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Abstract
Marine plastic pollution is an increasing global concern, as plastic particles are found in the most remote parts of
the ocean and pose various threats to marine life. First estimates quantify the contemporary coastal or riverine
plastic input at the country-level, but little is known about the spatio-temporal distribution of its sources and sinks
at the global scale.
We use machine learning algorithms to estimate the global plastic input to the ocean from coastal sources and
riverine input for the years 1990-2015 on a 0.1x0.1° grid. Using neural network and random forest models, we
predict the waste generation per country from socio-economic factors such as population density or energy
consumption. We then apply population size, waste management and waste composition, as well as distance-
based probabilities of land and river transport to derive the plastic flux to the ocean. Additionally, the effect
of several waste management practise scenarios on plastic fluxes as well as a future projections assuming a
business as usual scenario for 2030 and 2050 are assessed. Finally, we determine the fate of the floating marine
plastic debris using a Lagrangian particle simulator driven by geostrophic current data.
In line with previous findings, predicted global plastic input increased from 13.4 Mt in 1990 to 18.7 Mt in 2015 with
94% and 6% entering via the coasts and rivers respectively in 2015. While middle-income countries (representing
58% of the world’s population) account for 90% of the global marine plastic input in 2015, high-income countries
(31% of the population) account for 9% and low-income (11% of the population) for 1%. In 2015, most plastic
enters the oceans in Asia (84%) while Europe and Africa account for 5% each, North and South America for
3% each and Oceania for 0.2%. Our models also suggest an increase of marine plastic input in several African,
East Asian and South American countries in the time period observed while European and Northern American
countries generally show a decrease. Our results show the temporal and spatial development of marine plastic
debris generation and the influence of the socio-economic factors. This helps to assess where possible measures
to reduce plastic pollution will be most effective.
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Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015

1. Introduction

The worldwide production of plastic goods rose exponentially
since its introduction to the public after World War II, from
2 Mt in 1950 to 380 Mt in 2015 (average yearly growth rate
of 8.4%) [1]. Properties such as light weight, durability, bio-
inertness, oxygen/moisture barrier and low costs make plastic
an ideal packaging material [2]. Thus, 44.8% of the world-
wide plastic resin production is used for packaging materials
which have a mean lifetime of half a year [1]. Almost half of
the 302 Mt of plastic waste produced in 2015 [1] was therefore
single-use plastic. With increasing plastic waste production,
an increasing contamination of plastic waste in the natural
environment can be expected [3].
Over the past five decades, the plastic waste input to the
oceans has continuously risen [2, 4]. While the first report of
plastic in the oceans dates back to 1972 [5], estimates for 2010
suggest that 4.8-12.7 Mt entered the ocean from the coast [4].
As of today, plastic has been found in the most remote areas
of the ocean and in various sizes [6], ranging from the nano
(<100 nm) to the micro (<5 mm) and meso (>5 mm) scale
[2, 6]. This global distribution of marine plastic debris has
severe effects on marine biota.
It is estimated that over 90% of the damage caused to marine
animals by human waste is due to plastic pollution [7]. Meso-
plastics, including lost fishing gear, six-pack drink holders or
balloons, can entangle animals. This makes them more vul-
nerable to predators or can lead to starvation, strangulation or
drowning due to exhaustion [8]. Animals such as sharks, sea
turtles, sea mammals and birds are especially vulnerable to en-
tanglement [8]. Furthermore, mesoplastics are often ingested
by various types of animals. Kühn et al. [8] documented
ingestion of plastics in 44% of 446 observed birds, turtles and
sea mammals and Auman et al. [9] found plastic in 97.6%
of stomachs of chicks of the Laysan albatross. Plastic inges-
tion can block or damage the gastrointestinal track, which
may lead to death [8]. Additionally, plastic pieces can block
parts of the stomach, which can lead to reduced digestive
processes and a feeling of satiation, which results in malnour-
ishment, dehydration and, eventually, death [8]. In addition to
the threats of mesoplastics, micro- and nanoplastics can have
deleterious effects on many organisms. Due to their small
size they can be ingested, as observed in zooplankton such as
calanus helgolandis [10] or daphnia magna [11, 12], algae
such as scenedesmus obliquus [12], invertebrates such as the
fiddler crab (uca rapax) [13], sea urchins such as paracentro-
tus lividus [14], sea cucumbers (holothuroidea) [15] or corals
such as acropora, pocillipora and porites [16]. Besides these
direct physiological and physical effects on biota, plastic also
poses a chemical risk.
Marine plastic debris consists of a complex mixture of chem-
icals, including by-products such as polycyclic aromatic hy-
drocarbons (PAHs) or absorbed compounds such as polychlo-
rinated biphenyls (PCBs), polybrominated diphenyl ethers
(PBDEs) and heavy metals such as Ni and Pb [17]. 78% of
the priority pollutants (a list containing 126 well known toxic

pollutants in water which is often used for regulations) as
listed by the United States Environmental Protection Agency
were associated with marine plastic debris [18]. Bioavailabil-
ity upon ingestion has been shown in several marine animals
such as whales, sharks, seabirds and fish [17]. The ingestion
of plastic particles can furthermore lead to the accumulation
of deleterious pollutants in the animal itself and the food chain
[17]. This can cause various sub-lethal effects in smaller ani-
mals or poisoning of marine mega fauna and apex predators
such as sharks [8, 17–21]. Additionally, plastic particles may
also create an ecological problem by acting as vectors for in-
vasive species [22]. The global economic cost due to damage
in marine ecosystems caused by plastic pollution has been
estimated to amount to 13 billions USD per year [7]. Because
of the mentioned risk and threats of marine plastic debris,
the increasing marine pollution has risen awareness. In the
scientific community and among the politicians and the pub-
lic, efforts are made to understand and solve the problem of
plastic pollution.
Political efforts to reduce plastic pollution include plans for

product bans and for a 90% collection rate of single-use drink
bottles in the EU [23] or the recent total ban of plastic bags
in Kenya [24]. Meanwhile, the scientific community tries to
gain further insight on the governing processes of plastic pol-
lution. The number of publications on marine plastic debris
were exponentially increasing in the last decade (compare
Fig. 1). However, the sources, sinks, amount and distribution
of plastic particles in the ocean are still barely constrained.
Open research questions include the limited understanding
regarding the pathways of terrestrial plastic to the marine envi-
ronment [25], the effects of wind and currents on the floating
behaviour of litter items [26], the degradation processes of
plastics in the ocean [25, 26], or the missing understanding
of (future) trends of plastic debris [27]. Nonetheless, several
studies have created insights by providing estimates of plastic
input to the ocean and current amount of marine plastic debris
(compare table 1). However, there is a large difference in the
modelled estimates and measurements.
Modelling approaches to predict the amount of marine plas-

tic debris based on the total plastic production [1] or on the
municipal solid waste (MSW) production [4, 33, 34] estimate
yearly plastic inputs on the order of millions of tons. On the
other hand, estimates based on ocean surveys predict the total
amount of plastic floating at the surface only on the order
of thousands of tons. This difference between modelled esti-
mates and measured concentrations is known as the missing
plastic problem [35] and has been discussed since 2004 [3].
Furthermore, several ocean regions (including the Eastern
Pacific and the North Sea) do not show an increase in surface
plastic concentrations since the 1980’s [25, 36]. This is sur-
prising because the production of plastic waste has increased
drastically since and we thus could expect an increased flux
to the ocean and thus higher oceanic plastic concentrations [1,
3, 37]. The missing plastic problem and the lacking increase
in the concentrations thus imply that the ocean surface is not
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Figure 1. Number of publications listed on Thomson Reuters Web of Science when searching for the terms ”ocean” and
”plastic” in both title and topics (search query: TI=(ocean AND plastic*) OR TS=(ocean AND plastic*)). As of 30. May, 122
publications were listed in 2018 that are not included in the graph. In total, 2’001 publications have been listed from 1968 until
30. May 2018.

Table 1. Summary of estimates on the amount of plastic debris in the worlds oceans. We present predictions based on
measurements and predictions based on model approaches. It is obvious that the modelling approaches predict higher plastic
masses in the ocean that what the measurements suggest. This difference is known as the missing plastic problem.

Location Estimate of plastic in the ocean Description Source
Particles Mass

All oceans 5.25 ·1012

4.85 · 1012 (mi-
croplastic)

268.9 kt
35.5 kt (mi-
croplastic)

Estimate based on 24 expeditions in 2007-2013 [28]

All oceans 6.6-35.2 kt Estimates based on 2010 Malaspina circumnav-
igation measurements

[25]

All oceans 15-51 · 1012 (mi-
croplastic)

93-236 kt (mi-
croplastic)

Estimates on microplastic particles based on a
statistical model incorporating >11’000 obser-
vation (including [28] and [25])

[29]

Southern Ocean 100’000
particles/km2

Measurements from 5 net tows on an expedition
in 2016

[30]M
ea

su
re

m
en

ts

North Pacific
Central Gyre

334’271
particles/km2

Measurements from 11 net tows in August 1999 [31]

Coastal regions 4.8-12.7 Mt/year Model including mismanaged MSW of coastal
populations in 192 coastal countries

[4]

All oceans 1.1-3.6 ·1018 45-129 kt Model based on multiple boat and aircraft sur-
veys

[32]

All oceans 1.15-2.41 Mt/year Modelled yearly riverine inputs based on mis-
managed MSW and river flow model

[33]

M
od

el
es

tim
at

es

All oceans 0.41-4 Mt/year Modelled yearly riverine inputs based on mis-
managed MSW data from [4] extended with
river catchment sizes

[34]

3/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015

the ultimate destination of plastic that enters the ocean and
that unknown sinks exist, that rapidly remove plastic debris
from the ocean surface [25, 28, 36].
Possible removal process of plastic from the ocean surface
include degradation, mineralization and sedimentation [2, 25].
As already mentioned above is our understanding of the re-
moval processes of marine plastic debris still limited. How-
ever, several mechanisms that could remove plastic from the
surface have been suggested. Here we present an overview of
these removal processes and their mode of action:

• UV degradation: The UV-B radiation in sunlight ini-
tiates a photo-oxidative degradation in many common
plastics [2]. UV degradation is orders of magnitude
faster compared to other types of degradation such as
hydrolysis [2]. The process adds oxygen rich functional
groups to the plastic and lowers its molecular weight [2]
which makes the plastic less stable. Degraded plastics
are more prone to be fragmented by physical forces
such as waves. However, the light-induced oxidative
degradation is severely less effective on plastics floating
in water due to lower temperatures and a decreased oxy-
gen availability compared to plastics out of the water
[2]. Furthermore, UV radiation is rapidly absorbed by
the water column and the process is thus only relevant
at the water surface [2]. Thus, UV degradation can
decrease the size of plastic particles.

• Beaching: As UV degradation is hindered in water
and other degradation processes such as hydrolysis are
much slower, UV degradation on beaches likely plays
an important role in breaking down mesoplastics [2].
Due to the low specific heat of sand, plastic on beach
surfaces can reach temperatures of around 40°C [2].
As the rate of the oxidative degradation doubles when
rising the temperature by 10°C (Arrhenius equation),
plastics on the beach will degrade even more rapidly
[2]. Additionally, the mechanical damage of waves can
break down mesoplastics [38]. Thus, beaching can also
decrease the size of plastic particles.

• Biofouling: Plastic floating in the water will rapidly be
colonized by bacteria, diatoms or barnacles. This pro-
cess is called biofouling and increases the density of the
particle [2]. An increased density will result in sinking
of the plastic particle. Thus, biofouling removes plastic
from the ocean surface. Additionally, a colonization by
microbes can also start the process of biodegradation
[2]. This describes the breakdown or mineralization
by organisms [2]. As the rate of biodegradation is de-
pendant on the molecular weight of the plastic, already
UV degraded microplastic particles will be faster biode-
graded than mesoplastics [2]. Thus, colonization can
also lead to removal of microplastics due to mineral-
ization. However, by blocking the light, biofilms also
reduce UV degradation which is the faster degrada-
tion process on the ocean surface than biodegradation
[2]. As the rate of biodegradation is dependant on the

molecular weight of the plastic, already UV degraded
microplastic particles will be faster biodegraded than
mesoplastics [2]. However, UV degradation will only
decrease the molecular weight down to 103-104 g/mol
whereas microbial biodegradation requires molecular
weight of 500 g/mol or lower to be efficient [2]. Thus,
many plastics are relatively fast degraded to the mi-
croplastic range but will not be mineralized at similar
rates. Estimated mineralization rates vary from 10-20
years for plastic bags, 50 years for styrofoam cups and
up to 600 years for fishing lines [39]. Thus, biofouling
can lead to fast rates of removal due to increased densi-
ties as well as to slow rates due to mineralization. On
the other hand, biofouling decreases UV degradation.

• Grazing: Digestion and excretion of plastic particles
can further degrade them. Microplastic particles in-
gested by the Antarctic krill (Euphausia superba) were
found to be fragmented into pieces of less than 1 µm,
small enough to cross physical barriers [40]. Addi-
tionally, plastic fragments can be bound in faeces and
sink [41]. Also in the case of death of these organisms,
the plastic will sediment together with the biological
material [25, 28, 41].

These processes could help to explain the sinks of marine
plastic debris from the ocean surface. However, due to the
several mechanisms and their influence on each other, esti-
mates on the longevity of floating plastic are still unreliable
and include high uncertainties [26]. Estimates of the degrada-
tion rates of marine plastic debris (based on drift trajectories
of plastic particles, stage of the rafting community, size of raft-
ing organisms and the degradation stage) range from several
weeks to centuries, depending on the type of plastic and the
environmental conditions [26]. However, by combining mea-
sured plastic concentration data and modelled plastic input
with quantitative process descriptions, Koelmans et al. [42]
estimate that floating plastic gets removed from the ocean sur-
face layer in about three years due to the processes mentioned
above. This implies that 99.8% of all plastic that entered the
ocean from 1950-2016 has settled [42] which could help to
explain the missing plastic problem.
Additionally to the unknown sinks, the methodology used to
quantify the amount of floating plastic debris in the ocean
might accentuate the missing plastic problem. Andrady [2]
highlights that the common quantification of floating plastic
debris using nets neglects plastic particles in sediment and
mid-water and thus seriously underestimates the total plastic
in the ocean. Brunner et al. [43] suggest a multiplication
factor of 3-13 to estimate the total buoyant microplastic ma-
rine debris from measurements using nets tows. Additionally,
measurements often focus on the known aggregation zones
in the subtropical gyres and large parts of the ocean surface
outside these zones remain unsurveyed [29].
In order to better understand the sources and sinks of marine
plastic debris, there is a need to gather more information on
the plastic input (quantity, location and temporal variations),
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the possible degradation and mineralization mechanisms and
mechanisms that lead to settling of the particles. These in-
sights could help to better explain the missing plastic problem.
With this thesis, we aim to create a spatio-temporal prediction
of plastic fluxes from land based sources to the oceans. We
furthermore want to couple this model with an ocean current
simulation to predict the dispersal of the marine plastic de-
bris. To reach this goal, we predict the total production of
MSW (MSWT) on country-level for the years 1990-2015. We
therefore use machine-learning models (MLM) trained on
socio-economic predictor variables (PV) such as greenhouse
gas production or the fraction of urban population and test it
on known MSW collection data (MSWC) from 78 countries.
We then further process this data by applying information on
the waste collection system (Fcollection), the fraction of plas-
tic in MSWC (Fplastic) and the MSW treatment to estimate
the amount of plastic waste that enters the environment (PE).
By further applying gridded population density data and a
waste flow model (WFM) for the inadequately managed plas-
tic waste, we create a geospatial estimate of plastic waste
entering the ocean (PO) on a global scale. This is then coupled
with a Lagrangian particle advection simulator to predict the
dispersal pathways of the floating plastic debris entering the
ocean as well as to predict plastic concentrations in the known
aggregation zones. These include the subtropical gyres as
well as highly populated and enclosed seas, gulfs, and seas
[28].
This approach includes several assumptions for which we
will present reasoning in the following paragraphs. We also
indicate hypotheses and open research question that we will
investigate in this thesis.

By creating a model that is valid for each country, we assume
that the selected set of PVs includes all the drivers that explain
the MSW generation. Therefore, it is important that this set
of PVs includes the drivers that have been found to affect the
MSW production. Next, we introduce our selection of six
PVs. We indicate for which PVs we found links to MSW
production in the literature or we explain, why we expect the
PV to influence the MSW production.
GDP per person: MSW generation is known to be monotoni-
cally rising with increasing GDP per capita [44]. Additionally,
countries with higher GDP also show a lower fraction of MSW
deposition in landfills and a higher recycling rate of cardboard
and paper [44]. Therefore, GDP does not only include the
tendency of industrialized countries to produce more MSW
but also the capacities for a more efficient MSW management
system compared to non-industrialized countries [44].
Share of urban population: The urbanization of a country
was found to have a positive effect on MSW generation rates
[45]. People living in cities have a better access to services
and thus consume more goods, which increases MSW produc-
tion [45].
Fraction of population aged 0-14 years: The proportion of
children in a population was found to have a negative influ-

ence on MSW generation [45]. This could be explained by the
fact that children negatively affect the amount of the house-
holds income spent on consumer goods.
Fraction of households with access to electricity: We as-
sume that households without electricity access produce less
MSW compared to households with access to electricity. While
the fraction is usually 100% in high-income countries, Sub-
Saharan low-income countries show fractions <50% which
indicates either the remoteness and/or poverty of many house-
holds. We thus expect a positive link between higher electric-
ity access and MSW production.
Energy consumption per person: We assume that the amount
of energy that is consumed is positively linked to MSW gen-
eration. We reason that people who consume more energy
likely are wealthier and can thus consume more goods than
people that use energy more sparsely.
Greenhouse gas production per person: In addition to the
energy consumption (which accounts for ∼25% of the global
CO2 production [46]), the greenhouse gas production includes
further processes of the society, such as transportation of peo-
ple and goods, manufacturing or agriculture [46]. Here, we
use this PV as an indicator of the economic strength of a coun-
try. We assume that a higher greenhouse gas production is
positively linked to MSW production.

Figure A.1 in the appendix shows that the described trends be-
tween these PVs and MSWC was also found in our data. The
data is further described in the sections 2.1 and 2.2. Additional
PVs such as policy factor or public attitudes are reported to
have a significant effect on MSW generation [44, 45]. How-
ever, these predictors are hard to quantify and data is sparsely
available on the temporal scale. Furthermore, the effective-
ness of the same policy measure might be different among
countries [45]. Thus, these parameters are not included in our
PV set.

The selection of the PVs, as described above, led us to our
first hypothesis:
Modelling the amount of MSW production of each country is
expected to be possible using the PVs GDP, share of urban
population, fraction of population aged 0-14 years, fraction
of households with access to electricity, energy consumption
and greenhouse gas emissions.

By predicting the plastic waste production using the MSW
generation, we assume that the production of plastic waste
is linked to the production of MSW. Next we provide rea-
soning for this relationship by showing the trends in MSW
productions and the MSW disposal practices and their effect
on plastic waste production.
As both the worldwide affluence and population have risen
continuously in the last decades, the production of MSW has
followed this trend [37, 47] and reached a total of 3.5 Mt/day
in 2012 [37]. For 2025, estimates of the World Bank predict
a total of 6.1 Mt/day [37]. With the total MSW production
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rising, a peak in global waste production is expected to occur
likely after 2100 at up to 10.9 Mt/day [47]. Nonetheless, sev-
eral high-income countries could have already reached their
peak waste production and the future MSW production is
strongly dependant on the economic and population growth
in Asia and Africa [47] as well as on other developmental
factors such as legislation or education [45]. The increase in
these regions might be problematic as the growth of MSW
production in countries with high fractions of inadequately
disposed waste might lead to higher loads of MSW entering
the environment.
MSW is often adequately managed in high-income countries
using a efficient waste collection system and treatments using
incineration, recycling, composting or deposition in controlled
landfills [37]. On the other hand, many low-income and mid-
income countries have a less efficient MSW collection system
and can not afford to manage their MSW in an environmen-
tally sound way [37]. Thus, a high percentage of waste is not
adequately disposed but discarded into uncontrolled landfills
or open dump sites [1]. Where MSW collection systems are
not available at all or can not be afforded and regulations are
absent or not enforced, the waste will be disposed the most
cost efficient way, which often results in local burning or de-
position in open dump sites [48]. Such inadequately managed
MSW has a strong impact on the environment and public
health [37, 44]. Detrimental effects on public health include
higher congenital anomalies in the population close to dumps
and landfill sites or a higher risk factor for cancer due to air-
borne pollutants [44]. Furthermore, inadequately managed
MSW produces more leachates and greenhouse gases than
adequately managed MSW [48] and is therefore contributing
to climate change. Estimates range from a 10-15% reduction
of global greenhouse gases if solid waste management is im-
proved. However, the impact of inadequately managed MSW
is highly dependent of its composition, which varies strongly
among countries [37].
While MSW in low-income to middle-income countries con-
sists mainly of organic material (64% and 54% respectively),
MSW in high-income countries consists mainly of paper
(31%) [37]. While the organic and paper fraction of MSW will
readily decompose and valuable parts such as metals are often
recollected, the low value plastics in MSW will remain [48].
As plastic is one of the most environmentally persistent types
of MSW [6] it can thus easily accumulate in the environment
if the MSW is inadequately disposed [6, 28]. The fraction of
plastic in MSW is between 8% and 12%, independent of the
country’s income [37]. We can therefore expect that trends
in global MSW production and treatment also have a high
impact on plastic waste in the environment.

