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Abstract
Field studies in the global ocean have shown that plastic fragments make up the majority of plastic
pollution in terms of abundance. It is not well understood how quickly plastics in the marine
environmental fragment, however. Here, we study the fragmentation process in the oceanic
environment by considering a model which captures continuous fragmentation of particles over
time in a cascading fashion. With this cascading fragmentation model we simulate particle size
distributions (PSDs), specifying the abundance or mass of particles for different size classes. The
fragmentation model is coupled to an environmental box model, simulating the distributions of
plastic particles in the ocean, coastal waters, and on the beach. We demonstrate the capabilities of
the model by calibrating it to estimated plastic transport in the Mediterranean Sea, and compare
the modelled PSDs to available observations in this region. Results are used to illustrate the effect
of size-selective processes such as vertical mixing in the water column and resuspension of particles
from the beach into coastal waters. The model quantifies the role of fragmentation on the marine
plastic mass budget: while fragmentation is a major source of secondary plastic particles in terms of
abundance, it seems to have a minor effect on the total mass of particles larger than 0.1 mm. Future
comparison to observed PSD data allow us to understand size-selective plastic transport in the
environment, and potentially inform us on plastic longevity.

1. Introduction

Studies have shown that fragments make up the
majority of marine plastic litter in terms of abund-
ance in the global ocean (Cózar et al 2014, Suaria
et al 2016). The large amount of fragments is evident
from particle size distribution (PSD) data, specify-
ing the abundance or mass of particles for different
size classes. An overview of PSD data from various
studies is given in Kooi and Koelmans (2019); some
examples are presented in figure 1. What is com-
monly observed in PSD data is a power law for lar-
ger fragments (>1 mm in figure 1) (Cózar et al 2014,
2015, Enders et al 2015, Erni-Cassola et al 2017),
i.e. a straight line on a log-log scale as can be seen
in figure 1. Oftentimes, a maximum in the PSD is
observed at smaller particle sizes (∼1mm in figure 1),
ending the power law regime. This maximum has
been observed to vary, and has been attributed to, for

example, the distance to the nearest coast (Isobe et al
2014, Pedrotti et al 2016).

It is necessary to further investigate the frag-
mentation process if we want to explain the partic-
ular shapes of measured PSD data. Fragmentation
of plastics is likely dominant on beaches or inland
water bodies such as rivers, where plastics are sub-
jected to UV-radiation, oxidation, and higher tem-
peratures, embrittling the particles, which enhances
the breaking down of particles by mechanical abra-
sion (Andrady 2011, Kalogerakis et al 2017, Song
et al 2017, Efimova et al 2018). Fragmentation mod-
els have been proposed in e.g. Cózar et al (2014),
hypothesising that the PSD slope depends onwhether
particles break down in a three-dimensional fash-
ion (i.e. like a cube), or more in a two-dimensional
fashion (like a thin sheet). It has been shown that
the polymer type influences how plastic particles
fragment (e.g. due to differences in the surface cracks

© 2021 The Author(s). Published by IOP Publishing Ltd
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Figure 1. Observed number size distributions. (a) Samples from Cózar et al (2014) obtained around the world, and samples from
Cózar et al (2015) and Ruiz-Orejón et al (2018) obtained in the Mediterranean Sea, see the supplementary material (section S3)
for locations. (b), (c) Samples from Isobe et al (2014, 2015) obtained from the Seto Inland Sea (Japan) and the Sea of Japan.
Coastal samples are defined as less than 15 km from the shoreline. All particle size distributions have been normalized relative to
the total abundance of large items (>10 mm) to show differences for small particle sizes clearly. Most datasets seem to follow a
power law for the larger particle size classes (see figure 7). Coastal samples tend to have relatively few small particles (or: relatively
many large particles), and all distributions show a peak in abundance around 1 mm, instead of a monotonic increase with smaller
sizes.

(Andrady 2011)), and how quickly plastic particles
fragment (Song et al 2017), hence directly influencing
how PSDs evolve.

While the main driver behind the PSD might be
fragmentation, physical processes can have a size-
selective influence on plastic particles (van Sebille
et al 2020). Vertical turbulent mixing, induced by for
example the wind, has been shown to mix smaller
particles with lower rise velocities to larger depths
(Kukulka et al 2012, Reisser et al 2015, Chor et al 2018,
Poulain et al 2019). This can reduce smaller size frac-
tions in PSDs measured by nets at the ocean surface
(typically submerged ±10–50 cm depending on net
type, see e.g. Cózar et al (2015), Pedrotti et al (2016),
and Suaria et al (2016)). Furthermore, bigger (more
buoyant) particles likely experience more influence
from Stokes drift, given its limited depth of influ-
ence (Breivik et al 2016, Bremer and Breivik 2017).
Model studies have indicated that Stokes drift tends
to push plastic particles towards coastal areas (Iwasaki
et al 2017, Delandmeter and van Sebille 2019, Onink
et al 2019). In Isobe et al (2014) it was observed that
for coastal seas near Japan, overabundances of larger
plastic particles were found close to the coast versus
more offshore, see figure 1(b). Coastal processes, such
as beaching and resuspension, can be size-selective.
In Hinata et al (2017), residence times of particles
on beaches in Japan were estimated using tagged lit-
ter. Higher particle rise velocities in the water were
related to longer residence times, as these particles are
more likely to be pushed to the backshore by wave
swash. This could mean that larger objects remain
longer on beaches, and hence experiencemore weath-
ering (Hinata et al 2020). Finally, PSDs could be
influenced by size selective sinking, induced by for
example biofouling (Ryan 2015). Biofouling mod-
els predict that smaller particles, which have a larger
surface to volume ratio, tend to sink more quickly

(Kooi et al 2017). This has been observed in experi-
mental studies as well (Fazey and Ryan 2016).

