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• About 9.6 and 6.5 Tg y-1 of micro
plastics and microfibers 1 are globally
released.
• Global average monthly surface MPs
(MFs) were 47 ng m-3 (33 ng m-3) at
maximum.
• 1.8% of the emitted microplastics from
ocean to land, 1.4% from land to ocean.
• Validation suggests that removal of
microplastics in global models needs
update.
• Results can be used as a proxy of the
expected
global
levels
for
experimentalists.
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We combine observations from Western USA and inverse modelling to constrain global atmospheric emissions of
microplastics (MPs) and microfibers (MFs). The latter are used further to model their global atmospheric dy
namics. Global annual MP emissions were calculated as 9.6 ± 3.6 Tg and MF emissions as 6.5 ± 2.9 Tg. Global
average monthly MP concentrations were 47 ng m-3 and 33 ng m-3 for MFs, at maximum. The largest deposition
of agricultural MPs occurred close to the world’s largest agricultural regions. Road MPs mostly deposited in the
East Coast of USA, Central Europe, and Southeastern Asia; MPs resuspended with mineral dust near Sahara and
Middle East. Only 1.8% of the emitted mass of oceanic MPs was transferred to land, and 1.4% of land MPs to
ocean; the rest were deposited in the same environment. Previous studies reported that 0.74–1.9 Tg y-1 of landbased atmospheric MPs/MFs (< 5 mm) are transported to the ocean, while riverine transport is between 3.3 and
14 Tg y-1. We calculate that 0.418 ± 0.201 Tg y-1 MPs/MFs (size up to 250 and 2500 µm) were transported from
the land to ocean (large particles were ignored). Model validation against observations showed that particle
removal must be urgently updated in global models.
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1. Introduction

influence the global climate indirectly, as enhanced plastic production
needs larger consumption of fossil fuels and, in turn, larger emissions
(Höök and Tang, 2013; Royer et al., 2018). They also have a direct
impact, as MPs are usually colourful and can absorb incoming solar
radiation in the atmosphere and where deposited. On snow or ice sur
faces, they might decrease surface albedo enhancing melting, similar to
conventional pollutants (Hegg et al., 2009). Revell et al. (2021) recently
calculated a weak radiative impact, though highlighting that without
serious attempts to overhaul plastic production, the abundance and
effective radiative forcing of airborne MPs will continue to increase.
Although MPs’ role in freshwater, marine and terrestrial ecosystems
and biota has been discussed extensively, very little is known on the
exact primary and secondary sources and budgets of airborne MPs, due
the lack of consistent measurements. Recently, a set of fallout samples
from remote and protected areas of the Western USA was collected and
analysed for MPs/MFs in both wet and dry atmospheric deposition
(Brahney et al., 2020). We make use of these measurements (i) to build a
robust methodology that combines atmospheric transport and Bayesian
inverse modelling for source quantification; (ii) to calculate emissions of
MPs and MFs and determine their main source locations in Western USA.
(iii) We calculate global emissions of MPs/MFs by extrapolating regional
emissions, and (iv) report on the global dispersion of MPs/MFs calcu
lating the respective budgets from their emissions to the regions they are
deposited. Finally, (v) we create a product that comprises the respective
levels of surface concentrations and deposition rates in high spatio
temporal resolution (0.5◦ ×0.5◦ , daily), as a tool for scientists conducting
MP/MF measurements to forecast their expected levels.

Since the first reports on the presence of plastic debris in the marine
environment in the early 70 s (Carpenter et al., 1972; Carpenter and
Smith, 1972; Colton et al., 1974), there has been an increased awareness
of plastic accumulation in the environment. The global production of
plastics in 2019 reached 368 Mt (from 225 Mt in 2004) (PlasticsEurope,
2019) without PET-fibers (polyethylene terephthalate), PA-fibers (aro
matic polyamide) and polyacrylic-fibers included. An estimated 10% of
total production is believed to end up in the sea every year by riverine of
washout transport (Barnes et al., 2009; Mattsson et al., 2015), although
Weiss et al. (2021) recently argued that this might be overestimated. As
a result of widespread waste mismanagement, plastic pollution has been
confirmed in many freshwater (Blettler et al., 2018), and terrestrial
(Chae and An, 2018) ecosystems. Although the majority of plastics exists
in the form of macroplastics (>5 mm) (Lebreton et al., 2019), they may
fragment into microplastics (MPs, 1 µm to 5 mm) (Peeken et al., 2018)
and nanoplastics (NPs, <1 µm) (Wagner and Reemtsma, 2019) via
photodegradation, physical abrasion, hydrolysis and biodegradation
(Gewert et al., 2015).
MPs have been found in various shapes and sizes in the environment
such as 1-D fibers, 2-D fragments (flat particles) and 3-D spherules (Dris
et al., 2015). Their origin can be primary, when manufactured in smaller
sizes for scientific and medical applications, paint, (Gregory, 1996) or
cosmetic products (Fendall and Sewell, 2009) or when originate from
abrasion of large plastic objects during manufacturing, use or mainte
nance (e.g., road dust) (An et al., 2020; Boucher and Friot, 2017; Coyle
et al., 2020; Goßmann et al., 2021; Grigoratos and Martini, 2015; Habib
et al., 2020; Halle et al., 2020; Hartmann et al., 2019; Jan Kole et al.,
2017a; Patil et al., 2021; Sharma and Chatterjee, 2017; Szymańska and
Obolewski, 2020; Wang et al., 2018; Yukioka et al., 2020; Zhang et al.,
2020). Secondary microplastics are produced by decomposition
(O’Brine and Thompson, 2010). The largest portion of the secondary
MPs is synthetic microfibers (MFs) produced after washing synthetic
clothes (Browne et al., 2011). Athey et al. (2020) reported that a single
pair of jeans discharges 56,000 fibers per wash into the wastewater. MFs
comprise a range of different shapes, and a widely acceptable nomen
clature is missing. Here, we consider MFs as synthetic fibers having a
base diameter of less than 10 µm with a height to base diameter ratio of
up to 103 (J. Liu et al., 2019).
Once MPs are released into the environment, they are subject to
physical (e.g. mechanical), radiative, chemical, and biological degra
dation, which changes their size, shape, surface, composition, and
environmental mobility. They become easily airborne following turbu
lent processes at the surface, similar to dust, not only when they are
deposited in continental regions (Qian and Ferro, 2008), but also from
the surface of the ocean (Allen et al., 2020), and undergo long-range
transport. Airborne MPs will eventually deposit on land or ocean, but
may be resuspended again as a result of grasshopping processes (Gouin,
2021). The global atmospheric transport of MPs is generally more effi
cient than the oceanic or the terrestrial one, as it occurs in much shorter
time-scales (weeks compared to years for hemispheric distances,
respectively) (Evangeliou et al., 2020; Mountford and Morales Maqueda,
2021). Lately, MPs have been determined in remote regions, from the
Alps (Bergmann et al., 2019), the Pyrenees (Allen et al., 2019), and US
national parks (Brahney et al., 2020), as far as to Antarctica
(González-Pleiter et al., 2020; Kelly et al., 2020) and the high Arctic
(Bergmann et al., 2019), whereas modelling reveals atmospheric
transport almost everywhere on earth (Evangeliou et al., 2020; Brahney
et al., 2021). Notice that presence of MPs in remote regions, distant from
major waterways, can result only via the atmosphere.
MPs have been found to affect marine (Wilcox et al., 2018), terres
trial animals (Harne, 2019), and potentially human health (Lehner et al.,
2019; Wright and Kelly, 2017), as MPs have been detected in human
stool (Schwabl et al., 2019) and all placental portions (Ragusa et al.,
2021). Beyond organismal and ecosystem effects, MPs may also

