98.9% and 92.7%, respectively,335

to oceanic MPs emissions with respect to the total annual emissions, our current estimate suggests a maximum

contribution of 76.8%. This indicates a relatively stronger contribution from continental sources in our framework.

The spatial distribution of the total annual MP emissions among the four considered sectors is depicted in Figure

3. The detailed contribution to annual MP emissions from each sector (agricultural nets, bare soils, road dust and

oceanic emissions) can be seen in Table 1. Except for the oceanic emissions, agricultural emissions add 2.7× 1017340
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particles y−1 or 170 ± 124 Gg y−1, upon conversion to mass for sizes for 5-250 µm, road dust gives another 7.5×1016

particles y−1 or 51 ± 31 Gg y−1, and bare soils 2.6×1016 particles y−1 or 17 ± 14 Gg y−1. Regions expected to exhibit

the highest agricultural MP emissions largely coincide with the world’s most intensively cultivated croplands. These

include the Indo-Gangetic Plain (India–Pakistan–Bangladesh), one of the most productive and intensively managed

agricultural systems globally, dominated by rice–wheat rotations and high cropping intensity (Pingali, 2012; Lobell345

et al., 2011). The US Midwest (Iowa, Illinois, Indiana, Nebraska, Minnesota) represents one of the largest contiguous

high-yield maize-soybean production regions worldwide (Ray et al., 2013). Similarly, the North China Plain is

characterized by intensive wheat-maize double-cropping systems and high fertilizer and irrigation inputs (Su et al.,

2021). In addition, Europe and the Eurasian steppe region (Ukraine–Russia–Kazakhstan) constitutes a major global

wheat and barley production belt with extensive cultivated land area (Ray et al., 2012). These regions collectively350

account for a substantial fraction of global harvested cropland and agricultural production, and are therefore likely

hotspots of agricultural emissions of MPs (Figure 3). Regarding resuspended MPs from bare soils, West Asia and

North Africa are the most significant regions, while resuspension from Europe, Russia, and Oceania is much smaller

due to the smaller mineral dust emissions in these regions. Finally, MPs emissions from bare soils are particularly

high in the Middle East, where both population density and mineral dust emissions are high (Evangelou et al.,355

2024). Road dust emissions agree well with the distribution of global population and are more significant in the

west coast of the US, Europe and Southeastern Asia (Figure 3). Finally, oceanic hotspot emissions of MPs coincide

with the locations of the garbage patches, exactly as in Isobe et al. (2021) dataset that was used to scale emissions

globally. A recent study showed that a storm event at the great garbage patch of the North Atlantic ocean caused

intensive deposition of the order of 113,000 particles m−2 d−1, with pre- and post- event deposition was only 700360

and 30,000 particles m−2 d−1, respectively (Ryan et al., 2023). This shows that the oceanic garbage patches are

likely a significant source of atmospheric MPs.

The region-specific contributions to annual global atmospheric MP emissions are summarized in Table 2, based on

the geographical definition presented in Figure 4a. Considering particle size bins spanning 5–250µm, Asia emerges as

the dominant source region, with an estimated annual emission of 1.35×1017 particles y−1, corresponding to 88±62365

Gg y−1 when expressed in mass units. Asia’s leading contribution reflects not only its large geographical extent,

but also its high population density, intensive agricultural practices, extensive urbanization, and industrial activity.

These factors enhance primary emissions and resuspension favoring elevated atmospheric MP fluxes. In particular,

densely populated and agriculturally intensive regions, such as the Indo-Gangetic Plain and eastern China, are likely

to act as regional hotspots. The American continent (including North, Central, and South America) constitutes the370

second-largest emitting region, contributing approximately 9.3× 1016 particles y−1 or 60± 42 Gg y−1. Within this

aggregate, North America accounts for the majority of emissions (Table 2), reflecting extensive agricultural activity,

large urbanized areas, and significant road networks that enhance both direct emissions and resuspension. South and

Central America contribute comparatively less, although expanding agricultural practices and land-use change may

locally intensify emissions. Europe contributes 4.3×1016 particles y−1, corresponding to 28±20 Gg y−1. Emissions in375
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Figure 3. Spatial distribution of global annual posterior emissions of atmospheric MPs for the four different emission sectors.

Emissions from agricultural nets used in crop production contribute a total 170±125 Gg y−1, bare soils only 17±14 Gg y−1,

road dust contribute 51± 31 Gg y−1, and oceanic emissions 763± 611 Gg y−1. The calculated uncertainty for each sector is

given as one standard deviation of the posterior distribution.

Europe are closely linked to intensive agriculture, dense transportation infrastructure, and high levels of urbanization.

Notably, Russia, spanning both Europe and Asia, accounts for an additional 2.3× 1016 particles y−1 (15± 11 Gg

y−1). Although Russia’s population density is lower than that of Western Europe, its vast land area and extensive

agricultural zones contribute substantially to its overall MP emissions. Africa emits approximately 5.2×1016 particles

y−1, or 34± 25 Gg y−1. In contrast to other regions, a considerable fraction of African emissions is associated with380

bare soil resuspension processes rather than intensive industrial or agricultural sources. The existence of arid and

semi-arid ecosystems, combined with strong wind-driven dust mobilization, enhances the potential for atmospheric

entrainment of MPs present in soils. Oceania contributes a comparatively minor share, with 1.2×1016 particles y−1 or

7.4±5.4 Gg y−1. Despite its large geographical area, the region’s relatively low population density and lower intensity

of anthropogenic activities result in reduced MP emissions. Furthermore, total dust emissions are lower compared to385

other continents, limiting the contribution from resuspension-driven pathways. Overall, the regional distribution of

atmospheric MP emissions reflects a combined influence of population density, land use, agricultural intensity, and

soil resuspension potential. Regions characterized by dense human activity and intensive land management tend to
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Table 1. Contribution of the four considered emission sectors (agricultural nets in croplands, bare soil resuspension, road dust

and surface oceanic) to annual global atmospheric MPs emissions.

⋆ particles 5–70 µm; ⋆⋆ particles 5–100 µm; ⋆ ⋆ ⋆ particles 5–250 µm; † MMPW (mismanaged plastic waste) in (Fu et al.,

2023) assigned here to the soil resuspension category for comparison only.

MPs [Gg/y and p/y] Agriculture Soil resusp. Road dust Ocean

Brahney et al. (2021)⋆⋆

18

7.1× 1016

68

2.7× 1017

96

3.8× 1017

8600

3.39× 1019

Evangeliou et al.

(2022)⋆ ⋆ ⋆

310± 130

2.52× 1018

100± 52

8.1× 1017

280± 120

2.27× 1018

9600± 3600

7.80× 1019

Fu et al. (2023)⋆

37.3

6.7× 1017

0.11†

2.0× 1015

114.4

2.1× 1018

169.8

3.1× 1018

Yang et al. (2025)⋆

5000

4.9× 1018

300

2.9× 1017

5000

4.9× 1018

0.8

7.8× 1014

Evangelou et al. (2026)

(spheres)⋆⋆

0.5

6.07× 1017

4.6

2.7× 1016

Evangelou et al. (2026)

(sph+cyl)⋆⋆

12.5

6.07× 1017

104.77

2.7× 1016

this study⋆ ⋆ ⋆

169.8± 124.8

2.7× 1017

17.3± 13.9

2.6×1016

51.1± 30.6

7.5× 1016

763± 611

1.1× 1018

dominate mass and particle fluxes, whereas sparsely populated regions contribute primarily through resuspension.

The substantial uncertainties associated with all regions (typically exceeding 50% relative uncertainty) highlight the390

need for improved constraints on emission factors, land-surface MP reservoirs, and resuspension dynamics.

The size-resolved annual global MP emission inventory reveals a pronounced dependence of both mass and particle

number fluxes on particle diameter. Emissions were quantified for five size classes spanning 5–250 µm, expressed

in terms of annual mass flux (Gg y−1) and corresponding particle number flux (particles y−1) in Table 3. In the

smallest size fraction (5–10 µm), total emissions amount to 1.4 ± 1.0 Gg y−1, corresponding to approximately395

2.2× 1017 particles y−1. Although this bin contributes only a minor fraction of the total emitted mass, it accounts

for a substantial number of particles, reflecting the strong inverse scaling between particle size and particle number.

The 10–25 µm size class shows a marked increase in mass flux, reaching 56 ± 43 Gg y−1, with a corresponding

number flux of 8.7×1017 particles y−1. This size range represents the largest particle number contribution across all
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bins, suggesting that intermediate-sized MPs dominate the total emitted particle abundance despite not contributing400

the highest mass. For the 25–50 µm fraction, emissions further increase in mass to 187 ± 146 Gg y−1, while the

particle number decreases to 3.0× 1017 particles y−1. This shift reflects the cubic dependence of particle mass on

diameter, whereby increasing particle size disproportionately enhances mass contributions relative to particle counts.