Our second and third hypotheses are thus:
Trends in the global production and disposal of MSW are ex-
pected to affect the plastic waste that enters the environment.

The income class of each country is expected to influence the

amount of plastic waste due to decreased effectiveness of the
waste collection system with decreasing income.

Finally, by coupling our prediction of plastic flux to the ocean
with a Lagrangian particle advection simulation including
sinks of particles, we can create estimates of the distribution
of plastic particles. Circulation models have already been
used to estimate plastic concentrations [29]. By performing
this analysis we can compare if our predicted concentration
patterns of plastic are realistic by comparing the simulation
results to measurements.

Our fourth hypothesis is thus:
Advecting our predicted plastic fluxes to the ocean in an La-
grangian particle advection model will result in similar plastic
concentration patterns as in the observed aggregation zones.

In the following chapter we will present the methodology used
to reach the set goals and check our hypotheses.

2. Methods
In this chapter we present the methods that we used to predict
the flux of plastic to the ocean (PO). Figure 2 gives a graphical
representation of the several steps needed to predict PO, which
will be explained in the following sections. We first present
the data that we collected for the predictor variables (PV) that
we used to model the amount of collected waste (MSWC) as
well as the data including information on the waste collection
system and waste treatment (used to predict the MSWT) in
section 2.1. We further present the correlations and trends
among the PVs and with the target variable in section 2.2.
This is followed by a description of the modification of said
data (to allow use in the machine learning models (MLM))
in section 2.3. Then, we describe the models that we used to
predict the MSWC, including the model optimization (section
2.4.1), the assessment of the PV importance (section 2.4.2)
and the selection of the best model (section 2.4.4). Following,
we introduce our waste flow model (WFM), including the
calculation of the total amount of MSW (MSWT, section
2.5.1), plastic waste that enters the environment (PE, section
2.5.2) and plastic waste that enters the ocean (PO, section
2.5.3).

2.1 Description of the Data
Here we present all the data we obtained to predict the plas-
tic input to the ocean (compare Fig. 2). We begin with the
description of the available data for MSWC, followed by the
description of the PV data used in the MLM to predict the
MSWC. Then we present the data of the waste collection
system, the waste composition and the waste disposal, which
was used to predict the total amount of plastic waste (PT)
from the MSWC. This data is summarized in table 2. Finally,
we present the geospatial data that we use to predict PE on a
global raster as well as in the WFM and for the ocean current
advection model. A detailed overview of the data presented
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Figure 2. Summary of the processes used to estimate PO. Each box represents one major step and indicates which section
describes this process. The arrows indicate which data or models were used in the process. The column Data preparation
describes how the data was obtained and modified to be used in the MLM. The column machine learning models describes how
the MLM were optimized, how they were used to select the optimal PVs and how the the MSWC was estimated. Finally, the
column waste flow model describes how we estimated MSWT and PT using information on the waste collection and
composition data. The WFM used to estimate PE and PO is further explained in Figure 8.

in this section can be found in table A.2 in the appendix. This
table indicates for each variable how many data points were
available per country.

2.1.1 MSWC data
We obtained data for our target variable MSWC from the
UN database. The dataset includes 1’544 data points for 125
countries in the time span 1990-2015 (compare table 2). No
country has a complete dataset for the whole time period
(1990-2015, 26 years). However, for four countries (Austria,
Luxembourg, Poland and Switzerland) only the data for 2015
is missing. A total of 27 countries has data available for at
least 20 years and 64 countries provide data for more than
10 years. 23 countries provide data for from two up to five
years and six countries (Angola, Bhutan, Costa Rica, Peru,
Sri Lanka and Uganda) provide data for only one year. The
data availability is highest in the years 2000-2012 where more
than 65 countries have data available.

2.1.2 PV data
We obtained the data for the PVs from the UN database and
the World Bank database. The data contains information for
195 countries (officially recognized by the UN) as well as
for 36 dependencies and autonomous regions (e.g. Hong
Kong, Falkland Islands). For simplicity, these countries, de-
pendencies, and autonomous regions will further on simply
be referred to as countries. Table 2 gives a summary of each
dataset. Data for the PVs total population and urban popu-

lation is available since 1950 and includes projections until
2050. These two datasets cover all 231 countries. The dataset
young population covers fewer countries (221) and over a
shorter time scale from 1960 until 2017. GDP covers the time
period 1960-2015 and includes data for 202 countries. Data
on greenhouse gas and electricity access was available from
1970-2012 and for 195 ans 203 countries respectively. Data
for Frecycled is available for 102 countries for the years 1990
and 1995-2015.

2.1.3 Data of waste collection, composition and disposal
We obtained the data on the fraction of population with access
to a waste collection system (Fcollection), the fraction of plastic
in MSWC and the fractions of MSWC that is deposited in
landfills (Flandfills) or dumps (Fdumps) from the UN database
and from Hoornweg&Bhada-Tata [37]. Data for Flandfill is
available for 102 countries in the time period 1990-2015.
Data for Frecycled is only available for 41 countries and in the
years 1990 and 1995-2013. Data for Flandfills and Fdumps is
only available for 74 countries in the year 2012. Data for the
GNI is available from the World Bank for 204 countries in the
time period 1960-2016.

2.1.4 Geospatial data
Population density
We obtained the data on the population density from the So-
cioeconomic Data and Applications Center (SEDAC). It is
available as an ArcInfo GRID file for the years 1990 and 1995
(in a 2.5 arc-minutes resolution) or as a GeoTiff-image for
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Table 2. Description and sources of the target variable MSWC of the MLM, all PVs used in the MLM to predict MSWC for
each country and year and the variables used to estimate MSWT. N countries indicates for how many countries at least one data
point was available. N data points indicates how many data points were available (including the represented fraction of the
maximum possible data points for this time period and number of countries).

Data Source Time scale N coun-
tries

N data points Description

Target variable

MSWC [49] 1990-2015 125 1’544 (48%) Amount of MSW that was collected in a
year.

PVs used in the MLM to predict MSWC

Total population [50] 1950-2050 231 23’331 (100%) Number of people living in the country.
Urban population [51] 1950-2050 231 23’331 (100%) Number of people living in urban areas.
Young population [52] 1960-2017 195 11’241 (99%) Fraction of the total population aged 0-14

years.
Electricity access [53] 1990-2014 204 4’931 (83%) Fraction of households with access to elec-

tricity.
GDP [54] 1960-2016 202 8’913 (77%) Gross domestic product per country in

USD, current conversion rate.
Energy consumption [55] 1990-2015 173 3’644 (78%) Energy consumption per person (in kg oil

equivalents).
Greenhouse gas [56] 1970-2012 199 8’060 (94%) Total emissions of greenhouse gases in

CO2 equivalents.
Frecycled [57] 1990,

1995-2013
78 916 (59%) Fraction of MSWC that is recycled.

Variables used in to estimate MSWT

GNI [58] 1960-2016 204 8’901 (70%) Gross national income per country in
USD, current conversion rate.

Fcollection [59] 1990-2015 102 958 (36%) Fraction of MSWT that is collected at the
households.

Fplastic [37] 2012 103 103 Fraction of plastic in MSWC.
Flandfills, Fdumps [37] 2012 74 74 Fraction of MSWC that ends in either

landfills or dumps.
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the years 2000, 2005, 2010 and 2015 (in a 30 arc-seconds
resolution) (table 3). We processed the data to create data
of the same grid size and with continuous information for
the years 1990-2015. To this end, the data was loaded into
RStudio using the raster function from the rgdal package [60]
and then converted to a 0.1x0.1° raster (6 arc-minutes) using
the aggregate function from the raster package [61]. The
value of each aggregated cell was calculated using the mean
of all original cells. Some aggregated cells (at the shore line)
of the 2.5 arc-minute rasters were therefore outside the scope
of the target raster (e.g. ocean cells). The aggregated cells
were compared to the rasterized coastline and cells that laid
outside the target raster (e.g. in the ocean) were dropped. To
create continuous data, the population was then interpolated
for the missing years. This was done using the growth rate
of each country’s population as obtained from the predictor
variable total population. However, the urbanization in this
time period was neglected and the population thus increases
linearly in every cell.

River shape
We obtained a shape file including 342 river centrelines from
NaturalEarth (table 3). This data is used in the WFM and
includes all major rivers at the global scale. Lakes are rep-
resented with their centrelines and not with their full area.
Intermittent rivers (large, seasonal rivers) are not included in
this dataset. We created a raster of all rivers using the rasterize
function of the raster package [61] for further use in the WFM.

Ocean currents
We obtained the ocean currents data from the GlobCurrent
project [62]. The dataset includes daily averaged satellite-
based estimates of the surface Eulerian total current from
1993 to 2017 on a 0.25x0.25° global grid (table 3). The
Eulerian total current, representing the sum of geostrophic
and Ekman current components, was chosen over the sim-
pler pure geostrophic or Ekman current datasets as it was
found to represent drifting particle distributions more realistic
[62]. However, a known issue of this dataset is that current
velocities in local areas close to the coast can be erroneous
[62]. Furthermore, the Mediterranean is not included in the
dataset and particles released there will thus not be advected.
A graphical representation of the data can be seen in Figure 3.

In this section we described the availability and completeness
of the individual datasets. In the following section we present
the correlations among the datasets.

2.2 Trends and Correlations among the Predictor
Variables and with the Target Variable

In this section we present trends and correlations in the datasets
that were described in the previous section. We first describe
the correlations among the PVs and our target variable and
compare this to our expectations as described in the introduc-
tion. Then we show correlation among the PVs themselves.

Correlations among MSWC and the PVs
Here we present the Pearson and Spearman correlations of
MSWC with the PVs (Fig. 4). The Pearson correlation mea-
sures the relationship between linearly related variables while
the Spearman correlation can be used to assess monotonic or
exponential relationships.
The Pearson correlation (Fig. 4 A) of the PVs energy con-
sumption (0.52) and GDP (0.52) are >0.5. Young population
(-0.31) is the only negative correlation. Frecycled (0.24) has the
correlation closest to zero. The Spearman correlation (Fig. 4
B) shows similar values as the Person correlation. Here, elec-
tricity access is the only PV whose difference to the Pearson
correlation is >0.07. This can be explained by looking at the
scatterplot of electricity access and MSWC in Figure A.1 in
the appendix. It can be seen that electricity access the data is
not linearly distributed and shows an exponential trend which
is captured by the Spearman correlation.

Correlations among the PVs
The Pearson correlation (Fig. 4 A) reveal that the correlations
among the PVs cover a wider range (0.18 - 0.74) than with
the target variable MSWC. Correlations >0.5 can be found
between young population and electricity access (-0.74), be-
tween greenhouse gas and energy consumption (0.61), be-
tween energy consumption and urban population (0.57) and
between urban population and electricity access (0.55). We
expect that if two variables are highly correlated, one will
be removed in the model optimization process (described in
section 2.4.2). Highly correlated variables include similar
relationships towards MSWC thus potentially redundant infor-
mation.
The Spearman correlation (Fig. 4 B) among the PV cover a
slightly smaller range (0.17 - 0.63 ) than the Pearson correla-
tions (0-18 - 0.74) and a slightly larger range than with MSWC
(0.27 - 0.58). Compared to the Pearson correlations, electric-
ity access shows a stronger Spearman correlation for all PVs
except urban population and young population. When look-
ing at the scatterplots of these PVs A.2, a linear relationship
can be seen, which explains the higher Pearson correlation.
Furthermore, the Spearman correlations between GDP and
greenhouse gas (0.43) and between urban population and
young population (0.17) are lower respectively higher than
the Pearson correlations (0.29 and -0.44 respectively). The
difference in the Spearman and Pearson correlations among
the other PVs is <0.15.
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0   0.4   0.8   1.2   1.6   2.0   2.4   2.8   3.2   3.6
                     Current velocity (knots)

400 km

Figure 3. Visualization of the GlobCurrent surface Eulerian total current data in the South China Sea and the western North
Pacific as used in the PARCELS simulations, including the current velocity as the background layer and indicating current
streamlines in green. Visualization created using the Syntool visualization website and manually edited [63].

Table 3. Description and sources of the geospatial data. The population density is used in the prediction of MSWC on a
0.1x0.1° raster. The river dataset is used in the calculation of plastic transport to the oceans. The ocean current data is used to
simulate the advection of plastic particles in the ocean.

Data Source Time scale Type Description

Population density [64] 1990, 1995 Raster with a resolution of 2.5 arc-
minutes

Population density.

Population density [65] 2000, 2005,
2010, 2015

Raster with a resolution of 30 arc-
seconds

Population density.

Rivers [66] Shape file of lake and river centres
with a resolution of 1:106

Polyline of major river and lake cen-
tres.

Ocean currents [67] 1993-2017 NetCDF file with a resolution of
0.25x0.25°.

Total Eulerian currents (sum of
geostrophic and Ekman compo-
nents).
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Figure 4. Pearson and Spearman correlations between MSWC and the predictor variables as well as among the predictor
variables. We expect that highly correlated variables are removed in the variable selection procedure explained in section 2.4.2.

To further visualize the relationships between the PVs, we
created a dendrogram that uses the correlation among the PVs
as measure of similarity (Fig. A.3 in the appendix). If can be
seen that the PVs electricity access and young population as
well as energy consumption and greenhouse gas are grouped
in both the Pearson and Spearman dendrogram. Additionally,
GDP and MSWC are also grouped. Again, we expect that,
if two PVs are grouped, one will be removed in the model
optimization process.
In the next section we describe how we prepared the data for
the use in the MLM.

2.3 Data Preparation for the MLM
The obtained data as described above is often incomplete
regarding the number of countries or years that are represented
as well as the number of data points (compare table 2). As
the MLM and the WFM need complete PV datasets, the data
had to be prepared for the modelling steps (compare Fig.
2). We first reduced and simplified redundant data and then
inter-and extrapolated missing data. This increased the data
completeness by filling the gaps. Following, we rasterized the
data, which is needed for the geospatial analyses in the WFM.

2.3.1 Reduction and simplification of redundant data
Here we describe how we reduced and simplified the datasets
to increase the data completeness. Following measures were
performed:

• We grouped small islands states in Oceania (e.g. Fed-
erated States of Micronesia, Marshall Islands, N=16)

as well as in the Caribbean (e.g. Jamaica, Cayman Is-
lands, N=17) and applied the mean values (compare
table 4). We thus assume that they are similar in their
MSW production rates.

• We dropped countries that did not provide GDP data
(e.g. Niger, North Korea). This includes 28 countries
as presented in table 4.

• We cropped all datasets to the years 1990-2015, as these
years contain substantially more data than in the period
1960-1989. Data for 2016 and 2017 was often not yet
published.

These measures reduced the number of countries that we
used to model the MSWC from 231 to 173. The dropped
countries represent 0.78% of the world’s population. Table
4 gives an overview of the dropped and grouped countries.
Together with the reduction of the time period, we reduced
the number of needed data points from 15’708 (231 countries
and 68 years from 1950-2017) to 4’498 (173 countries and 26
years from 1990-2015). This increased the data completeness
of the modified datasets (compare table A.1). As the MLM
require complete datasets for the PVs, and these measures did
not achieve 100% data completeness, we had to estimate the
missing data.
We found two cases of missing data. First, countries that
provided PV values for several years but the data does not
cover the whole time period. This missing data was inter or
extrapolated as described in the next subsection. Secondly,
countries that did not provide data for a PV. In this case, the
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data was estimated based on similar countries. This process is
described section 2.3.3.

2.3.2 Inter- and extrapolation of partially missing data
To estimate the missing data of countries where more than 2
data points were available in the years 1990-2015, we calcu-
lated the missing values using either a linear or polynomial fit.
A linear fit was used for the datasets electricity access, energy
consumption, greenhouse gas, Fcollection and Frecycled as these
PVs show a linear trend in the available data (compare table
A.1). We used a 2nd order polynomial fit for the GDP as
the available data suggests a non-linear trend (compare table
A.1). We did not allow the calculated data from the linear
fit of Fcollection to fall below the respective continental mini-
mum as presented by Hoornweg&Bhada-Tata [37] (applied
values for Africa: 18%, Asia: 50% Europe: 60% and South
America: 11%). Missing data in the the datasets Fdumps and
Flandfills was replaced by the mean values according to the
countries income class (high-income: >12’476 USD/year,
upper middle-income: 4’046-12’475 USD/year, lower middle-
income: 1’026-4’035 USD/year and low-income: <1’025
USD/year) as presented in Hoornweg&Bhada-Tata [37].

2.3.3 Estimation for countries with completely missing
data

To get an estimate of each variable for countries where no data
was available to extrapolate (compare tables A.1 and A.2), we
replaced the missing data with the mean from countries with
a similar GDP. Therefore, we sorted all countries into clus-
ters according to their similarity in their GDP trajectory (Fig.
5). Countries where no data was available to run a linear or
exponential fit were given the mean values of the correspond-
ing cluster (compare table A.1). This was performed on the
datasets electricity access, energy consumption, greenhouse
gas, Fcollection, Fplastic and Frecycled. The clustering was done
using the kmlShape package [68] version 0.9.5. This pack-
age calculates K-means clusters for longitudinal data using
shape-respecting distance and shape-respecting means. The
ideal number of clusters was determined by minimizing the
sum of differences between the trajectory of each country
and the respective cluster trajectory mean, running a maxi-
mum of 15 clusters (compare Fig. A.4 in the appendix). The
optimum result was obtained by creating 7 clusters and is
presented in Figure 5. It can be seen that the clusters 1-6
include countries from at least two continents and only the
cluster 7 include solely the European countries Liechtenstein
and Monaco (compare also table A.2). Table A.1 indicates the
number of counties for which the data was estimated using
this approach.
The now complete datasets are ready to be used in the MLM,
but the geospatial analyses in the WFM require that we raster-
ize the data. This is described in the next section.

2.3.4 Rasterization of Country Level Data
After performing the steps described above, the datasets pre-
sented in table 2 now have a data completeness of 100% and
are ready to be used in the MLM. For the WFM, the data

needs to be rasterized to allow geospatial analyses. Here we
describe how we created a 0.1x0.1° raster for each dataset as
presented in table 2 for each year in the period 1990-2015.
We obtained a spatial polygon file of the administrative bound-
aries for each country using the getData function from the
raster package [61]. The data of each dataset was assigned to
each cell of the 0.1x0.1° raster whose cell-centre lays in the
corresponding spatial polygon. Due to its small area of just 2
km2, the country of Monaco is not represented in any raster as
no cell has its centre inside Monaco’s boundaries. Thus, the
data of Monaco was added manually to the cell containing the
city centre of Monaco in each raster. Therefore, the country
France ”lost” a cell to Monaco. This process was however not
needed for other city states or micro states such as Singapore
or Kuwait.

With this, the data is now prepared to be used in the MLM
and WFM. In the next section we describe how we used the
MLM to predict MSWC using a selection of PVs and section
2.5 describes the WFM.

2.4 Modelling MSWC
After describing the acquisition and preparation of the PVs we
now present the modelling approach used to predict MSWC.
As the observed trends between the PVs and MSWC are not
always linear (compare section 2.2) we chose to use both
NNET and RF models to predict MSWC. To avoid overfitting,
we run tests to find the best compromise between the least
complex architecture, a minimal amount of PVs and a mini-
mal error in the predictions. Less complex models do not only
prevent overfitting but were also found to be better in predict-
ing unseen data [69]. Furthermore we asses the stability of
the models to the size of the training data and biases in the
training data. We use two different models, including a neural
network (NNET) and a random forest (RF) which allows a
more robust estimate as the model results can be averaged.
Both models use the available MSWC values as target variable
and the PVs as described in section 2.3 and table 2. We first
describe how we optimized the architecture of the models.
Following, we describe how we selected the best PVs and
then show how we assessed the model stability. In the end of
this section we describe how we selected the best NNET and
RF model that will then be used to predict MSWC.

2.4.1 Model architecture optimization
We used a individual procedure for the NNET and RF model
to optimize the architectures. In both cases we used all points
where MSWC data was available (N=1’394). We selected
the corresponding values of the PVs and normalized them.
The target variable MSWC was also normalized. This was
done to prevent a bias in the models [69]. We then performed
following steps:

Architecture optimization of the NNET
The NNET was created using the R package neuralnet [70]
version 1.33. We tested several network architectures by train-
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Table 4. Countries, dependencies and autonomous regions that were dropped or grouped from the analysis. Dropped countries
did not provide GDP data which was needed for creating clusters that allow the estimation of missing data (section 2.3.2). We
grouped the Caribbean and Oceania islands because we assume that they behave similarly regarding the MSWC production.