Previous studies, such as the ones by Koelmans
et al (2017) and Lebreton et al (2019), have tried
to quantify marine plastic mass budget using con-
ceptual models. In both of these works, fragment-
ation is purely defined as a rate, breaking down
a mass percentage of a macroplastics category into
a microplastics category over time. How, and how
quickly plastics fragment is still a very uncertain factor
however.

In this work, we consider a fragmentation
model based on fractal theory (Turcotte 1986,
Charalambous 2015), modelling a large range of dif-
ferent size classes. A benefit of modelling a range
of size classes is that we can calibrate the model to
experimental fragmentation studies such as the one
by Song et al (2017), where different polymers were
subjected to laboratory conditions simulating weath-
ering in the marine environment. By modelling a
range of size classes, we can furthermore compare
model output to measured PSDs in the environment,
such as the ones presented in figure 1.

We couple our fragmentation model to an ideal-
ized box model where the marine environment is
split into three different compartments, similar to
Lebreton et al (2019): the beach, coastal water, and
open ocean. By considering a range of size classes,
we can study size-dependent processes in the marine
environment mentioned earlier and their influence
on the fragmentation process and resulting PSDs.
Finally, ourmodel allows quantification of PSDs both
in terms of the amount of particles in each size class,
and the particlemass in each size class.Wewill make a
distinction between the two, and call them the num-
ber (i.e. abundance) size distribution (NSD), and the
mass size distribution (MSD). We will use the term
PSD when talking about size distributions in general
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Figure 2. (a) Illustration of a parent cube (size class k= 0), consisting of successively smaller cubes, based on Turcotte (1986).
Only three iterations until size class k= 3 are shown here, the size class can increase indefinitely. (b) Illustration of the cascading
fragmentation model with p= 0.5 and after one fragmentation event if , based on Turcotte (1986) and Charalambous (2015).

(i.e. either NSD or MSD). We will show that with
these MSD data, our model can contribute to obtain
a better understanding of the plastic mass budget.
Similar to the models in Koelmans et al (2017) and
Lebreton et al (2019), the idealized model presented
here allows us to efficiently test hypotheses regard-
ing fragmentation, sources, sinks, and transport of
marine plastics. We will demonstrate this by apply-
ing the model to different marine plastic scenarios in
theMediterranean Sea. The goal is to have an analysis
which is consistent with current experimental data
of the fragmentation process, observational data in
terms of plastic concentrations and plastic PSD data,
and current knowledge on marine plastic sources,
sinks, and transport.

2. Methodology

2.1. The cascading fragmentationmodel
The fragmentation model discussed here is based
on simple fractal geometries. We define the spatial
dimension as DN . When DN = 3, we start with a
cube with a size of L× L× L which we call the par-
ent object, see figure 2(a). This cube can be split in
eight equally-sized cubes, which can each be recurs-
ively split again. The size class of the parent object is
defined as k= 0, the size class of the cubes with length
L/2 is defined as k= 1, and so on. When DN = 2, the
starting object is a sheet instead of a cube, which can
be split in four smaller sheets each time the size class
increases.

Cózar et al (2014) presented a fragmentation
model where objects are broken down into a set
of smaller (equally sized) fragments in a series of
successive fragmentation events. This fragmentation
model was used to explain why measured PSDs often
resemble power laws, i.e. functions of the form:

n(l) = Cl−α, (1)

where n is the abundance, l is the particle size,α is the
power law slope, and C is a constant. However, this
fragmentationmodel requires a constant input of new
parent objects to achieve a power law, while laborat-
ory experiments have shown that power laws in the
PSD also appear after fragmenting a single input of
parent objects (Song et al 2017).

The fragmentation model used here builds upon
the work of Turcotte (1986), where it was noted
that scale-invariance of the fragmentation process,
whether it be caused by weathering, explosions, or
impacts, leads to such a power law. The idea behind
the model of Turcotte (1986) can be illustrated using
figure 2(b). Following one fragmentation event if , a
certain fraction p of the original cube (size class k= 0)
splits off. For example, if p= 0.5, this results in 4 frag-
ments of k= 1 splitting off, leaving 0.5 object in size
class k= 0. This process is assumed to be the same
on all length scales: a fraction p will split off from the
fragments in size class k= 1 as well: 16 fragments of
size class k= 2 are created, and 4× 0.5= 2 fragments
are left in size class k= 1. This process is repeated
indefinitely.

