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Abstract: Plastic debris has become an abundant pollutant in marine, coastal and riverine
environments, posing a large threat to aquatic life. Effective measures to mitigate and prevent
marine plastic pollution require a thorough understanding of its origin and eventual fate. Several
models have estimated that land-based sources are the main source of marine plastic pollution,
although field data to substantiate these estimates remain limited. Current methodologies to measure
riverine plastic transport require the availability of infrastructure and accessible riverbanks, but, to
obtain measurements on a higher spatial and temporal scale, new monitoring methods are required.
This paper presents a new methodology for quantifying riverine plastic debris using Unmanned
Aerial Vehicles (UAVs), including a first application on Klang River, Malaysia. Additional plastic
measurements were done in parallel with the UAV-based approach to make comparisons between
the two methods. The spatiotemporal distribution of the plastics obtained with both methods show
similar patterns and variations. With this, we show that UAV-based monitoring methods are a
promising alternative for currently available approaches for monitoring riverine plastic transport,
especially in remote and inaccessible areas.
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1. Introduction

In the past 60 years, the global production of plastics has significantly increased. Plastics have
become a dominant material in the consumer marketplace, with production rates of more than
380 million tonnes per year [1]. Subsequently, plastic debris has become an ubiquitous pollutant
in marine, coastal and riverine environments [2]. It is estimated that to date, a total of 8.3 billion
metric tonnes of plastic has been generated globally, of which 60% has accumulated in the natural
environment and landfills [3]. Recent findings underline that plastic pollution is an everlasting threat
to marine life [4,5]. As such, marine plastic pollution has been recognised as a global environmental
issue by many international organisations.

Effective measures to mitigate and prevent the negative effects of marine plastic pollution require
understanding of its origin. Model estimations have been made indicating land-based sources as
the main source of marine plastic litter [3,6–8]. Lebreton et al. [6] estimated that between 1.15 and
2.41 million tonnes of plastics flow into the oceans via the global riverine system every year, and the
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majority of this input is estimated to be transported through rivers on the Asian continent. However,
the availability of quantitative data to substantiate these estimations is currently limited [9].

Blettler et al. [10] identified that with regard to the size fraction of riverine plastic research,
only 7% of all scientific publications on riverine plastic pollution have exclusively focused on
macroplastics, while macroplastics represent a significantly larger input in terms of plastic weight than
microplastics [7]. Furthermore, little is known about the spatiotemporal distribution of riverine
macroplastic transport along river stretches, which could provide further insight into dynamic
processes such as entrapment, degradation and beaching of plastic pollution and ultimately give
insight into the fate of land-based plastics.

In the marine environment, several methodologies have been proposed for floating litter
monitoring implementing visual observations at sea [11], which serve as a basis for harmonisation of
international marine litter monitoring approaches. In line with these approaches, several efforts have
been made to establish a standardised monitoring methodology to estimate riverine plastic transport
using visual counting [12–15]. However, most of these efforts demand the availability of existing
infrastructure such as bridges or accessibility of the monitoring site on both riverbanks.

Unmanned Aerial Verhicles (UAVs) can offer a solution to overcome these practical issues.
UAVs are increasingly used for long-term monitoring efforts such as wildlife surveys [16,17], coastal
erosion surveys [18,19], and beach litter monitoring [20]. Although some research has been done using
UAVs for monitoring purposes in the dynamic riverine environment [21–23], to date, no efforts have
been made to broaden the application of UAVs for the monitoring of particle fluxes. We foresee many
opportunities in usage of UAVs for plastic debris monitoring, both in data acquisition and in data
processing. Through application of aerial surveys using UAVs, monitoring of riverine plastic debris is
less restricted to local conditions at areas of interest. Furthermore, aerial imaging is very suitable for
integration with machine learning tools, which are already being implemented to solve complex object
recognition and classification problems across a range of environmental research [24–26].

The aim of this study is therefore to explore the possibilities of using UAVs for monitoring of the
spatiotemporal distribution of riverine plastic debris. In this paper we present a first effort towards
an automated aerial surveying methodology for floating riverine litter monitoring, including the results
of a first application in Klang River, Malaysia. The Klang River is assumed to be one of Malaysia’s most
polluted rivers, as it drains the megacity of Kuala Lumpur. For this study, we focus on the macroplastic
fraction (>2.5 cm) of riverine plastic litter in an effort to reduce the knowledge gaps currently present
in riverine plastic pollution research.

2. Methods

Several reports have indicated the need for harmonised riverine litter monitoring procedures to
allow for trend assessments and comparisons between different monitoring locations [13,27]. With this
need in mind, the methodology presented here is an extension to the methodology proposed by van
Emmerik et al. [14] and González-Fernández et al. [13]. Both these studies indicate the need for
detailed cross-sectional plastic transport profiles in order to be able to capture the influence of local
hydrodynamics on the plastic distribution.