Dropped due to missing data

Anguilla Caribbean Nether-
lands

Cook Islands Curaçao Falkland Islands French Guiana

Gibraltar Guadeloupe Holy See Kyrgyzstan Martinique Mayotte
Montserrat Niger Niue North Korea Palestine Réunion
Saint Helena Saint Martin Saint Pierre and

Miquelon
Sint Maarten Tokelau Turks and Caicos

Islands
Tuvalu United states Vir-

gin Islands
Wallis and Futuna
Islands

Western Sahara

Grouped to ”Caribbean Islands”
Antigua and Bar-
buda

Aruba Bahamas Barbados British Virgin Is-
lands

Cayman Islands

Cuba Dominica Dominican
Republic

Grenada Haiti Jamaica

Puerto Rico Saint Kitts and
Nevis

Saint Lucia Saint Vincent and
the Grenadines

Trinidad and To-
bago

Grouped to ”Oceania Islands”
American Samoa Federated States

of Micronesia
Fiji French Polynesia Guam Kiribati

Marshall Islands Nauru New Caledonia Northern Mariana
Islands

Palau Papua New
Guinea

Samoa Solomon Islands Tonga Vanuatu

1       (1’250 USD)
2       (4’880 USD)
3     (11’890 USD)
4     (20’250 USD)
5     (43’420 USD)
6     (79’540 USD)
7   (149’990 USD)

Figure 5. Countries clustered by their GDP as described in section 2.3.3. The clusters are used to estimate data of countries
that did not provide any data and did thus not allow inter-and extrapolation. The numbers in brackets indicate the average GDP
per cluster. Grey countries are not included in the calculations due to missing GDP values (compare the tables 4 and A.2). Note
that cluster 7 includes only the countries Monaco and Lichtenstein and is thus not visible on the global map. Table A.2 gives
detailed information on the GDP and cluster of each country.
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ing ten models on the same, randomly chosen 90% of the
scaled data. To evaluate the model we performed a 10-fold
cross validation (CV) and calculated the mean squared error
(MSE). This process was repeated ten times on newly random-
ized data samples to avoid a bias in the training data. Thus,
a total of 100 individual models were created. We retained
the model with the lowest MSE and compared it to the best
model of the other model architectures (Fig. 6). Our optimal
architecture for the NNET model consists of one layer with
five nodes (MSE:0.03). While adding more nodes to the layer
does not decrease the MSE, removing nodes results in a loss
of accuracy. While some architectures consisting of 2 layers
(e.g. three and two nodes per layer, Fig. A.5) were equally
successful in prediction, we preferred the one layer model as
to limit the model complexity. A summary of all layer and
node combinations can be found in Figure A.5 in the appendix.

Architecture optimization of the RF
The RF was created using the R package randomForest [71]
version 4.6-14. The RF creates a ”forest” of 500 unique
decision trees and averages the outcome to obtain the best
prediction. We chose 500 trees as increasing this number did
not decrease the MSE (Fig. A.6) [72]. Each tree has a random
element in its creation and only selects a subset of the PVs in
each branch. We optimized the size of this subset by using
the tuneRF function, which calculates the out of bag error for
each try [71]. We run the tuneRF function 100 times using
different randomly sampled 90% of the data to avoid a bias in
the training data [72]. For our data, a mtry value of two results
in the smallest out of bag error in 96% of the tries while in
4% using three variables is preferred. To reduce complexity
and prevent overfitting [72], we thus set mtry to two.
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Figure 6. Summary of the average MSE for the different one
layer model architectures for the NNET. The first number
indicates the amount of PVs, the second number shows the
number of nodes in the hidden layer and the third number
stands for the number of outputs. To avoid overfitting of the
NNET we chose the simplest architecture that has a low
MSE.

2.4.2 Predictor variable selection

Besides using a simple architecture, using a minimal num-
ber of PV can help to prevent overfitting [69, 72]. We ran
several tests to select which PVs are most important in the
model creation. We use the following techniques to assess
the importance of each PV: removal, random permutation and
univariate runs. Following we describe these procedures:
Removal: We run both MLM while sequentially removing
one parameter at a time. By removing one parameter from
the training data we assess the importance of this variable in
the model creation [69]. For each removed PV, we trained ten
models on the same randomly sampled 90% of the data. This
was repeated nine more times using newly sampled training
data to avoid a bias in the training data. Thus, a total of 100
models were created. We then remove the parameter that has
the least effect on the model performance (MSE). This process
was repeated with the remaining PVs until only one PV was
left.
Random permutation: Analogue to the removal process we
run both models while randomly permuting one parameter at
a time. This means that for one PV, the values were randomly
replaced with values from within the same PV. If the PV is im-
portant in the model creation this is expected to create larger
errors than for less important PVs [72]. For each randomly
permuted PV, we trained ten models on the same randomly
sampled 90% of the data. This was repeated nine more times
using newly sampled training data to avoid a bias in the train-
ing data. We then remove the parameter that has the least
effect on the model performance (MSE). This process was
repeated with the remaining PVs until only one PV was left.
Univariate: We ran the model using only one PV at a time
and calculated the MSE. Here, we expect that PVs that are
important for the model creation have lower MSE values [69].

We then compared the effect of the removal, random permu-
tation and univariate runs on the MSE. Figure 7 shows the
example of PV removal in the RF model. As soon as removing
a PV created a big increase in the MSE, we assumed that this
PV, together with the remaining PVs, is crucial in the model
creation [69]. In this case, removing the PVs, Frecycled, GDP,
energy consumption or electricity access has only a small
effect on the MSE. If young population is removed however,
the effect on the MSE is stronger. Thus, we selected the three
PVs young population, greenhouse gas and urban population
as essential for the model.
A summary of the PV selection (including both models and
all selection processes as described above) can be seen in
table 5. While no PV was always the most or least impor-
tant, clear trends can be seen. The PVs urban population and
greenhouse gas are the most important in both the average
rank (1.2 and 2.2 respectively) as well as the median rank
(1 and 2 respectively). These two PVs were always among
the three most important PVs throughout all selection types.
The PVs young population and energy consumption have an
average rank of 4.0, but the median of latter is higher (3.5
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and 5 respectively). The parameter removal and parameter
shuffling processes both favour young population and only
the univariate selection process favours energy consumption.
Thus, young population was preferred. Frecycled was usually
unimportant and thus has the lowest average and median rank
(6.5 in both). As a result of these tests we selected young
population, greenhouse gas and urban population as our most
important PVs. They were used in the prediction of MSWC
while the others were dropped.

2.4.3 Testing the model stability by varying the training
data

After optimizing the model architectures and selecting the
PVs, we were interested in the stability of the models with
respect to the size of the training data and biases in the training
data. Therefore, we separately trained 100 models using
all the available data from each continent, cluster or GNI
classification as biased training data. We selected the model
with the lowest MSE to compare the effect of the selected bias
in the training data. Additionally we compared the results of
the training data size from models using randomly selected
90%,80%,...,10% of the available data. These tests allow us
to assess the robustness of the MLM to uncertainty and loss
of the underlying data as well as the dependence of the MLM
results on PV data substructures. The results of the stability
tests are presented in section 3.6.

2.4.4 Selection of the best model
After optimizing the model architectures and selecting the
PVs, we wanted to select the NNET and RF model that yields
the best results. We therefore trained 10’000 NNET and RF
models on randomly selected 90% of the available data. We
then used several techniques to assess the prediction perfor-
mance, which will now be presented:
CV performance: In a first step, each generated model is
retained or excluded based on their performance in the CV.
The CV was done while creating the model (section 2.4.1).
We only retain models whose MSE of the prediction using
the unseen test-dataset is smaller than the MSE of at least one
prediction using one of the nine training-datasets of the CV.
This drops models that were not able to predict unseen data
within the same MSE range as the training data used in the
CV.
MSE: In a second step, we rank the models by their MSE of
the prediction of the test data. This selects models that were
better in predicting the unseen data.
Errors for selected countries: In a third step we ranked the
models according to their prediction performance for selected
countries. This is done to avoid large errors for countries
with a big global impact. We ordered the models by their
performance on the 20 countries that contribute the most to
PO according to Jambeck et al. [4], and for which we had
data available. This includes the eleven countries China, In-
donesia, the Philippines, Sri Lanka, Egypt, Malaysia, Algeria,
Turkey, Brazil, Morocco and the United States of America.
The model prediction error of these countries was multiplied

with the country’s marine plastic input according to Jambeck
et al. [4]. This prefers models that show low prediction errors
for the countries with the highest influence on PO.
We then selected one NNET and RF model each. The selected
model has one of the smallest MSE and its error for the pre-
diction for the top 20 countries is also among the smallest.
Additionally, its overall prediction error for all countries is
as close to the smallest prediction error of all models. The
selected NNET and RF models were finally used to predict the
MSWC for each country and year. We present these models
in section 3.1.

The above described NNET and RF models are used to predict
the MSWC for each of our 173 countries for the years 1990-
2015. In order to create geospatial estimates in the WFM, the
MSWC data has to be rasterized. This was done as described
in section 2.3.4. The procedure to estimate PE and PO from
MSWC are described in the next section.

2.5 Waste Flow Model
By running the MLM we estimated MSWC for each country
in the time period 1990-2015. Next, we describe how we cal-
culated how much plastic enters the ocean (PO) on a 0.1x0.1°
raster using our WFM. First we present the calculation of the
total amount of produced MSW (MSWT), consisting of the
MSW inside the waste collection system (MSWC) and uncol-
lected waste. Using this information, we then calculated the
total amount of plastic waste (PT), again inside and outside the
waste collection system. These steps are described in section
2.5.1. Then, we show how we estimated the amount of plastic
that is entering the environment (PE) in section 2.5.2. This
includes both plastic lost from the waste collection system
and littering as well as from uncollected plastic waste. Finally,
we present how we estimated the amount of PE that enters the
ocean by using a distance based transport probability (section
2.5.3). This process is also visualized in Figure 8.

2.5.1 Calculating the total amount of MSW and the total
amount of plastic waste

MSWC, as calculated by the MLM using the PVs, only in-
cludes the MSW that was collected in each year. It does not
include MSW that was not collected at the households (e.g.
due to a missing collection system or due to missing regula-
tion on MSW treatment [37]). To get an estimate of how much
waste is uncollected, we used the fraction of population with
access to the waste collection system (Fcollection). The total
amount of MSW (MSWT) was thus obtained by adding the
uncollected waste (outside waste treatment system) to MSWC
(inside waste treatment system). By further applying each
country’s fraction of plastic in MSW (Fplastic) we calculated
the total amount of plastic waste produced (PT) on a 0.1x0.1°
raster (both inside and outside the waste treatment system).
In the next section we describe how this was used to estimate
PE.
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Figure 7. Results of the PV selection by parameter removal for the RF model. The bars indicate the average MSE of all 100 RF
with the PVs indicated. The line indicates the change in MSE between two bars. A bend in the line represents a strong decrease
in the model accuracy which indicates that a PV crucial for the model was removed. For this example, the PVs GG, UP and YT
were selected (compare table 5). Abbreviations: EA = electricity access, EC = energy consumption, GG = greenhouse gas, UP
= urban population, YP = young population and MR = MSWrecycled.

Table 5. Results of the PV selection. The numbers indicate the rank of the PV in the certain process (e.g. urban population was
always the most important PV). A lower rank indicates a higher importance compared to high-ranked PVs. The PVs in bold
were selected for the final model (compare Fig. 7).

PV
Parameter removal Parameter shuffling Univariate Average Median
NNET RF NNET RF NNET RF Rank Rank

Electricity access 4 4 7 4 5 7 5.2 4.5
Energy consumption 5 5 5 5 1 3 4.0 5
GDP 6 6 3 7 4 4 5.0 5
Greenhouse gas 2 2 2 2 3 2 2.2 2
Urban population 1 1 1 1 2 1 1.2 1
Young population 3 3 4 3 6 5 4.0 3.5
MSW recycled 7 7 6 6 7 6 6.5 6.5
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Predictor variables
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Fplastic Fplastic
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Fdumps , Frecycled
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Waste outside treatment system Waste in treatment system

Littering &
losses from system

Fcollection

Figure 8. Graphical representation of the waste flow model (WFM). We use machine learning models (MLM) to predict the
amount of municipal solid waste collected at the households (MSWC). This process is described in section 2.4. Using the
fraction of population with access to the waste collection system (Fcollection) we estimate the amount of uncollected MSW. The
sum of MSWC and uncollected MSW represents the total amount of MSW (MSWT) that is produced. This is described in
section 2.5.1. We then use the fraction of plastic (Fplastic) to estimate the amount of plastic inside and outside the waste
collection system (PT). Then, we predict the losses of PT to the environment (PE). The losses are dependant on each countries
waste collection system as described by the fractions of waste treated by recycling (Frecycled), in landfills (Flandfills) or in dumps
(Fdumps). A more detailed description can be found in section 2.5.2. Finally, we estimate the amount of PE that reaches the
ocean (PO). This is done by applying distance based probabilities as described in section 2.5.3.
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Figure 9. Waste flow models for high-income (A), upper middle-income (B), lower middle-income (C) and low-income (D)
countries. The fractions of collected and uncollected plastic waste are the average of MSWcollection in 2015 and the country
specific values were considered in the model. The fractions of leakage in B and C represent values of China and the Philippines
respectively and are taken from the OceanConservancy and the McKinsey Center for Business and Environment [73]. Fractions
of leakage for A and D are assumptions. In A, on average 2.2% of all produced plastic waste leaks into the environment while
in B, C and D averages of 6.2%, 22.7% and 38.0% are leaked respectively.
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2.5.2 Calculating the amount of plastic entering the natu-
ral environment

To estimate how much of the plastic inside and outside the
waste collection system enters the environment, we needed to
account for the MSW treatment situations of each country. As
represented in Figure 8, collected plastic waste can either be
recycled, incinerated or it can be deposited in both landfills
(government operated and controlled) or dumps (sites that are
not under government control) [37]. Uncollected plastic on
the other hand can be burned locally or put into dumps [37].
Losses from uncollected plastic to the environment are more
likely to occur and a study in China, Indonesia, the Philippines,
Thailand and Vietnam concluded that approximately 75% of
plastic in the environment comes from uncollected plastic
waste [73] while the remaining 25% leaked from the waste
collection system. We therefore had to treat collected and
uncollected waste differently to estimate the losses to the
environment. We assume that the flux from PT to PE from both
inside and outside the waste treatment system is dependant on
the countries income [37]. Thus, we treated each income class
differently, which is represented in Figure 9 A-D. Following
we present how the fluxes from PT to PE were estimated for
plastic inside and outside the waste treatment system.
Unfortunately it was not possible to find precise information
on the loss of collected and uncollected plastic. However, the
study by OceanConservancy and the McKinsey Center for
Business and Environment [73] investigated plastic leakage
fractions in the Philippines and China in detail. They found
that 84% of plastic that enters the environment in China comes
from uncollected MSW (Fig. 9 B) while 74% of leaked plastic
in the Philippines comes from waste inside the collection
system (Fig. 9 C). To adapt these values to the other countries,
each country was grouped based on its GNI (according to the
world bank definition [37]): high-income (Fig. 9 A), upper
middle-income (Fig. 9 B), lower middle-income (Fig. 9 C)
and low-income (Fig. 9 D). The loss fraction of collected
and uncollected plastic of lower middle-income countries
was then calculated by multiplying the reported fraction of
loss of the Philippines (17% for collected plastic, 31% for
uncollected plastic ,Fig. 9 C)) with a scaling factor. This
scaling factor was derived by dividing the fraction of dumps
and landfills of the country by the fraction of dumps and
landfills in the Philippines (compare table A.2). Thus, lower
middle-income countries that dispose more of their waste in
landfills and dumps than the Philippines are assumed to have a
loss fraction that is bigger than the Philippines. Upper middle-
income countries were compared to China in the same way.
However, for high and low-income countries, no data could be
obtained. Thus, the assumption was made that high-income
countries loose 2% of their collected waste (littering rate used
in Jambeck et al. [4]) and 10% of their uncollected waste
(Fig. 9 A), while low-income countries loose 30% and 45%
respectively (Fig. 9 D).
With the estimates of PE we then predicted PO using a distance
based probability. This is described in the next section.

2.5.3 Probability of plastic waste transport

In order to estimate PO based on PE, we applied a distance
based probability of transport. This includes riverine transport
as well as a land-based transport to the shores. These two
types of transport will be explained in this section.

Land based transport
A raster containing the minimum distance of each land cell
to the closest ocean cell was calculated using the distance
function from the raster package [61]. The maximum travel
distance was set to 100 km and the probability of mismanaged
plastic waste to reach the ocean was set to 0% outside this
range. Cells inside the range obtained a probability that rises
proportionally to the distance from 0% at the maximum dis-
tance to 100% at the shore (ptransport = 1− s/100km where s
is the distance to the shore in km). This approach is similar to
Jambeck et al. [4], who included the mismanaged waste pro-
duced by the population within 50 km from the shore. They
then applied conversion rates of 15%, 25% and 40% from mis-
managed waste to marine litter to estimate the possible range
of marine input. In our approach, we calculate the probability
to enter the environment by losses to the environment from
MSWT (from both the collected and uncollected waste), as
opposed to Jambeck et al. approach to assess conversion rates.
We argue that plastic in the environment that is closer to the
shore has a higher probability to enter the ocean than waste
further inland, while Jambeck et al. assume that all of the
mismanaged waste reaches the ocean. We expect our results
to be similar to Jambeck et al. because the integrated likeli-
hood corresponds to the transport of 100% of the mismanaged
MSW within 50 km from the shore (

∫ 100
0

x
100 dx =

∫ 50
0 1dx).

Riverine transport
Similarly to the land-based transport, plastic waste in a dis-
tance of 20 km is assumed to have a chance to enter the
river and this chance is proportional to the distance to the
river. Furthermore, waste that enters the river upstream is
considered to have a smaller chance to be transported all
the way to the ocean than waste that enters further down-
stream. This probability was set to 100% at the river mouth
and sinks gradually to 0% at a distance of 1’000 km upstream
(ptransport = 1−s/1000km where s is the distance to the ocean
in km). This approach is similar to Jambeck et al. The proba-
bility of mismanaged waste of a certain cell to reach the ocean
by riverine transport was thus calculated by multiplying the
probability to enter the river by the probability to be trans-
ported by the river. Thus, mismanaged plastic waste produced
near a river in countries that are far from the shore will have a
lower chance to end up in the ocean compared to mismanaged
plastic waste produced near a river in a country closer to the
ocean.
With our river transport model, all types of plastic that enter
the river will be transported. In reality, not all plastics will
float. Due to their densities, only PE-HD, PE-MD (both 0.94-
0.97-0.92 g/ml [74]), PE-LD, PE-LLD (both 0.89-0.93 g/ml
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[74]) and PP (0.85-0.92 g/ml [74]) will float in fresh water
(1 g/ml) or salt water (1.025 g/ml [2]). PVC (both 1.16-1.41
g/ml [74]) and PET (both 1.38-1.41 g/ml [74]) are too dense.
However, also these plastic types could float with a respective
shape (e.g. PET bottles). As plastic products are often mixed
with fillers which changes their density [2], predictions of the
floating behaviour of plastic waste are difficult. However, non
floating plastics can still get transported. Hurley [75] found
that flooding cleared 70% of all microplastics in river sedi-
ments. Thus, we assume that all plastics get transported and
do not differentiate between the types in riverine transport.
By decreasing the probability of transport with increasing
distance from the sea we include losses on the surface (dams,
beaching, entrapment [6]) and sediments.

2.6 Estimates of PO for Future Projections and Pol-
icy Chance Scenarios

With the methods described so far in this chapter we can
estimate the worldwide PO on a 0.1x0.1° raster for the years
1990-2015. Besides the evolution of PO and its geospatial
variances, we also want to use the MLM and WFM to predict
marine plastic debris inputs for the future and for several
scenarios. These include future projections for the years 2030
and 2050 as well as policy change scenarios affecting the
losses from uncollected waste and the waste collection system.
We created the following scenarios:

• Future projections for 2030 and 2050: We created fu-
ture estimates to assess the change of predicted MSWC
for 2030 and 2050 compared to 2015, assuming busi-
ness as usual. We used the UN population estimates
from 2015 to 2050 [50] to calculate annual growth rates
of the population for each country. We then applied
these growth rates to the gridded population density
data of 2015 [65]. Thus, we assume that the population
of each grid cell grows equally and neglect urbaniza-
tion. The PVs were extrapolated to the years 2030 and
2050 using linear fits of the available data from 1990-
2015 (as described in section 2.3.2). Thus, we create
the future projections with the MLM while the WFM
represents 2015 conditions.

• 100% collection rate for MSW: We estimate the ef-
fectiveness of policy measures that aim to collect all
MSW (MSWC = MSWT). Therefore, we run the MLM
with the 2015 data but assume that all of the MSW is
collected (Fcollection = 100%) and no uncollected MSW
is generated. Thus, we only change parameters of the
WFM.

• No losses in the waste collection system or no losses
of uncollected MSW: We estimate the effectiveness
of policy measures that aim to avoid all losses from
the waste collection and treatment system. Again, we
run the MLM with all the 2015 data and assume, that
all of the MSWC remains in the collection system and
no loss to the environment occurs. Uncollected MSW

still leaks to the environment. To compare this with
the contrary, we additionally create a (unrealistic) sce-
nario where none of the uncollected MSW enters the
environment while losses from the waste collection sys-
tem occur. Here we assume that all of the informally
disposed MSW is discarded in an environmentally safe
way. Again, this changes only parameters of the WFM.