Bird et al (2009) and Gregory et al (2012) exten-
ded this model by including a temporal component,
with each fragment breaking down further as if pro-
gresses. Charalambous (2015) showed that repeatedly
breaking down fragments over discrete steps of if is a
sequence of independent and identical Bernoulli tri-
als with a chance of success p, yielding a negative bino-
mial distribution. This is rewritten in terms of a con-
tinuous fragmentation index f (instead of the discrete
if ), yielding a probability density function giving the
massm in size class k at fragmentation index f as:

m(k; f,p) =
Γ(k+ f)

Γ(k+ 1)Γ( f)
pk(1− p)f, (2)

where Γ is the gamma function. We will call this
model, introduced in Charalambous (2015), the
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Figure 3. Particle size distributions from the cascading fragmentation model, using p= 0.5. Distributions for different
fragmentation indices f are shown. (a) The discrete NSD (left y-axis) and the NSD normalized with respect to the particle size
(right y-axis). (b) The discrete MSD (left y-axis) and the normalized MSD (right y-axis).

cascading fragmentation model. We assume that f is
directly proportional to time in the environment, and
will review this assumption in the discussion.

The amount of fragments in a given size class is
estimated by multiplying the mass with 2DNk, a factor
determining how many fragments of size class k fit
inside the parent object:

n(k, f,p) = 2DNkm(k; f,p). (3)

We use DN = 3 as the baseline. However, this factor
isDN = 2 for purely flat objects like plastic sheets and
DN = 1 for fibres or lines. As real-world samples con-
tain a combination of these objects, the value for DN

in the environment can be a non-integer between 1
and 3. The value ofDN is only influenced by the shape
of the objects. The material properties (e.g. polymer
type) only affect the value of p and how quickly f pro-
gresses in time.

Figure 3(a) shows the NSD resulting from the cas-
cading fragmentation model at various fragmenta-
tion indices f. We start with one cube with a length
L of 1 mm at f = 0. The continuous description in (3)
allows us to model the amount of fragments at a very
small fragmentation index of f = 0.001. There are few
larger fragments (>10−2 mm) per parent object at
this stage. At f = 1 we have exactly a power law in
the NSD, equivalent to the model by Turcotte (1986)
which only considers a single discrete fragmentation
event if . A fractal dimension Df of the object formed
by all fractions can be defined, relating to DN and p
by:

Df = log2
(
2DNp

)
. (4)

The NSD power law slope at f = 1 is given by this
fractal dimension.

Fragments can be broken down further, even-
tually resulting in the NSD shown for f = 10. This
is not a power law anymore, and the slope of this
curve has increased significantly, with relatively many
particles in the small size classes. The NSD (units:
n) can be normalized, by dividing the amount of

fragments by the size class binwidth (units: nmm−1).
These normalized NSDs are presented by the dashed
lines. Because of the log-scale on the x-axis, the dis-
tance between the given particle sizes increases by a
constant factor. This increases the magnitude of the
normalized NSD slopes by 1 compared to the dis-
crete NSD. The slope of these normalized NSDs is not
dependent on the size class bins used for the meas-
urements, allowing for comparison between different
studies.

Figure 3(b) shows the same analysis in terms of
mass, i.e. the MSD, starting with one cube of 1 g
and 1 mm3. As fragmentation progresses, mass shifts
from the large fragments towards smaller fragments.
At f = 1 we have a power law: the difference in the
slope between the NSD and MSD is 3, resulting from
the 2DNk term in (3), with DN = 3.

2.2. Environmental box model
With the cascading fragmentation model we can now
simulate PSDs over time. Different particle sizes will
undergo different types of forcing and transport in
the environment. The combination of fragmentation
and size-selective transport is investigated using a box
model, presented in figure 4. The boxes in this model
represent three different environmental regions: the
beach, coastal waters, and open ocean.

Particles can move between the different environ-
ments, defined by a set of transition probabilities (P):
particles can move to a different environmental box
(the arrows on the right in figure 4), remain in the
current box (recurring arrows on the left), or vanish
from the system (i.e. a sink, arrows on the left). Sub-
scripts in figure 4 denote ocean, coast, beach, or sink
(O, C, B, and S respectively).

Besides different environmental regions, we have
different particle size classes. For a given size class,
certainmass fractions will move to smaller size classes
under the influence of fragmentation. These fractions
are estimated by evaluating (2) for the given time
step of the box model. Similarly, (3) is evaluated to
determine the abundance of fragments moving to
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Figure 4. Environmental box model used to simulate
particle size distributions in the marine environment.
Particles move between and within the ocean, coast, and
beach boxes, and for each box there is a probability of being
removed from the system.

smaller size classes. Fragmentation is assumed to only
happen on the beach, where degradation is expected
to be much more effective than in the sea (Andrady
et al 1993, Andrady 2011).

Each environmental box contains a range of dif-
ferent particle size classes. The combination of envir-
onmental transition probabilities and fragmentation
is modelled using a transition matrix. For example,
taking 15 different size classes and 3 environmental
compartments leads to a transition matrix of size
45× 45. Further details are given in the supple-
mentary material (section S2), available online at
stacks.iop.org/ERL/16/054075/mmedia.

2.3. Applying the boxmodel to the Mediterranean
Sea
We will demonstrate the capabilities of the
environmental box model using a set-up based on
the Mediterranean Sea. Environmental transition
probabilities are derived from the literature on plastic
transport in the Mediterranean Sea as much as pos-
sible. The different parameters, the studies on which
they are based, and the areas of these studies are
shown in table 1.

2.3.1. Transport in the marine environment
A Lagrangian simulation of floating plastic in the
Mediterranean Sea (Kaandorp et al 2020) is used
to determine transition probabilities within and
between the ocean and coast (PO,O, PO,C, PC,C, and
PC,O). The coast is defined as the ocean within 15 km
of the coastline.