The 50–100 µm class contributes 339 ± 264 Gg y−1, accompanied by 6.7× 1016 particles y−1. Despite a continued

increase in mass flux, the number flux decreases by approximately one order of magnitude compared to the 10–25405

µm class. The largest size fraction (100–250 µm) exhibits the highest mass contribution, 418 ± 327 Gg y−1, yet the

lowest particle number flux, approximately 6.5×1015 particles y−1. This size class therefore dominates total emitted

mass but contributes minimally to the total particle abundance.

Table 3. Contribution of the examined size-fractions to the annual global atmospheric MPs emissions.

⋆ particles 5–70 µm; ⋆⋆ particles 5–100 µm; ⋆ ⋆ ⋆ particles 5–250 µm

MPs[Gg/y and p/y] 5–10 µm 10–25 µm 25–50 µm 50–100 µm 100–250 µm

Brahney et al.

(2021)⋆⋆

62

2.4× 1019

140

3.6× 1018

1100

3.9× 1018

7400

2.8× 1018

−

−

Evangeliou et al.

(2022)⋆ ⋆ ⋆

7.9± 3.1

2.4× 1019

110± 50

3.2× 1019

500± 230

1.5× 1019

2000± 920

7.4× 1018

7300± 3000

2.1× 1018

Fu et al. (2023)⋆

0.65

3.6× 1018

0.65

3.7× 1017

0.65

2.9× 1016

320.6

1.8× 1018

−

−

Yang et al. (2025)⋆

136.9

4.8× 1018

1121.1

4.9× 1018

3202.5

3.3× 1017

5868.3

7.4× 1016

−

−

Evangelou et al.

(2026) (spheres)⋆⋆

0.12

5.4× 1017

0.16

6.6× 1016

0.31

1.1× 1016

4.56

2.1× 1016

−

−

Evangelou et al.

(2026) (sph+cyl)⋆⋆

2.71

5.4× 1017

3.72

6.6× 1016

7.07

1.1× 1016

103.78

2.1× 1016

−

−

this study⋆ ⋆ ⋆

1.4± 1.0

2.2× 1017

55.9± 43.4

8.7× 1017

187.3± 145.8

3.0× 1017

338.8± 263.9

6.7× 1016

418.1± 326.7

6.5× 1015

4.3 Independent validation of global emissions

In this section, we assess the robustness of our global emission estimates. While the reconstructed concentrations410

and deposition rates provide a basis to show the performance of the inversion (Figure 1b), they cannot be considered
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a sufficient validation, because the inversion has been designed to reduce the model-observation mismatches. The

magnitude of the posterior reduction of the model mismatch to the observations is partly determined by the weighting

given to the observations relative to the prior emissions. A robust validation can only be performed via comparison of

the posterior concentrations with observations that were not included in the inversion (independent observations). For415

this, a public global measurement dataset was adopted from Evangelou et al. (2026) presenting concentrations and

deposition rates of atmospheric MPs gathered from the literature during the last 10 years. The posterior emissions

presented in this study were coupled with modelled SRMs for the independent measurements and the calculated

posterior modelled concentrations were compared with the observations (Figure 4b).

To match modelled size fractions with the measured fibers and fragments, the volume equivalent diameter deq was420

calculated assuming cylinders with the average length L and width d of the reported particles. If the width was not

reported, an aspect ratio (L/d) of 40 and 2 was used for fibers and fragments, respectively. For spherical particles,

the reported size was used as deq. Films were represented as square-shaped particles with a thickness S of 5 µm and

a diagonal dimension L equal to the average measured size. For fibers and fragments, the volume is

V = π

(
d

2

)2

L whereas, for films V = π

(
S

2

)2

L (13)425

and,

deq = 2

(
3V

4π

)1/3

(14)

Except for the posterior emissions from this study, we performed the same calculations using public emission

datasets from Fu et al. (2023), Yang et al. (2025) and Evangelou et al. (2026) (Figure 4c-f). Fu et al. (2023) reported

gridded MP emissions for different size fractions of 0.3–70 µm. Similarly, Yang et al. (2025) reported (non-gridded)430

annual mass emissions per size fraction (< 70 µm). They assumed that the major MP sources would be continental

emissions (10,000 Gg/y) with a relatively insignificant source from the ocean (0.8 Gg/y) and bare soil resuspension of

300 Gg/y. To get the spatial distribution of their emissions, we split the continental sources equally into agricultural

and road dust emissions (5,000 Gg/y each) and used the same patterns as those used here (Figure S2) to distribute

these masses in a global domain. To further convert from mass to number emissions, we assumed particles to be435

cylinders with aspect ratio of 20 (resulting into posterior emissions that were used in Figure 4d) and spheres (used

in Figure 4e), both with same density as the one measured by Brahney et al. (2020) (ρ= 1.22 g cm−3). Finally, MP

emissions from Evangelou et al. (2026) for continental and oceanic sources were also included in the comparison.

The scatterplots of the comparisons are illustrated in Figure 4.

The performance of each emission inventory was assessed using the coefficient of determination evaluated in440

logarithmic space for modelled and measured MPs, R2
log10

, defined as:

R2
log10

= 1−
∑p

i=1 (log10 yi − log10 ŷi)
2

∑p
i=1

(
log10 yi − log10 y

)2 , (15)
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Figure 4. (a) Region definition to show different locations of measurements. (b) Posterior modelled concentrations and deposi-

tion rates against independent observations using emissions from this study. (c) Modelled concentrations and deposition rates

against independent observations using emissions from (Fu et al., 2023), using emissions from Yang et al. (2025) assuming (d)

cylindrical and (e) spherical shape, and (f) modelled concentrations and deposition rates against independent observations

using emissions from Evangelou et al. (2026).

where yi are the observed values, ŷi are the modeled values, log10 y denotes the mean of the logarithm of observations,

and p is the number of observations. In addition, the geometric mean bias (GMB) was used defined as:

GMB= 10
1
p

∑p
i=1 log10

(
ŷi
yi

)
, (16)445

where ŷi and yi are the modeled and observed values, respectively. A value of GMB close to unity indicates no sys-

tematic bias, values larger indicate overestimation, and values smaller than unity indicate underestimation. Finally,

Spearman rank correlation coefficient, ρ, was used defined as:

ρ=
cov(Rx,Ry)

σRx
σRy

= 1− 6
∑p

i=1 d
2
i

p(p2 − 1)
, (17)

where Rx is the rank variable, σRx is its standard deviation, di =Rx−Ry is the difference between the two ranks of450

each observation, and p is the number of observations.
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Figure 4 shows that our posterior emissions captured the broad variability of the measurements and reproduced

the main gradients in both atmospheric concentrations and deposition. The Spearman correlation coefficient of 0.57

indicates a reasonably strong monotonic relationship between the observations and the modelled values, suggesting

that our modelling framework is able to represent the large-scale spatiotemporal patterns of atmospheric MPs at the455

global scale. The calculated GMB for our posterior simulation (0.21) shows underestimation of the observations, so

as Evangelou et al. (2026) (0.40). In contrast, the posterior emissions from Yang et al. (2025), for both cylindrical

and spherical particle shapes, produce systematically overestimated modelled values, with GMBs of 5.1 and 153.75,

respectively, so as Fu et al. (2023) emissions do (GMB=120).

Using our posterior emissions, 50% of the modelled concentration and deposition rates fall within one order of460

magnitude from the observations, 88% fall within two orders of magnitude, and only 12% can be considered clear

outliers. Similar statistics were obtained using the emissions from Fu et al. (2023) (68% - 91% - 9%) and Evangelou

et al. (2026) (61% - 92% - 8%), whereas Yang et al. (2025) emissions lead to a substantially larger fraction of modelled

values lying more than two orders of magnitude away from the observations (16% when cylinders and 58% when

spheres were assumed). Overall, these results show that our posterior emissions provide a more balanced agreement465

with the available measurements, without the strong positive bias seen in the other reported inventories. Overall,

the validation supports our conclusion that the current inversion framework is able to provide a realistic emission

inventory for atmospheric MPs, even though notable discrepancies remain at individual sites and for specific samples.

4.4 Estimated posterior uncertainty

Uncertainties in the posterior MPs emissions were quantified using two complementary approaches, capturing both470

the statistical variability of the posterior distribution and the sensitivity to atmospheric transport modeling. Firstly,

we quantify the uncertainty of the posterior MPs emissions directly from the samples generated by the Gibbs sampler

(see Section 3.3). The Gibbs sampling algorithm provides a sequence of samples {x(s)}Ss=1 drawn from the posterior

distribution p(x | y,M), thereby providing a fully probabilistic characterization of the solution. This Gibbs-based

approach is beneficial, because it does not only yield a single optimal estimate, but also characterizes the spread of475

plausible emission fields consistent with the observations, the prior assumptions, and the forward model. For each

emission element xi, corresponding to each grid-cell, we estimate the posterior mean and standard deviation from

the samples as

µxi
=

1

S

S∑

s=1

x
(s)
i , (18)

σxi
=

√√√√ 1

S− 1

S∑

s=1

(
x
(s)
i − x̄i

)2

, (19)480
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where µxi
represents the posterior expectation and σxi

quantifies the associated uncertainty. This uncertainty reflects

the combined effects of observational noise, model representation errors, and prior constraints, as encoded in the

posterior distribution.