• Decreased transport distances: We estimate the ef-
fects of higher efforts in the management of MSWC as
well as higher rates of collection of waste that leaked
to the environment (community cleaning) or removal
of plastic waste from rivers. Therefore, we reduce the
maximum distance over which plastic waste can reach
the ocean by 50% to 50 km from land to the ocean, 10
km from land to rivers and 500 km along rivers to the
ocean. This also changes only WFM parameters.

We estimated PE and PO using these future projections and
policy measure scenarios. The results as well as a comparison
to the year 2015 can be found in section 3.4. Next we describe
how we predicted the advection of PO in the ocean using a
Lagrangian simulator.

2.7 Simulation of Plastic Particle Distribution by
Ocean Currents

In this section we describe how we estimated the distribution
of plastic particles entering the ocean on a 0.1x0.1° grid (PO).
This was done by running PARCELS (Probably A Really
Computationally Efficient Lagrangian Simulator) [76] using
the current data described in section 2.1. The PARCELS
project is an open source set of python classes to create particle
tracking simulations using hydrodynamic fields. We begin by
describing how we modified the raster containing PO to allow
usage in PARCELS. This is followed by the description of the
simulation set-up of PARCELS. In the end of this section we
present how we analysed the PARCELS output.

2.7.1 Modification of the particle input location
A modification of our PO data (0.1x0.1° raster) was needed
as the current data is available on a 0.25x0.25° resolution
(compare table 3). This is a necessary step because the fine
0.1x0.1° raster includes bays that are considered as land in the
coarser 0.25x0.25° current data. Particles released at raster
cells of the 0.1x0.1° raster might not be inside a cell of the
0.25x0.25° current data. PARCELS would thus not advect
these particles as they are considered to be on land. As the
current data is also known to be inaccurate close to the shore
[62] we decided to release particles from cells that are adjacent
to shoreline cells (e.g. further into the ocean). We thus created
a 1x1° raster that contains the PO of all 0.1x0.1° raster cells.
In this new raster, the plastic input of each cell is moved to
the closest adjacent cell further away from the shoreline. We
obtained the coordinates of each cell that represents at least
100 t of plastic waste from PO. These coordinates were then
used in simulation. Next we describe how the simulation was
set-up.
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2.7.2 Simulation set-up
We run the PARCELS simulation from 1993 until 2015. We
therefore use the current data (only from 1993-2017) as de-
scribed in table 3) and the coordinates of cells where at least
100 t of plastic enter the ocean (previous section). We add
particles every 10 days according to the mass of plastic en-
tering the ocean (100 t = 1 particle, 200 t = 2 particles, ...).
Each particle is then advected every 10 minutes for one day
using 4th order Runge-Kutta and the new position is deter-
mined. A Brownian motion kernel is included to simulate
turbulent transport as well as micro scale advection not rep-
resented in the 0.25x0.25° hydrodynamic field. Therefore,
each particles position is changed by a random value between
0 and 100 m/day in both longitudinal and latitudinal direc-
tion. This also ensures that particles with the same start point
would have slightly different paths to represent both sub-grid
scale motions as well as differences in particle size, shape and
buoyancy. At the end of each month, the simulated particle
density in the 0.25x0.25° ocean grid is stored. Furthermore,
every particle is removed from the simulation after three years.
This sink represents the settling of fragments as described by
Koelmans et al. [42]. Because the model starts with an un-
contaminated ocean in 1993 and it takes three years to reach
an equilibrium (when the initial particles get deleted), the
PARCELS simulation is able to produce meaningful results
for the time period 1996-2015.
In the next section we describe how we interpreted the results
from the PARCELS simulation using the set-up described
above.

2.7.3 Analysis of particle densities
As mentioned above, a particle in the PARCELS simulation
represent 100 tons of plastic. This particle size was chosen to
reduce the runtime of the simulation. Because we included a
Brownian motion kernel, we assume that an increased num-
ber of particles (e.g. 1 particle representing 10 t of plastic)
would create smoother density distributions. Therefore, we
smoothed the densities obtained from PARCELS. We used the
kde2d function from the MASS package [77] to derive kernel
density estimates (KDE). KDEs assume that the probability
of each particles location can be described as normally dis-
tributed, which represents the uncertainty of the Brownian
motion. The sum of all particle probabilities represents the
cumulative density function. Thus, the product of the KDE
and mass of plastic represented by each particle (100 t) equals
the amount of plastic in the ocean. We obtained the standard
deviation of each particles normally distributed location us-
ing the bandwidth.nrd function from the MASS package [77].
This function uses the Gaussian approximation to obtain a op-
timal smoothness of the prediction compared to the data. The
obtained KDE was then multiplied by the amount of plastic
that each particle represents to get an estimate of the plastic
density in the ocean.

In the following chapter we will present the results of the
analyses that were described in this chapter.

3. Results
In this chapter we present the results of our MLM and the esti-
mates for PE and PO for the time period 1990-2015 as well as
for our scenarios. We start with presenting the selected NNET
and RF model in section 3.1. This is followed by estimates of
MSWC for each country in the years 1990-2015 derived from
these MLM (section 3.2). We then show the estimated PE
and PO (including riverine and coastal inputs) for this same
time period in the sections 3.3.1 and 3.3.2 respectively. This
is followed by the comparison of PE and PO of 2015 to the
future projections and policy change scenarios (section 3.4).
We then present the estimated densities of marine plastic from
the PARCELS particle advection model 3.5. In the end of this
chapter, we present the results of the machine learning model
stability tests in section 3.6.

3.1 Performance of the Machine Learning Models
Here we present the MLM that we selected as described in
section 2.4.4). We first present the NNET model,then the RF
model. This is followed by a comparison of both models.

NNET
The error of prediction of the unseen test data of the selected
NNET model is presented per country in Figure 10 A. For two
out of the eleven countries with the highest plastic input, the
error of the prediction is <= 10% (compare table 6). From the
four countries with the highest plastic input, only the Philip-
pines (94%) have prediction errors below 100%. While the
errors of China (119%) and Sri Lanka (129%) are slightly
above 100%, the model predicted 6.5 times higher MSWC for
Indonesia (654%) than observed. Additionally, none of the
10’000 NNET models was able to predict China an Indonesia
with an error of less than 94% and 211% respectively. In total,
24 countries have errors >100% and an additional eleven have
errors >50% (Fig. 10 A). 19 countries have an error of less
than 10%. The NNET model has an average MSE of 0.04
t/person/year and an R2 of 0.88 (table 6 and Figure 10 B).
The MSE of the unseen test data in the CV is 0.045 (Fig. 10
C). No country in South America can be predicted with an
error of less than 23% (Ecuador) and no low-income country
has a prediction error of less than 317% (Senegal) (Fig. 10
D). Additionally, the prediction error of a country usually
decreases with increasing income.

RF
The error of prediction of the selected RF model is presented
per country in Figure 11 A. For six out of the ten countries
with the highest plastic input, the prediction error is <= 10%
(compare table 6). From the four countries with the highest
plastic input (compare table 6), China (49%) and the Philip-
pines (25%) have prediction errors below 50% and Indonesia
(215%) and Sri Lanka (294%) have errors between 200-300%.
However, none of the 10’000 RF models was able to predict
these two countries with an error less than 180% and 241%
respectively. In total nine out of 125 countries have errors
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Figure 10. Summary of the selected NNET model. A: Map including the mean error of the predicted versus observed MSWC
in percent Grey countries had no data available. B: Comparison of the predicted versus observed MSWC for all available data.
Red circles represent the test data which was not used in training the RF. C: Boxplot showing the MSE of the 10-fold CV that
was performed after training the model. The grey circles represent training data and the red circles represent test data. D:
Median error per region and income.
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Figure 11. Summary of the selected RF model. A: Map including the mean error of the predicted versus observed MSWC in
percent. Grey countries had no data available. B: Comparison of the predicted versus observed MSWC for all available data.
Red circles represent the test data which was not used in training the RF. C: Boxplot showing the MSE of the 10-fold CV that
was performed after training the model. The grey circles represent training data and the red circles represent test data. D:
Median error per region and income.
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Table 6. Error of prediction versus observation of the
selected NNET and RF models for the countries that
contribute the most to marine plastic pollution according to
Jambeck et al. [4] as well as the MSE and r2. The error of
prediction of these eleven countries with a high impact on PO
was used to select the NNET and RF models that have the
best overall performance (section 2.4.4). The column range
indicates the minimum and maximum error of all 10’000
generated models for that country. An estimate of PO for our
top 10 countries can be found in table 10.

NNET error [%] RF error [%]
Used Range Used Range

China 119 94−-352 49 41−116
Indonesia 654 211−1’340 216 180−422
Philippines 94 0−269 25 10−103
Sri Lanka 129 0−2’116 294 241−861
Egypt -63 -19−-85 -4 0−-18
Malaysia -5 0−-41 -2 0−-8
Algeria 14 0−54 11 0−23
Turkey -32 -5−-57 -8 -6−-14
Brazil 44 -2−98 10 6−17
Morocco 28 0−83 1 0−55
USA -2 0.0−-35 0 0−-1

MSE 0.04 0.03−0.08 0.004 0.003−0.009
r2 0.88 0.92−0.80 0.99 0.99−0.98
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Figure 12. Difference of the NNET and RF model prediction
error for each country. Negative values indicate countries that
are better predicted by the NNET model, positive values
indicate countries that are better predicted by the RF model.
Grey indicates countries where no MSWC data was available.

>100% and an additional four have errors >50%. 39 coun-
tries have an error of less than 10%. The RF model has an
average MSE of 0.0036 and an r2 of 0.99 (compare table 6 and
Figure 11 B). The MSE of the unseen test data in the CV is
0.0063 t/person/year (Fig. 11 C). For each continent there are
several countries with an prediction error <10% (Fig. 11 D).
Also, for each income class, there is at least one country with
a prediction error of less than 10%. However, the prediction
error of a country usually decreases with increasing income.

Comparison of the NNET and RF model
After describing the selected NNET and RF model we now
compare them. Figure 12 shows the difference of the NNET
and RF prediction error. The RF model is more successful in
predicting the MSWC than the NNET model in 100 out of 106
countries where MSWC data was available. The six countries
where the NNET model has the smaller error in prediction
include Andorra, Belize, Costa Rica, Georgia, Russia and
Sri Lanka. However, for Andorra, Costa Rica and Georgia,
the difference in the NNET and RF prediction error is below
6%. The error is bigger for Belize, Russia and Sri Lanka,
where the NNET model has an error of 15%, 76% and 129%
respectively while the RF model has an error of 38%, 182%
and 293% respectively. Thus, the RF model prediction is
always significantly more accurate than the NNET, except in
3 out of 106 countries where the NNET error is significantly
lower. We therefore dropped the NNET model for the final
analysis and only used the RF model to calculate MSWC and
thereof PE and PO. In the next section we will present the
estimates of MSWC derived from the RF model.

3.2 Predicted MSWC
Here we present our estimates for MSWC which we derived
using the RF model presented in the previous section. We
dropped the NNET model because the RF model was superior
in the prediction performance (Fig. 12).
The RF models predicts an increase in the average worldwide
MSWC from 0.28 t/person/year in 1990 to 0.35 t/person/year
in 2015 (table 7). Of all countries, Kuwait is predicted to
collect the highest amount of MSW in 2015 (3.29 t/person)
and Burundi collected the least MSW with 6 kg/person in
2015. The 20 countries with the highest predicted MSWC in
2015 are located on all continents except Africa and South
America (Fig. 13 A). All of these are high-income countries,
where the median error of prediction is 2% (Fig. 11 D). Only
two of the 20 countries with the lowest predicted MSWC are
not located in Sub Saharan Africa (Laos and Afghanistan) and
14 of them are low-income countries.
The USA collect the most MSW (0.65 t/person) and Indonesia
the least (0.10 t/person) from the 20 countries that have the
highest impact on marine plastic debris according to Jambeck
et al. [4]. China, the country with the highest impact on ma-
rine plastic debris [4], has a predicted MSWC of 0.22 t/person
and 0.26 t/person in 1990 and 2015 respectively.
Figure 13 A shows the averaged predicted values of MSWC
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from the RF model for the years 1990-2015. In all coun-
tries in Western Europe (except Portugal), North America
and Oceania, the amount of MSWC has remained constant
or decreased slightly. At least 0.4 t of MSWC per capita and
year are predicted in these countries. The average MSWC
in these continents has remained almost constant during this
time period (compare table 7 and Fig. 13 B). In Africa, no
country collected more than 0.4 t MSW per person in 1990
and most countries are predicted to have a collection of no
more than 0.1 t per person and year. The continental average
is thus by far the lowest at 0.09 t/person (table 7). However,
several countries in Sub-Saharan Africa are predicted to have
increases of MSWC in the time period 1990-2015 (Fig. 13 B).
This is also apparent in the 2015 continental average which
has increased to 0.15 t/person (table 7). A similar trend can be
seen in South America, where average MSWC has risen from
0.23 t/person in 1990 to 0.32 t/person in 2015 and all countries
except Colombia collect the same amount or more waste in
2015 compared to 1990 (Fig. 13 B). Asia has the strongest
increase in the average MSWC, from 0.29 t/person in 1990 to
0.47 t/person in 2015 (table 7). However, while many coun-
tries in South Asia, including the Arabian Peninsula, have
rising MSWC rates, Russia and Laos (-0.20 kg/person/year
and -0.22 kg/person/year respectively) are predicted to have a
declining rate (Fig. 13 B). However, the prediction error of
Russia is 182% (Fig. 11 A) and this result has to be consid-
ered with caution.
From all 174 countries, 12 exhibit a decrease in MSWC of at
least 0.1 t/person/year between 1990 and 2015 (Fig. 13 B).
Eight of these are high-income countries, three and one are up-
per and lower middle-income countries respectively. In total,
53 countries show a decrease (Fig. 13 B). Thereof, 38 show
a decrease of <1%. Monaco exhibits the largest decrease by
43% from 1.32 t/person/y in 1990 to 0.89 t/person/y in 2015.

Table 7. Summary of the modelled MSWC in 1990 and 2015
for the three countries with the highest collection as well as
averaged for the income classes, the continents and
worldwide.

Subset
MSWC
[t/person/year]
1990 2015

World 0.28 0.35
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Figure 13. Predicted MSWC from the RF model averaged from 1990 - 2015 for each country and the relative change in 2015
compared to 1990. Please note the tenfold difference in the scale of the change plots. Countries with a MSWC >1 t/person/year
(Singapore, Qatar, Monaco, Bermuda and Kuwait) or a relative change >1’000% (Lesotho and Bangladesh) are marked in
violet to keep the colour gradients in scale.
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3.3 Predicted Plastic Fluxes to the Environment and
the Oceans

In this section we present our predictions for PE and PO,
derived from the WFM presented in section 2.5 and Figure
8. We start with the estimates of PE and then present the
estimates of PO broken down to riverine and coastal inputs.

3.3.1 Predicted PE
The WFM suggests that the amount of worldwide PE has
continuously risen from 31.8 Mt in 1990 to 51.0 Mt in 2015
(table 8). While the plastic that entered the environment in
1990 originated in equal amounts from collected and uncol-
lected MSW (15.9 Mt each), this fraction has changed over
time. In 2015, 58% originated from MSW that entered the
collection system while 42% originated from MSW that was
not collected.

3.3.2 Predicted Plastic Fluxes to the Oceans
Here we present the estimates for PO separately for riverine
and coastal inputs and as a total.

Fluxes from rivers
The WFM (compare Fig. 8) predicts that 0.47 Mt (3%) of the
plastic that enters the ocean in 1990 (13.4 Mt) originated from
riverine sources (table 8). The fraction of riverine sources
is predicted to double (6%) until 2015. Figure 14 A shows
the evolution of riverine plastic flux to the ocean from 1990
to 2015. In 1990, rivers in Asia and Europe are predicted to
have released 225 kt (48%) and 162 kt (34%) respectively into
the oceans. All the other rivers accounted for 95 kt. In 2015,
the highest fluxes are predicted in Asia with a total of 739
kt (70%), followed by Africa and Europe with 135 kt (13%)
and 114 kt (11%) respectively and 73 kt are released in the
remaining continents combined. Europe is the only continent
where the riverine input decreased in the study period (by
51%). However, the input in Asia and South America tripled
while input in Africa and North America doubles during the
same time period. Table 9 shows the input of the top 10 ranked
rivers in 2015. Eight of these ten rivers are located in Asia
and five flow through China (Yellow River, Yangtze, Xi River,
Red River and Mekong). Figure 15 shows the global riverine
input in 2015. It can be seen that the rivers with the highest
plastic loads (>10 kt/year) are located in Asia, Africa and
Europe while no rivers in the Americas or Oceania has loads
>10 kt/year. Furthermore, a North-South gradient can be seen.
Rivers that flow to the Arctic Sea carry <100 t/year. The river
Ob in Russia is the only exception with >100 t/year. Also
rivers in Australia and New Zealand as well as Alaska and
Canada usually carry <100 t/year. All other estimated river
loads are >100 t/year. In 1990, 61% (295 kt) of all riverine
plastic waste originated from lower middle-income countries.
This fraction has remained constant until 2015 (60%, 638 kt).
However, while the input from high-income and low-income
countries has only risen from 73 kt to 95 kt and from 22 kt
to 35 kt respectively, the input from upper middle-income
countries has tippled from 92 kt to 292 kt. Together, upper

and lower middle-income countries account for 88% of the
global riverine marine plastic input in 2015.

Fluxes from the coast
The input from coastal sources (compare Fig.14 B) is pre-
dicted to increase from 13.0 Mt to 17.7 Mt while accounting
for 97% and 94% respectively of PO in the years 1990 and
2015 (table 8). Predictions for countries in Europe, North
America an Oceania remained relatively constant over time,
but many African, Asian and South American countries have
increased their plastic input (Fig. 13 B). African countries
emitted 279 kt (2% of global coastal input) in 1990 and 728
kt (4% of global coastal input) in 2015 and thus doubled their
fraction of global coastal inputs (table A.3). The total coastal
plastic input from South American countries increased from
213 kt (2%) to 592 kt (3%), North America from 331 kt (3%)
to 587 kt (3%) while Europe decreased from 900 kt (7%) to
732 kt (4%). The coastal plastic input from Asian countries
rose from 11’217 kt (86%) to 15’015 kt (85%). China re-
leases 8’539 kt and is thus accountable for more than half of
the Asian coastal plastic input and 48% of the global coastal
input in 2015.
All low-income countries (representing 11% of the global
population in 2015) combined account for 1% of the coastal
plastic waste flux to the ocean in 2015 and high-income coun-
tries (31% of the global population) account for 9% (table
A.3). Thus, upper and lower middle-income countries account
for 55% and 35% respectively (while representing 14% and
44% of the global population respectively). However, the total
fluxes from low-income and lower middle-income countries
have tripled since 1990 while the upper middle-income coun-
tries have remained relatively constant (9’319 kt in 1990 and
9’762 kt in 2015).

Total plastic influx to the oceans
We predict an increase in total marine plastic input from 13.4
Mt in 1990 to 18.7 Mt in 2015 (table 8). Table 10 shows the
ten countries that we estimate to produce the most marine
plastic litter in 2015. This tables also shows the evolution of
the marine plastic litter input of these countries. China alone
produces 8’770 Mt of marine plastic debris in 2015, which ac-
counts for 47% of the worldwide input in 2015. Compared to
the country with the second highest input (Indonesia), China
accounts for six times more marine plastic litter. From the
top ten countries, only Brazil and the USA are not located
in Asia and out of the Asian countries, only Bangladesh and
India are not in South East Asia. Combined, the top 10 emit-
ters account for 11.1 Mt in 1990 and 15.1 Mt in 2015 which
represents 83% and 81% of the worldwide input. From 1990
to 2015, only the input of Europe decreased from 1’063 kt to
847 kt (table A.4). In Africa (1990: 240 kt, 2015: 864 kt) and
North America (1990: 359 kt, 2015: 637 kt) the input roughly
doubled while South America (1990: 220 kt, 2015: 615 kt)
tripled its plastic flux. The input of Oceania increased from
31 kt to 37 kt, which represents 0.2% of the worlds input.
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Figure 14. Predicted marine plastic input averaged for the years 1990 - 2015 and the relative change in 2015 compared to 1990.
A) Modelled input from riverine sources per country. B) Modelled input from coastal sources per country. C) Modelled input
from both coastal and riverine sources per country. Please note the log-scale in the average input and the tenfold difference in
the scale of the change plots. Countries with a relative change >1’000% are marked in violet to keep the colour gradient in
scale.
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Table 8. Summary of the modelled fluxes of plastic to the environment and the ocean for the years 1990, 1995, 2000, 2010 and
2015. We separate the PE by inputs from the waste collection system and from uncollected waste. The PO is separated by
inputs from coastal areas and from riverine sources.