Previous model studies have indicated that Stokes
drift is able to push floating particles towards the
coast, e.g. in theNorthAtlantic (Onink et al 2019), the
North Sea (Delandmeter and van Sebille 2019), and
in the Sea of Japan (Iwasaki et al 2017). It has been
hypothesised that this leads to near-shore trapping

of larger plastic particles, as more buoyant particles
would tend to reside closer to the water surface, where
they experience more influence from the Stokes drift
(Isobe et al 2014, Iwasaki et al 2017).

We investigate the effect of this near-shore trap-
ping of larger plastic particles and its influence on
fragmentation. First, we calculate the transition prob-
abilities assuming all particle sizes reside at the ocean
surface, where they experience the maximum Stokes
drift (corresponding to the transition probabilities
between the ocean and coast in table 1).We then com-
pute how differently sized particles are vertically dis-
tributed in the water column, and how this influences
the lateral transport induced by Stokes drift. The
approach fromPoulain et al (2019) is used to estimate
particle rise velocities wb for different particle sizes,
see the supplementary material (section S3) for fur-
ther details. From these rise velocities we calculate
the median particle depth, using the particle density
profiles from Kukulka et al (2012). The Stokes drift
is estimated at this depth, assuming a Stokes profile
based on the Phillips wave spectrum (Breivik et al
2016). For this Stokes drift, the transition probabil-
ities are calculated using Lagrangian model simula-
tions (Kaandorp et al 2020) with different Stokes drift
factors. In the end, this gives us different transition
probabilities (PO,O, PO,C, PC,C, and PC,O) for each
particle size. More information and resulting trans-
ition probability values are given in the supplement-
ary material (sections S1 and S3).

Using the same approach as in Kaandorp et al
(2020), we estimate PC,B by analysing drifter buoy
data: from a set of 1682 drifters in the Mediterranean
(Menna et al 2017), we calculate how much time
these drifters spend near the coast before beaching.
For drifter buoys within 15 km of the coastline, the
beaching rate is estimated to be about 6.7× 10−3 d−1

(corresponding to an e-folding time-scale τCB of 149
days). In Kaandorp et al (2020) it was estimated that
τCB for plastic particles is about three times lower
than that for drifter buoys. We will therefore use τCB
= 50 days as the baseline estimate here.

We use data from Hinata et al (2017) to estimate
residence times τBC of plastic particles on beaches,
to obtain PB,C and PB,B. This study was conducted
on a beach in Japan, no information could be found
for the Mediterranean Sea specifically. We therefore
assume that the Japanese setting is representative of
the Mediterranean too: a sensitivity study for τBC is
presented in the supplementary material (S1). As a
baseline estimate we use τBC = 211 d, reported for
small plastic floats (corresponding to the baselinePB,C
in table 1). We will then investigate the effect of size-
selective resuspension, for which the empirical rela-
tion from Hinata et al (2017) is used, i.e.

τBC(wb) = 2.6× 102 wb+ 7.1, (5)

where τBC is given in days, and wb in m s−1.
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Table 1. Environmental box model parameters and fragmentation parameters, references used to estimate the parameter values, the
respective study areas, and the estimated baseline parameter values.

Parameter Reference study or data Reference study area Baseline parameter value

PO,O Kaandorp et al (2020) Mediterranean 7.2× 10−1 week−1

PO,C Kaandorp et al (2020) Mediterranean 2.7× 10−1 week−1

PC,O Kaandorp et al (2020) Mediterranean 3.4× 10−2 week−1

PC,C Kaandorp et al (2020) Mediterranean 8.3× 10−1 week−1

PC,B Menna et al (2017), Kaandorp et al (2020) Mediterranean 1.3× 10−1 week−1

PB,C Hinata et al (2017) Japan 3.2× 10−2 week−1

PB,B Hinata et al (2017) Japan 9.6× 10−1 week−1

PS Cózar et al (2015), Kaandorp et al (2020) Mediterranean 5.1× 10−3 week−1

Input Kaandorp et al (2020) Mediterranean 2500 t year−1

p Song et al (2017) South Korea 0.4
λ Song et al (2017) South Korea 1.8× 10−2f week−1

The boxmodel also requires transition probabilit-
ies for removal of particles: PO,S, PC,S, PB,S.We assume
these are the same in all compartments, denoted by
PS. A given value for PS yields a certain amount of
steady-statemass in the system.We take the estimated
input ofwaste into theMediterranean fromKaandorp
et al (2020) (2500 metric tonnes for the year 2015),
and the estimated total floating mass from Cózar et al
(2015) (2000 metric tonnes). The value for PS is iter-
ated until thismass balance is satisfied, see the supple-
mentary material (section S2) for more information.

Finally, we need to specify the plastic input into
the marine environment in terms of location and
shape. We assume that new plastic objects are intro-
duced on the beach. This assumption does not affect
results significantly, see the supplementary mater-
ial (S1). We use an initial length of 200 mm based
on typical dimensions of municipal plastic waste in
the Netherlands (Jansen et al (2015), see the supple-
mentary material section S4), assuming that plastic
product dimensions are similar to those used around
theMediterranean Sea.We useDN = 3 as the baseline,
i.e. cubical-shaped objects. The model time step is set
to 1 week.