Secondly, we assessed the sensitivity of the posterior emissions to uncertainties in the atmospheric transport

parameterizations, with particular emphasis on wet scavenging. This step is important because wet deposition is485

one of the main removal pathways for MPs from the atmosphere, and changes in scavenging efficiency directly

affect lifetime, transport distance, and the SRMs used to reproduce the observations. Stronger scavenging removes

particles more efficiently during transport, which tends to reduce long-range transport and can shift the inversion

toward larger or more localized source estimates. On the contrary, weaker scavenging allows particles to remain in the

atmosphere longer, enhances transport away from source regions leading to different posterior emission patterns. To490

quantify this sensitivity, we repeated the inversion using atmospheric simulations with different CCN/IN efficiencies,

corresponding to low, medium, and high scavenging scenarios (see Section 2.2 for details). Each of these scenarios

defines a different transport-removal regime and therefore yields a different posterior emission estimate. The standard

deviation of the posterior emissions across the different inversions was used as a measure of the uncertainty associated

with the representation of wet deposition in the model. This aspect is particularly crucial in the present study because495

scavenging coefficients for MPs have never been measured directly, and the adopted parameters that are currently

used in FLEXPART are not observationally constrained and remain an important source of model uncertainty.

Together, these two approaches allow us to distinguish between uncertainty arising from the inversion framework

itself and uncertainty related to atmospheric process representation. The results are shown in Figure 5, where both

panels are displayed on a logarithmic scale. The contrast between the two estimates is clear. In Figure 5(a), the500

uncertainty derived from Gibbs sampling is spatially widespread and large, with elevated values over most major

continental regions, such as North America, Europe, Africa, and Asia. Much of the calculated uncertainty falls

within the range of about 10−3 to 10−1 Gg y−1, especially in regions where the posterior emissions are substantial.

In contrast, Figure 5(b) shows that the uncertainty associated with scavenging is generally much smaller and more

spatially muted. Most of the domain is characterized by values between about 10−5 and 10−3 Gg y−1, with only505

localized regions showing somewhat larger response to the different scavenging coefficients. The uncertainty associated

with scavenging parameterization is negligible compared to the posterior uncertainty estimated from the Gibbs

sampler.

Overall, the two uncertainty estimates differ by roughly one to two orders of magnitude over large parts of the

globe. This demonstrates that the total uncertainty in the inferred MPs emissions is dominated by the statistical510

variability of the Gibbs inversion, while the additional uncertainty introduced by the scavenging parameterizations is

tiny. In other words, within the range of low-, medium-, and high-scavenging scenarios considered here, the posterior

solution appears to be much more strongly affected by the internal spread of the Bayesian inversion than by the

specific choice of scavenging efficiency. Our findings suggest that, although wet deposition remains an important and
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Figure 5. Uncertainty of posterior MPs emissions derived from (a) Gibbs sampling and (b) sensitivity to scavenging parame-

terizations. Both panels are shown on a logarithmic scale.

unconstrained process for MPs, its contribution to the posterior emission uncertainty is secondary compared with515

the uncertainty represented by the posterior distribution itself.

5 Discussion

5.1 Comparison with previously-reported bottom-up and top-down global estimates

During the last five years, atmospheric measurements of MPs in air and deposition have expanded rapidly leading

to a first generation bottom-up and top-down estimates of their emissions to the atmosphere (see Table 1). The520

comparison between our posterior MP emissions and literature emissions illustrate that the global atmospheric MP

budget remains highly uncertain (Table 1). Depending on the study and the sector, reported annual emissions span

very broad ranges, from tens to thousands of Gg y−1 for agriculture, from less than 1 to several hundred Gg y−1

for soil resuspension, from about 50 to 5000 Gg y−1 for road dust, and from less than 1 to nearly 10,000 Gg y−1

for the oceanic source. Similar variability is found in particle-number estimates, which range from about 1015 to525

1020 particles y−1. This wide spread highlights the strong sensitivity of global emissions to the selected analytical

methodologies used to define environmental levels, the measured size distributions and the assumed densities and

shapes that lead to different conversions between particle numbers and masses.

Our posterior estimates define a more moderate but still ocean-dominated global budget. We report emissions of

170 ± 125 Gg y−1 from agriculture, 17 ± 14 Gg y−1 from soil resuspension, 51 ± 31 Gg y−1 from road dust, and 763530

± 611 Gg y−1 from the surface ocean. In partical terms, these correspond to approximately 2.7× 1017, 2.6× 1016,

7.6×1016, and 1.1×1018 particles y−1, respectively. The resulting total emission is therefore 1001 Gg y−1, or about

1.5× 1018 particles y−1. This total is substantially lower than the large global emissions reported by Brahney et al.
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(2021), Evangeliou et al. (2022) and Yang et al. (2025), but higher than the more conservative estimate of Fu et al.

(2023) and Evangelou et al. (2026).535

The sectoral partitioning obtained here is also very informative. In our estimate, the ocean remains the dominant

source, contributing roughly three quarters of the total mass and particle number, but its role is less extreme than

in studies where marine emissions exceed 90% of the global total (see also next section). Our oceanic estimate is

markedly lower than the very large oceanic values proposed by Brahney et al. (2021) and Evangeliou et al. (2022),

suggesting that the importance of the ocean remains one of the major unresolved issues in the global atmospheric540

MP cycle. Agriculture emerges as the second most important sector, whereas soil resuspension and road dust have

smaller shares. This differs from studies that emphasize much stronger traffic-related or dust-driven emissions, and

especially from Yang et al. (2025), where terrestrial sources dominate and oceanic emissions are almost negligible.

Table 1 further shows that part of the disagreement between studies does not arise solely from differences in

source strength, but also from how MPs are physically represented. This is particularly evident in Evangelou et al.545

(2026) estimates, who represented MPs as films, fragments and spheres in their model, but assumed spherical particle

shapes when converting from number emissions leading to large differences in mass emissions from our posterior, even

though particle number emissions remain of the same order of magnitude. Such differences underline that comparisons

between studies must be made with caution, because contrasting budgets may reflect not only different emission

processes, but also different assumptions regarding particle geometry, size distributions, and density. Overall, our550

results fall well within the range of recent published values, while supporting a preliminary interpretation of the global

atmospheric MP budget, neither marine- nor dust-dominated, but rather a mixed system in which oceanic emissions

remain the largest contributor and terrestrial sources, particularly agriculture and road dust, hold a substantial

share.

At the regional scale (see region definition in Figure 4a), the estimates compiled in Table 2 show that our spatial555

distribution of atmospheric MP emissions is overall much closer to the lower or intermediate range of the literature

than to the highest regional budgets published so far. As shown already, the ocean remains the dominant source

region, with 763 ± 611 Gg y−1 (out of a global total of 1001 ± 781 Gg y−1). Thus, roughly three quarters of the

global atmospheric MP budget in our framework is of marine origin, while all land regions combined contribute

about 238 Gg y−1. Within the continental domain, the largest source is Asia (88 ± 62 Gg y−1), followed by North560

America (41 ± 28 Gg y−1), Africa (34 ± 25 Gg y−1), Europe (28 ± 20 Gg y−1), South America (16 ± 11 Gg y−1),

Russia (15 ± 11 Gg y−1), Oceania (7.4 ± 5.4 Gg y−1), Central America (3.4 ± 2.3 Gg y−1), Greenland (0.004 ±
0.003 Gg y−1), and Antarctica (0 Gg y−1). This ranking indicates that Asia alone contributes nearly 38% of the total

land emissions, while Asia, North America, and Africa together account for about 70% of the continental budget.

The same geographical structure is reproduced in particle number emissions, with 1.1×1018 emitted from the ocean565

out of a global total of 1.47× 1018 particles y−1, confirming that the dominance of the ocean globally and of Asia,

North America, Africa, and Europe among land regions is robust in both mass and number terms.
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Compared with Brahney et al. (2021), our estimates are similar in some key regions, especially Asia, where our

value (88 ± 62 Gg y−1) is identical to their, and Central America, where our estimate of 3.4 ± 2.3 Gg y−1 is very

close to their 3.1 Gg y−1. For Greenland, both studies also indicate only a negligible contribution, although our570

value (0.004 ± 0.003 Gg y−1) is lower than the 0.012 Gg y−1 reported by Brahney et al. (2021). In several other

continental regions, however, our estimates are higher than those of Brahney et al. (2021), including Russia (15 ±
11 vs 2.3 Gg y−1), North America (41 ± 28 vs 24 Gg y−1), South America (16 ± 11 vs 7.1 Gg y−1), Africa (34 ±
25 vs 9.3 Gg y−1), and Oceania (7.4 ± 5.4 vs 3.9 Gg y−1). Europe is the main exception, as our estimate of 28 ±
20 Gg y−1 is lower than the 49 Gg y−1 reported by Brahney et al. (2021). Overall, this comparison suggests that575

our methodology preserves the broad regional pattern Brahney et al. (2021), but tends to shift more mass towards

several populated or dust-rich continental regions, particularly Russia, Africa, and America.