2. Materials and methods
2.1. Fallout measurements of dry and wet deposition
The detailed methodologies for the determination of MPs and MFs in
fallout samples is described in Brahney et al. (2020). Briefly, fallout
samples were collected at 11 National Park and Wilderness sites be
tween 2017 and 2019 using Aerochem Metrics model 31 wet/dry col
lectors (ACMs), which include precipitation sensors that opens the wet
bucket, and closes the dry bucket, while precipitation and vice versa.
Wet samples were filtered through 0.45 µm polyethersulfone (excluded
from the study) filters every week, whereas dry ones were collected at
monthly or bi-monthly intervals using custom-built dry sampling units.
In total, 236 wet and 103 dry samples were weighed and counted at
100x magnification using a BX50 Olympus Microscope and cellSens
Imaging Software and were separated into the following size classes: <
10 µm, 10–25 µm, 25–50 µm, 50–100 µm, 100–250 µm, 250–500 µm,
500–1000 µm, 1000–1500 µm, 1500–2000 µm, 2000–2500 µm, and
2500–3000 µm. Respective densities were assumed between 0.92 and
2.2 g cm-3 with a mean of 1.22 g cm-3 based on literature values and
detected polymers. For justification, mass deposition rates were also
estimated using FTIR (Fourier Transform Infra-Red) mapping data, with
the limitation that particles < 20 µm cannot be determined. The com
parison of the results obtained with both techniques (count-based
deposition and FTIR-based deposition showed a strong correlation (R =
0.89, p < 0.001) revealing high-quality measurements. As regards to
MFs, in subsamples collected, almost all brightly colored particles that
fell within the counting criteria described in Brahney et al. (2020) were
identified as synthetic using FTIR spectroscopy mapping.
2.2. Atmospheric transport modelling
The source receptor matrices (SRMs) for each fallout sample were
calculated with the Lagrangian particle dispersion model FLEXPART
version 10.4 (Pisso et al., 2019). The model was driven with 3-hourly
operational meteorological wind fields retrieved from the European
Centre for Medium-Range Weather Forecasts (ECMWF) consisting of
137 vertical levels and a horizontal resolution of 1◦ × 1◦ . The SRMs were
2
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calculated in backwards time (retroplume) mode, using a new feature of
FLEXPART that reconstructs wet and dry deposition with backward
simulations (Eckhardt et al., 2017). This new feature is an extension of
the traditional backward simulation for atmospheric concentrations
(Seibert and Frank, 2004). To our knowledge, FLEXPART is the only
model with the capability to calculate SRMs of the deposited mass.
More specifically, for the reconstruction of wet deposition of MPs
and MFs, computational particles were released at altitudes 0–20 km at
the locations of the samples (receptors), as scavenging can occur at any
height of the atmosphere, depending on the location of clouds and
precipitation. For dry deposition, particles were released at 0–30 m at
the respective receptors, as this shallow layer is equal to the height of the
layer in which, in forward mode, particles are subject to dry deposition.
All released particles represent a unity deposition amount, which was
converted immediately (i.e. upon release of a particle) to atmospheric
concentrations using the deposition intensity as characterized by either
dry deposition velocity or wet scavenging rate (in-cloud and belowcloud scavenging) (Eckhardt et al., 2017; Grythe et al., 2017). The
concentrations were then treated as in normal “concentration mode”
backward tracking (Seibert and Frank, 2004) to establish SRMs between
emissions and deposition amounts (30 d backward tracking). The model
output consists of a spatially gridded sensitivity of MPs and MFs depo
sition at the receptor points to the respective emissions, equivalent to the
backwards time mode output for concentrations (Seibert and Frank,
2004). Deposition rates of MPs and MFs (particles m-2 d-1) can be
computed by multiplying the SRMs (in m) divided with the lowest model
layer (100 m) with gridded emissions (particles m-2 d-1).
Except for dry and wet deposition (Grythe et al., 2017), FLEXPART
accounts for turbulence (Cassiani et al., 2014), unresolved mesoscale
motions (Stohl et al., 2005) and convection (Forster et al., 2007). A point
that adds uncertainty in our calculations is the efficiency with which
particles are scavenged by precipitation. Plastics are generally hydro
phobic and should therefore act as inefficient cloud condensation (CCN)
or ice nuclei (IN). However, coatings formed during ageing of the
aerosols may make the particles more hydrophilic with time (Bond et al.,
2013). A recent study by Ganguly and Ariya (2019a) reveals that NPs
and MPs may become important for cloud formation and thus anthro
pogenic climate change. However, since their exact scavenging co
efficients are currently unknown, we distinguish between three different
in-cloud scavenging properties (low, medium, and high CCN/IN effi
ciency, Table S1) in each of the aforementioned particle sizes and
quantify the uncertainty that is associated with the scavenging effi
ciency. We adopted the exact particle densities (1.22 g cm-3) and size
distribution of MPs and MFs in the model as those reported by Brahney
et al. (2020).

domain resulting into the estimated source term which is, in essence,
averaged emission from each spatial element. Second, we use the
emission estimated in the first step as the prior emission for the second
step, where the inversion problem (Eq. 1) is solved for each spatial
element of the assumed spatial domain. Using this concept, the solution
of the second step is more stable and less depends on regularization
parameters. Also, to stabilize the inversion, we do not consider mea
surements that have zero computed concentration by the FLEXPART
model for the whole period for a given spatial element, i.e. have zero
associated row in the SRM, M.
While the inversion formulation (Eq. 1) appears simple, its solution is
non-trivial. Least-squares solution fails due to typically ill-conditioned
matrix M in atmospheric problems, due to the associated uncertainties
and the nature of the problem (Ganesan et al., 2014; Liu et al., 2017).
Therefore, the problem needs to be regularized, i.e. additional infor
mation on model parameters or variables needs to be assumed. One such

2.3. Linear inversion problem and Bayesian inversion

where ∝ denotes equality up to the normalizing constant. For tractability
of the model, the prior distribution of the parameter ω is chosen con
jugate to the observation model in Eq. 3 using Gamma distribution as
follows:

regularization could be the addition of the term λ‖x‖22 , λ > 0, to the
minimization problem known as the Tikhonov regularization (Golub
et al., 1999). When further regularizations are needed, more parameters
such as λ are introduced and, notably, need to be set manually or using
heuristics (Hansen and O’Leary, 1993). This is, however, also the case of
the present inversion problem. In order to reduce manual tuning, we
follow the Bayesian formalism, in which the least-squares minimization
arising from Eq. 1 can be equivalently formulated as the maximization of
the logarithm of Gaussian distribution:
(
)
))
(
(
− 1
argx min‖y − Mx‖22 ⟺argx max lnN Mx, Ip = argx max
‖y − Mx‖22
2
(2)
(
)
Therefore, the Gaussian distribution N Mx, Ip on the right side of the
Eq. 2 is chosen as the prior observation model. Similarly, all other reg
ularization terms can be included in the forms of prior distributions.
These prior distributions, appropriately chosen, can form hierarchical
priors for all the unknown variables of the inverse model. The key
advantage of the Bayesian formalism is that all variables and regulari
zation terms are estimated within the method.
We follow the variational Bayesian methodology (Smidl and Quinn,
2006), in which the posterior distributions of the parameters remain in
the same form as their prior distributions. Following Eq. 2, the residual
model of y is formulated as the Gaussian distribution with mean value of
Mx and an unknown scalar precision of the noise parameter ω as below:
)
(
p(y|ω, x) = N Mx, ω− 1 Ip
(3)
(
∝exp

The concept of the SRM is used here assumes that the relationships
between the source and the receptor are linear such as that mij = ci /xj ,
where xj is a hypothetical release from the site in j-th time and ci is the
calculated response at the i-th receptor at the given time period. Then,
the measurement, yi , can be approximated as the sum of the emission, x,
weighted by the model predictions, mij .
The linear equation describing the measurements, y ∈ Rp , based on
the modelled SRMs, M ∈ Rp×n , and the unknown release, x ∈ Rn , can be
formulated as:
y = Mx

− 1 −1
ω ‖y − Mx‖22
2

p(ω) = G(ϑ0 , ρ0 )

)
(4)

(5)

where ϑ0 and ρ0 are scalar constants, which are set to non-informative
values 10-10 and serve for numerical stabilization in the resulting algo
rithm to avoid division by zero, when necessary.
The prior model for the source term is based on principles of the LSAPC (least squares with adaptive prior covariance) model (Tichý et al.,
2016), in which the emission is assumed to alter between sparse or
smooth character, modified using the assumption of the prior source
term here. The prior emission term x0 could be a zero vector, as in the
first step for overall emission from the whole domain where no prior
information is available, or non-zero, as in the second step where the
estimated emission from the first step is used as the prior emission term
for each spatial element. The prior distribution of the emission is chosen

(1)

This formulation can be used for each spatial element as well as for
the assumed spatial domain as a whole. We used both these formulations
in a two-step procedure to reduce the ill-conditionality of the inversion
problem arising when computing spatial distribution of the emission,
which is ill-posed problem due to sparse measuring network. First, we
solve the inversion problem (Eq. 1) for the whole assumed spatial
3
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as a Gaussian distribution truncated to the positive values with mean
vector x0 and precision (inverse covariance) matrix, Ξ, as:
(
)
p(x|Ξ) = tN x0 , Ξ− 1 , [0, + ∞]
(6)

for land (cropland, dust, road dust, and population) and oceanic sources
(sea salt). Also, we calculated the average posterior release of MPs in our
inversion domain for every day. Then, we took their ratio, which we
used to calculate global emissions of MPs based on our estimates for each
inventory and particle size class with daily temporal resolution. Since
the proportion of each MP source to the total emissions is unknown, we
assumed different proportions of agricultural, dust, road dust and sea
salt, respectively, that constitute the MPs emissions (see Table S2).
As reported earlier, we assumed that MFs are linked with population
density owing its presence to clothing. Hence, in the same way as for
MPs, we computed the average population in the studied domain and
calculated the ratio with MF releases for every day. Using this ratio and
the global population density, we extrapolated our Western USA MF
emissions in a global grid for each particle size class with daily temporal
resolution.

where the precision matrix, Ξ, is in the specific form of Cholesky
decomposition as Ξ = LVLT . The matrix V = diag(v) is the diagonal
matrix favouring sparse, i.e. zero, solution(Tipping, 2001), whereas the
matrix L is the lower bi-diagonal matrix with ones on diagonal and
vector l ∈ Rn− 1 on sub-diagonal, such as:

⎛

⎜
⎜
L=⎜
⎝

1
l1

0
1

⋯
0

⋯
⋯

0
⋮

0

l2

⋱

⋱

⋮

1

0

⋮ 0

⋱

0 0

0

ln−

1

⎞
⎟
⎟
⎟
⎠

(7)

1

3. Results

Following Tipping (2001), we select the prior distribution for the
introduced variables, vectors v and l as below:
( )
p vj = G(α0 , β0 ), j = 1, …, n
(8)
(
)
( ⃒ )
p lj ⃒ψ j = N − 1, ψ −j 1 , j = 1, …, n − 1
( )
p ψ j = G(ζ0 , η0 ), j = 1, …, n − 1