The UAV-borne measurements were taken using an off-the-shelf UAV and processed manually
with the use of an online labelling tool. Comparisons with visual riverine plastic counting and plastic
sampling using the proposed methodology by van Emmerik et al. [14] provide insight into the accuracy
of the procedure.

The fieldwork was conducted during the period from 29 April to 4 May 2019. The visual counting
measurements were taken from the Jalan Tengku Kalana bridge (3◦02′42.5′′N 101◦26′54.8′′E) between
09:00 and 17:00 during the entire duration of the measuring campaign. All UAV-borne measurements
were taken at a location 700 m downstream (3◦02′52.9′′N 101◦26′31.2′′E) on Klang River, on 30 April,
1 May and 4 May, between 09:00 and 17:00.
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The local climate is characterised as a tropical rainforest climate according to the Köppen–Geiger
classification. The cloudier part of the year starts in March and lasts until December. The city of Klang
experiences an extreme seasonal variation in monthly rainfall, with the largest precipitation rates
between October and December (http://www.weatherspark.com).

2.1. Aerial Survey

2.1.1. Materials

The aerial survey was performed using a DJI Phantom 4 Advanced quadcopter equipped with
a 3-axis gimbal mounted 12-megapixel camera. The camera has a 1/2.3′′ CMOS sensor which,
in combination with a lens with a 20 mm (35 mm format equivalent) focal length, provides a field
of view of approximately 94◦. The UAV makes use of the GPS/GLONASS positioning system in
combination with a barometer and Inertial Measurement Unit (IMU), which allows for a hover accuracy
of ±0.5 m vertically and ±1.5 m horizontally. The integrated Downward Vision System (DVS) offsets
a hover accuracy of ±0.1 m vertically and ±0.3 m horizontally. The vision system requires a surface
with a clear pattern and adequate lighting between 0.3 and 3 m distance from the UAV. Under normal
conditions, the intelligent flight battery provides approximately 23 min of flight time (DJI, Shenzhen,
China; http://www.dji.com).

2.1.2. Data Acquisition

To be able to make detailed cross-sectional plastic transport profiles, the aerial survey consisted of
a flight path transecting the river perpendicular to its flow direction. The gimbal angle was set at 90◦,
at nadir, to allow for good particle shape and size detection without the need for image rectification
during post-processing. To reduce inaccuracies induced by human error, the UAV’S flight path was
pre-programmed using Python and flown using the Litchi waypoint mission engine (VC Technology,
Inc., Brooksville, FL, USA; http://www.flylitchi.com).

The flight path was set up at three different altitudes relative to the instantaneous water level,
indicated by H1, H2 and H3 in Figure 1. Images taken at these three different altitudes serve different
purposes. Stills obtained at a height of H1 provide the basis of visual plastic counts from which plastic
transport estimates can be deduced. Images obtained at altitude H2 provide qualitative data on plastic
transport “hot spots” in the river, and images obtained at H3 provide qualitative insight into larger
flow features as well as plastics stranded on the riverbanks.

During one flight, the UAV first traverses half of the river width at altitude H2, which is set
at 15 m above water level, at a cruising speed of 13.7 km/h. Then, the UAV ascends to altitude
H3 at which it hovers for 14 s while taking still images of the total river width and the riverbanks,
before descending back to H2 and traversing the remaining half of the river cross-section at cruising
speed. Upon reaching the opposite side of the river, the UAV descends further, to a height H1 of 5 m
above water level. At this height, the UAV hovers at N subsequent measuring locations along the
transect for 14 s before returning to the HomePoint.

Several preliminary tests were conducted at a test site in the Netherlands to determine the ideal
flight speed, camera shutter interval and altitudes H1 and H2. From analysis of these preliminary tests,
it was found that, to still be able to distinguish macroplastic particles (>2.5 cm) and their plastic class,
the flight altitude should be in the range of 4–6 m above water level. Altitudes at which macroplastic
amounts could still be determined, but could no longer be classified were in the range of 8–18 m above
water level.

Based on trade-offs among flight time, pixel density, and image footprint, as well as taking into
account possible machine-induced altitude inaccuracies, it was chosen to conduct the plastic transport
measurements at an altitude H1 of 5 m above water level. The qualitative “hot spot”-indicating stills
were chosen to be taken at an altitude H2 of 15 m above water level.

http://www.weatherspark.com
https://www.dji.com
https://flylitchi.com
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Figure 1. Overview of drone flight path used for the aerial survey. Under normal conditions, H1 = 5 m,
for quantitative plastic transport estimation and plastic classification, and H2 = 15 m, for qualitatively
indicating plastic transport “hot pots” along the river transect. H3 is calculated based on the total river
width, B.