In contrast, our results deviate much stronger from the substantially higher regional values of Evangeliou et al.

(2022). This is apparent for nearly all continental regions. For Asia, our estimate (88 ± 62 Gg y−1) is almost one

third of the 250 ± 120 Gg y−1 reported by Evangeliou et al. (2022). The same pattern holds for Russia (15 ± 11 vs 44580

± 20 Gg y−1), Europe (28 ± 20 vs 88 ± 42 Gg y−1), North America (41 ± 28 vs 130 ± 55 Gg y−1), South America

(16 ± 11 vs 45 ± 22 Gg y−1), and Africa (34 ± 25 vs 110 ± 55 Gg y−1), where our values are significantly smaller, in

the range of about 30–35% of the Evangeliou et al. (2022) estimates. Central America shows an even larger relative

difference, with our value of 3.4 ± 2.3 Gg y−1 compared with 15 Gg y−1, while Oceania is the region where the two

studies come closest, since our upper uncertainty range overlaps the 12 ± 5.8 Gg y−1 estimate of Evangeliou et al.585

(2022). The disagreement is especially striking at high latitudes. For Greenland, our estimate is almost negligible

(0.004 ± 0.003 Gg y−1), with respect to 18 Gg y−1 in Evangeliou et al. (2022), which is a consequence of the

correction that we performed for seasonal snow and sea-ice extent and our assumption that atmospheric MPs are

not resuspended from snow and sea-ice surfaces (see Section 3.2). Likewise, our Antarctic contribution is zero, in

contrast to the non-negligible Antarctic source proposed in Evangeliou et al. (2022). These differences strongly590

suggest that high-latitude terrestrial sources may have been overestimated in previous inventories. Averaged over

the ten land and polar regions, our mean regional emission is about 23 Gg y−1, compared with about 19 Gg y−1 in

Brahney et al. (2021) and 71 Gg y−1 in Evangeliou et al. (2022), about one third smaller.

The comparison with the other studies listed in Table 2 further emphasizes how uncertain the regional MP budget

still is. Relative to Fu et al. (2023) for assumed size fractions of 5–70 µm, our estimate (for a slightly larger fraction,595

5–100 µm) is slightly higher over Asia, Russia, Europe, North America, Africa, and the ocean, while South America

is very similar and Central America and Oceania are somewhat lower. In particular, our estimate for Europe (16

± 12 Gg y−1) is much larger than the 3.8 Gg y−1 reported by Fu et al. (2023), and our oceanic source (443 ±
355 Gg y−1) is twice their 185 Gg y−1. Yang et al. (2025), on the other hand, present an almost opposite regional

picture for the same size range (5–70 µm), with extremely large continental emissions across nearly all land regions;600

for example 3647 Gg y−1 in Asia, 2154 Gg y−1 in North America, 1511 Gg y−1 in Europe, and 943 Gg y−1 in Africa,

while their oceanic source is only 397 Gg y−1, that is close to ours (443 ± 355 Gg y−1). This leads to a strongly
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land-dominated global budget that differs fundamentally from our ocean-dominated distribution. On the contrary,

the estimates of Evangelou et al. (2026) are much smaller than ours even when non-spherical particles are included.

Under the spherical assumption, total emissions are only 5.155 Gg y−1, and even if films, spheres and cylinders are605

used for the conversion to mass emissions, they reach only 117.27 Gg y−1, one fifth of our estimate. Thus, Table 2

shows that current regional atmospheric MP emissions span more than three orders of magnitude, reflecting strong

sensitivity to the various assumptions made on MP aerosol.

Overall, the regional comparison in Table 2 indicates that our methodology provides an intermediate perspective on

the global atmospheric MP source distribution. It is clearly more conservative than the very high previous continental610

estimates (Evangeliou et al., 2022; Brahney et al., 2021; Yang et al., 2025), but it is not as low as the most restrictive

recent inventories. At the same time, it suggests that the earliest estimates may have underestimated emissions in

some continental regions, especially Russia, Africa, South America, and parts of North America. Ocean dominates the

global source budget, Asia is the principal continental hotspot, North America and Africa are important secondary

contributors, and high-latitude land regions such as Greenland and Antarctica contribute negligibly. Our posterior615

emissions of MPs are, hence, between the extremes currently found in the literature and provide a more balanced

view of the global atmospheric MP cycle.

The discussed regional differences in our posterior emissions and those reported elsewhere are further illustrated

in Figure 6 providing a spatial explanation for the regional contrasts discussed in Table 2. The figure reveals whether

observed mismatches with earlier studies are driven by stronger or weaker hotspot regions or by different land–ocean620

partitioning of the sources. Compared with Evangeliou et al. (2022) (Figure 6a), the largest differences are clearly

associated with the oceanic domain. Broad negative anomalies dominate the ocean, especially across the Southern

Ocean and over large parts of the mid-latitude North Pacific and North Atlantic, indicating that our posterior assigns

substantially lower emissions to remote marine regions than Evangeliou et al. (2022). Distinct positive mismatches

occur over western and central Europe, the Mediterranean basin, and East Asia, implying that our posterior can625

locally exceed the Evangeliou et al. (2022) estimates even though our regional and global totals are substantially

smaller. This suggests that the Evangeliou et al. (2022) inventory is not only larger overall, but also diffuse over

the ocean, whereas our posterior is comparatively more concentrated in a limited number of continental and coastal

hotspot regions.

The spatial comparison with Fu et al. (2023) (Figure 6b) exhibits a very different structure. Here, MP emissions630

over most of the globe remain close to ours, and the differences are comparatively weak and spatially localized. The

remaining positive mismatches are again concentrated in hotspot areas, particularly Europe/Mediterranean, East

Asia, and parts of the North Pacific, while negative differences are generally small and patchy. This indicates that

Fu et al. (2023) is one of the inventories that is spatially most similar to our posterior. The disagreement between

the two studies appears to be mainly source intensity rather than source location. The geographical structure of the635

emissions is relatively consistent, but our posterior tends to strengthen several of the major hotspot regions.
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On the opposite side, comparison of our posterior with Yang et al. (2025) (Figure 6c) reveals a rather continental

mismatch. Strong negative differences cover much of North and South America, Europe, Africa, Southaast Asia,

and Australia, which is normal considering that Yang et al. (2025) assigns larger emissions to continental sources

(10,000 Gg y−1) than our posterior does. In accordance with Table 2, Yang et al. (2025) exceed our posterior by640

very large factors in nearly all land regions. Positive mismatches are rare and occur mainly in coastal and marine

areas, especially around the Mediterranean and the western North Pacific/East Asian coastal sector. Hence, Figure

6c demonstrates that the disagreement between these emissions reflects a fundamentally different global source

partitioning.

The comparison with Evangelou et al. (2026) (Figure 6d) when conversion from number to mass was performed645

based on the inventory’s assumptions on modelled non-spherical shapes and for size fractions spanning 5-100 µm

shows small differences. Most of the larger mismatches are positive and centered over Europe/Mediterranean and

East Asia. This indicates that the 2026 inventory places several of the main sources in broadly similar regions, but at

substantially lower intensity than our posterior. Hence, the main difference in this case appears to be amplitude rather

than the overall geographical pattern. The negligible emissions over Greenland and Antarctica are also consistent650

with our conclusion that ice/snow covered regions do not emit MPs.

5.2 Impact of different size distributions

The main reason for the large discrepancies between our posterior and those reported elsewhere for the mass emissions

lies in the size partition of the emitted MPs, and especially in how the coarse fraction of the size distribution is

represented, because mass increases much faster with particle size than particle number. Table 3 shows this point655

clearly. In our posterior, the mass contribution increases from 1.4 ± 1.0 Gg y−1 in the 5–10 µm class to 56 ± 43

Gg y−1 in 10–25 µm, 187 ± 146 Gg y−1 in 25–50 µm, 339 ± 264 Gg y−1 in 50–100 µm, and 418 ± 327 Gg y−1 in

100–250 µm. Thus, although particles larger than 25 µm account for only one quarter of the emitted particle number

in our posterior, they already contribute about 94% of the mass; particles larger than 50 µm represent only about 5%

of the particles, yet about 76% of the mass. The contrast is striking for the 100–250 µm fraction, which contributes660

only 6.5×1015 particles y−1, less than 1% of the total particle-number emissions, but accounts for about 42% of the

global mass budget. In contrast, the 10–25 µm fraction dominates our particle-number emissions (8.7×1017 particles

y−1, nearly 60% of the total) but contributes only about 6% of the mass. In other words, the global mass budget

is determined primarily by the relatively rare coarse particles, whereas the particle-number budget is controlled by

the more abundant fine particles (Figire S6). This asymmetry shows that even modest differences between studies665

in the abundance, representative diameter, density, or assumed geometry of the coarse fractions are amplified into

very large differences in total emitted mass.