3.1. Annual posterior emissions of microplastics and microfibers in the
Western USA
The annual posterior emissions of MPs and MFs can be seen in Fig. 1a
and c for the inversion domain (124–91◦ W, 29–47◦ N). The calculated
daily posterior emissions can be of primary (direct emissions) or sec
ondary origin (emissions from resuspension of previously deposited
material). In total, 22 ± 10 million MPs m-2 y-1 were estimated in five
different sizes (5–10 µm, 10–25 µm, 25–50 µm, 50–100 µm,
100–250 µm) following the measured size distribution. The later
together with the respective measured densities (average: 1.22 g cm-3)
and volume of each size bin gave a total annual emitted mass of MPs of
9.0 ± 3.8 kt y-1 in the inversion domain. MF number emissions were in
the same order as MPs (24 ± 11 million MFs m-2 y-1), albeit they were
measured in much larger sizes of up to 2500 µm (Brahney et al., 2020).
An accurate conversion of number to mass emissions of MFs is practi
cally impossible, due to the chaotic shape of fibers. The most realistic
approach to resemble their capillary shapes would be to assume they are
thin cylinders. Here, we distinguish between three different base di
ameters, all below 10 µm as defined in Liu et al. (2019) ( 1 µm for MF
size 10–25, 25–50, and 50–100 µm; 5 µm for MF size 100–250 µm,
250–500 µm, 500–1000 µm; 10 µm for MF size 1000–1500 µm,
1500–2000 µm, 2000–2500 µm, and 2500–3000 µm). The relevant
equations can be found in Supplementary Information. Then, adopting
the measured sizes and their respective densities, we calculated a total
emitted mass of 244 ± 129 kt y-1. This number is much smaller than the
respective for MPs, in contrast to the particle number emissions, because
fibers have a much smaller volume than particles. For both MPs and
MFs, the calculated mass emitted was higher for larger sizes, although
greater number emissions were found at smaller sizes.
Fig. 1b and d show the Taylor diagrams of the mismatches between
deposited number concentrations and reconstructed modelled concen
trations of MPs and MFs for each size bin. An accurate validation of the
posterior emissions requires observations that were not included in the
inversion (independent observations). However, the small number of
deposition measurements that were available to perform the inversion
prevents us from using independent observations from Brahney et al.
(2020) here. Hence, the comparison shows only the posterior deposited
concentration mismatches to the observations simulated with FLEX
PART for any given size bin. For almost all size bins, the Pearson’s
correlation coefficient was 0.4 – 0.6, while the normalised root mean
square error (RMSE) and standard deviation were kept low both for MPs
and MFs (Fig. 1).
The spatial distribution of the MP and MF emissions in the Western
USA can be seen in Fig. 2 for all size classes and in for each size class. The
lowest emissions were calculated close to the measurement stations
opposite to the respective footprint emission sensitivity (SRM), which
were the highest closer to the measurements (Supplementary Figure S3).

(9)
(10)

where the prior constants α0 , β0 , ζ0 , and η0 are selected again to serve for
numerical stability. The prior model of the variable l in Eq. 9, favours a
smooth solution using prior mean value of − 1 and an unknown variance
vector ψ .
Variational Bayes method (Smidl and Quinn, 2006) seeks for
approximation of posteriors distribution in the form of conditional in
dependence distribution, so that:
p(x, υ, l, ψ , ω|y) ≈ ̃
p(x|y)̃
p(v|y)̃
p(l|y)̃
p(ψ |y)̃
p(ω|y)

(11)

The best possible solution minimizes the Kullback-Leibler divergence
(Kullback and Leibler, 1951) between the posterior and the hypothetical
true posterior as follows:
[
]
̃
p(θi |, y)∝exp Ẽp(θ− i |,y) ln(p(θ, y))
(12)
where θi denotes the i-th variable from the set {x, v, l, ψ , ω} and θ− i de
notes complement of θi in θ. More details on the method and its
implementation can be found in Tichý et al. (2020).
2.4. Extrapolation on a global domain
To extrapolate our estimates in a global domain, we used global
datasets of the main sources for MPs and only population density for
MFs. Specifically for MPs, global emission inventories of mineral dust,
road dust, sea salt, and agriculture were used as the main sources of MPs
(Brahney et al., 2021; Chen et al., 2020; Evangeliou et al., 2020; Piehl
et al., 2018). Mineral dust emissions were calculated using the FLEX
DUST model (Groot Zwaaftink et al., 2017). Road dust emissions were
adopted from ECLIPSEv6 emission inventory and are the same as those
used in (Evangeliou et al., 2020). Sea salt emissions were taken from
(Grythe et al., 2014) as the average emissions from 20 models. Agri
cultural activities are represented by a global dataset of croplands and
pastures developed by combining agricultural inventory data and
satellite-derived land cover data (Ramankutty et al., 2008). For MFs, we
assumed that their main source is from clothing and should be therefore
linked with the distribution of the global population (Henry et al., 2019;
O’Brien et al., 2020), which we adopted from NASA (Gao, 2017; Jones
and O’Neill, 2016).
For each global emission inventory serving as source of MPs, we
computed the average value in our spatial inversion domain, separately
4
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Fig. 1. (a) Posterior monthly emissions of MPs calculated using wet and dry deposition measurements in Western USA. Five different sizes were considered following
a measured size distribution, which resulted in total annual MPs emissions of 21.6 million particles m-2. (b) Modelled deposition of MPs against observations both for
dry and wet samples for each of the five sizes presented in a Taylor diagram. The latter shows the Pearson’s correlation coefficient (gauging similarity in pattern
between the modelled and observed deposition) that is related to the azimuthal angle (blue contours); the standard deviation of modelled deposition is proportional
to the radial distance from the origin (black contours) and the centered normalised RMSE of modelled deposition is proportional to the distance from the reference
standard deviation (green contours). (c) Posterior monthly emissions of MFs in Western USA for nine sizes resulting in an annual total of 23.6 million fibers m-2. (d)
Taylor diagram modelled versus observed deposition of MFs both for dry and wet samples for each of the nine sizes.

Fig. 2. Spatial distribution of MP and MF emissions in the Western USA calculated from deposition measurements and Bayesian inverse modelling. The largest cities
are shown in black circles and the measurement stations in white stars. Note that emissions are stronger away from the stations due to the remote location of the
measurement stations away from artificial sources.

This behavior can be expected considering that the measuring stations
are located in US national parks and remote areas (45–300 km from
urban centers and at elevations ranging from 1240 to 3520 m above sea

level), thus, far from any man-made activity that would emit MPs and
MFs. On the other hand, our findings are necessarily biased by the
remoteness of measurement sites showing the need for sample collection
5
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larger than those of Brahney et al. (2021) (8.7 Tg y-1). The calculated
global annual emissions per source, size and region can be seen in
Table 1. The ocean dominates atmospheric emissions with 8.9 ± 3.5 Tg
y-1, as the insoluble plastic debris accumulates at the surface of the ocean
and can be resuspended by bubble bursts similar to other sea spray
aerosols (Allen et al., 2020). It is slightly higher than that of (Brahney
et al., 2021) (8.6 Tg y-1), albeit it shows a completely different distri
bution, because of the 20 member ensemble used for its calculation.
However, it should be noted that the selected inversion domain suffi
cient to accurately constrain MP emissions covers a very small oceanic
surface and any interpolation might be uncertain. Furthermore, the
deposition measurements used in the inversion (Brahney et al., 2020)
are far from the ocean and the footprint emission sensitivities very weak
() inducing an additional uncertainty. A good example for the latter is
the part of the Atlantic Ocean and the Gulf of Mexico, where footprint
emission sensitivities are very low. For more accurate emission calcu
lations, oceanic stations measuring MPs is a necessity. Agricultural ac
tivities resuspend around 0.31 ± 0.13 Tg y-1 of plastics previously
deposited in the soil (Nizzetto et al., 2016) or from the use of agricultural
mulch (Fakour et al., 2021). Road dust contributed another 0.28 ± 0.12
Tg y-1, almost three times higher than in Brahney et al. (2021) (0.096 Tg
y-1), and similar to Evangeliou et al. (2020) (0.43 Tg y-1, range: 0.20–1.1
Tg y-1) for tire wear (TWPs) and brake wear particles (BWPs) of size
< 10 µm. TWPs are produced by shear forces between the tread and the

also close to populated areas.
3.2. Global emissions of microplastics and microfibers
The exact composition of atmospheric MPs from individual sources is
currently under uncertain. What is known with some certainty is that
primary MPs are estimated to represent between 15% and 31% of MPs in
the oceans (Boucher and Friot, 2017). Accordingly, Brahney et al.
(2020) determined that 10% of the counted microplastics were primary
microbeads. Secondary MPs account for 69–81% of oceanic MPs mostly
originating from degradation of larger plastic objects, such as plastic
bags, bottles or agricultural or fishing nets (World Economic Forum,
2016). In the present study, MPs were assumed to be produced by road
dust (primary source), mineral dust (secondary source), agriculture
(secondary source) and sea salt (secondary source), although other
sources might be also important (e.g., direct emissions from industrial
regions). We give 23% (average of 15 – 31%) to primary sources (in our
case, road dust) and we split the rest to all the other secondary sources
(mineral dust, agriculture, sea salt) forming 30 scenarios as indicated in
Table S2. Their average was used as the basis for the calculation of the
MP emissions. MFs have been calculated separately assuming that they
only originate from the average population.
The global annual posterior emissions of MPs and MFs can be seen in
Fig. 3. For the MPs, emissions were estimated to be 9.6 ± 3.6 Tg y-1, 10%

Fig. 3. (a) Annual emissions of MPs revealed from inverse modelling in the Western USA and then extrapolated globally. (b) Sensitivity of the MP emissions to
different emission sources (road dust, mineral dust, agricultural activity, and sea salt). The sensitivity is calculated here as the standard deviation of the 30 different
scenarios that consider different proportions of emission sources with respect to total MP emissions (Table S2). (c) Global annual MP emissions calculated with the
source proportions described in (Brahney et al., 2021) (Table S1). (d) Global annual MP emissions from (Brahney et al., 2021). (e) Annual emissions of MFs revealed
from inverse modelling in the Western USA and then extrapolated globally.
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Table 1
Global annual emissions of MPs and MFs (in Tg y-1) per different source, size and region (according to Supplementary Figure S4).