1990 1995 2000 2005 2010 2015

Flux from MSWC to PE [Mt] 15.9 17.5 20.0 21.6 27.1 29.5
Flux from uncollected MSW to PE [Mt] 15.9 17.3 19.4 19.8 22.3 21.5
Total PE [Mt] 31.8 34.9 39.5 41.4 49.4 51.0

Flux from PE to PO by rivers [Mt] 0.47 0.55 0.72 0.81 1.07 1.1
Flux from PE to PO by coastal areas [Mt] 13.0 13.8 15.7 15.1 16.5 17.7
Total PO [Mt] 13.4 14.4 16.4 15.9 17.5 18.7

● ● ●● ●● ● ●● ● ●● ●● ●● ●● ●● ●●● ● ●● ● ● ●● ●● ● ●● ●● ●● ●● ●● ● ●●●● ● ● ● ●● ●● ● ● ●● ● ●● ● ●●●● ●● ● ● ●● ●● ●● ●● ● ●● ● ●●●●●● ● ●● ●●● ●● ●● ●● ●●● ●●● ● ●● ● ●●●● ●●●●● ●● ●● ●●●●●● ●●●●●
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Figure 15. Predicted riverine plastic input to the oceans in 2015. In total, 342 rivers transported 1.1 Mt of plastic to the ocean
(compare table 8). Please note the log-scale. A more detailed description can be found in section 2.5.3
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Table 9. List of the 10 rivers with the largest estimated
plastic input to the ocean in kt in 2015, ranked by their 2015
plastic input. The number in the column world represent the
fraction of the total riverine plastic input in 2010.

Name Input 2010 [kt] World

Ganges-Brahmaputra 145’691 13.5%
Yellow River (Huang He) 104’282 9.7%
Nile 99’924 9.3%
Yangtze (Yangzi Jiang) 89’358 8.3%
Indus 77’087 7.2%
Pearl River (Zhujiang) 62’684 5.8%
Red River (Yuang Jiang) 60’430 5.6%
Irrawaddy 42’556 3.9%
Mekong 34’997 3.2%
Congo 30’202 2.8%

As with the coastal plastic inputs, all low-income countries
combined account for 1% of the total plastic waste flux to
the ocean in 2015 and high-income countries account for 9%
(table A.4). Thus, upper and lower middle-income countries
account for 53% and 37% respectively. However, the total
fluxes from low-income and lower middle-income countries
have tripled since 1990 while the upper middle-income coun-
tries have remained relatively constant (9’410 kt in 1990 and
10’055 kt in 2015).

After describing the results of our estimates of PO for the time
period 1990-2015, we present the estimates of PO we made
for the future projections and the policy change scenarios in
the next section.

3.4 Scenarios
Besides the PO estimates for the years 1990-2015, we also
used the MLM to predict future projections and the WFM
to predict policy change scenarios. This includes projections
for the years 2030 and 2050 as well as scenarios including
a 100% collection rate of MSW, no losses of plastic to the
environment and a decreased transport distance of plastic
litter (as described in section 2.6). Here we first present the
estimates of the future projections, followed by the predictions
for the policy change scenarios.

3.4.1 Future projections
Here we present the projections for the years 2030 and 2050
(assuming business as usual) and compare them to the year
2015. These were created by extrapolation the population den-
sity and the PVs used in the RF model presented in section3.1.
The PVs and the population density were extrapolated as de-
scribed in section 2.6.

Table 10. Summary of the modelled PO from 1990 to 2015
for the ten countries with the highest plastic input to the
oceans in 2015, ranked by the 2015 values. A detailed
description can be found in section 2.5.

Country
Total marine plastic input [kt]

1990 1995 2000 2005 2010 2015

China 8’854 8’888 9’512 8’067 8’632 8’770
Indonesia 395 634 605 427 783 1’431
Vietnam 369 473 704 1’115 1’220 1’197
Timor-
Leste

529 648 800 896 965 1’096

Philippines 231 358 609 785 769 782
India 122 220 258 322 293 404
Brazil 135 131 250 433 402 377
Myanmar 270 293 335 162 291 372
Bangladesh 16 48 191 223 312 357
USA 232 245 287 300 312 328

Projection for 2030
For 2030, the RF model predicts a PO of 19.7 Mt, which is
a 5% increase compared to 2015 (table 11). This increase
mostly originates from Africa, which increases its input by
50% to 1’210 kt (+346 kt) and Asia, whose input increases by
1.7% (+282 kt). Nine of the ten countries with the highest in-
put are still the same as in 2015 (compare table 10). The input
of the USA decreases from 238 kt in 2015 to 203 kt in 2030.
Meanwhile, Pakistan increases its input from 149 kt to 369 kt
and thus replaces the USA in the list of the biggest emitters
in 2030. Also China decreases its input by 51% (8’770 kt in
2015) to 5’816 kt. Nevertheless, China is till on the higher
rank than Indonesia, whose input increased by 39% to 1’995
kt. We project a 41% increase in riverine input (from 739 kt
in 2015 to 1043 kt in 2030) in Asia while the fluxes in South
America decrease (from 21.9 kt in 2015 to 9.6 kt in 2030).
Riverine transport from lower middle-income countries could
double (to 1’169 kt) compared to 2015 while the input from
upper middle-income countries might increase 1.5 times (to
173 kt). The flux from the shore is predicted to remain con-
stant for Asia (15’015 kt in 2015 ad 14’993 kt in 2030), while
it increases by 39% (from 723 kt to 1’013 kt) in Africa and
by 23% (733 kt to 900 kt) in Europe. The other continents
change by <10%.

Projection for 2050
For 2050, we predict a PO of 21.6 Mt, which is a 16% increase
compared to 2015 (table 11). This increase mostly originates
from Asia, which increases its input by 12% (+1’868 t) and
Africa, whose input increases by 60% to 1’382 kt (+ 518
kt).The same countries are atop of the top 10 list as in 2030.
While China is still leading with 6’403 kt (decrease of 27%
compared to 2015), the Philippines are second with 2’137 kt
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(increased by 173% compared to 2015). The riverine fluxes
increase in Africa (from 135 kt in 2015 to 209 kt in 2050) and
Asia (from 739 kt in 2015 to 1’279 kt in 2030) the input of the
other continents changes <10%. The plastic input from the
shore increases in Africa (+445 kt to 1174 kt), Asia (+1’337
kt to 16’342 kt) and North America (+155 kt to 578 kt). We
project that the rise from 2015 to 2050 in the total worldwide
marine plastic input (2.9 Mt) mostly originates from Asia
(+1’868 kt) and Africa (+518 kt) the other continents only
show moderate increases. In the income classes, a shift from
the upper middle-income countries (-2’764 kt) towards lower
middle-income countries (+4’961 kt) might arise.

Comparison of the 2030 and 2050 projections
We project an increase of PO for the years 2030 and 2050
(table 11). The increase in the period 2030-2050 (+1.7 Mt
total, +85 kt/year) is larger than in the period 2015-2030 (+1
Mt total, +67 kt/year ). Figure 16 shows that we project a
strong increase in PO originating from lower middle-income
countries between 2015 and 2030. However, in the same
time period we also predict a decrease in PO originating from
upper middle-income countries. Thus, the total PO increase is
subdued. In the time period 2030-2050, we project increasing
PO for both lower and upper middle-income countries. Thus,
the global PO shows a larger increase in this period. Figure
16 also shows that the PO inputs of the low-income and high-
income countries only make up a small fraction of the global
input.

3.4.2 Policy change scenarios
Here we present the estimates for the scenarios. We created
three scenarios, simulating policy measures that aim to collect
all waste, decrease losses to the environment and reduce the
transport to the ocean. These scenarios were created by chang-
ing parameter values of the WFM presented in section2.5.
We used the MSWC predictions of 2015 and thus compare
to this year. A detailed description can be found in section 2.6.

No uncollected MSW
In this scenario we assume that 100% of the MSW is col-
lected (MSWC = MSWT). Table 11 shows, that we predict a
reduction of PE by 15% to a total of 43.4 Mt (as compared to
the regular value of 51.0 Mt in 2015). We predict that PO is
reduced by 10% to 16.9 Mt (18.7 Mt in 2015). A decrease can
be seen in both riverine transport (-0.3 Mt) and influx from
the shore (-1.7 Mt). Thus, we predict that collecting all the
MSW produced in 2015 would only decrease the PE by 15%
and the PO by 10%. Comparing the continents reveals that the
biggest change in PO is predicted in Asia (-1.5 Mt) while the
other continent show reductions of less than 0.1 Mt. Consider-
ing the income classes, both upper and lower middle-income
countries could reduce their predicted marine input by 0.8 Mt
while high and low-income countries have lower decreases.
Thus, increasing the Fcollection might only have a significant
result on the amount of PO in Asian middle-income countries.

No losses
In this scenario we assume that no flux to PE occurs from
either the waste collection system or from uncollected waste.
In the case that no losses occur from the waste collection
system, we predict a PE of 21.5 Mt and a PO of 7.7 Mt (table
11). This represents a reduction of 58% and 59% respectively
compared to the regular 2015 values. In the case where no
losses occur from uncollected waste, we predict a PE of 29.5
Mt and a PO of 11.1 Mt. This represents a reduction of 42%
and 41% respectively compared to the regular 2015 values.
Furthermore, our predictions indicate that 40% (0.4 Mt) of
the riverine plastic waste originates from MSWC while 60%
(0.6 Mt) originate from uncollected waste. From the coastal
fraction of PO, 41% (7.2 Mt) originate from MSWC while
59% (10.5 Mt) originate from uncollected waste. Again, the
biggest effect of this measure can be seen in Asia, which con-
tributes to 90% (6.9 Mt) of the reduced plastic inputs. Also
reducing the losses in the middle-income countries would
result in an 90% reduction. Worldwide, minimizing the losses
from the waste collection system could reduce the worldwide
PE and PO by up to 60%.

Halved transport distances
In this scenario we assume that the probability of transport
of plastic is halved (e.g. due to collection of PE). Table
11 shows that this could lead to a reduction of PO by 29%
to 13.3 Mt (compared to the regular value of 18.7 Mt in
2015). Efforts in removing plastic from the environment
could reduce the riverine plastic input by 55% (to 0.5 Mt), and
the coastal input by 28% (to 12.8 Mt). This policy measure
shows no major differences among the continents for riverine
and coastal inputs.

3.5 Predicted Concentrations of Floating Marine
Plastic

Here we present the estimated changes for the concentrations
of marine plastic debris in the years 1996 and 2015. Figure
17 A shows the yearly averaged plastic concentrations in the
oceans have changed from 1996 to 2015. Oceans that show no
difference include the South Pacific and the Southern Ocean.
All other oceans show zones of changed concentrations. In
the North Pacific, North and South Atlantic and the Indian
Ocean, zones of increase are related to the known aggregation
zones of the gyres. These oceans also include minor zones of
decrease. The largest increases can be seen in the southern
Indian Ocean, in the North Atlantic, in the Arctic Sea near
Scandinavia and western Russia and in the Seas around Japan.
We predict a major decrease of plastic concentrations in the
the North Sea, the Baltic Sea and in the western North Atlantic
(Bay of Biscay). Comparing the mean concentration of the
years 1996 and 2015 (Fig. 17 B&C) reveals that the shape
of the aggregation zones have changed from 1996 to 2015.
This results in the small zones of decrease found in most
Oceans. The change of the shape of the aggregation zones
can be explained by slightly different currents in these years.
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Figure 16. Estimated marine plastic input for the years 1990-2015 (solid lines) including projections for 2030 and 2050
(marked with points). The estimates are provided for the four income classes and for the whole world. The dashed lines
represent the trends between 2015 and 2030 and between 2030 and 2050 but are not based on estimates for the years
in-between.

Table 11. Summary of the modelled fluxes of PO and PO for the future projections of the years 2030 and 2050 as well as for the
policy change scenarios. We include the year 2015 as a comparison. The future projections are derived using the MLM with
projected PVs and population density and the 2015 WFM. The policy change scenarios are derived using the 2015 MLM
estimates and changes in the WFM (see section 2.6).

2030 2050 All coll. No loss in Distance 2015
uncoll. coll.

Plastic flux from collected MSW to the environment [Mt] 32 36.8 43.4 29.5 0.0 29.5 29.5
Plastic flux from uncollected MSW to the environment
[Mt]

22.4 26.5 0.0 0.0 21.5 21.5 21.5

Total plastic input to the environment [Mt] 54.4 63.3 43.3 29.5 21.5 51.0 51.0
Plastic flux from rivers to the ocean [Mt] 1.5 1.7 0.8 0.6 0.4 0.5 1.1
Plastic flux from coastal areas to the ocean [Mt] 18.2 19.9 16.0 10.5 7.2 12.8 17.7
Total plastic input to the ocean [Mt] 19.7 21.6 16.9 11.1 7.7 13.3 18.7
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Overall, the only major decrease in plastic concnetrations is
predicted for the North Sea and the Baltic Sea. As no current
data is available for the Mediterranean, we excluded plastic
particles in this Ocean.

3.6 Model Stability
Here we present the results of the stability test performed on
the NNET and RF models as described in section 2.4.3. We
tested both the bias of the training data size and the bias of in
the training data selection.
Both models have a better prediction performance the bigger
the training dataset is (Fig. 18 A&B). Generally, the more
data is used for training, the better is the model performance.
Both MLM perform best when the training data consists of
90% of the available data (white lines). Additionally, the RF
is more sensitive to the size of the training dataset than the
NNET. However, the effect on the error is relatively low when
varying the size between 80% and 50% compared to the mod-
els trained on 40% or less.
A strong variation in the error of the NNET and RF model
prediction (MSE) is observed when the training data is biased
(Fig. 18 C&D). Both MLM perform best when trained on the
high-income countries and perform worst when trained on the
lower middle and low-income countries. Overall, both models
behave similarly when trained on the same data. While the
size of the training data is between 1% (Oceania dataset) and
64% (high-income dataset), the MSE is always lager than for
randomly sampled training data (Fig. 18 A&B). Thus, MLM
trained on biased data will have a larger MSE compared to
MLM trained on randomly sampled training data. The effect
of the cluster (where C1 represents countries with the lowest
GDP and C7 those with the highest GDP) does not follow
the trend observed with the income where ”rich” countries
perform better. When the models are trained on data from
Europe, the prediction is worse than when the training is per-
formed on other continents.
Contrary to the above described bias in the training data size,
the effect of the size of the training data is of less importance.
Training on the 17 data points from Oceania results in an
overall better prediction for worldwide data than training on
773 points from the countries in Europe.

In the following chapter we will discuss the results that were
described in this chapter.

4. Discussion
In this chapter we will discuss the results that we presented
in the previous chapter. We will first compare the results of
MSWC and PO and assess implications. We then compare our
main results with findings from the literature. This includes
our estimated MSWC rates as well as the estimated PO by
riverine sources and in total. Following, we propose methods
to assess the error of our estimates. Then we show how
the RF model error might affect our estimates and propose
suggestions for how this could be changed. In the end we
evaluate if the goal we presented in the introduction were
reached.

4.1 Implications of the Results
Here we compare the results of MSWC and PO as presented
in the previous chapter. We show trends and implications and
present possible explanations. We suggest possible solutions
to tackle the problem of marine plastic debris. We start by de-
scribing the regional and temporal changes of PO. Following
we discuss the influence of the income on PO. Then we com-
pare the effect of increasing Fcollection and decreasing losses
from the waste collection system. In the end of this section
we discuss the effect of the transport distance on PO.

4.1.1 Geographical Differences over Time
Our results show that the predicted PO has mostly increased
from 1990 to 2015 in African, South Asian and South and
Central American countries (Fig. 14). Eastern European
countries show the largest decrease. These results align with
the estimates of MSWC for 1990 and 2015 (table 7), where
we predict increases in Africa, Asia and South America. For
Europe, North America, and Oceania we predicted constant
values. The decrease in Eastern Europe can be explained by
the Fcollection rates which have increased from 63% in 1990
to 82% in 2015. Thus, the MSWT has decreased in Eastern
Europe (by 11%) and the decreased losses from uncollected
waste have lead to lower PO.

4.1.2 Influence of the Income on PO
We predict that in 2015, the middle income countries (58% of
the global population) account for 90% of the global plastic in-
put to the oceans (compare Fig. 16). This is in agreement with
Jambeck et al. [4] who also identify 16 of the 20 countries
with the highest plastic inputs to the ocean as middle-income
[4]. This could be explained by fast economic growth in these
countries while the waste management system lags behind
the increasing MSW production [37]. When comparing our
predictions for 2030 and 2050, the input of the current upper
middle-income countries could reach their ”peak waste” in
this time period (compare Fig. 16). On the other hand, the
input from the current lower middle and low-income coun-
tries will continuously increase. Assuming further economic
growth, the countries could rise in their income classification
and follow the same trend as today’s high-income countries.
This implies that PO will further increase in the next 30 years
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Change in floating marine plastic debris concentration from 1996 to 2015 [kg/km2]
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Concentration of floating marine plastic [kg/km2]
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Figure 17. Results of the PARCELS simulation. A: Predicted difference in the concentrations [kg/km2] of marine plastic
debris from 1996 until 2015. B: Predicted concentrations for 1996. C: Predicted concentrations for 2015. See section 2.7 for
further details.

33/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015

H
 (8

98
)

A
S 

(3
40

)
C

4 
(4

19
)

O
C

 (1
7)

C
6 

(1
07

)
U

M
 (3

09
)

C
5 

(1
68

)
A

F 
(8

9)
C

2 
(2

19
)

C
3 

(3
13

)
A

M
 (1

53
)

EU
 (7

73
)

C
1 

(1
25

)
LM

 (1
51

)
L 

(3
6)

0.00
0.05
0.10
0.15
0.20
0.25
0.30

H
 (8

98
)

O
C

 (1
7)

C
4 

(4
19

)
C

6 
(1

07
)

A
S 

(3
40

)
C

2 
(2

19
)

C
5 

(1
68

)
A

F 
(8

9)
A

M
 (1

53
)

U
M

 (3
09

)
C

3 
(3

13
)

C
1 

(1
25

)
EU

 (7
73

)
LM

 (1
51

)
L 

(3
6)

0.00
0.05
0.10
0.15
0.20
0.25
0.30
0.35

80
%

70
%

60
%

50
%

30
%

40
%

20
%

10
%

80
%

70
%

50
%

60
%

40
%

30
%

20
%

10
%

0.00

0.02

0.04

0.06

0.08

0.35

0.00

0.02

0.04

0.06

0.08

C: NNET training data selection bias D: RF training data selection bias

A: NNET training data size bias B: RF training data size bias

% of data used for training % of data used for training

M
SE

M
SE

M
SE

M
SE

Figure 18. Results of the Model stability tests as described in section 2.4.3. A and B show the MSE for different sized training
data. C and D show the MSE of the MLM trained on data selected by income, continent, or cluster. The numbers in brackets
indicate how many data points were included in each training dataset (total N=1’394). The white lines indicate the MSE of the
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EU: Europe, Cn: GDP-cluster n (compare Fig. 5).
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if no changes in either policy measures or no improvements
in the waste collection system occur.

4.1.3 Influence of Fcollection and the Losses from the Waste
Collection System on PO

We predict that a Fcollection of 100% would decrease the 2015
PO by 1.7 MT, which equals 10% of the global PO (section
3.4.2. This is mainly due to reduced plastic waste emissions
in Asian and middle-income countries (1.5 Mt). This result
implies that an increase of Fcollection in Asian middle-income
countries can have a significant effect on the global PO. On
average, the Fcollection of all Asian countries is 65% and reach-
ing the average level of European countries (88%) would thus
result in a decrease of PO of 0.5 Mt. For the scenario where
no plastic is lost from the collection system, we predicted that
the PO could be reduced by 60% (section 3.4.2). Thereof,
Asia and middle income countries contribute 90%. Thus, we
predict that reducing the losses of the waste management sys-
tem is the more efficient waste reduction measure compared
to an increased rate of collection. As the collection of MSW
is often the costliest step in the whole waste treatment pro-
cess [78], the reduction of losses should be preferred over the
increase of Fcollection. Together, policy measures to increase
waste collection rates as well as minimize losses from the
waste collection system that target the Asian middle-income
countries could reduce the global PO by up to 70%. This
assumes that these countries reach a 100% Fcollection and 0%
losses from the waste collection system. However, already
reaching levels close to European countries would reduce the
global PO significantly. Even slight improvements in these
countries can therefore have a large effect on the global PO.

4.1.4 Influence of the Transport Distances on PO
We predict that reduced transport probabilities of plastic waste
to the ocean would decrease the coastal input of PO by 28%
while the riverine input could decrease by 55% (section 3.4.2).
This implies that a reduction of the riverine fraction of PO is
easier to achieve by clean-ups than a reduction of the coastal
input. However, the effect of the reduced riverine load on the
global PO are marginal (3%).

4.2 Comparison of our Results with Literature Val-
ues

In this section we compare our results (as presented in the
previous chapter) to estimates found in the literature. We
begin with comparing our MSWC estimates (presented in
section 3.2) as predicted by the RF model. This is followed
by the comparison of our PO estimates that we presented in
section 3.3.2.