That is also why the discrepancies are not removed simply by comparing total emissions across studies without

harmonizing size range. In the common 5–100 µm interval, our posterior sums to 583± 454 Gg y−1; the additional

100–250 µm class adds another 418 ± 327 Gg y−1, or about 42% of our global total. However, even when the670
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Figure 6. Absolute differences of our current posterior estimates from those reported by (Evangeliou et al., 2022), Fu et al.

(2023), Yang et al. (2025) and Evangelou et al. (2026) for the same size fractions reported in Table 2.

comparison is restricted to the common 5–100 µm range, our estimate remains way below the 8700 Gg y−1 of

Brahney et al. (2021) and the 10328.8 Gg y−1 of Yang et al. (2025), and also below the 2618 Gg y−1 obtained by

summing the 5–100 µm bins of Evangeliou et al. (2022), while it remains above the 322.6 Gg y−1 of Fu et al. (2023)

and the much smaller recent estimates (Evangelou et al., 2026). Hence, the spread is not caused only by whether

studies include larger particles between 100 and 250 µm. It also reflects the different amounts of mass assigned675

already within the 25–50 and especially the 50–100 µm fractions. Brahney et al. (2021) calculated 7400 Gg y−1 in

the 50–100 µm class using the same measured size distribution, although they excluded larger particles of 100–250

µm. Using the same distribution, Evangeliou et al. (2022) shifted more mass toward the coarse fraction, with 2000

± 920 Gg y−1 in 50–100 µm and 7300 ± 3000 Gg y−1 in 100–250 µm assuming spherical geometry, so that almost

28

https://doi.org/10.5194/egusphere-2026-5158
Preprint. Discussion started: 22 September 2026
c© Author(s) 2026. CC BY 4.0 License.



all of their global mass budget was driven by particles larger than 50 µm. It is noteworthy that our 100–250 µm680

contribution alone (418 ± 327 Gg y−1) exceeds the entire global mass budget reported by Fu et al. (2023)) showing

how strongly the upper tail of the size spectrum controls total mass.

In the more recent estimates, Yang et al. (2025), Evangelou et al. (2026) and our posterior showed very similar

number emissions in the 50–100 µm fraction spanning 2.1− 7.4× 1016 particles y−1. However, when using their re-

ported assumptions to convert from number to mass values, Yang et al. (2025) calculates 5868 Gg y−1 and Evangelou685

et al. (2026) 4.56–104 Gg y−1 depending on the assumed geometry, in contrast to 339 ± 264 Gg y−1 reported here.

The same was seen in the 5–10 µm fraction between Evangelou et al. (2026) and our posterior number emissions of

5.4× 1017 and 2.2× 1017 particles y−1, respectively, which is converted to 0.12 Gg y−1 if spheres are assumed with

respect to our 1.4 ± 1.0 Gg y−1 that is one order of magnitude larger. The largest differences in size distribution

are shown for the respective size fractions 10–25 and 25–50 µm, where results are one order of magnitude larger690

(3.0−8.7×1017 particles y−1) than those of Evangelou et al. (2026) (1.1−6.6×1016 particles y−1) and smaller than

those of Yang et al. (2025) (3.3− 49× 1017 particles y−1).

Note that in Evangelou et al. (2026), when spherical geometry was assumed, the total global mass is only 5.15

Gg y−1, with 4.56 Gg y−1 in the 50–100 µm fraction, while when spheres, cylinders, films were considered, the total

rises to 117.27 Gg y−1, with 103.78 Gg y−1 to be 50–100 µm, even though the particle numbers are the same. This695

23-fold increase obtained solely from a change in shape assumption demonstrates that mass budgets are controlled

not only by emissions themselves, but also by the conversion from number to particle volume. Accordingly, the

large differences between our posterior and the literature should not be interpreted simply as mismatches on source

intensity. To a large extent they reflect different assumptions about which size fractions dominate the emissions, how

far the coarse fraction extends, and how non-spherical particles are represented when converting number to mass.700

Our posterior MP emissions are an intermediate estimate within the reported literature spread and its strength is

that it is based on measured size fractions for the observations that were used in the inversion algorithm, rather

than educational guesses or literature data, such as in more of the recent estimates.

5.3 Comparison with previously-reported continental emissions

Due to the lack of robust analytical techniques for MP analysis, thus comprehensive observations, continental sources705

have been constrained up to now by bottom up methods. The bottom-up approaches differ from the top-down ones

in different type of data inputs and assumptions, which are more focused on local, ground properties. For example,

Evangelou et al. (2024) used process understanding of mineral dust emissions obtained in the past decades (Huneeus

et al., 2011) to estimate resuspension of MPs from bare soils as a function of MP mass in soil, the enrichment ratio

of MPs mass in resuspension relative to MPs mass fraction in the soil, and the previously reported flux of mineral710

dust by Huneeus et al. (2011). Using this bottom-up approach, Evangelou et al. (2024) estimated the total MPs

emissions resuspended from the bare soil to 104 Gg y−1 with uncertainty interval 48.3–108.6 Gg y−1 for particles

between 0.1 and 50 µm. For the same size fraction, our posterior estimate is 0.85–7.64 Gg y−1 (Table 4) or more than
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one order of magnitude lower. Even our maximum estimate for all studied fractions (5–250 µm), that is 3.4–31.2

Gg y−1 (Table 4) is significantly lower that the lowest bound in Evangelou et al. (2024) (31.2 versus 48.3 Gg y−1).715

Here, our soil resuspension of MPs estimates for regions defined in Figure 4a are compared with those of Evangelou

et al. (2024). The same comparison is also depicted for particular regions for quarterly temporal distibutions of MPs

emissions in Figure 7. Our estimates for 5–50 µm are significantly lower than those from Evangelou et al. (2024),

and only comparable when posterior estimates for all size fractions (5–250 µm) are considered.

As regards to another continental emission sector, namely road dust, Klimont et al. (2017) compiled ground-based720

in formation of number of automobiles, kilometers driven per year and respective emission factors in the GAINS

model and estimated 347 Gg y−1 in the PM10 fraction (Table 4). Similar to this, Evangeliou et al. (2020) combined

country statistics of tyre weight prior and after use over Scandinavia and Germany and extrapolated globally using

CO2 emissions from transportation; they estimated road dust emissions of 237 Gg y−1 in the PM10 fraction (Table

4). Our posterior estimate for 5–10 µm particles is two orders of magnitude lower (1.0–4.4 Gg y−1, see Table 4) and725

this different is best depicted in Figure 7 (note the logarithmic scale). However, when considering total terrestrial

emissions, our estimate 238 ± 169 Gg y−1 MPs (sum of agriculture, road dust, and soil resuspension) is in a good

agreement to those of Fu et al. (2023) who reported total terrestrial sources as 154 Gg y−1 with uncertainty bounds

34–688 Gg y−1. This places our mean value slightly higher than their reported estimate, although their upper bound

overlaps with our uncertainty range very well. The difference is primarily driven by agricultural emissions, which730

contribute strongly in our framework but remain minor in their calculation.

5.4 Comparison with previously-reported oceanic emissions

The global MP emissions emitted from the surface of the ocean in the present study were calculated to be 1.1×1018

particles y−1 for size fractions 5-250 µm, corresponding to mass flux of 763 ± 611 Gg y−1. About 1.6×1017 particles

y−1 were emitted in the 5–10 µm size fraction, corresponding to 0.99 ± 0.79 Gg y−1. For the 10–25 µm size fraction,735

6.5×1017 particles y−1 were emitted, corresponding to 42 ± 33 Gg y−1. In the 25–50 µm range, emissions amounted

to 2.2×1017 particles y−1, corresponding to 142 ± 113 Gg y−1. For the 50–100 µm size fraction, 5.1×1016 particles

y−1 were emitted, corresponding to 258 ± 206 Gg y−1. Finally, in the 100–250 µm size fraction, 5× 1015 particles

y−1 were emitted, corresponding to 319 ± 255 Gg y−1. Overall, while the number of emitted particles decreases

with increasing particle size, the associated mass emissions increase substantially, reflecting the strong dependence740

of particle mass on diameter and shape.

Our calculated oceanic MP emissions were complemented against emissions from the relevant literature in Table

5. In the very first study, Allen et al. (2020) analysed air samples with micro-Raman spectroscopy in the marine

boundary layer on the French Atlantic coast during both onshore (average of 2.9 particles m−3) and offshore (average

of 9.6 particles m−3) winds. They further showed a potential for MPs to be released from the marine environment745

into the atmosphere extrapolating into a global annual flux of 136 Gg y−1 of 5–140 µm blowing on shore.
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Table 4. Emissions from continental sources in different continents. Top part of the table shows emissions of atmospheric MPs

for bare soil resuspension from Evangelou et al. (2024) and from this study. Bottom part shows emissions of atmospheric road

dust estimated by Evangeliou et al. (2020), Klimont et al. (2017), and this study.