*described as dustpop in Brahney et al. (2021).

road pavement (Rogge et al., 1993) or by volatilization (Wagner et al.,
2018), and the whole wearing process depends on the type of tire, the
road surface, different vehicle characteristics, the state of operation and
overall condition of the vehicle (Grigoratos and Martini, 2014). BWPs
are produced via mechanical abrasion and corrosion (Penkała et al.,
2018; Sommer et al., 2018). Jan Kole et al. (2017b) reported global
emissions of TWPs to be about 6.1 Tg y-1 (BWP emissions add another
0.5 Tg y-1) not specifying any size range. However, they reported that
3–7% of the PM2.5 (1.2 – 2.8 Tg y-1), is estimated to consist of tire wear
and tear. The emissions reported here are one order of magnitude lower.
MPs resuspended with mineral dust are the least important (0.10
± 0.052 Tg y-1) in close agreement with Brahney et al. (2021) (0.068 Tg
y-1). If the proportion of different sources to total are to be used from
Brahney et al. (2021), as reported for deposition (see Table S2), the total
emitted MPs are one quarter (~2.4 Tg y-1) of those presented here (9.6
Tg y-1) (Fig. 3c).
As regards to MF emissions (Table 1), the global annual mass emitted
was 6.5 ± 2.9 Tg y-1 assuming that the only source was fibers from
human clothes. Emissions increased with fiber size with a peak at
1000–1500 µm (2.9 ± 1.1 Tg). Gavigan et al. (2020) estimated that 5.6
Tg of synthetic MFs were released from apparel washing between 1950
and 2016, half of it during the last decade, though not specifying what
fraction might become airborne. Godfrey (2021) reported that about
0.12 Tg y-1 of synthetic MFs are released into the environment annually
at the pre-consumer stage, or one shirt for every 500 manufactured. This
means that this number rises after accounting for the MF loss at the

consumer stage. The total atmospheric emissions calculated in the pre
sent study are at least an order of magnitude higher.
The continental distribution of the calculated MP and MF emissions
can be seen in Table 1 calculated using continental masks as defined in.
Due to the lack of emission data, the only comparison can be performed
against the emissions calculated by Brahney et al. (2021). The annual
total MP emissions in Asia were estimated to be 0.25 ± 0.12 Tg y-1 (MF:
3.7 ± 1.3 Tg y-1), in contrast to 0.089 Tg y-1 in Brahney et al. (2021).
North America contributes another 0.13 ± 0.055 Tg y-1 (0.024 Tg y-1 in
Brahney et al., 2021) (MF: 0.28 ± 0.12 Tg y-1), and Africa 0.11 ± 0.055
Tg y-1 (0.093 Tg y-1 in Brahney et al., 2021) on MP emissions (MF: 0.97
± 0.45 Tg y-1). Europe (MPs/MFs: 0.088 ± 0.042/0.46 ± 0.14 Tg y-1)
emits twice as much MPs as Russia (MPs/MFs: 0.044 ± 0.020/0.44
± 0.25 Tg y-1) or South America (MPs/MFs: 0.045 ± 0.022/0.52 ± 0.25
Tg y-1), while the rest of the continents have smaller shares in the annual
emissions of MPs and MFs. Brahney et al. (2021) calculated MP emis
sions in Europe to be 0.048 Tg y-1, 0.0023 Tg y-1only in Russia and
0.0071 Tg y-1 in South America.
3.3. Atmospheric transport and deposition
The global atmospheric transport of MPs emitted from agricultural
sources, with mineral and road dust and with sea spray, as well as MFs
from the global population can be seen in Video 1 and 2. In the latter,
transport is shown in daily temporal resolution for the year of the
inversion (2018). The large size of the particles modelled (up to 250 µm
7

N. Evangeliou et al.

Journal of Hazardous Materials 432 (2022) 128585

for MPs and 2500 µm for MFs), following the observations used in the
inversion, do not present long-range transport characteristics. The latter
is reinforced by the assumption that the emissions took place at the
surface (within the first 10 m), thus they are not lofted significantly high
enough to be transported over longer distances, but they are rather
removed fast. Their lifetimes depend not only on the size, but also from
how fast they are scavenged by rain droplets and, in turn, removed from
the atmosphere (Evangeliou et al., 2020). Here, we have assumed a
modelled CCN/IN efficiency to be moderate (Table S1). Hence, for the
smallest particles (<10 µm), the lifetime is 8.3 ± 1.0 days and drops
with increasing size until 2.5 ± 1.1 days for the largest size
(100–250 µm). The same characteristics are also seen for the MFs (Video
2), which were modelled as particles. Although this is inaccurate, as
their shape is rather capillary causing different aerodynamic properties,
it only gives an indication of how far from the main land sources they
should be expected. Their sizes were somewhat higher than those of MPs
(15–5000 µm). Nevertheless, particles larger than 2500 µm were not
determined, which means that they are removed from the atmosphere so
fast that cannot travel at all. This is in agreement with the calculated
modelled lifetimes for MFs that were found to be < 2 days for sizes
above 500 µm.
Global mean concentrations of MPs and MFs at the surface of the
atmosphere can be seen in Fig. 4. Average monthly mass concentrations
of MPs ranged between 6 and 47 ng m-3 or between 1 and 8 particles m-3
d-1, if density and different volume for each size bin are to be considered.
MF surface monthly mass concentrations were significantly lower
(2.4–33 ng m-3) and daily number concentrations a few fibers m-3. Both
for MPs and MFs, one can immediately notice the very rapid removal
from the atmosphere, because of the extremely large sizes that were
considered in the present. Although larger particles are rarer (Fig. 1),
they are much heavier and subsequently removed faster having lifetimes
< 1 day. This is shown by almost constant day-to-day variation of daily
concentrations in each month, which rather fail to accumulate with time
in the atmosphere. Considering that MPs/MFs emissions occur near the
surface and are characterized by large sizes, concentrations decline
substantially at higher altitudes of the planetary boundary layer (PBL) or
in the free troposphere. We calculate that global average daily concen
trations of MPs in the PBL to be 1.7–13 times lower (for particle di
ameters of 5–10 µm and 100–250 µm) than at surface, while in the free
troposphere 8–400 times lower (for particle diameters of 5–10 µm and
100–250 µm) than at surface. For MFs, PBL concentrations are 2.5–16
times smaller (for fiber heights between 10 and 25 µm and
2000–2500 µm) than at surface, and free tropospheric concentrations
between 9 and 1000 times (for fiber heights between 10 and 25 µm and
2000–2500 µm) smaller than at surface.
The global annual deposition for each MP source (agricultural

activities, road and mineral dust, and sea spray) is illustrated in Fig. 5
together with the respective one for MFs. As expected, all the emitted
mass has been deposited by the end of the simulation year, while
maximum deposition occurred near the largest sources indicating
limited transport, because of the large particle/fiber sizes. The largest
MPs deposition originating from agricultural sources (annual deposi
tion: 310 ± 131 kt y-1) was seen in Central USA, in the Indo-Gangetic
Plain and the North China Plain (Fig. 5a), which are well-known re
gions of agricultural emissions and have been quantified as the most
important sources of agricultural ammonia (Evangeliou et al., 2021).
Road MP annual deposition (mainly TWPs and BWPs) was equal to 279
± 125 kt y-1, with the largest deposition occurring in the East Coast of
the USA, Central Europe, and Southeastern Asia (Fig. 5b). Secondary
MPs were assumed to be resuspended with mineral dust deposited
mainly near Sahara and Middle East (Fig. 5c) with a total annual
deposition to be 100 ± 52.2 kt y-1. Similar patterns were calculated for
MPs remobilized with sea spray, which deposited mostly in the Ocean
(Fig. 5d). The observed MF deposition complies with the general pop
ulation density, with maxima in Beijing (China) and the Indo-Gangetic
Plain (Fig. 5f).
The observed deposition of MPs and MFs in different continental and
oceanic regions (according to Fig. S 4) can be found in Table 2. The
deposition in different continents mainly originates from the land-based
sources (agriculture, transportation, mineral dust), while those in
oceanic regions mainly from sea spray. The largest continental annual
MP deposition occurred in Asia (267 ± 121 kt y-1), followed by North
America (160 ± 71.1 kt y-1), Africa (114 kt y-1) and Europe (102
± 45.4 kt y-1). The largest continental deposition of MFs occurred in
Asia (3792 ± 1933 kt y-1), Africa (801 ± 372 kt y-1) and Europe (598
± 253 kt y-1), whereas another 846 ± 209 kt y-1 were deposited over
the American continent. As regards to deposition over the ocean, about
1718 ± 899.5 kt y-1 were deposited in the Atlantic Ocean, 2751
± 1225 kt y-1 in the Pacific, 1435 ± 765.5 kt y-1 in the Indian and 2289
± 1185 kt y-1 in the Southern Ocean, while deposition in the Mediter
ranean Sea was one order of magnitude less (102 ± 55.6 kt y-1). The
oceanic deposition of MFs was tiny for two reasons, (a) MF emissions
were calculated to be negligible in oceanic regions of the inversion
domain (see Fig. 2b), hence no emissions from sea spray could be
assumed and, subsequently, no direct deposition to the ocean was
simulated; (b) the sizes of MFs was very large (see Section 2.1) and no
significant transport from the land could be expected.