While flying at an altitude of 5 m, most commonly used off-the-shelf UAVs are able to take stills
that have a pixel pixel density of 5–9 px/cm. These pixel densities allow for integration with available
machine learning based object detection algorithms [28–30] and provide good conditions for plastic
detection and classification by the human eye. The height H3 was calculated based on the camera
specifications of the UAV-mounted camera, the river width B and an additional width Bbank to account
for the riverbank on both sides of the river. Assuming an at nadir pointing camera angle, this height
can be calculated with the following equation:

H3 =
(B + 2 · Bbank) · f35

Sw,35
(1)

with Sw,35 (mm) the sensor width of a 35 mm full-frame camera, f35 (mm) the focal length of the camera
in 35 mm equivalent format, B (m) the width of the river and Bbank (m) the estimated width of the
riverbank. In the case study of Klang River, the river width equals approximately 115 m, which leads
to an altitude H3 of 63 m.

The amount of measuring locations (N) along the river cross-section can be calculated by
dividing the river width B by the horizontal field of view (HFOV) of the used camera at a height H1,
rounded down to the nearest integer. Based on an at nadir pointing camera angle and assuming all
other gimbal axes to be equal to 0◦, the horizontal field of view of the camera used can be calculated
with the following equation:

HFOV =
H1 · Sw,35

f35
(2)

The amount of measuring locations (N) along the transect can be calculated using the
following equation:

N =
B · f35

Sw,35 · H1
− (B · f35) mod (Sw,35 · H1)

Sw,35 · H1
(3)
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For the Klang River application case, this calculation results in 12 measuring locations along the
transect. Rounding down the number of measuring locations to the nearest integer implies that, in the
application case of Klang River, 94% of the full river width is covered by the stills.

The hovering time of 14 s was chosen such that the altitude inaccuracy introduced by the UAV’s
stabilisation procedure during hovering was as small as possible, while the amount of images obtained
during the hovering time interval remained sufficiently large. In combination with a camera shutter
interval of 2 s, hovering for 14 s resulted in seven or eight images at each measuring location.

Figure 2A depicts the measurement locations of the UAV-borne measurements on Klang River.
The measurement locations are numbered 1–12, starting at the opposite side of the river relative
to the take-off location. During measurements, the drone was facing downstream with a heading
perpendicular to the main transect of the flight path. This made sure that the flow direction could be
resolved from the images in the post-processing stage.

A B

C

Figure 2. (A) Measurement locations along a transect at the case study site for the UAV-based measuring
procedure on Klang River, Malaysia. Measurement location numbering starts at the opposing riverbank
relative to the take-off location. (B) Overview of the measuring locations along the Jalan Tengku Kalana
bridge in the city of Klang. (C) Overview of the Klang River and the locations of the observation sites
relative to each other. “A” indicates the visual counting observation site at the Jalan Tengku Kalana
bridge, and “B” indicates the drone observation site.
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A manual record was made of the water level before take-off, after which the flight path altitudes
could be adjusted accordingly. After landing, a manual record was made of the GPS altitude upon
reaching the HomePoint. This altitude provides an indication of the altitude inaccuracy incurred during
flight. If any significant weather changes were evident during flight, this was also manually recorded.

Besides the records that were taken manually, every image taken stores valuable metadata in
Exchangeable Image File Format (EXIF), which can be accessed during post-processing of the images.
The EXIF metadata stored in these image files contain all camera specifications as well as specific DJI
metadata such as GPS location, flight speed, GPS altitude, all three gimbal rotations (yaw, pitch, and
roll), image dimensions and the timestamp.

2.1.3. Data Processing

The collected images were subsequently divided into three categories, namely “overview
measurements”, “transient measurements” and “measurements”, based on the EXIF metadata stored
in each image. Images that were taken at a height higher than 1 m above the initially programmed
altitude H1 were stored as “overview measurements” and images that were recorded a flight speed
larger than 0.5 m/s or smaller than −0.5 m/s in x-, y- or z-direction were classified as “transient
measurements”. All other images were classified as “measurements”.

Images that were classified as “measurements” and that were part of a sampling flight for
which the recorded altitude at landing (the altitude difference ∆H) was not more than 1 m
(1 m ≥ ∆H ≥ −1 m) were suitable for processing. Using the labelling tool of the online platform
Zooniverse Project Builder (Citizen Science Alliance, Oxford, England; www.zooniverse.org), a small
group of 15–20 volunteers tagged all visible plastics in the aerial images. The Zooniverse Project
Builder platform showed these images in random order. Two different categories of plastic were
distinguished: “riverbank plastics”, i.e., plastics that were stranded on or partially embedded into the
riverbank, and “floating plastics”, i.e., plastics that were flowing with the current. Plastics that were
flowing with the current, but were partially submerged, were also tagged as floating plastics. Debris
for which the type was uncertain, was not counted.

The distinction between floating plastics and riverbank plastics was introduced because plastic
debris (partially) embedded into the riverbank are distinctly different from floating plastic debris in
their size, shape and colour. The distinction between floating plastic and riverbank plastic was made
because we hypothesise that future machine learning object detection algorithms may be trained to
recognise both classes separately. However, for the purpose of this study, only floating plastic debris
was considered. Examples of aerial images with distinctly different visible plastic debris types are
indicated in Figure 3.