2.3.2. Fragmentation parameters
We use data from Song et al (2017) to estimate the
fragmentation parameter p, and to estimate the frag-
mentation rate λ specifying howmuch f increases per
unit time.

In Song et al (2017), plastic pellets were sub-
jected to different levels of UV exposure and to 2
months of mechanical abrasion with sand, simulat-
ing a beach environment. The data for polyethylene
(PE) and polypropylene (PP) pellets (26 and 19 mm3

respectively) are used, as these are the most abundant
polymers in the Mediterranean surface waters (PE:
52%–76%, PP: 7%–16% (Pedrotti et al 2016, Suaria
et al 2016)).

We assume a single p value per material, and
DN = 3. The fragmentation index f is allowed to
vary between the different levels of UV exposure
when fitting the data. By fixing p and varying f,

we get a robust estimate for the unknown para-
meter p for which we need a plausible value in
the box model. We can expect that f is larger
for particles subjected to longer periods of UV
exposure, since embrittlement will make it easier
for the mechanical abrasion to wear down the
particles.

Resulting NSD fits using weighted least squares
are presented in figure 5, top row, fitted values for f
are presented in the legend. For PE particles, the best
fit results in p = 0.39, for PP particles p= 0.45. The
experimental data are still at the early stage of frag-
mentation (f< 1), with few fragments per parent pel-
let, except for small fragment sizes.

There is a good fit for the PE data, with almost all
simulations within the data error bars (one relative
standard deviation). For PP there is a good fit for 0, 2
and 6 months of UV exposure. At 12 months of UV
exposure there is more mismatch for the smallest size
class (0.05–0.10 mm). This is also the only case where
the estimated f is lower than for the previous level of
UV exposure.

The bottom row of figure 5 compares the estim-
ated volume fractions of the parent pellets and the
fragments. Generally, the modelled volume fraction
of the parent pellet is estimated reasonably well,
although there is some overprediction for PE with
12 months of UV exposure. The modelled fragment
volumes are higher than the ones estimated in Song
et al (2017). A possible explanation is that some of
the larger fragments could have been missed in the
experimental setting since there are very few of these
per parent object (e.g. tenths or hundredths). One can
see in figure 3 that at an early stage of fragmentation
(f< 1), the larger fragments contribute little to the
total abundance of fragments (figure 3(a)), but a lot
to the total volume ormass of fragments (figure 3(b)).
In the experimental setting ten parent objects per
sample were used, and fragments were counted under
magnification on 0.7%–5% of the filter paper area.
The larger fragments could therefore have been
missed, or even have a low probability of actually
existing.
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Figure 5. Calibration of the cascading fragmentation model with experimental data from Song et al (2017). The experimental
data is shown using the circles, including error bars representing the relative error (one time the sample standard deviation). The
fragmentation model results are shown using the triangles and dashed lines.

Following this analysis, we set the baseline value
of p in the box model to 0.4, within the range of
the fitted p for PE and PP. A fragmentation rate λ
needs to be chosen, specifying how much f increases
per unit time. We assume that λ is a constant, mean-
ing that the amount of fragmentation f is directly
proportional to the time that particles spend on the
beach.

In Song et al (2017) 12 months of laboratory UV
exposure were roughly related to 4.2 years of envir-
onmental exposure, representing beach conditions in
South Korea. Regarding UV exposure, these condi-
tions are quite similar to the Mediterranean (Her-
man et al 1999). Taking our estimated fragmentation
indices for PE and PP results in fragmentation rates
λ of 1.8× 10−2 f y−1 to 6.9× 10−2 f y−1. The value
for PE is used as the baseline here, given it is the most
common polymer in theMediterranean surface water
(Pedrotti et al 2016).

In Song et al (2017) low-density polyethylene pel-
lets are used: future studies are necessary to ana-
lyse how the results change for high-density poly-
ethylene. We acknowledge that the fragmentation
rate λ is still very uncertain, and more experi-
mental research is necessary to verify whether the
assumption that f varies linearly in time is a good
approximation.

3. Results

3.1. Modelled environmental particle size
distributions
Now that we have estimates for transition prob-
abilities in the box model and estimates for the
fragmentation parameters, we will simulate PSDs
using a scenario based on the Mediterranean Sea. We
will quantify the power law slope α of the results by
numerically maximizing the log-likelihood ℓ of the
data (Virkar and Clauset 2014):

ℓ= n(α− 1) lnbmin +
k∑

i=min

ni ln
(
b(1−α)
i − b(1−α)

i+1

)
,

(6)

where b are the bin boundaries used to discretize the
data, containing ni samples in the bin with index i,
and n=

∑
ni. In some cases, not the entire particle

size range adheres to a power law. The lower bound of
the power law domain is estimated byminimizing the
Kolmogorov–Smirnov statistic between the modelled
NSD and the theoretical power law NSD (Virkar and
Clauset 2014).