Fig. 4. Timeseries of global mean daily number (blue) and monthly mass (red) concentrations of MPs and MFs at the surface of the atmosphere (0–100 m). The latter
can be used as a proxy for the expected surface atmospheric levels by researchers conducting MP measurements.
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Fig. 5. Annual global deposition of MPs emitted from agriculture, with road and mineral dust and with sea spray. The annual global deposition of MFs from the
global population is also given in the lower right panel.
Table 2
Global annual deposition of MPs and MFs (in kt y-1) in different continental, mountainous and oceanic regions (as defined in Supplementary Figure S4).
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4. Discussion

measurements do not contribute to the reconstruction of the posterior
emissions; however, they remain in the loss function (Eq. 2), which re
sults in a less stable solution with larger emissions. For each of the three
inversion algorithms, three different MP and MF species were assumed,
each with a different CCN/IN efficiency (Table S1), which gives a total of
nine ensemble members for each size of MPs and MFs.
The second method for calculating uncertainty of the posterior
emissions in the Western USA is based on the relation between mea
surement and reconstruction (Eq. 1). In Eq. (1) many types of un
certainties affect the results. For instance, measurements are affected by
the spatial and temporal quality of the monitoring network (in addition
to the uncertainty of the measurement methodology), i.e., sparse
network can significantly bias the results (De Meutter et al., 2020). On
the other hand, SRMs accumulate all the biases of the respective atmo
spheric transport model parametrizations and the uncertainties of the
meteorological data used (Sørensen et al., 2020), as well as the param
etrization of the source term prior model (Tichý et al., 2020). To
determine the overall posterior emission uncertainty, variants of
log-normal models have been used recently (Dumont Le Brazidec et al.,
2021; Liu et al., 2017). Here, we use a Gaussian model, due to its trac
tability and interpretability of posterior estimates.
Specifically, the uncertainty quantification of the estimated posterior

4.1. Uncertainty of the posterior emissions in the Western USA
The calculation of the uncertainty of the posterior emissions was
performed in two different ways to show the robustness of the meth
odology used in the present study. The first method is based on a
sensitivity study with an ensemble of inversion algorithms employing
different scavenging characteristics for MPs and MFs; the uncertainty
was calculated as the standard deviation of the different posterior
emissions. The different members of the ensemble were built from three
different inversion algorithms. The first is the one already described in
Section 2.3; the second algorithm is a modification of the first one with
the choice of the mean value of prior emissions to be equal to zero (x0 =
0) in Eq. (7). This choice leads to lower estimates since zeros are
assumed when no information on releases can be calculated from the
observations, which may cause biased estimates. The third algorithm is
another version of the first one, where the prior mean value in Eq. (6) is
assumed again to be zero (x0 = 0). Moreover, we remove the assump
tion of not considering measurements that have zero computed SRM
sensitivities (calculated with FLEXPART) for the whole studied period in
each spatial element. This is a very demanding case, since these

Fig. 6. Calculation of the posterior emission uncertainty of MPs and MFs (a, b) based on the sensitivity of the emissions to different scavenging coefficients, (c, d)
using a Gaussian model (see Section 4.1), and (e, f) the propagated (combined) uncertainty.
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emissions is based on the form of posterior distribution of the estimated
emissions that is Gaussian with estimated mean value μ and covariance
matrix Σ x . Therefore, the uncertainty quantification of the estimated
release rate is a direct output of the inversion method. Hence, we can
calculate the uncertainty of each release element as:
√̅̅̅̅̅̅̅̅
xi = μx,i ± Σ x,ii
(13)

emissions. Thus, any change is this source fraction () is crucial for the
global emissions. A good example is Fig. 3c, which is a result of our
calculated emission, but after applying source fractions from Brahney
et al. (2021), as reported for deposition (see Table S2); the latter gives
total emitted MPs to be four times lower (~2.4 Tg y-1). Another problem
with the oceanic emissions of MPs reported here is the restricted
network of measurements (see also Section 3.2). Although an assessment
of the introduced uncertainty over the inversion domain took place in
the previous section, we admit that the deposition measurements used
for inverse modelling in the present study are not unique to assess
oceanic emissions. The reason is that they are located far from the US
coast covering only a very small domain in the center of the inversion
domain. On the other hand, oceanic surface area in the selected inver
sion domain lies in the west (Pacific Ocean) and in the south (Gulf of
Mexico) covering only 10%. As expected, SRMs that are used in the
inversion algorithm to define the connection between sources and ob
servations are extremely low in oceanic regions (). A more careful
assessment of the oceanic sources of MPs would require several obser
vations to be taken in different oceanic locations, e.g., during ship
campaigns and/or remote islands, which lacks in the current study.
Global uncertainty estimated for the land-based sources was much
lesser, in the order of about 30% (Fig. 3b), as a result of the perturbation
in the source fractions for agriculture, road and mineral dust. It follows
the same pattern with emissions with maxima close to the largest
sources.

where μx,i is ith element of the estimated mean value and Σ x,ii is ith di
agonal element of the estimated covariance matrix, whose square root
represents the standard deviation of the posterior emissions. To identify
the total release uncertainty, we used properties of Gaussian distribution
and calculated the uncertainty bounds of the posterior releases as fol
lows:
∑
√̅̅̅̅̅̅̅̅̅̅̅̅
U=
(14)
μx,i ± Σ i Σ x,ii
i

The calculated posterior relative uncertainties for MPs and MFs are
depicted in Fig. 6 for the first (ensemble) and the second (Gaussian) case,
while the combined relative uncertainty is a propagation of the latter
two. The uncertainty using the inversion algorithm ensemble of nine
members shows that uncertainties grow up to 50% as we move to the
eastern part of the inversion domain. In this part of the domain the SRMs
were near zero (). The uncertainty quantification using Gaussian prop
erty of posterior distribution (Fig. 6c and d) depends on the estimated
covariance matrix within the LS-APC model (Section 2.3) and is, in its
essence, uncertainty of the posterior model caused by the sparsity of
measurements rather than uncertainty of estimated emissions. The
principle of the model is to tighten the values of the covariance matrix in
spatial elements, where only few non-zero SRM are available (see on the
eastern part). That subsequently tightens the estimated emissions to the
prior value x0 (see Eq. 6). However, this leaves low uncertainty in the
posterior. On the other hand, in spatial elements with strong SRM, the
estimated values of covariance matrix are so large that the estimated
emissions do not depend on the prior value x0 , but rather on the data
term. This causes larger variability in the covariance matrix resulting in
larger uncertainty in Eq. (12).
Since the principles in uncertainty quantification in the case of
ensemble approach and in the case of Gaussian approach are not
consistent, we calculate a propagation of these two in Fig. 6e and f. We
end up with uncertainties reaching 50% near the measurement stations
and in the easternmost parts of the inversion domain.

4.3. Land – Ocean interactions
MPs and MFs emitted in the atmosphere, especially at smaller sizes,
undergo long-range transport. Today, they have been already detected
almost everywhere on earth (Allen et al., 2019, 2020; Bergmann et al.,
2019; Dris et al., 2015, 2016; González-Pleiter et al., 2021b; Kelly et al.,
2020; Qian and Ferro, 2008 and many others). However, it has been
shown that oceanic emissions of MPs can be transported (Allen et al.,
2020), similar to marine particles, when breaking waves cause bubbles
of trapped air to rise to the surface and burst (Erinin et al., 2019). How
much of the land-based emissions end into the ocean and vice versa
remains unknown and is a frequent question by researchers conducting
measurements often trying to interpret whether their measurements
refer to primary or secondary sources.
To identify this, the reported modelled annual deposition of the
emitted MPs caused by sea spray was masked towards land, whereas
annual deposition from the land-based sources of agriculture, road and
mineral dust was masked towards ocean, and the resulting budgets were
calculated (Fig. 7). We report that 13 ± 6.5 kt y-1 of MPs were trans
ferred from land to ocean or about 1.8% of the land emitted mass, due to
the already mentioned limited transport due to the large particle sizes.
The deposition occurred close to the shoreline, while a more consistent
transport occurred at regions surrounded by land, such as the Mediter
ranean, North and Black Sea. Accordingly, about 122 ± 66.1 kt y-1 were
transferred from ocean to land or about 1.4% of the oceanic emitted
mass and mostly accumulated in mid-latitudes of the northern hemi
sphere (30–60◦ N), where the largest oceanic emissions were calculated
(Fig. 3). The same latitudinal band of the southern hemisphere also gives
high oceanic emissions, but land largely lacks there, except for the
southernmost parts of South America and Australia. As regards to MFs,
we estimate that 405 ± 201 kt are transported and deposited to the
ocean annually.
Boucher and Friot (2017) reported that around 15% of marine
plastics is a result of atmospheric transport and deposition to the global
ocean. Between 5.3 and 14 Tg of plastics enter the global ocean annually
(Eriksen et al., 2014; Jambeck et al., 2015; Jang et al., 2016). Although a
rough estimation, combining these two numbers, it is found that
0.80–2.1 Tg y-1 is the number of plastics that are transported by air.
Around 92% of these oceanic plastics are MPs (Auta et al., 2017; Eriksen
et al., 2014), or 0.74–1.9 Tg y-1 (< 5 mm). Here, we report that 0.405