4.2.1 Comparison of the MSWC estimates
We compare or estimates of MSWT (in t/person/year) to
Jambeck et al. [4] who provide waste generation rates (in
kg/person/day). Their data is based on rates of 128 countries
in 2005 presented by Hoornweg&Bhada-Tata [37] and ex-
tended for a total of 192 countries. We first needed to make

our 2010 estimates of MSWT comparable to their waste gener-
ation rates. Thus, the estimates of Jambeck et al. were multi-
plied by 365 days/year and 1’000 kg/t to obtain t/person/year.
Figure 19 shows the difference in our estimates of the waste
generation rates and Jambeck et al. estimates for 58 coun-
tries where enough data was available to compare the esti-
mates. A positive difference indicates that our prediction is
higher than Jambeck et al. The mean (0.005 t/person/year)
and median (-0.07 t/person/year) of the differences are close
to zero. However, the estimates for some countries differ
up to 2 t/person/year. We investigated the reasons for the
large differences for the countries that are highlighted in
Figure 19. Our RF model predicts an MSWC that is sig-
nificantly higher or lower for the following countries: Qatar
(+1.0 t/person/year), Brunei Darussalam (+0.35 t/person/year),
Monaco (+0.36 t/person/year), Belize (-0.87 t/person/year),
and Guyana (+1.89 t/person/year). When we furthermore ap-
ply the Fcollection to estimate MSWT, the error even increases
(compare 8). While the error of the RF estimates are moderate
for Qatar (6%), Brunei Darussalam (-8%) and Monaco (4%),
the error of the RF estimate of Belize (-39%) can explain the
difference to some extent (compare Fig. 13). No prediction
error is available for Guyana. The difference of our estimates
and those from Jambeck et al. for Qatar, Brunei Darussalam
and Monaco can thus be explained by the difference in our
available MSWC data (obtained from [49], compare section
2.1) and the estimates of Jambeck et al. In the case of Russia
and Angola, the MSWC estimates of the RF model are close
to the estimates of Jambeck et al. (<0.1 t/person/year differ-
ence). However, the low Fcollection of these countries (19%
and 18% respectively) result in a 5-fold increased estimate
of MSWT. These Fcollected values are among the lowest of
the 58 countries that we compare here. Values closer to the
average Fcollection would decrease our estimated MSWT and
thus the observed difference in the estimates. Additionally,
the RF estimates of Russia and Angola are also erroneous
(Russia: 182%, Angola: 37%). Thus, the RF error might
again explain part of the observed difference. As the error
of the other countries is smaller and Jambeck et al. include
estimates for countries which were not included in our model
training data, this comparison gives us further confidence of
the model accuracy and prediction of unseen data.

4.2.2 Comparison of the PO estimates
Jambeck et al. [4] predict 4.8-12.7 Mt of plastic entering the
ocean in 2010 while our models predicts 17.5 Mt in 2010
(table 8). However, the results of Jambeck et al. are assuming
that only the population within 50 km of the coast (35.6% of
the worldwide population in 2010) produce plastic waste that
enters the ocean while our model calculates the waste flux
to the ocean by considering the population within 100 km
from the shore (44.6% in 2010). While Jambeck et al used
conversion rates (15%, 25% and 40%) to estimate the fraction
of this waste that enters the ocean, we predicted PO using our
WFM and distance based probabilities for PE (section 2.5.3).
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Figure 19. Difference of the MSW creation rates from
Jambeck et al. [4] and our predicted MSWC combined with
averaged MSWcollection. A positive difference indicates that
our prediction is higher than Jambeck et al.

A comparison is thus difficult as Jambeck et al. assume the
same conversion rate for each country while our estimates
include the waste management system of each country (com-
pare Fig. 8). Additionally, we include transport by rivers (6%
of PO in 2015) which is neglected in Jambeck et al. estimates.
However, down-scaling our results by the represented popula-
tion (-21%, 3.5 Mt in 2010) as well as subtracting the riverine
input (1.07 Mt in 2010), would change our estimate to 12.9
Mt in 2010, which accords to the highest estimate of Jambeck
et al. for the same year.
Jambeck et al. furthermore provide an estimate of 31.9 Mt
of mismanaged plastic waste in 2010. This represents plastic
waste produced in a distance of <50 km from the shore which
is not adequately disposed (defined as waste in open, uncon-
trolled landfills) or littered. Our estimate of 49.4 Mt of PE in
2010 includes plastic waste that we expect to be lost from the
waste collection system (27.1 Mt) or uncollected waste (22.3
Mt, compare table 7) but on a worldwide scale. It is therefore
difficult to compare these estimates. Again, down-scaling our
estimates by the represented population results in 39.8 Mt
of inadequately disposed waste within 50 km of the shore in
2010, which is 8 Mt higher than the estimate of Jambeck et al.
for the same year.
Overall, our 2010 estimates are similar to Jambeck et al. in
both the quantity of plastic waste streams (Jambeck et al.: 4.8-
12.7 Mt, our estimate: 17.5 Mt) as well as in the distribution
among countries. Nine of our ten countries that contribute the
most to PO (table 10) ranked by their 2010 input appear in
Jambeck et al. top 20 list for 2010 [4]. The only exception is
Timor-Leste, for which we predict 965 kt in 2010 while it does
not appear in Jambeck et al. top 20 list. While our predicted
waste generation rate (0.05 t/person in 2010) is even lower
than Jambeck et al. (0.29 t/person in 2010), our population
is considerably higher (1.49 millions in 2010) than Jambeck

et al. (0.67 millions in 2010). Additionally, Timor-Leste is
among the countries with the highest fraction of MSW that is
treated in dumps (49%) and only 41% of the produced MSW
is collected (table A.2). Thus, our estimated impact of Timor-
Leste on PO for 2010 is higher than the 2010 estimates of
Jambeck et al.

4.2.3 Comparison of Riverine Plastic Fluxes
Lebreton et al. [33] estimate that rivers annually transport
1.15 to 2.41 Mt of plastic to the oceans. They were using
the MSW production estimates of Jambeck et al. for the year
2010, which we discussed in the previous section. Thus, we
compare the results of Lebreton et al. to our 2010 estimates
where we predict 1.07 Mt or riverine plastic input. Our esti-
mate is thus slightly lower than the estimate of Lebreton et al.
However, it has to be considered that Lebreton et al. include
the size of the river catchment, drainage patterns, topography
and dams, while we only consider a uniform catchment size of
20 km and a distance based probability of transport in the river
(compare section 2.5.3). Thus, a comparison of the estimates
is again difficult. Because Lebreton et al. used the MSW
production estimates of Lebreton et al., we would expect that
our estimates are larger (as our estimates of MSW production
are larger than the estimates of Jambeck et al.). However,
our estimates of riverine inputs are similar to Lebreton et al.,
which implies that our distance based probability approach
results in lower estimates than the more detailed approach of
Lebreton et al. Furthermore, we only include major rivers in
our model (N=342) while Lebreton et al. included 40’760
watersheds worldwide. This again leads to smaller estimates
of our estimates compared to Lebreton et al.
Lebreton et al. estimate that Asian rivers account for 86% of
the global input while our model estimates that 69% of the
global riverine input originates in Asia. However, Lebreton et
al. state that Indonesian rivers account for 14.2% (200 kt) of
the total global river emissions. Our model only includes four
rivers in Indonesia and its fraction of the worldwide riverine
input is only 0.6% (6.9 kt). This discrepancy explains the
lower estimates of our model in both the total flux as well as
the lower input of Asian rivers.
Schmidt et al. [34] estimate the global riverine plastic input
from 0.47 Mt to 2.75 Mt. They used non linear relationships
between measured plastic concentrations in rivers and the
mismanaged plastic waste obtained from Jambeck et al. [4]
for the year 2010. Again, our estimate for 2010 lies in the
lower ranges of their prediction. Again, we explain this with
the higher number of rivers used by Schmidt et al. (N=1’494
compared to our 342 rivers) as well as the lower estimates of
our distance based probability approach.
For eight of our ten rivers with the highest plastic loads, our
estimates are within the range of the predictions of Schmidt
et al. and/or Lebreton et al. (table 12). However, we under-
estimate the Yangtze by at least a factor of 2 and for the Red
River our estimates are three times higher. Yet, comparing
the estimates of Schmidt et al. and Lebreton et al. shows that

36/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015

Table 12. Comparison of our 10 rivers with the highest
estimates of plastic input to the ocean in 2010 (as in table 9)
with the estimates of Schmidt et al. [34] and Lebreton et al.
[33].

Name
Input 2010 [t/year]

Our
estimate

Schmidt et
al. [34]

Lebreton
et al. [33]

Ganges-
Brahmaputra

145’691 79’075 -
12’269

172’000 -
105’000

Yellow River
(Huang He)

104’282 133’810 -
19’239

Nile 99’924 91’835 -
13’962

Yangtze (Yangzi
Jiang)

89’358 1’538’763
- 154’722

480’000 -
310’000

Indus 77’087 176’309 -
24’355

Pearl River (Zhu-
jiang)

62’684 57’781 -
9’400

Red River (Yuang
Jiang)

60’430 4’805 -
1’114

23’100 -
10’900

Irrawaddy 42’556 5’627 -
1’276

56’900 -
29’700

Mekong 34’997 36’761 -
6’374

37’600 -
18’800

Congo 30’202 15’052 -
2’969

they do not agree in three out of six cases where estimates are
available. This shows the high uncertainties we are still facing
in riverine plastic input estimates.

4.3 Error Estimation
While we present estimates of waste production and plastic
fluxes, we do not give an estimate of the error. As it has al-
ready been stated, the error of the model prediction is known
from the CV but there is no estimate for the other predictions
that were performed. Here we discuss possible techniques to
get an error estimate.
While the prediction error of the RF and NNET models helps
to see how well the model performs on the unseen test dataset,
it does not provide information regarding the variance among
the models. Therefore, the distribution of the country-level
predictions of multiple models could be compared (e.g. one
standard deviation) to get an error of the overall prediction of
the NNET and RF models. This would result in an estimate
of the variability of the predictions and thus the robustness
of the models. Additionally to the CV error, this would also
yield errors for countries where no MSWC data is available.
A possible way to give an estimate of the errors produced in
the waste flow modelling would be to create scenarios. While
we do not know how accurate the data of MSWcollection is,

we could create two scenarios where the reported values are
reduced or increased. This would give an idea of the influence
of this parameter. The same could be done with the values
of fluxes to the environment from collected and uncollected
MSW. This has already be partially done with the distance
where we assessed the effect of a reduced probability of trans-
port from the shore and by rivers (compare table 11). An
upper and lower estimate could be created by implementing
all these scenarios together.
Even though we did not yet perform these steps to provide an
overall error estimate, we will present further thoughts on how
to improve the accuracy of our results in the following section.

4.4 Accuracy of the Estimates

As described above, our approach predicts MSWC and PO
accordingly to previously published estimates. Our RF model
has low prediction errors for many countries. However, for
several countries, our estimated MSWC are erroneous (com-
pare Fig. 11 A). As our results suggest, the overall PO estimate
is largely determined by the estimate of the countries with a
big influence on the global PO. The errors of prediction of the
RF model are high for several high-input countries, including
China, Indonesia, Myanmar and the Philippines (compare Fig.
11 A). This produces a significant error of the global estimate.
We predict that 47% of all marine plastic debris originates
from China. As the RF model over-predicts China by 69%,
the global plastic input in 2015 reduces by 3.6 Mt to 15.1 Mt
(-19%) if the input of China is reduced by its error. Correcting
the top 10 countries, who together account for 80% of the
global plastic input to the oceans, results in an estimate of
14.0 Mt in 2015 (-25%). When we correct all countries by
their error, the global plastic input reduces to 13.7 Mt (-27%)
in 2015 and to 12.9 Mt in 2010 (-26%), which is close to
Jambeck et al. [4] estimate of 4.8-12.7 Mt. This again demon-
strates the high impact of the top 10 countries on the global
waste flux.
Unfortunately, none of the trained RF models was able to
predict these countries with an error <20% (compare table 6).
Even tough we took the impact of each country into consider-
ation when choosing the best model, it was thus not possible
to select a model that adequately predicts the top 10 countries.
This implies, that it is challenging to create a globally valid
model with the available data and/or the chosen methodology.
This is supported by the fact that both NNET and RF models
have their lowest prediction errors in Europe while predictions
for Asia are generally multiple times larger (compare Fig. 10
and 11). Also, both NNET and RF models have a lower error
the higher the income of the country is. Following, we will
discuss the model performance of both the RF and NNET
models. We show possible sources of the errors and propose
possible improvements for future projects.
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4.4.1 Causes of Uncertainty

Overfitting and missing data of poor countries
There are indications that our RF model is overfitting as there
are 879 branches for the 1’394 data points. The RF is thus
clinging strongly to the available data and its performance
on generalizing for unseen data presumably not satisfactory.
Our prediction errors are low for countries where more data
is available (e.g. high-income countries). As mentioned previ-
ously, out of the 1’394 data points where all PVs as well as the
MSWC were available, 898 (64%) belonged to high-income
countries and 309 (22%), 151 (11%) and 36 (3%) to upper-
middle, lower-middle and low-income countries respectively.
However,this does not represent the global reality where 34%
of all countries are rated as high-income and upper-middle,
lower-middle and low-income countries account for 16%, 24%
and 25% respectively. In other words, when predicting lower-
middle and low-income countries, who together represent
50% of all countries, we rely on models that could only use
14% of the available data. The models could thus be biased
towards high-income countries. This could help to explain
why the predictions for low-income countries are generally
more erroneous. We investigated the effect of training biases
in he income classes (compare 18 A & B) and found that
the error significantly differs among the training data sub-
sets. Thus, an improved accuracy could be obtained by using
multiple models. For both NNET and RF, one model could
be trained on high-income and upper middle-income coun-
tries, where the error was similar (Fig. 10 D), and one trained
on lower middle and low-income countries. For the RF, one
model could be could be trained on data for each income class.

Variation of MSWC in the PV range
Additionally to the above mentioned missing data, errors
could also occur due to a limited variation of the target variable
MSWC in the range of the PVs. In Figure A.1 we show scat-
terplots of the PVs versus MSWC. We marked countries with
an prediction error of >30% in red. It can be seen that these
countries show very little variation in MSWC over the whole
range of the PVs. The Figures A.7 and A.8 show the countries
with an error in prediction of >30% (N=18) compared to the
whole dataset. Often, the erroneous countries are outside the
normal range where most countries accumulate. This is espe-
cially apparent in A.8 C,E&F: most of the erroneous countries
have very low MSWC values (<0.2 t/person/year) resulting
in very steep slopes when compared to the PVs. The only
country that does not follow this trend is Argentina. However,
out of the five data points available for Argentina in the years
2008-2012, four are approximately 0.14 t/person/year while
for the year 2011, 1.2 t/person/year are reported, which results
in the visible spike as well as in the large error in the estimate.
When neglecting this outlier, Argentina also falls in the class
of erroneous countries with low reported MSWC values of
<0.2 t/person/year. The countries Angola, Belize and Russia
each have 2 data points and each country has one reported
MSWC value of >0.2 t/person/year.

Besides having low reported MSWC values, the erroneous
countries are also accentuated in their PV range (Fig. A.7
and A.8 C,E&F). In the three-dimensional space, many of the
erroneous countries have a high fraction of young population
coupled with a low fraction of urban population and some-
times strong greenhouse gas production and are thus outside
the normal range of most countries. When comparing the
slopes in Figure A.8 A, several of the erroneous countries
show a slope that differs compared to the other countries. In
these countries, a fast rate of urbanization meets either a de-
crease in birth rates or a prolonged life expectancy. These
fundamental changes in the socio-economic situation of the
countries might be a reason why a prediction is difficult. Es-
pecially China shows a rapid urbanization rate whilst its PV
range is often less extreme than for the other erroneous coun-
tries. Furthermore, several countries show strong fluctuations
in the PV greenhouse gas which seems to have less effect
on the prediction performance. Thus, many of the erroneous
countries have values in the PVs that are outside the range of
most other countries and all of them have low reported MSWC
values. However, the countries Argentina, Russia and Ukraine
appear in the normal range in plot A.7. While Argentina, as
already stated, has an outlier in its data, the Ukraine has an
unusual combination of a low fraction of young population
and low MSWC (compare Fig. A.8 C) which might explain
the error in prediction. However, the error of Russia cannot
be explained with unusual values in its PVs. Here, a possible
explanation lies in the data availability. As Russia has only
two reported MSWC values, one for 2000 (0.30 t/person/year)
and one for 2012 (0.07 t/person/year) it is possible that the
data was collected using different methodologies.

Data quality
As mentioned above, the initial data includes several countries
with spikes or ”jumps” (e.g. Argentina or Russia). Hoorn-
weg&Bhada-Tata [37] note, that the MSW data should be
considered with caution as data collection methodologies and
definitions contain inconsistencies. Thus, the MSWC data
we used to train might have been collected slightly differ-
ently among the countries. Additionally, several countries
do not provide continuous data over several years and the
information could thus be collected at a non-representative
moment [37]. The same issue has to be considered for each
of our variables used in the MSW production modelling or
the waste flow modelling. Generally, the data completeness
is highest for high-income countries and the consistency is
thus higher as outliers can be recognized. Additionally, the
data for many low and middle-income countries is further
compromised due to limited technological possibilities to ac-
curately measure MSWC [37] or lacking funds to accurately
characterize the waste composition and characteristics. Thus,
these countries often provide estimates rather than actual mea-
surements [37]. Furthermore, a changing economic situation
in low and middle-income countries often leads to large vari-
ations in waste quantities which not necessarily represent
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increased waste production but a changed collection rate due
to increased values of recoverable secondary materials in the
waste (e.g. metals or high-value plastics) [37].

Small scale effects
Besides the data quality, effects on a local scale could also ef-
fect the model prediction performance. Possible income gaps
between rural and urban population or between regions within
a country are not represented in our models. Neither do we
include topography, weather and climate, locations of known
large deposition sites nor data on river run-off or dams, which
could possibly have severe effects on the local conditions and
thus the release of plastic waste to the environment. Thus,
using country-averaged data might lead to a discrepancy in
MSWC within countries. This effect possibly affects large or
highly populated countries more than small and sparsely pop-
ulated countries. However, as data availability is already an
issue on country level, including information on sub-national
regions is especially difficult for socio-economic factors that
cannot be measured using remote sensing. However, geo-
graphical and climatological data is available and could be
used to get more detailed waste flows. This has already been
done by Lebreton et al. [33] who used hydrological data cou-
pled with the location of dams to estimate riverine inputs.

Missing information of the waste flow
As stated in section 2.5.2 and figure 9, the losses from the
collected and uncollected waste to the natural environment are
unknown for most countries. For the middle-income countries
we used the known fluxes from China and the Philippines
and scaled each country with its waste management system
compared to the reference countries. However, for high and
low-income countries, no data was available and we estimated
these fluxes assuming a linear trend of losses and income.
This could possibly result in erroneous estimates for high and
low-income countries. However, our models estimate that
only 10% of the global input to the ocean originates from
these countries (compare table A.4). Thus, the uncertainty
in the losses does only marginally affect the global estimates
and the large error in predicting the MSWC in China has a
much larger effect. Nonetheless would literature based loss
estimates further increase the confidence in our estimates.

Predictor variable selection
The three variables selected to predict the MSW (urban popu-
lation, greenhouse gas and young population) were important
in all analyses (compare table 5). When comparing the cor-
relations between these variables (Fig. 4), it can be seen that
they are not strongly correlated using either the Pearson or
Spearman correlations. Additionally, the correlations of each
selected PV to the non-selected PVs is often stronger. Further-
more, the selected variables are often almost complete and
almost no extrapolation is needed (compare table A.1). As
the the different selection processes agreed on the same three
PVs and their data is often available without interpolation, we

expect only marginal uncertainty arising in the models due to
the selected models. However, as the scatterplots of MSWC
versus the PVs (Fig. A.1 shows, the explanatory power for
several countries is low. Furthermore, it might be that the
MSWcollection in low-income countries is governed by other
factors than our seven PVs. As it has already been noted in
section 2.4.2, parameters such as policy factors or public atti-
tudes that are known to affect MSWC are not included in our
PV set. Thus, the model performance in low-income countries
could maybe be increased by adding such parameters.

Bias in the training data
As Figure 18 shows, training the models on a selected subset
can have a huge effect. Surprisingly, training solely on data
from European countries triples the error compared to train-
ing on high-income countries (Fig. 18 A&B). As 34 of the
total 45 European countries are classified high-income, we
expected similar error for Europe and high-income countries.
This might be caused by autocorrelation as the time series
data of European countries was mostly complete (compare
tableA.2. Additionally to the 34 European countries, the 59
countries classified as high-income include 14 Asian, three
Oceanian, one African, four Northern American, and two
South American countries and the Caribbean islands. Thus,
as this training dataset includes all continents and 5 out of 7
GDP clusters (compare Fig. 5), the diversity might explain
why training on high-income countries yields the best results.
On the other hand, the 28 countries classified as low-income
only include 26 African and two Asian countries, that are all
in the cluster 1 and the dataset is thus more uniform, which
might explain the tripled error compared to high-income coun-
try trained models. However, training on Oceanian countries
results also in relatively small errors despite the small dataset
(17 points) and low diversity (only three countries) resulting
in an uniform training dataset.
To minimize the effect of biases in the training data, we trained
10’000 models on randomly selected training and test data and
performed a 10-fold CV. A stricter selection in the CV might
prefer models with a higher prediction power for unseen data.
However, if this significantly lowers the prediction error needs
to be tested.

