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Estimating microplastic concentrations in surface water using satellite-based turbidity
measurements: a case study on the New River, VA

Luisana Rodriguez Sequeira

ABSTRACT
Microplastic (<5 mm) pollution in rivers poses a threat to ecosystems and human livelihood
around the world, yet the methods used to quantify and monitor their occurrence, distribution,
and transport are highly limited. A substantial portion of plastics make their way into rivers
through a variety of pathways such as direct dumping and environmental transport processes
(wind, surface runoff, etc.). To detect and quantify microplastic abundance in rivers, traditional
detection methods rely on visual observation and enumeration techniques, resulting in error due
to bias in counting. These methods are time-consuming and require laborious field collection and
laboratory work, inhibiting high-frequency observations over large spatial extents, which is
needed to better understand the sources, sinks, and dynamics of microplastic pollution in
waterways. Satellite remote sensing can provide regular water quality estimates in rivers with
large spatial and temporal coverage, and we could use these estimates as a proxy for surface river
microplastic concentrations. In this study, we relate the satellite-derived normalized difference
turbidity index (NDTTI) to co-temporal in situ turbidity and surface water microplastic
concentrations. We focused our study on the New River, in Southwest Virginia, USA. Over the
course of a year (September 2023 - September 2024), we collected and analyzed over 100 co-
temporal water quality measurements, surface water microplastic concentration samples, and
corresponding observations from satellite imagery. Using linear regression, we derived a
relationship between NDTI and in situ turbidity that explains 71% of the variance (R*>= 0.71).
Seasonal relationships varied between in situ turbidity and microplastic concentrations which
varied between R? 0.19 and 0.56. We combined the equations relating NDTI, in situ turbidity,
and co-temporal microplastic concentrations to directly relate satellite-derived NDTI to
microplastic concentrations. With this equation, we can estimate microplastic concentrations
along the New River on clear-sky days using Sentinel-2 at 10-m resolution, allowing us to
delineate microplastic concentrations along the river. The method developed here can be used to
advance our ability to track the dynamics of microplastic for improved assessments of sources
and sinks of mismanaged plastic waste in Earth’s waterways.
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GENERAL AUDIENCE ABSTRACT
Microplastics (<5mm), are pervasive in Earth’s environments, and rivers are a major transport
pathway. Microplastic detection methods that rely on counting individual particles are time-
consuming and require laborious field collection, inhibiting real-time insights over large spatial
extents, which are needed in order to better understand where microplastics go within inland
rivers. Satellite remote sensing has been used to estimate inland water quality at relatively high
spatial and temporal coverage. Thus, finding a correlation between water quality and
microplastic concentration could allow us to estimate microplastic concentrations in rivers via
satellite imagery using water quality as a proxy. We focused our study on the New River near
Blacksburg, VA, and collected over 100 co-temporal water quality measurements and surface-
water microplastic samples between September 2023 through September 2024. We combined
these in situ measurements with co-temporal remotely sensed water quality index observations
from Sentinel-2 to develop a model estimating microplastic concentration from satellite imagery.
By providing more observations than what can be done with in situ sampling alone, we can
improve large-scale microplastic analyses and modeling leading to better assessments of
mismanaged plastic waste in Earth’s rivers.
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1. Introduction

Microplastics (<5 mm; MPs) have been found in nearly all ecosystems on earth, though there is
still a dearth of knowledge regarding their transport through environments over time (Hale et al.,
2020). There is more than 400 Mt of plastic produced each year, and about 20% is mismanaged,
meaning it is discarded in a non-ecofriendly way (Geyer et al., 2017; OECD, 2024). MPs can either
be intentionally manufactured, as primary MPs, or be created, as secondary MPs, by breaking off
other plastic items (Lindeque et al., 2020). Plastic material creates secondary MPs through
processes such as physical abrasion, microbial biodegradation, and/or photo/hydro/thermal
degradation (Lakshmipraba, 2024; Liro et al., 2023; Singh & Sharma, 2016). Over time, as plastic
size decreases with fragmentation, its abundance exponentially increases and so does its potential
to negatively affect ecosystem health (Prata et al., 2024; Weinstein et al., 2022). In addition, MP
transport processes (i.e. wind uptake, earthworm movement) vary depending on their shape and
size (Rillig et al., 2017; Su et al., 2022; Tatsii et al., 2024). Thus, although the waste caused by
macro plastic (>5 mm) debris is more conspicuous, MPs are often more likely to be spread around
the world, making them a pollutant in need of an effective tracking methodology (Lv et al., 2021).
For decades, plastic research focused on the oceans, in part driven by the discovery of floating
oceanic garbage patches, but a recent study done by Gallitelli and Liro (2024) reported that river
garbage patches hold more plastics than oceans, albeit scattered over smaller areas. Rivers are a
major contributor to oceanic pollution, with global emission estimates between 1.15 and 2.41 MT
of plastic waste per year (Lebreton et al., 2017). Nonetheless, plastics traveling through rivers can
get trapped in the riverbed, vegetation, riparian banks, and dams along their way downstream
(Gallitelli et al., 2020; van Emmerik et al., 2022). Due to these entrapment features, plastics in