4.2. Sensitivity to different source fractions
The extrapolation of the posterior emissions in global scale is based
on the assumption of specific sources for MPs and MFs. While for MFs
the main source is mostly clothing, this is not the case for MPS, as they
are known to originate mainly from transportation (primary source),
mineral dust (secondary source), agricultural activity (secondary
source) and sea spray (secondary source), but perhaps from other
sources not yet defined. The main question is what the exact fractions of
these specific sources constitute total MPs. To tackle this lack of
knowledge, we accepted that primary MPs (here road dust) contribute
15–31% (average 23%), as seen in the ocean (Boucher and Friot, 2017;
Goßmann et al., 2021; Zhao et al., 2019) and we perturbed the rest of the
sources building 30 ensemble members, each with different source
contribution scenarios that can be seen in Table S2. We calculate the
global emission uncertainty as the standard deviation of the global re
leases that resulted from this 30-member ensemble.
The absolute uncertainty is depicted in Fig. 3b, side-by-side with the
global annual releases of MFs. Note that such an assessment is not
possible for MFs, as we only assumed that they originated from clothing
of the global population. Uncertainty reaches 80% where the largest
oceanic emissions were calculated. This is a direct consequence of the
fact that oceanic emissions calculated here are the vast majority of total
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Fig. 7. (a) MPs emitted from the land that were deposited over the ocean annually and vice versa (ocean to land). (b) MFs emitted from global population that were
deposited in the ocean.

range, albeit we have not considered larger sizes than 2500 µm for MFs
and 250 µm for MPs that are heavier. Furthermore, atmospheric trans
port of MPs that end to the ocean are an order of magnitude lower than

± 0.201 and 0.013 ± 0.0065 Tg y-1 of synthetic MFs (<2500 µm) and
MPs (<250 µm), respectively, are transported from the land to ocean.
This is comparable with the reported values although in the lowest

Table 3
Observations of MPs and MFs in deposition and surface air samples from the global literature for various years. Considering that the modelled lifetime of MPs and MFs
is very short, we assume that transport is less important; therefore, we use the global simulation for the year 2018 to assess how the modelled MPs and MFs compare
with observations.
Sampling method
(Roblin et al., 2020)
(Dris et al., 2016, 2015)
(Trainic et al., 2020)
(Allen et al., 2019)
(Allen et al., 2020)
(Peñalver et al., 2021)
(Wright et al., 2020)
(Bergmann et al., 2019)
(Materić et al., 2021)
(Abbasi et al., 2019)
(Abbasi and Turner, 2021)
(Ding et al., 2021)
(Klein and Fischer, 2019)
(Szewc et al., 2021)
(K.Liu et al., 2019a)
(Cai et al., 2017)
(Zhou et al., 2017)
(K.Liu et al., 2019b)
(Knobloch et al., 2021)
(Huang et al., 2021)
(Wang et al., 2020)
(Wang et al., 2021)
(Liao et al., 2021)
(Tunahan Kaya et al., 2018)
(Asrin and Dipareza, 2019)
(Li et al., 2020)
(Gaston et al., 2020)
(Syafei et al., 2019)
(Akhbarizadeh et al., 2021)
(González-Pleiter et al., 2021a)
(González-Pleiter et al., 2021b)
(Truong et al., 2021)
(Stanton et al., 2019)
(Hamilton et al., 2021)
(Yukioka et al., 2020)
(Yukioka et al., 2020)
(Yukioka et al., 2020)
(Zhu et al., 2021)
(Zhu et al., 2021)
(Zhu et al., 2021)
(Zhu et al., 2021)
(Zhu et al., 2021)
(Allen et al., 2021)

Deposition
Deposition
Outdoor active
Deposition
Outdoor active
Outdoor active
Deposition
Snow deposition
Snow deposition
Outdoor active
Deposition
Outdoor active
Deposition
Deposition
Outdoor active
Deposition
Deposition
Outdoor active
Deposition
Deposition
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Deposition
Deposition
Deposition
Deposition
Deposition
Deposition
Deposition
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active
Outdoor active

Measured size
50 µm
50 µm
5 µm
5 µm
5 µm
10 µm
5 µm
11 µm
< 1 µm
2 µm
< 100 µm
< 200 µm
5–13 µm
5 µm
< 1 mm
200–700 µm
< 0.5 mm
20 µm
20 µm
< 50 µm
60 µm
20 µm
5 µm – 5 mm
50 µm – 5 mm
500 µm – 5 mm
5 µm – 2 mm
20–3000 µm
500–5000 µm
< 2.5
30–70 µm
2.3–12.6 mm
50–5000 µm
38 µm – 5 mm
80–5000 µm
75 µm – 5 mm
75 µm – 5 mm
75 µm – 5 mm
5–5000 µm
5–5000 µm
5–5000 µm
5–5000 µm
5–5000 µm
< 50 µm

Location

Concentration

Ireland
Paris
North Atlantic
French Pyrenees
French Atlantic
South Spain
London
Arctic/Swiss Alps/Germany
Alps
Iran
Iran
South China Sea
Hamburg
Baltic Sea
Shanghai, China
Dongguan, China
Yantai, China
West Pacific coast
New Zealand
Guangzhou, China
S. China Sea / E. Indian Ocean
China Sea
Wenzhou, China
Turkey
Indonesia
Beijing, China
Cal State Univ., USA
Indonesia
Iran
Madrid, Spain
Collins Glacier, Antarctica
Ho Chi Minh, Vietnam
Nottingham, UK
Nunavut, Canada
Kusatsu, Japan
Da Nang, Vietnam
Kathmandu, Nepal
Beijing, China
Tianjin, China
Nanjing, China
Sanghai, China
Hangzhou, China
Pic du Midi, France

12

-2

-1

12 fibers m d
53–118 items m-2 d-1
0.01 items m-3
365 items m-2 d-1
2.9–9.6 items m-3
36 ng m-3
575–1008 items m-2 d-1
1.4–66 items m-2 y-1
42 kg km-2 y-1
0.3–1.1 items m-3
7–120 items m-2 d-1
0.035 items m-3
136–512 items m-2 d-1
136–512 items m-2 d-1
1.42 items m-3
175–313 items m-2 d-1
475 items m-2 d-1
0.0–1.4 items m-3
1018 items m-2 d-1
51–178 items m-2 d-1
0.04–0.08 items m-3
0.0039 items m-3
189 items m-3
116–3424 items m-3
131–174 items m-3
5600–5700 items m-3
13–22 items m-3
56–175 items m-3
0.0–14 items m-3
1.5–14 items m-3
0.08–0.17 items m-2 d-1
71–917 items m-2 d-1
0–31 items m-2 d-1
500–6000 items m-2 d-1
0.4 items m-2 d-1
4.0 items m-2 d-1
12.5 items m-2 d-1
393 items m-3
324 items m-3
177 items m-3
267 items m-3
246 items m-3
0.09–0.66 items m-3

Year

This study

2017–2018
2014
2016
2017–2018
2018
2017
2018
2015–2017
2017
2017
2019–2020
2019
2017–2018
2017–2018
2018
2016
2016
2019
2020
2018–2019
2019
2020
2019
2016–2017
2017
2019
2019
2018
2016–2017
2020
2020
2018–2019
2018
2018
2017
2017
2017
2019
2019
2019
2019
2019
2017

32 fibers m-2 d-1
200 items m-2 d-1
0.6 items m-3
150 items m-2 d-1
1.5 items m-3
48 ng m-3
500 items m-2 d-1
180 items m-2 d-1
NP not considered
0.8 items m-3
450 items m-2 d-1
0.5 items m-3
410 items m-2 d-1
115 items m-2 d-1
1.5 items m-3
586 items m-2 d-1
489 items m-2 d-1
0.7 items m-3
549 items m-2 d-1
286 items m-2 d-1
0.12–0.21 items m-3
0.45 items m-3
0.74 items m-3
0.19 items m-3
1.5 items m-3
17 items m-3
22 items m-3
1.8 items m-3
2.5 items m-3
2.9 items m-3
1.5 items m-2 d-1
211 items m-2 d-1
188 items m-2 d-1
15 items m-2 d-1
12 items m-2 d-1
8.6 items m-2 d-1
101 items m-2 d-1
23 items m-3
14 items m-3
12 items m-3
20 items m-3
13 items m-3
0.05 items m-3
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the riverine transported MPs to the ocean (3.3–14 Tg y-1).
4.4. Independent validation and forecast of expected levels
As it was already mentioned in Section 3.1, the observations from
Brahney et al. (2020) used in the inversion algorithm should not serve as
measurements to validate the posterior emissions of MPs and MFs. The
reason for this is because the inversion algorithm has been designed to
reduce the model–observation mismatches. This means that the reduc
tion of the posterior concentration mismatches with the observations is
determined by the weighting that is given to the observations and,
hence, such a comparison depends on this weighting (dependent
observation). Therefore, the ideal comparison would be against mea
surements that were not included in the inversion algorithm. There are
several literature records on MP and MF measurements in the environ
ment using various techniques, both for surface concentrations and
deposition rates (Table 3). They refer to the recent years between 2014
and 2020, whereas measured particles sizes are extremely large (up to
5000 µm) in most cases due to specific limitations of the available
analytical techniques. In the present study, we report optimised MPs and
MFs emissions for sizes up to 250 µm and 5000 µm, respectively. Our
results suggest limited transport due to the large particle size consid
ered. Therefore, we use MP and MF concentrations and deposition rates
from Table 3 as a proxy to assess how modelled results from our global
simulation for the year 2018 compare with observations assuming
year-by-year meteorology has limited effect on transport of large
particles.
We use the Gaussian kernel density estimation (KDE), which is a nonparametric way to estimate the probability density function (PDF) of a
random variable (Parzen, 1962):
1 ∑N (x − xi )
f (x) =
K
(15)
Nh i=1
h