4.5 Limitations of the Model
While the above mentioned measures could help to improve
our estimates, we now want to highlight the main limitations
of our model.
Our approach predicts the waste production on a 0.1x0.1°
global raster. We include several assumptions that do not fully
represent the reality. First of all we assume that the waste
is produced where people live. This completely ignores the
effect of tourism, where waste is produced away from home.
Thus, the waste production in popular tourist destinations
might be underestimated by our approach. Tourism has been
found to increase the marine litter in the Mediterranean Sea by
+40% in the summer caused by >200 million tourists visiting
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the areas each year [7]. Similar effects might be observed
in other popular tourist destinations. Including tourism as a
variable in the model might help to account for this fact.
Furthermore, we assume that the waste produced in each cell
is also treated in the same location and we do not account for
the trade of waste and recycling material. This results in two
limitations of our model. First, this might result in erroneous
predictions of fluxes to the oceans. If waste produced far from
the shore is transported to a dump site closer to the sea, its
chances of reaching the ocean rise. Similarly, waste produced
in large cities at the shore of rivers might be discarded out-
side the city’s boundaries further from the river and with a
lower chance of transport. Such effects are not included in our
model. Secondly, if waste is exported to another country, the
treatment will occur in a system that is different than in the
original country. The European Union accounted for 34% of
the global export of non-hazardous waste in 2014, of which
60% are transported to non-OECD countries of which 31%
went to China [79]. On the other hand, the European Union
also accounts for 20% of the global imports of non-hazardous
waste. If the trade of waste has an influence on the losses
to the environment and thus influxes to the ocean, it is not
represented in our models.

4.6 Evaluations of the Goals of this Thesis
Here we reflect if the goals presented in the introduction have
been reached. Our first hypothesis is that modelling MSWC
is possible using the PVs GDP, share of urban population,
fraction of population aged 0-14 years, fraction of households
with access to electricity, energy consumption and greenhouse
gas emissions.
Using the PVs urban population, energy consumption, and
young population we were able to predict MSWC for 173
countries. We compared our results to the estimates of Jam-
beck et al. [4]) and found similar results. However, the model
performance is significantly better the higher the country’s
income is. Especially countries classified as low-income were
erroneous. This can to some degree be explained by the low
variance of the PVs for these countries. However, the NNET
and RF model might not be ideal with the data we used. Sim-
pler models such as multiple linear regression could result
in less error-prone estimates. Creating multiple models and
focusing on countries with a high impact on PO might also
help to improve the overall error of the predictions.
Our second hypothesis is that trends in the global production
and disposal of MSW are expected to affect the plastic waste
that enters the environment. The increase in MSW produc-
tion can be seen in our prediction of PE and PO. We predict
an increase of PE from 31.8 Mt in 1990 to 51.0 Mt in 2015
(+60%) and a growth of PO from 13.4 Mt in 1990 to 18.7 Mt
in 2015 (+40%). The faster growth of PE compared to PO
can be explained by an increase of plastic waste production in
regions without direct access to the sea. PE in these regions
can only reach the ocean by riverine transport.

Our third hypothesis is that the income class of each country
is expected to influence the amount of plastic waste due to
decreased effectiveness of the waste collection system with
decreasing income. Our estimates of PE and PO are strongly
influenced by the income. We predict that middle-income
countries account for 90% of PO while representing only 58%
of the world’s population. Using a scenario where all waste is
collected we could show that PO would sink by 10%. Again,
the effect of middle-income countries accounts for 90% of this
reduction. However, a scenario where no waste is lost from
the waste collection system predicted even higher decreases in
PO (59%). Thus, the effect of the income class on PO is manly
explained due to losses from the waste treatment system and
not due to the fraction of waste collection.
Our fourth hypothesis is that advecting our predicted plas-
tic fluxes to the ocean in an Lagrangian particle advection
model will result in similar plastic concentration patterns as
in the observed aggregation zones. We could show that the
PARCELS model using the Eulerian total current and our
predicted plastic inputs to the ocean is able to recreate the
known aggregation zones. However, comparing these results
with measurements is difficult because we did not include
any degradation processes on the plastic particles. These can
strongly affect the behaviour of floating plastic debris. Thus,
our simulation could be used as benchmark to compare the rel-
ative effects of changing plastic inputs on the spatio-temporal
level.

In the following chapter we will provide a short conclusion of
the main findings of this thesis and provide further research
questions.
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5. Conclusions

With an increasing production of plastic goods, the environ-
mental concerns are rapidly growing. Plastic debris in the
ocean is a known threat for marine life and causes economic
loss. We predict an increase in total plastic debris entering the
ocean (PO) from 13.4 Mt in 1990 to 18.7 Mt in 2015 (+40%).
The ten countries with the highest impact on PO account for
15.1 Mt in 2015 which represents 81% of the global PO. We
differ between inputs from riverine and coastal sources that
account for 6% and 94% of PO respectively. In the time period
1990-2015, the riverine input has more than doubled (+134%).
Geographically, the strongest increase in PO can be seen in
Asia (+4.3 Mt) and economically, middle-income countries
(+4.8 Mt) show the strongest increase. In 2015, 84% of PO
(15.7 Mt) originated from Asia and 90% of PO (16.8 Mt) orig-
inated from middle-income countries (representing 58% of
the world’s population). We predict that from the 18.7 Mt of
PO in 2015, 60% (11.2 Mt) originate from losses in the waste
collection system and 40% (7.5 Mt) originate from waste that
was not collected. Thus, measures which target an improved
waste collection and treatment system in Asia have the poten-
tial to reduce the global PO by up to 8.4 Mt (45% of PO) in
an ideal scenario. Already minor improvements could have a
significant impact on the global PO. These results imply that
a reduction of plastic waste is a more effective measure than
ocean clean-ups to reduce PO. Besides the period 1990-2015,
we also created future estimates for 2030 and 2050. We pre-
dict that the waste production of African and Asian countries
will increase, which will also further increase PO to 19.7 Mt
in 2030 and 21.6 Mt in 2050. Besides PO we also estimated
the plastic waste entering the environment (PE). We predict
an increase from 31.8 Mt in 1990 to 51.0 Mt in 2015 (+60%).
The faster growth of PE compared to PO can be explained
by an increase of plastic waste production in regions without
direct access to the sea. PE in these regions can only reach the
ocean by riverine transport.
We used a NNET and RF model to predict the amounts of
produced municipal solid waste using the predictor variables
urban population, greenhouse gas and young population. The
RF model has an error of prediction of 2% for high-income
countries. This error increases for middle (12% for upper
and 16% for lower) and low-income countries (86%). The
NNET model is more erroneous in 103 out of 106 countries
and shows the same trend regarding prediction error and the
country’s income as the RF model.
High errors might arise due to the quality of the predictor vari-
ables, missing data, biases in the training data or overfitting
of the model. To increase the overall prediction accuracy, we
propose to create multiple models for the income classes and
to account for autocorrelation in the time-series data. Further-
more, a choice of less complex models (e.g. multiple linear
regression) could help to increase the prediction performance.
A focus to reduce the prediction error should be laid on the
countries that contribute most to PO. Additionally, we want
to highlight the need for more reliable data on the quantity

and composition of each country’s waste, as well as of the
composition of the waste management system, the estimated
waste collection rates and losses from the collection system.
The recently published report ”What a waste 2.0: A global
Snapshot of Solid Waste Management to 2050” [78] (pub-
lished on the 20th September 2018 and thus not included here)
provides an updated and extended version of our data and
might be useful to obtain such data.
We were able to show that modelling the waste production of
each country in the time period 1990-2015 is possible using
socio-economic predictors. While the errors of the estimates
could be reduced by increasing the number of models (e.g.
for each income class) and modelling techniques (e.g. mul-
tiple linear regression), our results are still comparable to
similar studies. We show that reducing losses from the waste
treatment system and increasing the fraction of waste collec-
tion in Asian countries could significantly reduce the plastic
entering the ocean. Our results help to gain further knowl-
edge on the spatio-temporal distribution of PO. This helps to
better understand the missing plastic problem as well as to
better predict and quantify impacts of plastic waste on both
the marine environment and the economy (e.g. tourism or
the fishing industry). Furthermore, the results improve our
understanding of waste flows from the municipal level via
the waste collection and treatment system to the environment
and, finally, to the oceans. Understanding the waste flows
is a crucial step to determine efficient actions of PE and PO
prevention. This can be help to reduce PO by target-oriented
measures or sanctions on specific parts of the waste flow (e.g.
collection rates or losses). Additionally, our work will help
to create improved models to predict the waste production or
PE and PO. However, there are still various open questions.
A better knowledge on the drivers of municipal solid waste
generation could help to better predict the production of waste.
Furthermore, more detailed insights on the waste collection
and treatment on a national and regional level cold help to
better understand the pathways of (plastic) waste and pinpoint
losses from the system. Both could help to reduce the plastic
waste that enters the environment and the oceans in the fu-
ture. Additionally, a better understanding of the degradation
processes of plastic in the marine environment can help to
understand the fate and sinks of the marine plastic debris that
already entered our oceans. Both prevention and mitigation
of marine plastic debris are essential to protect the marine
environment from the deleterious effects of plastic waste.
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7. Appendix

7.1 Abbreviations
Fcollection The fraction of MSWT that is collected by a waste collection system.
Fdumps Fraction of MSWC that is disposed in dumps.
Flandfills Fraction of MSWC that is disposed in landfills.
Fplastic Fraction of plastic in MSWC.
Frecycled Fraction of MSWC that is recycled.
MLM Machine learning models used to estimate MSWC.
MSW Municipal solid waste.
MSWC Amount of MSW that is collected by a waste collection system.
MSWT Total amount of MSW that is produced.
NNET Neural network model used to predict MSWC.
PE Amount of plastic that leaked into the environment.
PO Amount of plastic that leaks into the oceans.
PT Total amount of plastic waste that is produced.
PV Predictor variables used in the MLM.
RF Random Forest model used to predict MSWC.
WFM Waste flow model used to estimate how much of PE
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7.2 Glossary
Following, the most important key words used in this thesis will be briefly explained and clarified.

Municipal solid waste
(MSW)

Waste from households, usually including non-hazardous streams of commercial and industrial waste
[73]. The composition varies strongly among and also within countries, including organic material,
paper, glass, metal, plastic and other compounds. [37]

Sanitary landfill Government operated facility to where MSW is deposited. At a selected and controlled location,
placement is registered, waste is compacted and covered and measures for leachates, final top cover
and closure exist. Energy recovery from gases possible [37].

Controlled Landfill Similar to sanitary landfills but with overall lesser quality. Sites may be less selectively chosen and
the control and treatment of leachate and gases might be reduced [37].

Controlled Dump Non government operated facility where MSW is deposited. This includes site selection, controlled
access and sometimes compaction of waste. Neither leachages or gases are monitored or treated.
Often includes landfills operated by private agencies [37].

Uncontrolled dumps Illegal sites where MSW is regularly and directly deposited by both the local population or from
within the waste collection system. No engineering measures or controls [37, 73].

Incineration Burning of MSW to reduce the volume by up to 90%. Controlled incineration controls the emissions
and generates energy. Uncontrolled incineration (open burning) creates high air pollution due to the
low temperature combustion. Due to the waste composition, addition of fuel might be necessary (high
fraction of organic material). Residuals require the use of a sanitary landfill [37].

Recycling There are two types of recycling: Closed loop recycling, where the waste materials are reused for
the same or similar-quality application and cascaded recycling, where the waste products are used in
lower-value applications. Recycling rates vary among the waste types: 80-90% for iron and steel, 58%
for paper, ~50% for PET plastics (whereas 7% are used in a closed loop recycling), 14% for plastic
packaging but only 5% for all plastics combined [80].

Composting Aerobic process to treat organic waste compounds. Preferably it avoids forming methane formed
under aerobic conditions (as opposed to landfills and dumps) [37].

Plastic

Plastic consists of hundreds of materials with different properties. All of them are based on organic
material, either on fossil fuel or on renewable bio materials such as cellulose or vegetable oils [81,
82]. As plastics from renewable sources only make up 1% (4Mt) of the total plastic production in
2015 [1] they are neglected in this work. The most common plastics produced and their use, share
of the demand in 2016 in the EU28 plus Norway and Switzerland and density is as follows:

Type Usage [80, 82] Share
[80, 82]

Density
(g/ml) [74]

PET Drink bottles and food containers 7.4% 1.38-1.41
PE-HD and PE-MD Milk bottles, freezer bags 12.3% 0.94-0.97
PE-LD and PE-LLD Cling wrap, rubbish bags, reusable bags 17.5% 0.89-0.93
PVC Cosmetic containers, pipes, window frames 10.0% 1.16-1.41
PP Microwave dishes, sweet and snack wrappers,

automotive parts
19.3% 0.85-0.92

PS and PS-E Plastic cutlery, egg trays (PS) and foamed
polystyrene used for take-away food containers
and protective packaging (PS-E)

6.7% 1.04-1.08

Others water cooler bottles, flexible films, optical fiber. 19.3%
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7.3 Scatterplots of the Predictor Variables versus MSWC
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Figure A.1. Continued on next page.
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Figure A.1. Continued on next page.
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Figure A.1. Scatterplots of MSWC versus the PVs. The left column includes all 1’394 available data points while the right
column includes only the 95% quantile of MSWC. The red line represents a linear fit and the corresponding r2 and p-values are
indicated in the subtitle of each scatterplot. The red data points represent countries whose prediction error of the RF model is
>30%.
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7.4 Scatterplots Among the Predictor Variables
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Figure A.2. Scatterplots of the PVs. The red data points represent countries whose prediction error of the RF model is >30%.
See figure A.1 for scatterplots of the PVs versus the target variable MSWC.
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7.5 Correlation Dendrogram of the PVs and MSWC
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Figure A.3. Dendrogram of the correlations among the target variable MSWC and the PVs. A) Dendrogram using the Pearson
correlations, B) Dendrogram using the Spearman correlations. The PVs in bold font were selected for the MLM as described in
section 2.4.2.
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7.6 Numbers of GDP-clusters
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Figure A.4. Differences between the sum of squared errors of the trajectory of each country and the respective cluster
trajectory mean for different numbers of clusters (2-15). This was used to determine the number of GDP-clusters as described
in section 2.3.3. These clusters are then used to estimate missing data in the PVs of countries that have no data points available.
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7.7 NNET Architecture Optimization
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Figure A.5. Summary of the average MSE for the all different layer and node combinations that were tested as possible model
architectures for the NNET. The first number indicates the amount of predictor variables, the second number shows the number
of nodes in the hidden layer and the third number stands for the number of outputs.
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7.8 Number of Trees in RF versus MSE
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Figure A.6. MSE of the RF versus the number of trees. We chose a number of 500 as the MSE would not decrease by
increasing the tree number. This is used in the RF optimization process described in section 2.4.1.
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7.9 Data Modification

Table A.1. Overview of the data completeness of each variable and the measures taken to modify the data. If a country has
missing data for some but not all years, the data of this variable was inter- and/or extrapolated using either a polynomial (GDP)
or linear fit (all others). We indicate the corresponding r2 and p-vlaues as both mean and median. If the country lacked data in a
predictor variable for all years, the average of its corresponding GDP-cluster was applied. The column N complete indicates
how many of the 173 countries have data available for all years in the time period 1990-2015. The predictor variables Flandfills,
Fdums and Fplastic do only contain values for the year 2012. Abbreviations: N complete: number of countries with 100%
available data data from 1990-2015, N cluster: number of countries where the data was completed using the corresponding
GDP-cluster averages.

Predictor variable N complete
Inter- or extrapolation of data

N cluster
N Type r2

(mean/median)
p (mean/median)

Total population 173 0 0
Urban population 173 0 0
Young population 164 1 Lin 0.76 / 0.76 1.5 ·10−7 / 1.5 ·10−7 8
Electricity access 0 170 Lin 0.92 / 0.96 1.8 ·10−4 / 4.8 ·10−17 3
GDP 144 29 Poly 0.90 / 0.92 4 ·10−5 / 1.6 ·10−13 0
GNI 173 0 0
Energy consumption 34 112 Lin 0.57 / 0.62 9.5 ·10−2 / 1.4 ·10−4 27
Greenhouse gas 0 162 Lin 0.42 / 0.39 1.1 ·10−1 / 1.6 ·10−3 11
Fcollection 0 78 Lin 0.70 / 0.74 8.4 ·10−2 / 2.2 ·10−3 95
Frecycled 0 60 Lin 0.68 / 0.74 8.8 ·10−2 / 4.6 ·10−6 113
Flandfills, Fdumps 68 (2012 only) 105*
Fplastic 95 (2012 only) 78

* Missing data was not derived from cluster averages but from the corresponding values from [37] based on the GNI.

57/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015
7.

10
D

at
a

C
om

pl
et

en
es

s

Ta
bl

e
A

.2
.O

ve
rv

ie
w

of
th

e
da

ta
co

m
pl

et
en

es
s

of
ea

ch
da

ta
se

tf
or

ea
ch

co
un

tr
y.

T
he

ye
ar

s
in

th
e

co
lu

m
n

he
ad

er
in

di
ca

te
th

e
pe

ri
od

of
da

ta
av

ai
la

bi
lit

y.
E

ac
h

ce
ll

sh
ow

s
ha

w
m

an
y

da
ta

po
in

ts
w

er
e

av
ai

la
bl

e
in

th
e

w
ho

le
pe

rio
d

(n
um

be
rb

ef
or

e
th

e
br

ac
ke

ts
)a

s
w

el
la

s
in

th
e

se
le

ct
ed

pe
rio

d
19

90
-2

01
5

(in
th

e
br

ac
ke

ts
).

C
ou

nt
rie

s
w

ith
a

bo
ld

fo
rm

at
tin

g
w

er
e

gr
ou

pe
d

an
d

th
os

e
w

ith
a

cu
rs

iv
e

fo
rm

at
tin

g
w

er
e

dr
op

pe
d

(c
om

pa
re

ta
bl

e
4)

.N
ot

e
th

at
th

e
va

ri
ab

le
en

er
gy

ac
ce

ss
w

as
no

ta
va

ila
bl

e
fo

rt
he

ye
ar

20
15

.
Th

e
va

ria
bl

es
G

N
I,

La
nd

fil
ls

,D
um

ps
an

d
M

SW
pl

as
tic

ar
e

on
ly

av
ai

la
bl

e
fo

ro
ne

ye
ar

an
d

it
is

th
us

in
di

ca
te

d
if

th
e

da
ta

w
as

av
ai

la
bl

e
or

no
t.

Ta
bl

e
tit

le
s:

C
l.

=
G

D
P-

cl
us

te
r,

To
t.

po
p.

=
to

ta
lp

op
ul

at
io

n,
U

rb
.p

op
.=

ur
ba

n
po

pu
la

tio
n,

Y.
po

p.
=

yo
un

g
po

pu
la

tio
n,

E
.a

cc
.=

el
ec

tr
ic

ity
ac

ce
ss

,C
ol

le
ct

ed
=

M
SW

co
lle

ct
ed

,E
n.

co
ns

.=
en

er
gy

co
ns

um
pt

io
n,

G
h.

ga
s

=
gr

ee
nh

ou
se

ga
s,

co
lle

ct
io

n
=

M
SW

co
lle

ct
io

n,
R

ec
yc

.=
M

SW
re

cy
cl

ed
,L

f,
D

p
=

L
an

dfi
lls

an
d

du
m

ps
,P

la
st

ic
=

M
SW

pl
as

tic

C
ou

nt
ry

R
eg

io
n

C
l.

To
t.

po
p.

(1
95

0-
20

50
)

[5
0]

U
rb

.
po

p.
(1

95
0-

20
50

)
[5

1]

Y.
po

p.
(1

96
0-

20
16

)
[5

2]

E
l.

ac
c.

(1
99

0-
20

14
)

[5
3]

C
ol

le
c-

te
d

(1
99

0-
20

15
)

[4
9]

G
D

P
(1

96
0-

20
15

)
[5

4]

G
N

I
(1

96
0-

20
16

)
[5

8]

E
n.

co
ns

.
(1

99
0-

20
15

)
[5

5]

G
h.

ga
s

(1
97

0-
20

12
)

[5
6]

C
ol

le
c-

tio
n

(1
99

0-
20

15
)

[5
9]

R
ec

yc
.