river systems have only about a 1.5% probability of entering the ocean, with lower probabilities
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further upstream compared to rivers closer to the coast (Meijer et al., 2021). Many factors, such as
river discharge and morphological characteristics, influence how plastics settle and are mobilized
(Prata et al., 2024; Roebroek et al., 2021). Due to their size, it is challenging to monitor MPs in
rivers at large spatial scales, and because their potential to damage ecosystem health is high (Lv et
al., 2021; Sarkar et al., 2023), research into how they are transported should be further studied.

Past studies have used a variety of in sifu methods to estimate MP concentrations. The principal
ways to collect river surface samples include grab samples, trawl methods, in situ sieve collection,
and pumps (Delgado-Gallardo et al., 2021). Studies often aim to quantify MP abundance in
different parts of a river (surface water, riverbed, riverbank, etc.) (Akdogan & Guven, 2019), and
though harmonization is needed, we must also consider that the methodologies used will depend
on the research question posed (Mitrano et al., 2023). Each of these methods has its pros and cons,
but all are often costly and time- and labor-intensive (Prata et al., 2024). These current methods
allow us to understand MP concentration at a specific time and place, but the next step is to better
understand how MPs flow through rivers in order to identify sinks, sources, and pathways (Hale
et al., 2020; Liro et al., 2023). To do this, spatial and temporal continuity of sampling is needed
(Roebroek et al., 2022), which is not feasible using traditional field methods. To address this
shortcoming of traditional sampling techniques, our research considers utilizing satellite imagery.
For decades, satellite imagery has been used to estimate various water quality (WQ) parameters in
rivers. Multispectral satellite remote sensing can retrieve surface reflectance across multiple
wavelengths, which can be used to identify spectral variations in water bodies across space and
time. So far, there are no studies that have found MP concentrations in water to significantly
change its spectral signature. However, if we are able to relate MP concentrations to optically

active WQ parameters, we may be able to use the relationship as a proxy to estimate MP



concentrations using remote sensing. There are few studies that have explored MP concentration
relationships to various WQ parameters in rivers, such as turbidity, suspended particulate matter,
specific conductivity (SPC), chlorophyll-a (Chl-a), and a few others (Buwono et al., 2021; Eamrat
et al., 2022; Salas et al., 2022). We hypothesize that, once the relationship between MP
concentration and a satellite-observable WQ parameter is established, the satellite’s WQ index can
be used to extrapolate MP concentrations on river surfaces.

Being able to estimate MP concentrations along rivers using satellite imagery would allow for
insight on the spatial and temporal distribution of MPs, which would allow us to better understand
how they move through river systems. To our knowledge, Piehl et al. (2020) and Sullivan et al.
(2023) have used this methodological framework for remote sensing MP concentrations in rivers
using WQ as a proxy, but to our knowledge, this is the first study to implement it in the U.S., in
inland rivers, and to follow through on each section of the framework proposed. Our study aims
to find a relationship between MP concentrations and observable WQ parameters along the New
River in Southwest Virginia. We use this relationship to extrapolate continuous MP proxy
estimates along a section of the New River to get a better idea of their hotspots, sources, and
pathways. The resulting map would provide spatially contiguous information on MP distribution
within the river to the surrounding communities using cost and time-effective methods which could

aid mitigation strategies and regulation.