(A) Floating plastic debris (B) Riverbank plastic debris

Figure 3. Examples of aerial images obtained during the aerial survey. (A) An example of an aerial
image mainly showing floating plastic debris and some organic debris. (B) An example of an aerial
image showing (partially) embedded riverbank plastics.

https://www.zooniverse.org
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To comply with the image size restrictions of the platform, each image was split into four smaller
images prior to uploading. Even though the sizing restriction introduces the disadvantage of having to
split and merge the aerial images, use of the Zooniverse platform versus other manual visual counting
techniques is advantageous because exports of Zooniverse Project Builder data are directly applicable
for training purposes of machine learning object detection algorithms.

2.2. Plastic Monitoring

Additional plastic measurements were done in parallel with the aerial survey procedure as
a means of comparison between both methods. The measurements followed the methodology proposed
by van Emmerik et al. [14], which consists of both visual counting and plastic trawling.

2.2.1. Visual Observations

Additional plastic sampling of the floating riverine plastic particles was done on five days (29 and
30 April and 2, 3 and 4 May) between 9:00 and 17:00. During each sampling day, six or seven hourly
cross-sectional plastic transport profiles were made. For this, the 100-m-wide Jalan Tengku Kalana
bridge was split into five segments, each measuring 20 m in width. During a time frame of 2 min,
a team of two observers counted and classified all plastics passing through a segment. Each floating or
partially submerged particle that could be identified as plastic was counted, independent of its size.
If the debris type was uncertain, it was not counted as plastic.

Velocity estimates were done with a visual approach for each segment after each visual count.
Observers traced a plastic particle along a 10-m transect perpendicular to the bridge and noted the time
necessary to traverse this transect. Estimates obtained using this method were timed 4–7 min apart.

The segments were observed sequentially, starting at the southern side of the bridge. Counting
was done facing upstream since a walkway on the upstream side of the bridge provided shelter from
rain and sun. This allowed us to make continuous visual counts regardless of the weather. The exact
observation locations on the bridge are indicated in Figure 2B.

Based on visual inspection, it was estimated that the turbidity of the water was relatively stable
during the measuring period. With this turbidity, it was estimated that any plastics in the upper 20 cm
of the water column were clearly visible. The average height of the bridge above the instantaneous
water level was estimated at 12 m, with observed water level fluctuations of approximately 2 m.
The minimum size of debris that could still be distinguished at this height was estimated at 2 cm.

2.2.2. Plastic Sampling

Plastic sampling was done using a static bridge-mounted two-layer trawl. The two-layer trawl
consisted of a framework to which two 2-m-long nets were attached. The framework was made up of
two vertically connected rectangular aluminium frames, the top frame measuring 0.67 m by 0.67 m,
and the bottom frame measuring 0.67 m by 0.5 m. Two 0.67-m-long aluminium tubes with floaters
were attached perpendicularly to the top frame with t-joints, at a distance of 0.17 m from the top of the
upper frame. With this set-up, the top frame sampled the upper 0.5 m of the water column and the
bottom frame sampled the water column between 0.5 m and 1.0 m depth. The chosen net mesh size of
2.5 cm was an optimisation between the desired size fraction of plastic catch and manageability of the
trawl due to the drag force acting on the nets.

The trawling location was based on the prevailing flow direction and the observed location of the
preferential path of the plastic debris, taking into account navigation routes (Figure 4). Depending
on the flow velocity and the plastic load, trawl deployment lasted between 10 and 20 min. Debris
samples were analysed following a three-step procedure. Firstly, the retrieved sample was divided
into two categories: organic debris and plastic debris. Secondly, the debris in both categories was
subsequently weighed using a digital scale. As a last step, plastic concentrations were calculated based
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on the trawled plastic samples. The plastic concentration was calculated from the trawled plastic mass
as follows:

Cp =
Np

At · v · t
(4)

with plastic concentration Cp (#/m3), area of the trawl At (m2), the number of plastic particles Np,
flow velocity v (m/s) and the trawl deployment time t (s).

Figure 4. Deployment of the sampling net at the additional plastic sampling location (Credit:
Florent Beauverd).

3. Results

3.1. Plastic Transport Profiles

Since the Klang River is a tide-dominated river, two apparent flow directions were observed:
(1) an upstream flow (flood current) and (2) a downstream flow (ebb current). Although a tidal cycle
was observed on all days, plastic quantities were only determined for observations during high tide
on 30 April and 1 May. On 4 May, plastic quantities were measured during flow in both directions.

The highest plastic densities are observed in the middle part of the river on all monitored days.
On 30 April and 1 May, the highest plastic densities were found approximately 48 m from the southern
riverbank (ML5). This is to be expected, because it is known from previous research that the variation
in plastic transport in rivers is mainly influenced by the surface flow velocity [13,14]. During the entire
measuring period the flow velocity was highest in the middle part of the river, as was measured with
the visual survey. The tidal cycle likely influences the preferential path of the plastics in the river, as is
suggested by Figure 5, since during low tide the highest plastic densities were found approximately
67 m from the southern riverbank (ML7).