Fig. 8. Independent validation of modelled concentration and deposition of
MPs and MFs against observations from the relevant literature (Table 3).
Scatterplots of modelled results against observations were plotted using the
Kernel density estimation, which is a way to estimate the probability density
function (PDF) of a random variable in a non-parametric way. The Mean
Fractional Bias (MFB) is also computed separately for concentrations and
deposition rates.

we only assumed that MPs and MFs are scavenged moderately in and
below clouds (Table S1), as they are synthetic polymers (macromole
cules) and should have hydrophobic behavior. However, without spe
cific measurements of the scavenging coefficients for MPs and MFs, it is
impossible to know how they behave in the atmosphere, in order to
accurately reproduce their transport and removal in global models.
These properties are crucial for accurate representation of MPs, both in
forward modelling (atmospheric dispersion of a known source), as well
as in inverse algorithms (source quantification). Nevertheless, the sim
ulations presented in this study can be used by researchers who plan to
perform sampling and analysis of MPs and MFs in order to forecast the
expected levels at any place on earth in high temporal and spatial res
olutions (0.5◦ ×0.5◦ , daily).

where K is the kernel, xi the univariate independent and identically
distributed point of the relationship between modelled and measured
ammonia and h is a smoothing parameter called the bandwidth. KDE is a
fundamental data smoothing tool that attempts to infer characteristics of
a population, based on a finite dataset. It weighs the distance of all
points in each specific location along the distribution. If there are more
points grouped locally, the estimation is higher as the probability of
seeing a point at that location increases. The kernel function is the
specific mechanism used to weigh the points across the data set and it
uses the bandwidth to limit the scope of the function. The latter is
computed using the Scott’s factor (Scott, 2015). We also provide the
mean fractional bias (MFB) for modelled and measured separately for
concentrations and deposition rates as follows:
∑N
1
(C − C )
(i=1 m) o
MFB =
(16)
N ∑N Cm +Co
×
100%
i=1
2

4.5. Robustness of the inverse modelling methodology
Brahney et al. (2021) have successfully managed to calculate total
emissions of MPs, though presenting somewhat large model-observation
mismatches. The core of their methodology was to minimize the cost
function based on the goodness of fit between modelled values and
measurements weighted by the model-observation error. Moreover, a
scalar regularization term was added to suppress negative values of
estimated emissions. Their estimated emissions are based on an opti
mized combination of five known annual sources, road dust, ocean,
agricultural dust, population dust, and population. The combination is
calculated using a global search method for these five sources with 30
possible strengths for each source (from zero to the value explaining the
whole measurements). Since the estimated emissions rely on the usage
of annual sources, the calculated emissions lack any temporal variation.
This simplification imposes the shape of spatial distribution of emissions
and might be the key reason for the poor fit of modelled values with
measurements. In contrast with the aforementioned methodology, here
we do not make use of any pre-computed source, but rather use a
completely data-driven approach (Tichý et al., 2016) for the current
spatial inversion domain (124–91◦ W, 29–47◦ N). This method calculates
MP and MF emissions with large spatiotemporal resolution (0.5◦ ×0.5◦ ,
daily).

where Cm and Co are the modelled and measured quantities and N is the
total number of observations. MFB is a symmetric performance indicator
that gives equal weights to under- or overestimated concentrations
(minimum to maximum values range from − 200% to 200%).
The comparison of modelled surface concentrations and deposition
rates with the observations is shown in Fig. 8. As seen both in Fig. 8 and
Table 3 the modelled concentrations are in the same order with obser
vations except for some outliers (e.g., in Nunavut, Canada from Ham
ilton et al., 2021). The calculated MFBs suggest that the model tends to
underestimate concentrations (MFBcon = − 57%) and overestimate
deposition rates (MFBdep = + 39%). The latter shows that more infor
mation is required to understand how efficient CCN or IN (Ganguly and
Ariya, 2019b) MPs and MFs are, how dry deposition affects removal
from the atmosphere and, in turn, how they should be modelled in
global models. As regards to scavenging that is a more uncertain process,
13
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5. Conclusions

- The largest continental MP deposition occurred in Asia (267
± 121 kt y-1), North America (160 ± 71 kt y-1), Africa (114
± 59 kt y-1) and Europe (102 ± 45 kt y-1) similar to MFs (Asia: 3792
± 1933 kt y-1, America: 846 ± 209 kt y-1, Africa: 801 ± 372 kt y-1,
Europe: 598 ± 253 kt y-1).
- The largest oceanic MP deposition occurred in the Atlantic (1718
± 899.5 kt y-1), Pacific (2751 ± 1225 kt y-1), Indian (1435
± 766 kt y-1) and Southern Ocean (2289 ± 1185 kt y-1).

We have used a robust Bayesian inverse modelling algorithm com
bined with a Lagrangian particle dispersion model suitable to track
deposited particles in backward mode to calculate high spatiotemporal
emissions of MPs and MFs from observations in the Western USA. We
further extrapolate these calculations to retrieve global estimates of
atmospheric MP and MF fluxes from different sectorial emissions.
Finally, we feed the calculated emissions into a dispersion model to track
global atmospheric dynamics and budgets of MPs and MFs. Our results
are openly accessible and can be used as a proxy from research groups
conducting surface concentration and deposition measurements to know
the expected levels of MPs and MFs at any given place on earth. Further
conclusions are summarised below:

Since the particles considered in the present study are large and their
atmospheric lifetimes short, we validated the present results with global
measurement taken during the last decade assuming that meteorology
does not have a major effect on particles that are removed from the
atmosphere very fast. We report that the current model set-up un
derestimates surface concentrations and overestimates deposition rates.
This means that the coefficients for in-cloud and below-cloud scav
enging and dry deposition processes that are considered in global
models need to be updated.