⋆ Soil resuspension; ⋆⋆ Road dust

MPs [Gg/y] Asia Russia Greenland Europe N. and C.

Amer.

S. Amer. Africa Oceania Total

Evangelou

et al.

(2024)⋆

27.1-61.5 0.032-0.11 0.0003-0.001 0.18-0.41 1.25-3.2 0.45-1.8 18.6-42 0.011-0.036 48.3-108.6

this study

(5-50 µm)⋆

0.35-3.16 0.007-0.06 0.0002-

0.0019

0.002-0.019 0.018-0.16 0.019-0.17 0.43-3.85 0.0076-0.068 0.85-7.64

this study

(5-250 µm)⋆

1.42-12.93 0.027-0.25 0.0009-0.008 0.009-0.08 0.072-0.66 0.077-0.70 1.73-15.72 0.031-0.28 3.4-31.2

Evangeliou

et al.

(2020)⋆⋆

87.6 2.52 0 35.7 64.9 16.6 12.9 3.43 237

Klimont

et al.

(2017)⋆⋆

112.5 9.21 0 50.2 107.9 23.5 15.7 5.31 347

this study⋆⋆ 0.43-1.84 0.008-0.034 0 0.13-0.57 0.29-1.23 0.09-0.38 0.07-0.28 0.02-0.07 1.038-4.404

Except for Brahney et al. (2021) and Evangeliou et al. (2022) who reported oceanic emissions of MPs almost

an order of magnitude larger than our posterior ones here, Yang et al. (2022) conducted laboratory experiments

of the transfer of MPs from the water surface to the atmosphere and found that MPs were highly enriched in

the atmosphere relative to seawater, with experimentally determined enrichment factors reaching 24,000 depending750

on the size of MPs. These results were used for a bottom-up calculation of oceanic emissions of MP for particle

diameters of 0.3–70 µm. They reported an annual global flux of 24× 1018 particles y−1 (1–47× 1018 particles y−1),

corresponding to 0.773 Gg y−1 (0.03–1.515 Gg y−1). For MP with diameters of <10 µm that are subject to long-

range atmospheric transport, they reported that 23×1018 particles y−1 (1–45×1018 particles y−1) or 0.039 Gg y−1

(0.002–0.076 Gg y−1) were emitted. We report that 1.6× 1017 particles y−1 or 0.99 ± 0.79 Gg y−1 for the 5–10 µm755

particles.

Later, Harb et al. (2023) conducted laboratory experiments to understand the impact of size, density, and con-

centration of MPs in water on their aerosolization. Their results showed that the <10 µm diameter MPs considered

can be emitted via bubble bursting, with the aerosolization increasing monotonically with an increase in the concen-
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Figure 7. Top: comparison of atmospheric MPs emissions resuspended from bare soils estimated in this study and those of

Evangelou et al. (2024) for bare soil resuspension for Asia, Russia, and North and Central America. Our estimates are given

using full green lines for our posterior 5-50 µm (consistent with Evangelou et al. (2024)), full blue lines for our posterior 5-250

µm associated with 2 standard deviation, i.e. 95% confidence intervals, using blue areas while those of Evangelou et al. (2024)

are given as their reported uncertainty bounds using gray regions. Bottom: comparison of MPs emissions from road dust for

the 5-25 µm fraction against the estimates of Evangeliou et al. (2020) and Klimont et al. (2017).

tration in water and decreasing with an increase in the particle size. They estimated oceanic emissions for <10 µm760

particles (0.5, 2, and 10 µm) to be 0.00166 Gg y−1, with uncertainty bounds between 0.00072 and 0.00413 Gg y−1.

This corresponds to 51× 1015 particles y−1, which is almost two orders of magnitude lower than the flux reported

here for the 5–10 µm fraction (1.6× 1017 particles y−1).

Fu et al. (2023) used global atmospheric abundance data, GEOS-Chem atmospheric model adapted to model

MPs, and optimal estimation to constrain the atmospheric sources. They reported that the global atmospheric MP765

emissions are 324 (73–1,450) Gg y−1. The ocean sources were estimated to have a rather small contribution to global

emission of 171 (38–764) Gg y−1 , followed by road-related sources (115 [26–513] Gg y−1) including the suspension

of tire and brake wear and mismanaged plastic waste. They simulated 0.3–70 µm size particles stating that 99% of

them were coarse ones, further reporting a net land-to-ocean transport by the atmosphere equal to 25 Gg y−1. Our

posterior annual fluxes for size fractions <50 µm are equal to 43 ± 34 Gg y−1, almost one fifth their emissions.770
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Atmospheric MPs emissions from the ocean were also calculated by Shaw et al. (2023) demonstrating a mechanistic

study of bursting bubbles transporting MPs. Their study focused on particle size ranges from 0.5 to 280 µm. They

reported that jet drops are efficient at emitting MPs up to 280 µm in diameter dominating the emitted mass. The

results were extrapolated to provide a global calculation with respect to bubble scavenging and bursting physics,

local wind and sea state, and oceanic MP concentrations. They found annual emissions ranging from 20 to 7,400775

Gg y−1 (best guess 100 Gg y−1). Our corresponding estimate for 10–250 µm particles is 762 ± 610 Gg y−1.

Bucci et al. (2024) presented a bottom-up assessment of sea-spray-driven atmospheric emissions based on a com-

bination of a sea-salt emission parameterization from Grythe et al. (2014) and an ocean transport model Richon

et al. (2022). Their analysis considers particle diameters between 1 and 60 µm. To ensure consistency, we restrict

the comparison to the overlapping 5–50 µm size range. For this size fraction, substantial differences are found be-780

tween the two emissions. In the Northern Hemisphere, our estimate amounts to 146 ± 117 Gg y−1, whereas Bucci

et al. (2024) reported only 0.0318 Gg y−1 (uncertainty range: 0.0083–0.139 Gg y−1). Similarly, for the Southern

Hemisphere, our estimate of 38 ± 31 Gg y−1 exceeds their value of 0.0149 Gg y−1 (range: 0.0039–0.065 Gg y−1).

Thus, our top-down estimates are approximately three to four orders of magnitude larger than the bottom-up results

of Bucci et al. (2024). These discrepancies likely reflect fundamental differences between the methodologies. While785

Bucci et al. (2024) derive emissions from simulated ocean concentrations combined with sea-spray parameterizations,

our inversion is constrained by atmospheric observations (though not directly taken above the ocean), suggesting

substantially larger ocean–atmosphere fluxes.

Yang et al. (2025) used the Model for Ozone and Related Species version 4 (MOZART-4) for 2013–2014 and

assumed different atmospheric MPs emissions magnitudes compared to most of previous studies. The total MPs790

they estimated is dominated by tires, brakes, and agricultural sources (10,000 Gg y−1), accompanied by smaller

contributions from dust and soil (300 Gg y−1) and an almost negligible flux of oceanic MPs (0.8 Gg y−1). The

particularly low oceanic contribution reflects their explicit adoption of recent mechanistic sea–air transfer studies

(Yang et al., 2022; Harb et al., 2023; Shaw et al., 2023), which emphasize the inefficiency of bubble bursting as a

pathway for MPs release to the atmosphere. Using a number-based size distribution of atmospheric microplastics,795

they extrapolated the calculated MP concentrations of 0.5–70 µm size range to the concentrations of particles

observed in all the size ranges and validated their model simulation results using these emissions. Our posterior

emissions for 5–50 µm size were estimated to be are equal to 43 ± 34 Gg y−1.

Finally, Evangelou et al. (2026) compiled 925 atmospheric concentration, 1,007 bulk deposition, 556 wet deposition

and 294 dry deposition measurements collected during the period from 2014 to 2024. They further applied a simple800

scaling method estimating that the total global land-based and oceanic emissions were 6.1×1017 (1.3–11×1017) par-

ticles y−1 and 2.6×1016 (0.27–5.0×1016) particles y−1, respectively. While they have used non-spherical shapes (e.g.,

cylinders) to simulate transport of MPs in this measurement dataset, they converted number to mass concentrations

assuming spheres (Evangelou et al., 2026) amounting 4 (0.5–8) Gg y−1 for 5–100 µm particles, which implies an

underestimation as if cylinders had been assumed. In addition, the compilation of this large dataset of MP mea-805
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surements, while helpful, is not consistent; it is composed of samples measured with Stimulated Raman Scattering

(SRS), Scanning Electron Microscopic (SEM), Energy Dispersive X-ray (EDX), Fourier-Transform Infrared (FTIR),

Attenuated Total Reflectance (ATR), Pyrolysis-Gas Chromatography/Mass Spectrometry (py-GC/MS), Laser Di-

rect Infrared (LDIR) and µ-Raman spectroscopic techniques. Primpke et al. (2020) compared various methods and

instruments based either on spectroscopy or thermoanalytical methods applied to the same environmental samples.810

They reported that even after a data harmonization step, while the overall trends in MP contamination were very

similar, differences were observed in the polymer compositions. Gaston et al. (2020) explored airborne MPs inside

and outside of buildings in California by filtering known volumes of air through glass fiber filters, which were then

subsequently characterized with a variety of microscopy techniques painting different pictures of airborne plastic

compounds. Recently, Aves et al. (2026) compared five analytical methods for MP analysis (Fluerescence, FTIR,815

Raman, TD-PTR-MS, Py-GC/MS) and found that their results are not directly comparable because they differ in

particle detection, polymer identification, reporting units, and sensitivity. They concluded that comparisons should

only be made between studies using the same analytical method. Specifically, different methods identified differ-

ent polymer types with minimal overlap. Raman detected 19 polymer types, while TD-PTR-MS and Py-GC/MS

each identified only four. Py-GC/MS detected 10 times higher concentrations than TD-PTR-MS, highlighting huge820

differences even between chemical methods. Fluorescence microscopy identified concentrations over 13 times higher

than Raman and showed systematic disagreement with all chemical methods (TD-PTR-MS and Py-GC/MS), raising

concerns about its reliability for MP quantification.