Figure 5 depicts the absolute cross-sectional mean plastic density profiles on 30 April, 1 May and
4 May 2019 as measured with the aerial survey. The mean plastic densities at the measured height
Hrecorded are indicated. The maximum of the error band in Figure 5 indicates the maximum of the
plastic density at height Hrecorded + ∆H or the plastic density at height Hrecorded plus measurement
error, and the minimum of the error band indicates the minimum of the plastic density at height
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Hrecorded and the plastic density at height H + ∆H minus the measurement error. For the calculation
of these profiles, only floating plastic debris was taken into account.

Figure 5. Cross-sectional profiles of observed plastic density and fictional plastic density for the case
Hactual = Hrecorded +∆H over the river width for 30 April, 1 May and 4 May 2019. The maximum of the
error band indicates the maximum of the plastic density at height Hrecorded + ∆H or the plastic density
at height Hrecorded plus measurement error σ/

√
N, and the minimum of the error band indicates the

minimum of the plastic density at height Hrecorded and the plastic density at height H + ∆H minus the
measurement error of the sample. (A) The cross-sectional profile of the mean plastic density on 30 April;
(B) the cross-sectional profile of the mean plastic density on 1 May 2019; and (C) the cross-sectional
profile of the mean plastic density on 4 May 2019.

3.2. Altitude Inaccuracies

The influence of the recorded altitude difference after landing on the plastic density was estimated
by calculating the plastic density for the case that the actual height at which the UAV was flying during
the aerial survey was Hactual = Hrecorded + ∆H. All other factors considered constant, this altitude
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difference leads to a plastic density error induced by a difference in image footprint. To estimate this
error, the plastic density at height Hactual was calculated for each picture and compared with the plastic
density calculated based on the recorded height Hrecorded.

On average, the largest absolute altitude differences were recorded on 4 May, with a daily mean
altitude difference of 0.47 m. For comparison, on 1 May, the mean altitude difference was 0.32 m.
During the one flight executed on 30 April for which the plastics were classified, the altitude difference
∆H was zero. The mean absolute error in the plastic density due to the altitude difference on 1 May was
14.4%, whereas the maximum error recorded on 1 May amounted to 19.0%. In comparison, on 4 May,
the mean absolute error in plastic density due to the introduction of an altitude difference amounted
to 19.5%, and the maximum error was equal to 44.0%.

3.3. Cumulative and Normalised Plastic Transport Distributions

The normalised cumulative plastic transport and the normalised distribution of plastic transport
over the river width, measured with both the aerial survey and the bridge-based visual survey,
show similar trends (R2 = 0.97, RMSE = 6.7%). Although this trend is evident visually from the curves
presented in Figure 6, it is also clearly visible that the difference in spatial resolution over the river
width introduces an asymmetry between the distribution of plastic transport over the river width.
The plastic densities obtained with the visual survey, as shown in Figure 6, were resampled for a
more accurate comparison between both methods. The resampled data provide plastic counts in
10 segments, each containing half of the plastic counts in comparison with the original data.

Figure 6. (A) Plot of the cumulative plastic transport over the river width, measured with both the aerial
survey and the bridge-based visual survey. The cumulative plastic transport over the river width for
resampled visual survey data is also indicated. (B) Overview of the distribution of plastic transport over
the river width, measured using the aerial survey and the bridge-based visual counts. The distribution
of plastic transport over the river width using resampled visual survey data is also indicated.

3.4. Spatiotemporal Distribution

Measured plastic concentrations vary both in time and space during the entire measuring period.
The spatiotemporal distribution of the plastic concentrations obtained from the UAV-based approach
on 4 May 2019 is depicted in Figure 7A. Plastic amounts increase suddenly between 11:00 and 12:00,
although manual velocity measurements do not indicate a velocity increase. Between 11:45 and 15:00,
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altitude inaccuracies were outside of the 1.0 m range, thus no measurements are presented within this
time frame.

Figure 7. Overview of measured plastic statistics. (A) Spatiotemporal variation of the plastic density
on 4 May 2019. The mean plastic density without taking into account the possible error introduced by
the altitude difference ∆H, and the plastic density calculated for the case that the maximum recorded
altitude difference ∆H is introduced everywhere during flight are indicated. The shown densities are
absolute, i.e., not taking into account the flow direction of the river. (B) The recorded flow velocity
obtained by visual measurements for all individual segments at the Jalan Tengku Kalana bridge on
4 May 2019. Negative values indicate an upstream current. (C) Overview of the mean plastic density
in #/m2 from drone measurements averaged over the width of the bridge, set out against the total
plastic concentration in #/m3 as measured by plastic sampling.