- Around 9.0 ± 3.8 kt y-1 of atmospheric MPs of size up to 250 µm and
244 ± 129 kt y-1 of MFs of size up to 2500 µm were released in the
inversion domain that includes central and west USA. Lower emis
sions closer to the observations are due to remoteness of the stations
(far from any man-made activity).
- Global MP emissions were estimated to be 9.6 ± 3.6 Tg y-1, whereas
MF emissions equal to 6.5 ± 2.9 Tg y-1.
- Ocean dominates MP emissions with 8.9 ± 3.5 Tg y-1, as insoluble
plastics accumulate at the surface of the ocean with time and are
resuspended similar to sea spray aerosols. We note that this calcu
lation is highly uncertain because (i) the inversion domain covers a
small oceanic surface that can be used in interpolation, (ii) the
deposition measurements used in the inversion are far from the
ocean, thus inappropriate to constrain oceanic emissions, and (iii) it
is assumed that a constant number of oceanic microplastics is
released globally following sea spray.
- Agricultural activities resuspend around 0.31 ± 0.13 Tg y-1, road
dust contributes another 0.28 ± 0.12 Tg y-1, and mineral dust 0.10
± 0.052 Tg y-1.
- The largest emissions are calculated for Asia (MPs: 250 ± 120 kt y-1
– MFs: 3700 ± 1300 kt y-1), North America (MPs: 130 ± 55.4 kt y-1 –
MFs: 280 ± 120 kt y-1), Africa (MPs: 110 ± 55.1 kt y-1 – MFs: 970
± 452 kt y-1) and Europe (MPs: 88 ± 42 kt y-1 – MFs: 460
± 140 kt y-1), while the rest of the continents have smaller shares in
annual emissions.
- Global average monthly mass concentrations were at maximum
47 ng m-3 for MPs and 33 ng m-3 for MFs at the surface, while both
are rapidly removed from the atmosphere, due to the small lifetimes
affected by their large particle sizes.
- The largest deposition from agricultural sources (annual total: 310
± 155 kt y-1) occurred in Central USA, in the Indo-Gangetic Plain
and the North China Plain, all regions of great agricultural activity.
Road MPs (annual total: 279 ± 145 kt y-1) were mostly deposited in
the US East Coast, Central Europe, and Southeastern Asia, whereas
mineral dust MPs deposited near Sahara and Middle East (annual
total: 100 ± 53 kt y-1). Oceanic MPs were deposited mostly in the
Ocean.
- Only 1.8% of the land MP mass emissions (13 ± 6.6 kt y-1) were
transferred to ocean, due to the limited transport of large particle
considered. About 1.4% (122 ± 65 kt y-1) were transferred from
ocean to land and accumulated in mid-latitudes of the north
hemisphere.
- It is reported that 0.74–1.9 Tg y-1 of MPs (< 5 mm) are globally
transported by air from land to ocean. We calculate that 0.418
± 0.201 of synthetic MFs (<2500 µm) and MPs (<250 µm), are
transported from the land to ocean. This close to the reported values
although in the lowest range, due to exclusion of larger sizes (>
2500 µm for MFs and >250 µm for MPs) from this study that are
heavier. Atmospheric transport of MPs that end to the ocean are an
order of magnitude lower than the riverine transported MPs to the
ocean (3.3–14 Tg y-1)
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supported by the Czech Science Foundation, grant no. GA20-27939S.
Novelty
We combine high-quality deposition measurements from the West
ern USA with a dispersion model and an inverse modelling algorithm to
constrain global atmospheric emissions of microplastics (MPs) and
microfibers (MFs) in high spatiotemporal resolution. The only global
dispersion model that can track deposition backward in time is used for
the first time in an inverse modelling approach. The constrained emis
sions are used further to model global atmospheric dynamics of MPs and
MFs. We address the expected surface concentrations, and deposition
rates of atmospheric MPs and MFs in a gridded product that aims at
assisting researchers conducting measurements at a global scale.
Appendix A. Supporting information
Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.jhazmat.2022.128585.
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Flanner, M.G., Ghan, S., Kärcher, B., Koch, D., Kinne, S., Kondo, Y., Quinn, P.K.,
Sarofim, M.C., Schultz, M.G., Schulz, M., Venkataraman, C., Zhang, H., Zhang, S.,
Bellouin, N., Guttikunda, S.K., Hopke, P.K., Jacobson, M.Z., Kaiser, J.W., Klimont, Z.,
Lohmann, U., Schwarz, J.P., Shindell, D., Storelvmo, T., Warren, S.G., Zender, C.S.,
2013. Bounding the role of black carbon in the climate system: A scientific
assessment. J. Geophys. Res. Atmos. 118, 5380–5552. https://doi.org/10.1002/
jgrd.50171.
Boucher, J., Friot, D., 2017. Primary Microplastics in the Oceans: a Global Evaluation of
Sources, Primary microplastics in the oceans: A global evaluation of sources. IUCN
Gland, Switzerland. https://doi.org/10.2305/iucn.ch.2017.01.en.
Brahney, J., Hallerud, M., Heim, E., Hahnenberger, M., Sukumaran, S., 2020. Plastic rain
in protected areas of the United States. Science 368, 1257–1260. https://doi.org/
10.1126/science.aaz5819.
Brahney, J., Mahowald, N., Prank, M., Cornwell, G., Klimont, Z., Matsui, H., Prather, K.
A., 2021. Constraining the atmospheric limb of the plastic cycle. Proc. Natl. Acad.
Sci. U.S.A. 118, e2020719118 https://doi.org/10.1073/pnas.2020719118.
Browne, M.A., Crump, P., Niven, S.J., Teuten, E., Tonkin, A., Galloway, T., Thompson, R.,
2011. Accumulation of microplastic on shorelines woldwide: sources and sinks.
Environ. Sci. Technol. 45, 9175–9179. https://doi.org/10.1021/es201811s.
Cai, L., Wang, J., Peng, J., Tan, Z., Zhan, Z., Tan, X., Chen, Q., 2017. Characteristic of
microplastics in the atmospheric fallout from Dongguan city, China: preliminary
research and first evidence. Environ. Sci. Pollut. Res. 24, 24928–24935. https://doi.
org/10.1007/s11356-017-0116-x.
Carpenter, E.J., Anderson, S.J., Harvey, G.R., Miklas, H.P., Peck, B.B., 1972. Polystyrene
spherules in coastal waters. Science 178, 749–750. https://doi.org/10.1126/
science.178.4062.749.
Carpenter, E.J., Smith, K.L., 1972. Plastics on the Sargasso sea surface. Science 175,
1240–1241. https://doi.org/10.1126/science.175.4027.1240.
Cassiani, M., Stohl, A., Brioude, J., 2014. Lagrangian stochastic modelling of dispersion
in the convective boundary layer with skewed turbulence conditions and a vertical
density gradient: formulation and implementation in the FLEXPART model. Bound.
-Layer. Meteor. 154, 367–390. https://doi.org/10.1007/s10546-014-9976-5.
Chae, Y., An, Y.J., 2018. Current research trends on plastic pollution and ecological
impacts on the soil ecosystem: a review. Environ. Pollut. 240, 387–395. https://doi.
org/10.1016/j.envpol.2018.05.008.
Chen, G., Feng, Q., Wang, J., 2020. Mini-review of microplastics in the atmosphere and
their risks to humans. Sci. Total Environ. 703, 135504 https://doi.org/10.1016/j.
scitotenv.2019.135504.

15

N. Evangeliou et al.

Journal of Hazardous Materials 432 (2022) 128585
Kelly, A., Lannuzel, D., Rodemann, T., Meiners, K.M., Auman, H.J., 2020. Microplastic
contamination in east Antarctic sea ice. Mar. Pollut. Bull. 154, 111130 https://doi.
org/10.1016/j.marpolbul.2020.111130.
Klein, M., Fischer, E.K., 2019. Microplastic abundance in atmospheric deposition within
the Metropolitan area of Hamburg, Germany. Sci. Total Environ. 685, 96–103.
https://doi.org/10.1016/j.scitotenv.2019.05.405.
Knobloch, E., Ruffell, H., Aves, A., Pantos, O., Gaw, S., Revell, L.E., 2021. Comparison of
Deposition Sampling Methods to Collect Airborne Microplastics in Christchurch,
New Zealand. Water Air Soil Pollut. 232. https://doi.org/10.1007/s11270-02105080-9.
Kullback, S., Leibler, R.A., 1951. On information and sufficiency. Ann. Math. Stat. 22,
79–86. https://doi.org/10.1214/aoms/1177729694.
Lebreton, L., Egger, M., Slat, B., 2019. A global mass budget for positively buoyant
macroplastic debris in the ocean. Sci. Rep. 9, 1–10. https://doi.org/10.1038/
s41598-019-49413-5.
Lehner, R., Weder, C., Petri-Fink, A., Rothen-Rutishauser, B., 2019. Emergence of
nanoplastic in the environment and possible impact on human health. Environ. Sci.
Technol. 53, 1748–1765. https://doi.org/10.1021/acs.est.8b05512.
Li, Y., Shao, L., Wang, W., Zhang, M., Feng, X., Li, W., Zhang, D., 2020. Airborne fiber
particles: types, size and concentration observed in Beijing. Sci. Total Environ. 705,
135967 https://doi.org/10.1016/j.scitotenv.2019.135967.
Liao, Z., Ji, X., Ma, Y., Lv, B., Huang, W., Zhu, X., Fang, M., Wang, Q., Wang, X.,
Dahlgren, R., Shang, X., 2021. Airborne microplastics in indoor and outdoor
environments of a coastal city in Eastern China. J. Hazard. Mater. 417, 126007
https://doi.org/10.1016/j.jhazmat.2021.126007.
Liu, J., Yang, Y., Ding, J., Zhu, B., Gao, W., 2019. Microfibers: a preliminary discussion
on their definition and sources. Environ. Sci. Pollut. Res. 26, 29497–29501. https://
doi.org/10.1007/s11356-019-06265-w.
Liu, K., Wang, X., Fang, T., Xu, P., Zhu, L., Li, D., 2019a. Source and potential risk
assessment of suspended atmospheric microplastics in Shanghai. Sci. Total Environ.
675, 462–471. https://doi.org/10.1016/j.scitotenv.2019.04.110.
Liu, K., Wu, T., Wang, X., Song, Z., Zong, C., Wei, N., Li, D., 2019b. Consistent transport
of terrestrial microplastics to the ocean through atmosphere. Environ. Sci. Technol.
53, 10612–10619. https://doi.org/10.1021/acs.est.9b03427.
Liu, Y., Haussaire, J.M., Bocquet, M., Roustan, Y., Saunier, O., Mathieu, A., 2017.
Uncertainty quantification of pollutant source retrieval: comparison of Bayesian
methods with application to the Chernobyl and Fukushima Daiichi accidental
releases of radionuclides. Q. J. R. Meteorol. Soc. 143, 2886–2901. https://doi.org/
10.1002/qj.3138.
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Piehl, S., Leibner, A., Löder, M.G.J., Dris, R., Bogner, C., Laforsch, C., 2018. Identification
and quantification of macro- and microplastics on an agricultural farmland. Sci. Rep.
8, 1–9. https://doi.org/10.1038/s41598-018-36172-y.
Pisso, I., Sollum, E., Grythe, H., Kristiansen, N., Cassiani, M., Eckhardt, S., Arnold, D.,
Morton, D., Thompson, R.L., Groot Zwaaftink, C.D., Evangeliou, N., Sodemann, H.,
Haimberger, L., Henne, S., Brunner, D., Burkhart, J.F., Fouilloux, A., Brioude, J.,
Philipp, A., Seibert, P., Stohl, A., 2019. The Lagrangian particle dispersion model
FLEXPART version 10.4. Geosci. Model Dev. 12, 4955–4997. https://doi.org/
10.5194/gmd-12-4955-2019.

above the planetary boundary layer. Sci. Total Environ. 761, 143213 https://doi.
org/10.1016/j.scitotenv.2020.143213.
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