2. Study Area

We focused on two sites along the New River, in southwest Virginia: Kentland Farm and the
Radford Municipal Park (see red pins in Figure 1). The New River begins in North Carolina and
makes its way north into the Kanawha River which feeds into the Ohio River and eventually

connects with the Mississippi River before flowing into the Gulf of Mexico; thus, this field site
3



represents a far upstream catchment. Kentland Farm represents a rural area, while the Radford
Municipal Park represents a semi-urban area with a population of 16,971 (U.S. Census Bureau
QuickFacts, n.d.). The width of the river at the Kentland and Radford sites is 179.1 and 131.6
meters, respectively, and both are between 1 and 1.5 meters deep. Between the sites, there is a
water treatment plant, a munitions plant, and two creeks that feed into the New River, draining
from other urban areas, including Blacksburg, VA. Both sites are downstream of the hydroelectric
Claytor Dam, which controls the discharge from upstream sites. The Radford and Kentland Farm
sites are 9.7 and 32.2 kilometers downstream of the dam, respectively. Our area of interest along
the New River drains relatively low order streams, such as the third-order Stroubles Creek which
passes through the town of Blacksburg (O’Donnell & Hotchkiss, 2019) home of Virginia Tech.
These two sites have distinct characteristics (rural vs semi-urban) setting up a natural laboratory

for real-world comparisons.
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Figure 1. Two sampling sites in red, and some key features around the sites in blue. The

Kentland Farm sampling site is 22.5 kilometers downstream of the Radford Park sampling site.

3. Methods

3.1 Satellite data collection
Sentinel-2 is a European Space Agency mission with three active satellites that were launched in

2015, 2017, and 2024 (S2 Mission, n.d.). During our data collection, we only used Sentinel-2A

and 2B. Together, they have a revisit time of 5 days. However, since our field sites were at the
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border of two swath paths, we were able to obtain imagery every 2-3 days. Each satellite measures
the Earth’s reflectance in 12 bands with a spatial resolution of either 10, 60, or 90 meters,
depending on the spectral band. Due to its relatively high spatial and temporal resolution, as well
as the intersecting swath path over our field area, we decided to use Sentinel-2 imagery to map
wQ.

The WQ parameter used to relate to MPs should be based on the context of the field site itself. For
our field site, which has relatively low levels and range of Chl-a and SPC, we decided to focus on
turbidity. Since turbidity is a measure of particle abundance within the water, it would also be
more likely for it to have a relationship with MP abundance. In standard clear water, water reflects
low reflectance values in the visible range, with blue reflecting the relatively highest values, then
green, then red, and with virtually no reflectance in higher wavelengths (Campbell & Wynne,
2011). Turbidity can be approximated using the normalized difference turbidity index (NDTI)
derived by Lacaux et al. (2007), a widely used index in the field. The index capitalizes on the idea
that as water becomes more turbid its spectral signature becomes more similar to sediment, which

reflects relatively more in the red wavelength range compared to the green band. Due to this, the

NDTI takes the normalized difference between the red and green band: NDTI = Brea=Rgreen

Rrea+Rgreen
where Rreq and Rgreen denotes the red and green wavelength reflectance, respectively. The index
ranges from -1 to 1, with clear waters tending towards negative values (green band having higher
reflectance than red), and more turbid waters producing higher values (red band reflecting more
than green; looking more similar to sediment’s signature).

To apply the NDTI to satellite imagery, we first downloaded and processed Sentinel-2 imagery
within Google Earth Engine (GEE). We filtered the imagery for our area and dates of interest
(2023-09-20 through 2024-09-15). Then, we filtered the collection to only include images with
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less than 70% cloud coverage and only include pixels that were classified as “water,” “dark pixels,”
“bare soil,” or “vegetation” by Sentinel-2's classification layer, thus omitting “cloud”, and “cloud
shadow”. By implementing this method, we ensure an image collection comprised of cloud free
pixels for our area of interest. After preprocessing the satellite imagery, we applied the NDTI index
throughout the image collection. We then extracted the NDTI values for the points that we sampled
in the river and later compared this dataset to the in sifu turbidity readings to gauge the accuracy
of NDTI estimates at our field site, and to establish an equation relating NDTI to in situ turbidity

(eq.1; see section 3.5).