The mean plastic concentrations obtained by trawling were set out against the plastic densities
obtained with the aerial survey in time (Figure 7C). For the determination of the plastic concentration
from trawl measurements, only the plastic counts in the upper frame of the trawl were used (upper 0.5).
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These are comparable to the plastic counts from the aerial survey, since we estimated that on average
the upper 0.2 m of the water column was visible from the aerial images during the entire measuring
period. Since trawling was always done at the location with the highest plastic transport rates,
the trawling data most accurately represent the plastic transport in Segment 3. The flow velocity was
therefore interpolated based on flow velocity measurements from Segment 3 in order to calculate the
plastic concentrations. The plastic densities per flight were calculated from solely the plastic counts
in the middle section of the river for better comparison. Examining these plastic statistics, we see
that, although the units in which the plastic statistics are expressed are not equal, they follow the
same overall trend. For the presented application case on Klang River, no hydrological records were
available during the monitoring period. If consistent water level records or discharge records are
available, the main plastic statistics can be expressed in the same units, which allows for a more
detailed comparison between the two methods.

4. Discussion

4.1. Altitude Inaccuracies

In this paper, we have based the measure of the altitude inaccuracy induced during flight on the
manually recorded altitude after landing. It must be noted that the altitude difference recorded after
landing only gives an indication of the order of magnitude of the introduced altitude difference, as the
instantaneous altitude difference at a measuring location could still be higher or lower. Furthermore, we
only analysed aerial images taken during flights after which the recorded absolute altitude difference
was no larger than 1.0 m. During the entire duration of the fieldwork, however, altitude differences of
up to 3.0 m were recorded. This is not taken into account for the presented error estimates.

We expect that these altitude differences are mainly induced by the UAV’s internal stabilisation
procedure. When flying with the DJI Phantom 4 Advanced, three flight modes are available:
P-mode (positioning), A-mode (altitude) and F-mode (function). Normally, P-mode is activated,
as was the case during the application on Klang River. In P-mode, three different states are discerned,
one of which is automatically selected depending on GPS signal strength and Downward Vision
Positioning sensors. When GPS and Vision Positioning are both available, the aircraft is using GPS
positioning (P-GPS mode). If the GPS signal strength is not sufficient but the Vision Positioning System
is available, then the Vision Positioning System is used (P-OPTI mode). When the GPS signal is weak
and lighting conditions are too dark or too light for the Vision Positioning System, the aircraft will use
only the internal barometer for altitude stabilisation (P-ATTI mode). In the Klang River application
case, weather conditions were rapidly changing between and during flights. Furthermore, the Vision
Positioning System was unavailable during all flights, since the flight altitude was larger than 3 m.
When a thick cloud cover was present, the GPS signal was too weak and P-ATTI mode was enabled.
If this was accompanied by a sudden temperature drop or increase, the internal barometer recorded an
altitude change which triggered the stabilisation procedure, even though an actual altitude change had
not occurred. In these types of climates, it is difficult to mitigate this stabilisation effect when using
off-the-shelf drones. However, it is possible to record the flight altitude more accurately by introducing
an external altitude meter as a payload. A good option would be using real-time kinematic GPS, which
has an altitude accuracy of within a meter. Another option would be a set-up with a laser total station
theodolite at the river bank and a prism mounted on the UAV, with which millimetre to centimetre
accuracy can be achieved.

Improving altitude accuracy is strongly recommended for future research, although improvements
could require the use of custom drones instead of off-the-shelf models. The use of custom drones
could in turn have implications on the accessibility of the methodology to the broader public, which is
possibly undesirable. Alternatively, one could make use of higher resolution cameras in combination
with higher flight altitudes. If similar pixel densities can be obtained when flying at larger altitudes
using higher resolution cameras, altitude differences in the order of 1–3 m have a relatively smaller
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influence on error estimates. Additionally, the larger spatial coverage could be beneficial for plastic
debris monitoring of some of the top polluting rivers, as estimated by Lebreton et al. [6], many of
which are several kilometres in width.

4.2. Comparison of UAV-Based Approach with Visual Counting Survey

Both the cumulative and normalised plastic transport distributions presented in Figure 6 show
obvious differences between estimates obtained by using the UAV-based approach and estimates
obtained by visual counting.

The plastic distribution might show differences between both surveys because the amount of
time that an upstream current was observed during the monitoring period was higher for the visual
survey than for the aerial survey. The percentage of observations during an upstream current was
29.3% for the visual survey, while this was 19.5% for the aerial survey. As deduced from Figure 5C,
the preferential path of the plastics shifts from the southern riverbank to the northern riverbank during
a tidal cycle, which leads to a more uniform distribution for the visual survey when averaging over
the entire duration of the monitoring campaign.

Moreover, the observed differences in the distribution of plastic transport obtained with the visual
survey could be explained by the distance between both monitoring sites. The distance between the
Jalan Tengku Kalana bridge site and the aerial survey site was approximately 500 m. At such distances,
the asymmetry in the plastic distribution could be (partly) dismissed as natural variability. Besides the
differences in spatial resolution of both methods, asymmetries in the plastic transport distribution can
be introduced due to the difference in nature of the sampling methods.