NSDs resulting from the box model are shown in
figure 6, corresponding MSDs and a table with para-
meter settings can be found in the supplementary
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Figure 6.Modelling NSDs using the environmental box model. Column a: transient response to a constant input of particles into
the model (baseline scenario). Column b: steady state normalized NSDs for different environmental scenarios, normalized to the
amount of parent particles (200 mm). The approach from Virkar and Clauset (2014) is used to determine the power law size
range: for most scenarios, α is calculated over the entire size range except for scenario 3, which is shown using the green shading.

material (section S1). Fragmentation is expected to
increase the fraction of small particles, increasing α
over time (see figure 3). However, environmental
sinks limit the magnitude of α: assuming a con-
stant removal rate of plastic particles, smaller frag-
ments, which tend to be older, have a higher prob-
ability of being removed from the environment. This
combination of fragmentation and environmental
sinks eventually leads to an equilibrium, or statistical
steady state. This is illustrated in figure 6(a) using the
box model with the baseline parameters described in
section 2.2. As time progresses, the relative propor-
tion of fragments to parent objects increases. In this
scenario, it takes on the order of years for the NSD to
resemble the steady state (red dashed line). The mag-
nitude of the environmental sinks is high enough to
avoid long persistence of fragmented particles: there
are still relativelymany parent objects, andα= 2.57 is
still below the value derived from the fractal dimen-
sion of α= 2.67 from (4).

Steady state NSDs for different scenarios are
presented in figure 6(b). Results for the baseline
parameters (blue lines) almost overlap with the

results where size-selective lateral transport is added
to the box model, induced by vertical mixing and
Stokes drift (orange lines). In the baseline scen-
ario α= 2.57 for all three NSDs. When adding size-
selective ocean transport, larger particles tend to
move more frequently from the ocean to the coast.
This results in slightly more small particles in the
ocean box, increasing the power law slope here
to α= 2.73. Adding size-selective resuspension of
particles (Hinata et al 2017) has a strong effect (green
lines). Bigger objects have longer residence times on
the beach, and therefore undergo more fragmenta-
tion. This produces a large number of smaller frag-
ments with shorter residence times, which therefore
move more rapidly to the coastal and ocean cells.
This near-shore trapping of larger plastic objects was
already hypothesized in e.g. Isobe et al (2014). The
empirical resuspension relation (5) causes the model
to deviate from a power law, the domain over which
α is calculated is shaded in green in figure 6. The
model yields α= 2.69 on the beach, which is lower
than in the coastal and ocean cells (both α= 3.37). A
scenario where the fragmentation rate is based on PP
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Figure 7. Comparison of modelled and measured PSDs, along with effects of vertical mixing induced by turbulence on measured
particle sizes. PSDs are normalized to the maximum observed size class, if no measurements are available to the maximum
modelled size class. Column a: comparison of NSDs. Column b: comparison of MSDs.

instead of PE is presented (red lines). Fragmentation
breaks down the particles more quickly: a mono-
tonic relation between particle size and abundance is
observed, with α= 3.03. Finally, a scenario is presen-
ted (purple lines) where the input of plastic waste into
the Mediterranean is 100 000 tonnes per year (Jam-
beck et al 2015, Liubartseva et al 2018), instead of the
aforementioned 2500 tonnes per year (Kaandorp et al
2020). The magnitude of the sinks needs to be much
larger now to attain a mass balance based on 2000
tonnes of floating plastics (Cózar et al 2015). Frag-
mentation has little time to break down the particles,
resulting in relatively few fragments per parent object.

In figure 7, we compare PSDs resulting from the
box model with observed ones in the Mediterranean
Sea. In themodel results we include both size depend-
ent ocean transport and resuspension. Fragmenta-
tion parameters are set to λ= 2× 10−4 f week−1,
and DN = 2.5, resulting in good agreement with the
observed PSDs. The effect of vertical turbulent mix-
ing of fragments using the model from Poulain et al
(2019) is shown as well (calm, U10 ≈ 4 m s−1, and
above average,U10 ≈ 7m s−1 conditions based on the
30% and 70% quantile of Mediterranean sea weather

conditions (Hersbach et al 2020), see supplementary
material section S3), assuming a submerged net depth
of 25 cm (similar to e.g. Cózar et al (2015)).

Figure 7(a) presents the resulting NSDs. We com-
pare model results in the ocean cell with measure-
ments by Cózar et al (2015), and results in the coastal
cell with measurements by Ruiz-Orejón et al (2018),
as these were mainly obtained further away from the
coast or close to the coast respectively (see the sup-
plementary material: section S3, figure S8). Under
calm wind and wave conditions there is good agree-
ment between the modelled and observed NSDs. Ver-
tical mixing causes the modelled NSDs to deviate
from the power law around <3mm, similar to the
measured NSDs. Many of the smaller fragments are
expected to be mixed below the net depth, result-
ing in measuring only a fraction of small fragments.
This, combined with a size detection limit effect
where elongated particles escape from meshes smal-
ler than their maximum length (Enders et al 2015,
Abeynayaka et al 2020, Tokai et al 2021), could explain
a part of the underabundance of sub-millimetre frag-
ments in observations. Measurement campaigns with
much smaller size-detection limits than the standard
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neuston nets (see e.g. Enders et al (2015) or Kooi and
Koelmans (2019)) show increasing abundances for
sub-millimetre fragments. It is therefore unlikely that
the underabundance of sub-millimetre fragments is
explained by an increased loss of these particles, sug-
gested in some studies (Cózar et al 2014, Pedrotti et al
2016).