3.2 Field work

For each sampling day, we collected three co-temporal MP concentration samples and WQ
measurements across the rivers’ cross-section on a canoe. At each sample location, we noted the
GPS coordinates, took a WQ measurement and a sample of surface water MPs. We used the grab
method with a 1L glass-bottle to take MP concentration samples because our research question
called for a measurement of MP concentration that is specific to the point where we took WQ
measurements. We let the river settle before taking the grab sample and took the sample from the
top 10 centimeters of the river. For WQ measurements, we used the Xylem YSI ProDSS
Multiparameter Digital Water Quality Meter, which measured depth, temperature, turbidity,
dissolved oxygen, SPC, and Chl-a. In total, we collected 110 MP samples and 101 co-temporal
WQ measurements. There were fewer WQ measurements than MP samples because the initial 9
field samples were taken without an active YSI. We used the co-temporal WQ and MP datasets to
derive a relationship (eq.2) between the two for future MP proxy work (see section 3.5).

We also used the Ocean Optics’ SR4 portable spectrometer to take in situ hyperspectral reflectance
measurements to compare to the satellite reflectance signature. The equipment was calibrated for
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reflectance measurements and taken out in the field to take in situ reflectance measurements from
the water’s surface. Though the readings were in line with what we would expect for relatively
clear waters, taking the equipment onto a canoe in the field was risky and we were not able to
capture enough valid measurements to make significant relationships with satellite overpass

readings.

3.3 Microplastic isolation and characterization

In the Gray lab at Virginia Tech, we first filtered the MP sample through a 63 um metal sieve and
afterwards digested the sample in 30% hydrogen peroxide to remove organic matter for 48-72
hours (Prata etal., 2019). We then vacuum filtered the sample through a glass flask onto a Sartorius
filter with a pore size of 0.45 um. The filter was transferred into a glass petri dish (60 mmx15 mm
VWR) to minimize atmospheric deposition or lab contamination. Over the study, MPs on each
filter were enumerated and classified by at least two trained individuals with a Leica S9
stereoscope using the Markley et al. (2024) guidelines, allowing us to distinguish natural from
synthetic particles (Gray et al., 2024; Miller et al., 2024). Additionally, MP particles were
classified based on color and morphology (fibers, fragments and films). Like previous studies, we
only counted MP fibers longer than 300 um in length (Atwood et al., 2019; Piehl et al., 2020;
Sullivan et al., 2023). We also only included MP fragments that were at least 100 pm in width in
order to reduce bias for visible particles. Since a particle’s size profile influences its movement
and how it may impact an ecosystem, we utilized ImageJ, an open-source image processing
software, to calculate a subset of particles’ aspect ratio (measuring fiber’s length:diameter, and
fragment and film’s length:width) after counting all the filters (Campanale et al., 2020; Rai et al.,

2022).



We used a Raman Spectroscopy instrument (Xplora Plus with LabSpec 6 software version 6.5,
Horiba Scientific) to confirm polymer composition. Readings were based off a 785 nm or 532 nm
laser using gratings of 600 or 1200 grooves/um, along with 4 accumulations during 4s acquisition
times. Spectra were obtained with a hole diameter of 300 pm, a confocal slit width of 100 um, and
using a 10-50x objective with filters ranging from 0.1 to 100% (Gray et al., 2024; Miller et al.,
2024). We analyzed 267 of the 4,405 total suspected particles (6%), which is a similar percentage
analyzed in previous MP studies (Cowger et al., 2024). Acquired spectra were uploaded to the
OpenSpecy software, which determines whether the particle is a plastic by comparing its spectra
to a library of lab tested polymer types. We accepted a particle as a plastic polymer if its signature
had an R? of at least 0.6 that matched with a known polymer (De Frond et al., 2023). Since particles
collected in the field have undergone degradation, we assume that their signature will not be the

exact same as the lab-tested polymer particle.

3.4 Quality assurance / Quality control

Lab protocols were put in place to minimize contamination, as described in Gray et al. (2024).
HEPA filters were kept in each room to reduce atmospheric contamination. DI water was filtered
through 0.7 um GF/C Whatman filters and used to rinse all lab equipment 3x before and after each
use. Other than the DI wash bottles (100% LDPE, Fisher Scientific), no plastic was used
throughout the procedural steps. Nitrile gloves and 100% cotton lab coats were used during the
study (Fisher Scientific). Petri dishes with a Sartorius filter with a pore size of 0.45 pm were set
out on either side of the lab work bench to account for atmospheric deposition (4 + 1
particles/month). We accounted for the influence of background contamination by quantifying
procedural blanks (placing filtered DI water through our processing steps), we ran filtered DI water
blanks through the same process every 20 samples and recovered an average of 16.9 + 2.15
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particles/blank (mean =+ SE; n=8). The MP concentrations that are used for the data analysis and

results have been blank adjusted.