Lastly, as observers were visually counting the plastic debris amounts, they were simultaneously
classifying the plastics. This can introduce an error because, in fast-flowing currents, it is likely that
not all plastics are able to be counted and classified within the time frame that the plastic debris is
visible. This leads to a bias towards the segments with a lower flow velocity. On the other hand,
the raw aerial images obtained during the visual survey can be counted and interpreted again, either
manually or automatically. The option to revisit raw data and correct for any errors will decrease the
uncertainty. The visual survey-approach can therefore not just unequivocally be used as a baseline
for quantitative comparison, as the visual survey also has its limitations. Comparison of the trend
of mean plastic statistics, both in time and in space, is therefore sufficient for the purpose of this
study. Integration with machine learning object detection algorithms and machine learning-based
Particle Imaging Velocimetry (PIV) techniques will be necessary to obtain comparative plastic fluxes
and ensure scale-up of the methodology.

4.3. Observer Bias

An interesting parameter to asses the observer bias is the difference in plastic counts between
subsequent images in the same population. To show the largest differences between these counts,
we look at the flight with the highest total amount of plastic counts, which is the flight conducted
on 4 May at 11:22. The largest measured difference in plastic counts between subsequent images
during this flight was 39 particles. Subsequent images were taken 2 s apart. Although these relatively
large differences in successive images can be accurate in case of higher flow velocities, it most likely
indicates an observer bias in plastic counts. This presumption is confirmed by looking at the records of
the measured flow velocity (Figure 7), which shows that the flow velocity is smaller during previous
flights, while these do not show large differences in plastic counts between subsequent images.

Another interesting parameter to potentially assess the observer bias is the increase or decrease
of debris amounts between subsequent flights. Figure 7A shows the spatiotemporal variation of the
plastic density as measured using the aerial survey, not taking into account the direction of the plastic
transport. In Figure 7A, we see that, at 11:22, a large increase in plastic density was observed from
the aerial survey. This seems out of the ordinary when looking at the preceding and following flights.
This sudden increase and decrease of plastic counts can indicate an event with a sudden increase
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of the plastic debris amounts, but can also be (partly) induced during data processing. The aerial
images were randomised during the labelling process, thus it is not likely that the sudden increase is
an artefact of some labelling bias. Furthermore, the overall increase in plastic density is uniform over
the river width. This indicates that these sudden changes in plastic amounts most likely represent an
actual event.

Observer bias is possibly exacerbated by three factors. During sunny, cloudless weather conditions,
sun glint is visible in the images. This not only leads to local loss of information, but in some cases also
casts a shadow on small organic particles present on the water surface. In such cases, these particles
resemble small dark plastic particles on the water surface, which leads to classification errors. Secondly,
the images are not processed in the same order as they were obtained, which makes it more difficult for
a human observer to discern actual plastic particles from sun glint. Lastly, any observer bias already
present is exaggerated by splitting and combining the original images for the Zooniverse platform.

There are several ways to reduce the bias introduced by sun glint on the surface. The easiest way
to reduce sun glint is to make use of polarising filters when flying in sunny conditions. This directly
reduces the appearance of sun glint [31]. A disadvantage of using polarising filters, however, are that
they cannot be “turned off” during flight. In climates where weather conditions can rapidly change
this poses a risk, because information loss can occur if the polarising filter is too strong. Furthermore,
polarising filters only work as desired at a specific orientation and might even work adversely at
some orientations. Another way to reduce sun glint is to change the pitch angle of the UAV-mounted
camera [32]. When the pitch angle is pointing at nadir, the effect of sun glint is strongest. If the
pitch angle is changed to, e.g., 10◦ from nadir, this could already lead to a reduction of the sun glint
effect. The main disadvantage of this method is that plastic particles might appear distorted, making it
more difficult for observers and machine learning object detection algorithms to classify the plastic
debris. To be able to assess whether this effect is significant at a flight altitude of 5 m, further research
is recommended.

4.4. Outlook

Upon first application of the presented methodology on Klang River, Malaysia, we found that
the trend in cross-sectional plastic density obtained with the proposed aerial survey methodology
strongly resembles the trend in plastic flux estimates obtained with a visual survey. For reliable,
direct comparisons, it is recommended to couple the obtained plastic densities to consistent
hydrological data, which highlights the importance of the availability of such data. In the future,
the aerial images obtained with the presented protocol could provide the basis for, e.g., velocity data,
by using them as a basis for PIV measurements. Several papers have previously been published
implementing such PIV techniques based on aerial images in outdoor environments [33–36]. This could
significantly increase the accuracy and spatial resolution of velocity measurements.