Including vertical mixing has a strong effect on
the estimated power law slope α. An overview of
the estimated α and the power law size range for
figure 7(a) is given in the supplementary material,
section S1. In the ocean cell, α= 2.73 without ver-
tical mixing, and decreases to α= 2.63 for calm con-
ditions (U10 ≈ 4 m s−1), and to 2.37 for above aver-
age conditions (U10 ≈ 7 m s−1). A similar decrease is
observed for the coastal cell:α= 2.69withoutmixing,
decreasing to α= 2.60 (U10 ≈ 4 m s−1) and α= 2.34
(U10 ≈ 7 m s−1). Similar to the model, a slightly
lower α is calculated for the measurements near the
coast (2.49± 0.06) compared to measurements fur-
ther away from the coast (2.53± 0.04), although this
difference is not significant.

Few PSDmeasurements are available for beaches.
Two examples are shown in figure 7(a): one from
the Mediterranean (Constant et al 2019), and one
for which both the NSD and MSD were available
(Fok et al 2017). The measurements on beaches have
much lower power law slopes (α < 1.60) compared
to measurements in the water. This is also captured
by the model, meaning size-selective resuspension
indeed seems to play an important role. In the beach
cell themodelled power law slope ofα= 2.02 is higher
than the measured ones, which might indicate that
size-selective beaching should be taken in account as
well.

Figure 7(b) presents the modelled MSDs. Vertical
mixing has a large influence on the measured mass
for small particle sizes: even under calm conditions,
the measured mass for particles of 0.1 mm is almost
three orders of magnitude lower than without mix-
ing. Unfortunately, there is very limited observational
data reporting MSDs, so the comparison to data is
more limited than for the NSDs in figure 7(a). On
beaches, the model matches the set of measurement
well, butmore data are necessary to further verify this.
Large fragments are expected to dominate in terms of
mass on beaches. In the water, α seems to be approx-
imately zero on average. This would mean that the
mass contribution would scale roughly quadratically
for an increasing size class k, i.e. large fragments also
dominate in terms of mass here.

The environmental box model used to model the
PSDs is a useful tool for future mass balance stud-
ies. The steady-state with the model settings used
for figure 7, gives that about 98% of the mass in
the system is on the beach, about 2% in the coastal
surface water, and about 0.2% in the surface open
ocean. This large fraction of plastics stranding is in
good agreementwith previousmass balance estimates

(Lebreton et al 2019). It should be noted that other
environmental regions, like the ocean floor, are not
included in these numbers as these are part of the
sinks in the box model (PS), which continuously take
up more mass over time. Secondary microplastics
generation can be estimated: for the same model set-
tings, about 6.5× 10−5% of the macroplastic (>5
mm) mass breaks down into microplastics per week,
about 2.0× 10−6% of microplastics become smaller
than 0.1mm.This is orders ofmagnitude smaller than
the estimated sinks, taking up about 5.0× 10−2% of
the plastic mass per week. Longevity of plastics can
be estimated: taking a sudden stop of new plastics
entering themarine environment, it would take about
176 years for 99% of the plastic mass to disappear
from the surface water and beaches. This is a much
longer time scale than given by the conceptual model
in Koelmans et al (2017), where for a similar stop
of new plastics, almost all plastic mass was removed
from the ocean surface layer within three years. Plastic
residence times are highly dependent on the input
scenarios: in Koelmans et al (2017), 3% of the world
plastic pollution was estimated to enter the ocean.
Here, the input scenario fromKaandorp et al (2020) is
used for the Mediterranean Sea, where less than 0.1%
of plastic waste from coastal population was estim-
ated to enter the marine environment. These differ-
ences show the importance of further mass balance
studies to constrain this number.

4. Discussion

4.1. Model limitations
We will give a brief overview of the fragmentation
model and environmental box model limitations in
this section, which can be addressed in future studies.

The fragmentation model presented here only
has few parameters (p, f, and DN), and assumes
that the fragmentation process is scale-invariant. One
example where the assumption of scale-invariance
might not hold is when only the plastic surface layer
gets brittle with microcracks (Andrady 2011). This
possibly increases the fragmentation rate below a cer-
tain length scale, dependent on how far UV radi-
ation penetrates the polymer and the polymer type.
It is assumed that f is directly proportional to the
time that particles spend on the beach, leading to
a constant fragmentation rate λ. In e.g. Charalam-
bous (2015), it was shown that grinding can become
less efficient as particles become smaller, whichmight
lead to e.g. a logarithmic relation instead.

One source of uncertainty in the fragmentation
model is the fact that parameters are calibrated using
experimental data for low-density polyethylene and
polypropylene pellets only (Song et al 2017). More
research is necessary to quantify how fragmentation
differs between low-density and high-density poly-
ethylene, and for other polymers found in the envir-
onment not taken in account here (e.g. polyamides
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and polystyrene, which form a substantial fraction
of polymers found in the Mediterranean Sea surface
water (Pedrotti et al 2016)). PSDs are quite sensitive
to the choice of λ (see figure 6) and p (see the sup-
plementarymaterial, section S1), for which the values
are still quite uncertain. More experimental data are
required to further constrain these parameters and
to estimate how they vary globally. Finally, it is still
uncertainwhich processes can extend the degradation
process to finer scales than mechanical abrasion, and
the magnitude of their influence (e.g. photochem-
ical oxidation (Ward et al 2019), or biodegradation
(Molitor et al 2019, Gerritse et al 2020)).