(1
99

0,
19

95
-

20
13

)
[5

7]

L
f,

D
p

(2
01

2)
[3

7]

Pl
as

tic
(2

01
2)

[3
7]

C
ou

nt
ry

C
on

tin
en

tC
lu

st
ert

ot
po

p
(1

95
0-

20
50

)

ur
b

po
p(

19
50

-
20

50
)

yo
un

g
po

p(
19

60
-

20
16

)

el
ec

ac
c

(1
96

0-
20

14
)

M
SW

co
l-

le
ct

ed

G
D

P
(1

96
0-

20
16

)

G
N

I
en

er
gy

co
n-

su
m

p-
tio

n
(1

99
0-

20
15

)

G
H

G
(1

97
0-

20
12

)

M
SW

co
lle

c-
tio

n

M
SW

re
cy

-
cl

ed

D
um

ps
Pl

as
tic

B
ur

un
di

A
fr

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
11

(1
1)

57
(2

6)
L

0
(0

)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

0

C
om

or
os

A
fr

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

37
(2

6)
L

5
(5

)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

0

D
jib

ou
ti

A
fr

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

30
(2

6)
L

M
5

(5
)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
0

E
ri

tr
ea

A
fr

ic
a

1
10

1
(2

6)
10

1
(2

6)
52

(2
2)

25
(2

5)
0

(0
)

20
(2

0)
L

20
(2

0)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

0

E
th

io
pi

a
A

fr
ic

a
1

10
1

(2
6)

10
1

(2
6)

57
(2

6)
24

(2
4)

0
(0

)
36

(2
6)

L
25

(2
5)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
2

K
en

ya
A

fr
ic

a
1

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

0
(0

)
57

(2
6)

L
M

25
(2

5)
43

(2
3)

5
(5

)
0

(0
)

N
o

da
ta

0

M
ad

ag
as

ca
r

A
fr

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
2

(2
)

57
(2

6)
L

0
(0

)
43

(2
3)

3
(3

)
3

(3
)

0
/9

7
1

M
al

aw
i

A
fr

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

57
(2

6)
L

0
(0

)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

0

M
au

ri
tiu

s
A

fr
ic

a
3

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

13
(1

3)
41

(2
6)

U
M

25
(2

5)
24

(4
)

6
(6

)
3

(3
)

0
/9

1
9

M
ay

ot
te

A
fr

ic
a

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

M
oz

am
bi

qu
e

A
fr

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

24
(2

4)
0

(0
)

37
(2

6)
L

25
(2

5)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

10

58/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015
Ta

bl
e

A
.2

–
C

on
tin

ue
d

fr
om

pr
ev

io
us

pa
ge

C
ou

nt
ry

R
eg

io
n

C
l.

To
t.

po
p.

U
rb

.
po

p.
Y.

po
p.

E
l.

ac
c.

C
ol

le
c-

te
d

G
D

P
G

N
I

E
n.

co
ns

.
G

h.
ga

s
C

ol
le

c-
tio

n
R

ec
yc

.
L

f,
D

um
ps

Pl
as

tic

R
éu
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aç
ao

N
or

th
A

m
er

-
ic

a

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

0
(0

)
0

(0
)

H
25

(2
5)

0
(0

)
0

(0
)

0
(0

)
N

o
da

ta
N

o
da

ta

Pu
er

to
R

ic
o

N
or

th
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

13
(1

3)
0

(0
)

54
(2

4)
H

0
(0

)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

0

Sa
in

t
K

itt
s

an
d

N
ev

is
N

or
th

A
m

er
-

ic
a

3
10

1
(2

6)
10

1
(2

6)
0

(0
)

25
(2

5)
0

(0
)

57
(2

6)
H

5
(5

)
20

(0
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

Sa
in

tL
uc

ia
N

or
th

A
m

er
-

ic
a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
12

(1
2)

40
(2

6)
U

M
5

(5
)

41
(2

1)
12

(1
2)

8
(8

)
N

o
da

ta
N

o
da

ta

St
.

M
ar

-
tin

(F
re

nc
h

pa
rt

)

N
or

th
A

m
er

-
ic

a

N
o

da
ta

0
(0

)
0

(0
)

0
(0

)
25

(2
5)

0
(0

)
0

(0
)

N
o

da
ta

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

67/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015
Ta

bl
e

A
.2

–
C

on
tin

ue
d

fr
om

pr
ev

io
us

pa
ge

C
ou

nt
ry

R
eg

io
n

C
l.

To
t.

po
p.

U
rb

.
po

p.
Y.

po
p.

E
l.

ac
c.

C
ol

le
c-

te
d

G
D

P
G

N
I

E
n.

co
ns

.
G

h.
ga

s
C

ol
le

c-
tio

n
R

ec
yc

.
L

f,
D

um
ps

Pl
as

tic

Sa
in

t
V

in
-

ce
nt

an
d

th
e

G
re

na
di

ne
s

N
or

th
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
1

(1
)

27
(2

6)
U

M
24

(2
4)

43
(2

3)
1

(1
)

2
(2

)
N

o
da

ta
N

o
da

ta

Tr
in

id
ad

an
d

To
ba

go
N

or
th

A
m

er
-

ic
a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
9

(9
)

57
(2

6)
H

25
(2

5)
16

(1
4)

1
(1

)
0

(0
)

43
/0

24

Tu
rk

s
an

d
C

ai
co

s
Is

la
nd

s

N
or

th
A

m
er

-
ic

a

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

0
(0

)
25

(2
5)

0
(0

)
0

(0
)

H
0

(0
)

25
(5

)
0

(0
)

0
(0

)
N

o
da

ta
0

U
ni

te
d

St
at

es
V

ir
-

gi
n

Is
la

nd
s

N
or

th
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
0

(0
)

0
(0

)
0

(0
)

0
(0

)
H

0
(0

)
22

(3
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

B
el

iz
e

N
or

th
A

m
er

-
ic

a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
2

(2
)

57
(2

6)
U

M
5

(5
)

43
(2

3)
16

(1
6)

0
(0

)
0

/1
00

5

C
os

ta
R

ic
a

N
or

th
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
1

(1
)

57
(2

6)
U

M
25

(2
5)

43
(2

3)
1

(1
)

0
(0

)
22

/7
2

18

E
lS

al
va

do
r

N
or

th
A

m
er

-
ic

a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

52
(2

6)
L

M
25

(2
5)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
0

G
ua

te
m

al
a

N
or

th
A

m
er

-
ic

a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

57
(2

6)
L

M
25

(2
5)

43
(2

3)
4

(4
)

0
(0

)
49

/1
1

13

H
on

du
ra

s
N

or
th

A
m

er
-

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
3

(3
)

57
(2

6)
L

M
25

(2
5)

43
(2

3)
3

(3
)

0
(0

)
N

o
da

ta
0

M
ex

ic
o

N
or

th
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
22

(2
2)

57
(2

6)
U

M
26

(2
6)

43
(2

3)
2

(2
)

18
(1

8)
0

/9
7

6

N
ic

ar
ag

ua
N

or
th

A
m

er
-

ic
a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

28
(2

6)
L

M
25

(2
5)

43
(2

3)
0

(0
)

0
(0

)
34

/2
8

0

Pa
na

m
a

N
or

th
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
21

(2
1)

57
(2

6)
U

M
25

(2
5)

43
(2

3)
8

(8
)

0
(0

)
20

/5
6

11

68/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015
Ta

bl
e

A
.2

–
C

on
tin

ue
d

fr
om

pr
ev

io
us

pa
ge

C
ou

nt
ry

R
eg

io
n

C
l.

To
t.

po
p.

U
rb

.
po

p.
Y.

po
p.

E
l.

ac
c.

C
ol

le
c-

te
d

G
D

P
G

N
I

E
n.

co
ns

.
G

h.
ga

s
C

ol
le

c-
tio

n
R

ec
yc

.
L

f,
D

um
ps

Pl
as

tic

A
rg

en
tin

a
So

ut
h

A
m

er
-

ic
a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
5

(5
)

55
(2

6)
U

M
25

(2
5)

43
(2

3)
2

(2
)

0
(0

)
N

o
da

ta
14

B
ol

iv
ia

(P
lu

ri
na

-
tio

na
l

St
at

e
of

)

So
ut

h
A

m
er

-
ic

a

1
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
17

(1
7)

57
(2

6)
L

M
25

(2
5)

43
(2

3)
11

(1
1)

0
(0

)
N

o
da

ta
N

o
da

ta

B
ra

zi
l

So
ut

h
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
11

(1
1)

57
(2

6)
U

M
25

(2
5)

43
(2

3)
18

(1
8)

1
(1

)
N

o
da

ta
15

C
hi

le
So

ut
h

A
m

er
-

ic
a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
12

(1
2)

57
(2

6)
H

26
(2

6)
43

(2
3)

0
(0

)
0

(0
)

0
/1

00
10

C
ol

om
bi

a
So

ut
h

A
m

er
-

ic
a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
9

(9
)

57
(2

6)
U

M
25

(2
5)

43
(2

3)
6

(6
)

7
(7

)
54

/4
6

10

E
cu

ad
or

So
ut

h
A

m
er

-
ic

a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
2

(2
)

57
(2

6)
U

M
25

(2
5)

43
(2

3)
9

(9
)

2
(2

)
N

o
da

ta
0

Fa
lk

la
nd

Is
-

la
nd

s
(M

al
v-

in
as

)

So
ut

h
A

m
er

-
ic

a

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

Fr
en

ch
G

ui
an

a
So

ut
h

A
m

er
-

ic
a

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

0
(0

)
0

(0
)

9
(9

)
0

(0
)

N
o

da
ta

0
(0

)
0

(0
)

3
(3

)
0

(0
)

N
o

da
ta

N
o

da
ta

G
uy

an
a

So
ut

h
A

m
er

-
ic

a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

57
(2

6)
U

M
5

(5
)

43
(2

3)
0

(0
)

0
(0

)
37

/5
9

10

Pa
ra

gu
ay

So
ut

h
A

m
er

-
ic

a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

52
(2

6)
U

M
25

(2
5)

43
(2

3)
18

(1
8)

0
(0

)
42

/4
4

0

Pe
ru

So
ut

h
A

m
er

-
ic

a

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
1

(1
)

57
(2

6)
U

M
25

(2
5)

43
(2

3)
6

(6
)

1
(1

)
19

/6
6

4

Su
ri

na
m

e
So

ut
h

A
m

er
-

ic
a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
9

(9
)

57
(2

6)
U

M
15

(1
5)

41
(2

1)
3

(3
)

0
(0

)
10

0
/0

0

69/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015
Ta

bl
e

A
.2

–
C

on
tin

ue
d

fr
om

pr
ev

io
us

pa
ge

C
ou

nt
ry

R
eg

io
n

C
l.

To
t.

po
p.

U
rb

.
po

p.
Y.

po
p.

E
l.

ac
c.

C
ol

le
c-

te
d

G
D

P
G

N
I

E
n.

co
ns

.
G

h.
ga

s
C

ol
le

c-
tio

n
R

ec
yc

.
L

f,
D

um
ps

Pl
as

tic

U
ru

gu
ay

So
ut

h
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
3

(3
)

30
(2

6)
H

25
(2

5)
43

(2
3)

0
(0

)
3

(3
)

32
/3

11

V
en

ez
ue

la
(B

ol
iv

ar
ia

n
R

ep
ub

lic
of

)

So
ut

h
A

m
er

-
ic

a

3
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

57
(2

6)
U

M
5

(5
)

42
(2

2)
0

(0
)

0
(0

)
N

o
da

ta
N

o
da

ta

B
er

m
ud

a
N

or
th

A
m

er
-

ic
a

6
10

1
(2

6)
10

1
(2

6)
0

(0
)

25
(2

5)
12

(1
2)

54
(2

4)
H

0
(0

)
37

(2
0)

12
(1

2)
12

(1
2)

N
o

da
ta

0

C
an

ad
a

N
or

th
A

m
er

-
ic

a

4
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

57
(2

6)
H

26
(2

6)
43

(2
3)

1
(1

)
0

(0
)

0
/4

2
3

G
re

en
la

nd
N

or
th

A
m

er
-

ic
a

4
10

1
(2

6)
10

1
(2

6)
0

(0
)

25
(2

5)
0

(0
)

46
(2

6)
H

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

0

Sa
in

t
P

ie
rr

e
an

d
M

iq
ue

lo
n

N
or

th
A

m
er

-
ic

a

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

U
ni

te
d

St
at

es
of

A
m

er
ic

a

N
or

th
A

m
er

-
ic

a

4
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
23

(2
3)

57
(2

6)
H

25
(2

5)
43

(2
3)

2
(2

)
19

(1
9)

N
o

da
ta

N
o

da
ta

A
us

tr
al

ia
O

ce
an

ia
4

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

4
(4

)
57

(2
6)

H
26

(2
6)

43
(2

3)
0

(0
)

3
(3

)
0

/7
0

4
N

ew
Z

ea
la

nd
O

ce
an

ia
4

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

11
(1

1)
56

(2
6)

H
26

(2
6)

43
(2

3)
0

(0
)

0
(0

)
0

/8
5

8

Fi
ji

O
ce

an
ia

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

57
(2

6)
U

M
5

(5
)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
8

N
ew

C
al

e-
do

ni
a

O
ce

an
ia

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

20
(2

0)
0

(0
)

36
(1

1)
H

0
(0

)
9

(4
)

0
(0

)
0

(0
)

N
o

da
ta

0

Pa
pu

a
N

ew
G

ui
ne

a
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

0
(0

)
57

(2
6)

L
M

0
(0

)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

0

So
lo

m
on

Is
-

la
nd

s
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

57
(2

6)
23

(2
3)

0
(0

)
49

(2
6)

L
M

5
(5

)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

17

Va
nu

at
u

O
ce

an
ia

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

32
(2

6)
L

M
24

(2
4)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
8

G
ua

m
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

57
(2

6)
20

(2
0)

0
(0

)
15

(1
4)

H
0

(0
)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
0

70/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015
Ta

bl
e

A
.2

–
C

on
tin

ue
d

fr
om

pr
ev

io
us

pa
ge

C
ou

nt
ry

R
eg

io
n

C
l.

To
t.

po
p.

U
rb

.
po

p.
Y.

po
p.

E
l.

ac
c.

C
ol

le
c-

te
d

G
D

P
G

N
I

E
n.

co
ns

.
G

h.
ga

s
C

ol
le

c-
tio

n
R

ec
yc

.
L

f,
D

um
ps

Pl
as

tic

K
ir

ib
at

i
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

0
(0

)
47

(2
6)

L
M

5
(5

)
27

(1
7)

0
(0

)
0

(0
)

N
o

da
ta

0

M
ar

sh
al

lI
s-

la
nd

s
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

0
(0

)
25

(2
5)

1
(1

)
36

(2
6)

U
M

4
(4

)
20

(0
)

1
(1

)
1

(1
)

33
/5

9
15

M
ic

ro
ne

si
a

(F
ed

.
St

at
es

of
)

O
ce

an
ia

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

32
(2

6)
N

o
da

ta
0

(0
)

27
(7

)
0

(0
)

0
(0

)
N

o
da

ta
N

o
da

ta

N
au

ru
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

0
(0

)
15

(1
5)

0
(0

)
10

(9
)

H
0

(0
)

0
(0

)
0

(0
)

0
(0

)
N

o
da

ta
0

N
or

th
er

n
M

ar
ia

na
Is

la
nd

s

O
ce

an
ia

2
10

1
(2

6)
10

1
(2

6)
0

(0
)

20
(2

0)
0

(0
)

15
(1

4)
H

0
(0

)
43

(2
3)

0
(0

)
0

(0
)

N
o

da
ta

0

Pa
la

u
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

0
(0

)
25

(2
5)

0
(0

)
27

(2
6)

U
M

1
(1

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

0

A
m

er
ic

an
Sa

m
oa

O
ce

an
ia

2
10

1
(2

6)
10

1
(2

6)
0

(0
)

0
(0

)
0

(0
)

15
(1

4)
U

M
0

(0
)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
0

C
oo

k
Is

la
nd

s
O

ce
an

ia
N

o
da

ta
10

1
(2

6)
10

1
(2

6)
0

(0
)

0
(0

)
0

(0
)

0
(0

)
N

o
da

ta
0

(0
)

0
(0

)
0

(0
)

0
(0

)
N

o
da

ta
N

o
da

ta
Fr

en
ch

Po
ly

ne
si

a
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

1
(1

)
36

(1
1)

H
0

(0
)

21
(1

1)
0

(0
)

0
(0

)
N

o
da

ta
0

N
iu

e
O

ce
an

ia
N

o
da

ta
10

1
(2

6)
10

1
(2

6)
0

(0
)

0
(0

)
0

(0
)

0
(0

)
N

o
da

ta
0

(0
)

0
(0

)
0

(0
)

0
(0

)
N

o
da

ta
N

o
da

ta
Sa

m
oa

O
ce

an
ia

2
10

1
(2

6)
10

1
(2

6)
57

(2
6)

25
(2

5)
0

(0
)

38
(2

6)
L

M
5

(5
)

43
(2

3)
0

(0
)

0
(0

)
N

o
da

ta
0

To
ke

la
u

O
ce

an
ia

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

To
ng

a
O

ce
an

ia
2

10
1

(2
6)

10
1

(2
6)

57
(2

6)
25

(2
5)

0
(0

)
42

(2
6)

L
M

5
(5

)
42

(2
2)

0
(0

)
0

(0
)

N
o

da
ta

5

Tu
va

lu
O

ce
an

ia
N

o
da

ta
10

1
(2

6)
10

1
(2

6)
0

(0
)

0
(0

)
0

(0
)

0
(0

)
U

M
0

(0
)

0
(0

)
0

(0
)

0
(0

)
N

o
da

ta
N

o
da

ta
W

al
lis

an
d

F
ut

un
a

Is
la

nd
s

O
ce

an
ia

N
o

da
ta

10
1

(2
6)

10
1

(2
6)

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

0
(0

)
0

(0
)

0
(0

)
0

(0
)

N
o

da
ta

N
o

da
ta

71/75



Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015

7.11 Predictor Variable Distribution of Erroneous Countries
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Figure A.7. Three dimensional representation of the three predictors that were used in the NNET and RF models to estimate
MSWcollected. The countries in red have an prediction error >30%. The prediction of countries with a high fraction of
population <14 years and a low fraction of urban population or with a steep gradient between these variables is often erroneous.
Only three countries do not show these traits: Argentina Russia and Ukraine
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Figure A.8. Scatterplot matrix of the three predictors that were used in the NNET and RF models and MSWcollected. The
coloured lines represent countries countries that have a prediction error >30%.
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7.12 Predictions of PO from coastal sources and in total

Table A.3. Summary of the modelled coastal plastic input to the ocean in 1990 and 2015 for the income classes, the continents
and worldwide. See section 3.3.2 for more details.

Subset
Total marine plas-
tic input [kt/y]

1990 2015

High-income 1’299 1’640
Upper middle-income 9’318 9’762
Lower middle-income 2’309 6’117

In
co

m
e

Low-income 44 173
Africa 279 728
Asia 11’2162 15’015
Europe 900 733
North America & Caribbean 331 587
South America 213 593C

on
tin

en
ts

Oceania 29 36
World 12’972 17’693

Table A.4. Summary of the modelled total plastic input to the ocean in 1990 and 2015 for the income classes, the continents
and worldwide. See section 3.3.2 for more details.

Subset
Total marine plas-
tic input [kt/y]

1990 2015

High-income 1’372 1’735
Upper middle-income 9’410 10’054
Lower middle-income 2’604 6’755

In
co

m
e

Low-income 66 208
Africa 340 864
Asia 11’442 15’754
Europe 1’063 847
North America & Caribbean 359 637
South America 220 615C

on
tin

en
ts

Oceania 31 37
World 13’455 18’754

74/75



 
 
 
Declaration of originality 
 
The  signed  declaration  of  originality  is  a  component  of  every  semester  paper,  Bachelor’s  thesis,  
Master’s  thesis  and  any  other  degree  paper  undertaken  during  the  course  of  studies,  including  the  
respective electronic versions. 
 
Lecturers may also require a declaration of originality for other written papers compiled for their 
courses. 
__________________________________________________________________________ 
 
I hereby confirm that I am the sole author of the written work here enclosed and that I have compiled it 
in my own words. Parts excepted are corrections of form and content by the supervisor. 
 
Title of work (in block letters): 
 

 
 
Authored by (in block letters): 
For papers written by groups the names of all authors are required. 
 
Name(s): First name(s): 
   

   

   

   

   

 
With my signature I confirm that 
− I have  committed  none  of  the  forms  of  plagiarism  described  in  the  ‘Citation etiquette’  information  

sheet. 
− I have documented all methods, data and processes truthfully. 
− I have not manipulated any data. 
− I have mentioned all persons who were significant facilitators of the work. 

 
I am aware that the work may be screened electronically for plagiarism. 
 
Place, date Signature(s) 
   

   

   

   

   

  
 For papers written by groups the names of all authors are 

required. Their signatures collectively guarantee the entire 
content of the written paper. 

Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015

Lang Kevin

Aarau, 24.09.2018

Spatio-Temporal Estimation of Global Plastic Waste Inputs to the Ocean from 1990 to 2015

75/75


	Introduction
	Methods
	Description of the Data
	Trends and Correlations among the Predictor Variables and with the Target Variable
	Data Preparation for the MLM
	Modelling MSWC
	Waste Flow Model
	Estimates of PO for Future Projections and Policy Chance Scenarios
	Simulation of Plastic Particle Distribution by Ocean Currents

	Results
	Performance of the Machine Learning Models
	Predicted MSWC
	Predicted Plastic Fluxes to the Environment and the Oceans
	Scenarios
	Predicted Concentrations of Floating Marine Plastic
	Model Stability

	Discussion
	Implications of the Results
	Comparison of our Results with Literature Values
	Error Estimation
	Accuracy of the Estimates
	Limitations of the Model
	Evaluations of the Goals of this Thesis

	Conclusions
	Acknowledgements
	Appendix