This comparison highlights the uncertainty of water–air exchange processes and demonstrates how different

methodological choices, such as relying on laboratory-based parameterizations in bottom-up approach and the use825

of measurements for constraining using inverse methodologies, can lead to very large discrepancies in estimation of

global atmospheric MPs budget. While results of Yang et al. (2025) fall outside the range of most other current

estimates, they provide an important boundary case that highlights the need for better constraints on the physical

mechanisms of oceanic emissions.

5.5 Can oceanic emissions of MPs be near-zero?830

In recent years, experiments on emissions of MPs from water to air, mainly through bubble bursting, sea-spray

aerosol generation, plus a smaller set on raindrop splash ejection have been performed. The injection mechanism is

such that bubbles scavenge particles while rising, burst at the surface, and eject film drops or jet drops that may

contain microplastics. Droplets then evaporate, leaving airborne plastic particles suspended in the atmosphere. Jet

drops create larger droplets and thus mass, while film drops are important for smaller aerosol number (Shaw et al.,835

2023). Masry et al. (2021) conducted direct laboratory experiments and provided evidence that bubble bursting can

transfer plastic particles from water to air. Under their laboratory conditions, transfer was possible and mainly for

smaller particles. Catarino et al. (2023) examined micro-nano-plastic (MNP) aerosolization under controlled wave

conditions and reported up to 18,809 particles mL−1 for 0.5 µm beads with 19 times enrichment, and 1,977 particles
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Table 5. Summary of literature estimates for ocean-to-atmosphere microplastic emissions.

Study Ocean → atmosphere pathway /

method

Particles / y Gg / y Size range

Allen et al. (2020) Coastal measurements + coast-

line extrapolation (“blown on-

shore”)

— 135.995 5–140 µm

Brahney et al. (2021) Top-down inversion (W. US de-

position) with global extrapola-

tion

— ≈ 8600 (0–22000) 0.3–70 µm

Evangeliou et al. (2022) Top-down inversion (W. US de-

position) with global extrapola-

tion

— 8900 (5400 12400) 5–250 µm

Yang et al. (2022) Bottom-up sea-spray formation

+ global scaling

24 (1–47)×1018 0.773 ( 0.003–1.515) 0.3–70 µm

Harb et al. (2023) Lab sea-spray emission parame-

terization scaled globally

50.7 (14.2–

93.4×1015)
0.00166 (0.00072–

0.00413)

≤ 10µm

Fu et al. (2023) GEOS-Chem MP model + opti-

mal estimation

— 171 (38–764) 0.3–70 µm

Shaw et al. (2023) Bubble jet-drop scavenging +

global scaling

— 20–7400 Lab: 10–280 µm

Bucci et al. (2024) Bottom-up sea-spray emission

(sea-salt parameterization +

ocean MP transport model)

— 1.231 (0.320 5.383) 1–60 µm

Yang et al. (2025) Assumed low emissions, then

fed to a model and extrapolated

to all sizes for validation

— 0.8 1–70 µm

Evangelou et al. (2026) Scaled bottom-up emissions

(aligned to modeled size bins)

2.6×1016 (0.27–

5.0×1016)
4 (0.5–8) 5–100 µm

This study Top-down inversion (W. US de-

position) with global extrapola-

tion

1.1× 1018 763 (152 1375) 5–250 µm

mL−1 for 10 µm beads with twofold enrichment. Harb et al. (2023) performed experiments using a seaspray tank and840

showed that aerosolization increased with water concentration and decreased with particle size. Floating polyethylene

(PE) aerosolized less effectively than suspended polystyrene (PS). They estimated maximum oceanic emissions of

50.7×1015 particles y−1 or 1.66 t y−1 for the MNP size range. Oehlschlägel et al. (2024) produced bubbles with filtered

air that was pushed through a stainless-steel frit at two different flow-rates in a glass flask filled with PS particles of

six diameters. Airborne MP concentrations ranged 4.2–348 particles L−1. They reported that MP particles up to 1 µm845

were enriched in jet droplets relative to bulk water. Shaw et al. (2023) used two high-speed cameras to record a single
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bubble bursting. They showed that jet drops can eject MPs when particles are similar to or smaller than the jet-drop

size. Lambert et al. (2024) used a laboratory-based bubble bursting mechanism, simulating the aerosolization process

at sea to investigate the influence of MPs as well as seawater characteristics. They found that enrichment depends

on size, concentration, polymer type, and seawater properties. Smaller and denser particles tended to enrich more.850

Kjærgaard et al. (2024) used a laboratory setting for low salinity waters to elucidate the emission of submicron PS

by bubble bursting. They showed that bubble bursting can generate airborne MPs, aerosol production scaled linearly

with plastic number concentration in water, while small salt additions increased production. Polymer composition

was confirmed by filter analysis using Py-GC/MS. Pokhrel and Foroutan (2026) conducted controlled experiments

with 1 µm diameter surface-modified PS MPs of two contrasting wettabilities (i.e., hydrophilic vs. hydrophobic) in855

ultrapure water. Film and jet drop pathways were isolated by generating two distinct bubble populations known

to primarily produce each droplet type. They reported that hydrophobic MPs had about one order of magnitude

higher aerosolization factor than hydrophilic MPs, while film drop aerosolization showed no significant wettability

difference. This suggests surface properties can strongly affect which plastic polymers are emitted. Finally, Lehmann

et al. (2021) combined simulations and experimental measurements to investigate whether droplets can remobilise860

MP particles with diameters of a few tens of µm from ocean water to the atmosphere. They reported that a 4 mm

raindrop impact ejected more than 167 droplets on average, while laboratory experiments confirmed MP in spray.

They estimated around 4,800 MP particles particles km−2 h−1 entering air during rainfall at 10 mm h−1 rain and

0.5 m s−1 updraft.

Almost all the aforementioned studies confirm that MPs can be resuspended from the surface of the ocean.865

Particle size is the dominant driver of MP resuspension. Smaller particles are aerosolized more efficiently in many

tank studies, whereas larger particles may still be ejected by larger jet drops, especially in single-bubble physics

experiments. Particle properties such as density, wettability, aggregation, aging, and polymer composition affect

aerosolization. For instance, floating PE can behave differently from suspended PS, hydrophobicity can enhance

jet-drop transfer and seawater composition can change transfer rates. To show that our top-down oceanic emissions870

cannot be near-zero, such as in recent studies (Evangelou et al., 2026), we have isolated samples taken in oceanic

regions, usually with ship campaigns, from the independent observation dataset. We further calculated modelled

concentrations using all available gridded emission inventories for MPs (our posterior, (Fu et al., 2023; Yang et al.,

2025; Evangelou et al., 2026)). Figure 8a shows the spatial distribution of the observations taken in the ocean and the

corresponding SRMs of the samples. The latter further shows that the air arriving at the selected oceanic stations875

at the time of sampling is largely of oceanic origin, except for some coastal stations in North Europe and China.