Although the presented methodology is simple, it provides both quantitative data on plastic
transport and qualitative data on the amount of plastics present on the riverbanks, and accommodates
integration with machine learning approaches for object detection. Additionally, it is easy to obtain
extra (meta)data by adding more measuring equipment as a payload, such as a single-beam sonar [37].
Altitude accuracy can potentially be improved by using e.g., real-time kinematic GPS or a laser total
station in combination with a UAV-mounted prism. Moreover, error estimates could possibly be
reduced by using a UAV with a higher quality camera flying at a higher altitude, for which altitude
differences in the range of 1–5 m lead to smaller error estimates.

The presented methodology has been tested for river widths up to 200 m, and in theory it can
be applied to river widths up to 500 m if the same hovering time, flight speed and altitudes are used.
When looking at the top 20 polluting rivers, as predicted by Lebreton et al. [6], it is evident that this
is very small compared to widths of several kilometres that some of these top polluters have. It is
important to further research the possibility to apply the proposed aerial survey techniques in these
very wide rivers, since practical considerations may restrict application in such cases. Use of higher
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resolution cameras in combination with larger flight altitudes could partly provide a solution to these
practical considerations.

Continuous monitoring would allow more accurate measurements of the evolution of plastic
transport over time. In sufficiently narrow rivers, this could be achieved by using tethered drones with
power systems positioned on the riverbanks. Unmanned tethered blimps have been used for similar
monitoring tasks in the marine environment, which could provide lessons learned [38]. In wider rivers
however, this would require usage of a floating object to carry the power systems, which might deform
the flow and plastic transport locally. In such cases, it is advised to use tailor-made drones that are
built for the specific application, although the methodology presented in this paper might still be
applied on a basic level.

Other future perspectives related to the presented work should involve integration with machine
learning algorithms for automatic object detection and classification. This can be applied for the
detection of floating plastics as well as riverbank plastics [20]. The presented work merely presents
a methodology for measuring the spatiotemporal variation of plastic particles, whereas the full
potential of the methodology can be realised when combined with machine learning object detection
methods and PIV techniques. Volunteers indicated that floating debris was generally easy to classify
because of a sharp contrast in colour between debris and water column and the clearly distinguishable
shapes of common plastic debris types. Riverbank plastics, however, had more capricious shapes
and the transition between debris and riverbank was often unclear. When training object detection
algorithms, this should be taken into account.

5. Conclusions

This paper presents a first methodology to quantify floating riverine plastic transport at
monitoring sites without any existing infrastructure by use of an off-the-shelf UAV. Use of this
methodology opens up many new possibilities to further substantiate the origin, distribution and fate
of riverine plastic debris with fieldwork measurements.

The use of an automated flight path as a monitoring technique provides an easy, adaptable
and relatively cheap method to monitor floating riverine plastic debris at locations without existing
infrastructure. The aerial images obtained with the UAV-based protocol have pixel densities that allow
for integration with existing machine learning object detection algorithms, which could drastically
reduce the observer bias in future applications and thus lead to more accurate estimations of worldwide
riverine plastic debris transport.

The main disadvantage of the proposed methodology is that the application and accuracy
of the method are strongly dependent on weather conditions. UAVs should not be used in
severe weather conditions, including wind speeds exceeding 10 m/s, as well as during rain, snow,
thunderstorms, and fog. In climates that are highly susceptible to sudden weather changes, the altitude
accuracy decreases significantly. Coincidentally, many of the top polluting rivers, as estimated by
Lebreton et al. [6], are located in countries with highly variable climatic conditions. Although the
internal stabilisation procedure inducing the altitude inaccuracy cannot be changed in off-the-shelf
UAVs, its effects on the obtained data can be mitigated if the altitude can be monitored more accurately
from the drone, e.g. by use of real-time kinematic GPS. Use of higher resolution cameras in combination
with larger flight altitudes could also potentially reduce the effects of these altitude inaccuracies.
Furthermore, the presented methodology can easily be extended to also monitor many other parameters
by the addition of a suitable payload.

Overall, it can be concluded that the use of UAVs shows great potential for monitoring of the
spatiotemporal distribution of riverine plastic debris. In the Klang River application case, the pattern
of the plastic density profile measured with the aerial survey strongly resembles the pattern of the
plastic transport profile measured with the visual counts and the plastic concentrations obtained
through plastic sampling. Direct comparisons, however, are difficult to make on account of the lack
of hydrological data during the measurement period. In future application cases, it is essential that
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the obtained plastic statistics can be coupled to this hydrological data in order to make more detailed
comparisons on the accuracy of both protocols. Partly, such data can be obtained directly from the
aerial images by using PIV techniques.

In this paper, we demonstrate that UAVs offer promising new possibilities for riverine plastic
transport monitoring. UAVs can overcome practical challenges associated with current monitoring
methods, which is especially of interest to wide, remote or inaccessible rivers. The method presented
here is simple, adaptable and can be used in remote areas without many difficulties. It is therefore
advantageous in efforts to scale up river plastic monitoring efforts around the world, and will enable
making more accurate estimations of riverine plastic transport on a higher spatial and temporal scale.
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