The environmental box model is an idealized
section of the marine environment, only considering
overall transport between cells representing the open
ocean, coastal water, and beach. Regional influences
are not taken in account and should be investigated
in the future: think, for example, about different
types of coasts (Weideman et al 2020) with differ-
ent particle residence times and beaching timescales
(Samaras et al 2014). A number of assumptions were
made to arrive at the environmental box model. We
assume that the majority of plastic particles are frag-
ments (Cózar et al 2014, Suaria et al 2016), which
means that the influence of primary plastics such as
resin pellets (Turner and Holmes 2011) or plastic
beads from consumer products (Fendall and Sewell
2009) is neglected. It is assumed that fragmenta-
tion is dominant on beaches (Andrady 2011). Frag-
mentation in the water column is neglected, which
might be for example induced by hydrolysis and
biodegradation (Gerritse et al 2020), or ingestion
and scraping by marine organisms (Reisser et al
2014, Mateos-Cárdenas et al 2020). It is further-
more assumed that new plastic particles are intro-
duced on the beach. In reality there will be a com-
bination of inputs into the different environmental
compartments depending on the sources. In the sup-
plementary material (section S1) it is shown that
this assumption has no significant effect on the res-
ults. Finally, it is assumed that the rate of plastic
removal from the marine environment is constant.
Although we are looking at time scales in the order
of years here, seasonality might have an effect on the
removal rate by influencing, for example, biological
activity.

We demonstrated the model capabilities using a
set-up based on the Mediterranean Sea. One source
of uncertainty is that the resuspension time scale is
obtained from Hinata et al (2017), based on exper-
iments at a Japanese beach. A sensitivity study for
this parameter is given in the supplementary material
(section S1). Future studies should look at how this
parameter varies for different beaches globally. The
size of new plastics introduced into the marine envir-
onment is still uncertain: it is fixed to 200 mm here,
while in reality this will be a spectrum of different

sizes, see the supplementarymaterial (sections S1, S4)
for more information.

4.2. Fragmentationmodels and size distribution
data
The cascading fragmentation model by Charalam-
bous (2015) used in this work, shows quite good cor-
respondence with experimental data from Song et al
(2017) (see figure 5). A benefit of the fragmenta-
tion model presented here, is the ability to model
the mass size distribution (MSD) as well, which can
help us obtain a better understanding of the marine
plastic mass budget. MSD data to validate the model
is currently lacking however, for example to verify
whether the larger size classes indeed make up most
of the environmental plastic mass. More PSD data
from beaches would allow for better constraining res-
idence times of plastic particles on beaches and in
coastal waters, and more data from marine sediment
might give insight in the role of size-selective sinking,
induced by e.g. biofouling (Kooi et al 2017).

Fragmentation models for plastics have been
introduced in previous works, such as in Cózar
et al (2014). They focused mainly on spatial dimen-
sionality: α= 3 in the NSD was related to three-
dimensional fragmentation, i.e. a cube splitting into 8
smaller cubes. Care should be taken in future studies
that whenworkingwith logarithmic binning, the nor-
malized NSD (units: nmm−1) slope decreases by one
compared to the discrete NSD (units: n), see figure 3.
This was overlooked in Cózar et al (2014): α= 3
would correspond to two-dimensional fragmentation
with their model, see the supplementary material
(section S5) for further explanation. Normalization is
also important to take into account when describing
plastic particle size in terms of a probability density
function (Kooi and Koelmans 2019), specifying the
probability per unit length (units: mm−1). Finally,
estimatingα is not trivial: fitting straight lines on log-
log transformed data induces large biases, maximum
likelihood approaches aremore suitable, see e.g. New-
man (2005) and Virkar and Clauset (2014).

5. Conclusions

In this work, we modelled particle size distributions
(PSDs) of plastics in the marine environment, by
considering a cascading fragmentation model, and a
box model taking in account size-selective transport
between the open ocean, coastal water, and beach.
We showed that the cascading fragmentation model
is able to explain the power law observed in PSDs
from the environment and experimental fragment-
ation studies, that size-selective transport plays an
important role near the coast, and that verticalmixing
in the water column has a strong impact onmeasured
PSDs.
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Understanding the nature of PSDs and how they
differ in environmental regions can help us get a bet-
ter understanding of the marine plastic mass budget.
Previous conceptual mass balance studies, such as the
ones by Koelmans et al (2017) and Lebreton et al
(2019), did consider fragmentation, but only for 2 or
3 categories (macro-, micro- and nanoplastics). Here,
we model a range of size classes. This way, we can not
only predict which environmental compartment con-
tains most plastic mass, but also which size ranges.

We applied the combined fragmentation and
environmental box model to a scenario based on the
Mediterranean Sea. For the steady-state, we estimate
that of buoyant plastics about 98% of plastics reside
on beaches, about 2% in coastal surface waters, and
about 0.2% in the surface open ocean. On one hand,
the model predicts fragmentation to play an import-
ant role in terms of generating a large number of
plastic fragments. On the other hand, fragmentation
seems to play a minor role in the mass budget com-
pared to other environmental sinks, by moving mass
from large to small particle size classes.

Overall, the idealized model presented here is a
valuable tool to efficiently test hypotheses regarding
the marine plastic mass budget. It can be checked
whether a certain hypothesis leads to results which are
consistent with current knowledge of plastic sources,
sinks, transport, fragmentation, and observational
data of plastic concentrations and PSDs. At a later
stage, the fragmentation model could also be applied
tomore complex physicalmodels, taking into account
spatial and temporal variability of plastic transport in
the marine environment.
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