The comparison of modelled concentrations with these observations is depicted in Figure 8b. Our posterior emissions

produce modelled MP concentrations for which 60% within an order of magnitude from the observations, while 19%

are outliers differing by more than two orders of magnitude. The emissions from Evangelou et al. (2026) result in

50% of the modelled oceanic concentration falling within an order of magnitude from the observations with 26%880

classified as outliers For cylindrical shapes, Yang et al. (2025) resulted in 33% of modelled MPs within a 10-fold

36

https://doi.org/10.5194/egusphere-2026-5158
Preprint. Discussion started: 22 September 2026
c© Author(s) 2026. CC BY 4.0 License.



difference from the observations with 29% to be outliers. Simulations assuming spherical shapes performed even

worse, with only 31% of concentrations within one order of magnitude from the observations and 49% differing by

more than two orders of magnitude. Finally, Fu et al. (2023) showed a similar level of agreement with 31% of modelled

concentrations within a 10-fold difference from the observations and 25% classified as outliers. Box & Whisker plots885

of monthly observations and modelled concentrations using the aforementioned five emission datasets are illustrated

in Figure 8c. At a first glance, the emissions of Yang et al. (2025) assuming spherical particles (purple) produce

concentrations that are 10–20 times higher than the measurements (black) in all months. The emissions from Fu

et al. (2023) and Yang et al. (2025) for cylinders (red and yellow, respectively) show somewhat better agreement

with the observations during some months (e.g., March, November, December). Emissions from Evangelou et al.890

(2026) (green) result in concentrations that are much closer to the observations. However, they exhibit variability

spanning nearly two orders of magnitude in some months (March, November). In contrast, our posterior emissions

show both good agreement with the observations and small monthly variability.

Following the recent findings by Yang et al. (2025) and Evangelou et al. (2026), who argued that the ocean

contributes only a negligible share to global MPs emissions, we performed an additional sensitivity experiment. We895

scaled our posterior oceanic emissions downwards by a factor of 10 and scaled the road transport emissions upwards

by the same factor to match that (a) oceanic emissions are almost negligible, and (b) road dust emissions are the

largest atmospheric MP contributors, as indicated by observations (Latz et al., 2026; Herzke et al., 2025; Jurkschat

et al., 2025; Goßmann et al., 2023). This resulted in only 76.3 Gg y−1 of oceanic emissions, 511 Gg y−1 of road dust,

170 Gg y−1 of bare soils and 17 Gg y−1 of agricultural ones and a total annual sum of 774 Gg. Then we coupled900

the ”scaled” posterior emissions with the SRMs corresponding to the oceanic observations and plot the comparison

in Figure S7. The scaled posterior emissions result in modelled concentrations that are Our posterior emissions

produce modelled MP concentrations that are only 38% within an order of magnitude from the observations, while

30% of the scaled posterior concentrations differ from the observations by more than two orders of magnitude. Note

that the modelled concentrations resulting from our posterior emissions of atmospheric MPs that are presented in905

this study were 60% within an order of magnitude from the observations with 19% to be more than two orders of

magnitude different. In addition, modelled MP concentrations from the scaled posterior emissions were the lowest

in all months except March (Figure S7h). Despite these clear findings showing that negligible oceanic emissions

cannot force modelled concentrations close to atmospheric observations above the ocean or at coastal sites, more

measurements are needed during ship cruises or even airplane campaigns. However, the fact that a robust analytical910

methodology, that would require low sample volumes or even online measurements of microplastics currently limits

further expansion of atmospheric MP observations.
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Figure 8. (a) Global distribution of ocean concentration measurements used in this study (white circles) together with their

corresponding averaged model footprints. (b–f) Comparison between observed and reconstructed MPs concentrations over the

ocean for (b) our posterior estimate, (c) (Fu et al., 2023), (d) (Yang et al., 2025) assuming cylindrical particles, (e) (Yang et al.,

2025) assuming spherical particles, and (f) (Evangelou et al., 2026), accompanied by the fraction of predictions within one and

two orders of magnitude of the observations. (g) Associated monthly distributions of observed and modeled concentrations.
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6 Conclusions

In this study, we used pattern-restricted Bayesian inversion to constrain emissions of atmospheric MPs from wet and

dry deposition observations at remote sites of the western United States. To reduce the ill-conditioned global inverse915

problem, emissions were restricted to four source patterns representing agricultural activity (plastic nets), bare soil

resuspension, road dust, and oceanic resuspension. This is a fair assumption, as hotspots of MP emissions, particularly

for larger particles, are expected to occur close to their sources, namely marine garbage patches (oceanic emissions),

dry desert regions (bare soil resuspension), roads with high traffic volumes (road dust) and, intense agricultural areas

(agricultural emissions). The respective uncertainties of the posterior MP emissions were estimated using the Gibbs920

sampler combined with an orthogonal transformation of the inverse problem, allowing a probabilistic characterization

of source strengths while enforcing non-negative emissions.

For the western US inversion domain, the inferred annual MP emissions were 12.15 ± 8.45 million particles m−2

y−1, corresponding to 18.69 ± 13.10 Gg y−1 under a measured particle density, size distribution, and shape represen-

tation. The posterior reconstruction reproduced the observed deposition variability reasonably well, with a Pearson925

correlation coefficient of 0.537 between measured and reconstructed deposition rates. When the posterior emissions

were extrapolated on a global scale, we estimated total global atmospheric MP emissions of 1.46×1018 particles y−1,

equivalent to 1001±781 Gg y−1 for particles between 5 and 250 µm. This emission rate is lower than several previ-

ous top-down inventories, but higher than some recent bottom-up estimates. The global budget was dominated by

oceanic emissions, which contributed 1.11×1018 particles y−1, or 763±611 Gg y−1, corresponding to approximately930

75% of the total emitted mass. Terrestrial emissions were also substantial, with agriculture contributing 170± 125

Gg y−1, road dust 51± 31 Gg y−1, and bare soil resuspension 17± 14 Gg y−1.

At a regional scale, the ocean was the largest global source region, while Asia was the dominant continental source,

followed by North America, Africa, Europe, South America, Russia, Oceania, and Central America. Greenland

contributed negligibly and Antarctica contributed zero emissions in the present framework, consistent with the935

assumption that MPs are not resuspended from snow- and ice-covered surfaces. These results suggest that densely

populated, intensively cultivated, and highly urbanized regions are key continental hotspots, whereas arid regions

contribute through dust/soil resuspension.

The inferred size distribution showed a strong decoupling between particle number and emitted mass. The 10–

25 µm size class dominated particle number emissions, whereas the mass budget was controlled mainly by larger940

particles. Particles >50 µm represented only a small fraction of the emitted particle number but accounted for most

of the emitted mass. This demonstrates that assumptions about particle size, density, and geometry are critical when

converting between particle number and mass emissions. Differences in these assumptions explain a substantial part

of the spread among published atmospheric MP emission datasets.

Independent validation against global atmospheric MP concentration and deposition measurements showed that945

our posterior emissions captured the observed variability. The comparison resulted in a Spearman correlation co-
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efficient of 0.57 and a geometric mean bias of 0.21, indicating an overall underestimation but a good correlation

between modelled and observed values. Half of the modelled values were within one order of magnitude of the obser-

vations, and 88% within two orders of magnitude. A separate comparison against measurements taking during ship

campaigns in the World Ocean further confirmed that oceanic emission cannot be near-zero. Our posterior inventory950

reproduced a large fraction of oceanic observations much better than several alternative inventories.

Posterior uncertainty was dominated by the statistical spread of the Bayesian inversion rather than by the sensi-

tivity to the tested wet-scavenging parameterizations. Although wet removal remains poorly constrained for MPs,

since scavenging coefficients for MPs have not been measured yet, and represents an important physical uncertainty,

the range of low, medium, and high scavenging scenarios produced smaller variability than the posterior uncertainty955

from the Gibbs sampler. This suggests that, within the assumptions of the present study, the largest uncertainties

arise from the limited observational constraints, the fixed source-pattern assumption, and the inverse estimation.

Several limitations should be considered when interpreting these results. First, the inversion is constrained pri-

marily by measurements from the Western United States, and the global extrapolation depends strongly on the

assumed source patterns. Second, the spatial distributions within each of the four emission sectors are prescribed960

rather than inferred independently. Third, the conversion from particle number to mass depends on assumptions

about particle size, density, and shape that were made when modelling MPs. Fourth, wet scavenging of MPs remains

experimentally unconstrained even though it does not seem to contribute to the estimated posterior uncertainty.

Finally, independent validation datasets, that are used to infer emissions (e.g., Evangelou et al., 2026) or compared

with model results, include measurements obtained using different analytical methodologies. Such measurements965

have shown to differ substantially, not only on the total MP number/mass, but also in the polymer distribution

across the same sample introducing additional uncertainty.

Despite these limitations, this study provides a probabilistic, observation-constrained (top-down) estimate of global

atmospheric MP emissions. The results indicate that oceanic emissions are likely important, but not to the extent

suggested in earlier studies, and that terrestrial sources, especially agriculture and road dust, make a substantial970

contribution to the atmospheric MP burden. Future progress requires harmonized long-term measurements across

continents and oceans, improved size and shape observations, direct experiments of scavenging coefficients, and better

understanding of ocean–atmosphere and land–atmosphere MP exchange. These developments are crucial for reducing

uncertainties in the global atmospheric MP cycle if we aim at assessing environmental and climatic implications of

emerging contaminants.975

Code availability. Post-processing code is available upon request to O. Tichý (otichy@utia.cas.cz)
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Data availability. Posterior emissions of atmospheric MPs are publicly available from https://doi.org/10.82160/c8h5-rm98.

FLEXPART model output is available upon request to N. Evangeliou (ne@nilu.no).
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