3.5 Data Analysis

Other than the preprocessing of satellite imagery with GEE, all data processing and analysis was
done in R. From our previous methods, we ended up with three datasets: satellite-derived NDTI,
in situ turbidity, and MP concentrations at our sample locations. We determined that the
distribution of our three datasets did not follow normality using the Shapiro-Wilks test and
therefore used the non-parametric Wilcoxon rank-sum-test and the Kruskal-Wallis test along with
the Dunn test to check for significant differences between factors such as cross-sectional location
and site. We used linear and exponential least square regression techniques to establish
relationships between the satellite-derived NDTI and in situ turbidity datasets (eq.1) and the in situ
turbidity and MP concentration datasets (eq.2). We combined Equation 1 and Equation 2 by
substituting the in situ turbidity variable that is present in both. The combination then produces
Equation 3, which relates MP concentration to satellite-derived NDTI, thus allowing us to estimate

MP concentration proxy data along rivers from satellite imagery.

4. Results

4.1 Estimating turbidity using NDTI from Sentinel-2

We compared the Sentinel-2 readings to our in sifu turbidity data to assess whether the satellite-
observations corroborate what we measure in the field. After extracting the relevant NDTI values
from the satellite imagery, we found 15 cloud-free Sentinel-2 estimates that were co-temporal with
our in situ data. Fitting a linear regression to the dataset, shown in Figure 2, we found an R?=0.71

(p <0.001). Due to the low number of points in the co-temporal overpass dataset (n = 15), we also
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derived an equation based off valid satellite overpass estimates that were within a day of the in situ
sampling (n = 43). We fit a linear regression to this dataset, shown in Figure 3, with an R? = 0.41
(p < 0.001). Though this second technique lessens the risk of overfitting a regression, it does
introduce a potential error into the relationship since we cannot assume that the conditions within
a day of our sampling were similar to the sampling environment during the day of actual sampling.
Due to this, we decided to move forward with the first approach for our Equation 1.

Turb = 16.58 + 55.73 - NDTI (eq.1)

201

In Situ turbidity (FNU)

o

0.3 0.2 0.1 0.0
NDTI

Figure 2: In situ turbidity (FNU) plotted against same-day satellite-derived NDTI with line of
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best fit in purple and the 95% confidence interval depicted as the gray shaded boundary (R> =

0.71; p <0.01; Turb = 16.58 + 55.73 * NDTI).

201

—_
(&)

In Situ turbidity (FNU)

0.3 0.2 -0.1 0.0
NDTI

Figure 3: Plot shows satellite-derived NDTI taken within a day of in situ turbidity measurements

with the line of best fit in purple and the 95% confidence interval depicted as the gray shaded

boundary (R?> = 0.41; p <0.001; In Situ Turbidity (turb) = 10.472 + 33.634 * NDTI).

4.2 Microplastic characteristics

Of the 110 MP samples taken, eight were taken above the Claytor Dam and seven were tests along
the river, both of which were not included in our analysis. This left us with 95 MP samples, and
86 co-temporal water quality measurements, since, as aforementioned, the first nine field samples

were taken without an active Y SI.
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We took a total of 68 samples from the Kentland site throughout the year. We found mean levels
of 56.4 + 6.6 (mean + SE) MP particles per liter of surface water, with a range between 10 MP/L
and 289 MP/L. At the Radford site, we took a total of 27 samples during the winter and spring
season. There was an average of 75.3 + 7.8 (mean + SE) MP particles per liter of surface water,
with a range between 7 MP/L and 163 MP/L. We had fewer Radford samples compared to
Kentland because we had conducted an intensive sampling campaign at Kentland Farm starting in
the summer and thus discontinued Radford sampling. The purpose of intensive sampling was to
be able to take more samples throughout the day to limit other variables, such as weather or
discharge, and thus reduce error and capture more variability.

Using the Wilcoxon rank-sum test, we found no significant difference in the amount of MP
particles counted or in the turbidity measured between the two sites during the winter and spring
(Figure 4; p-value > 0.05). We found no significant difference across each site’s cross section
(middle, thalweg, and bank) (p-value > 0.05). We also found that the particle characterization
distribution was very similar between both sites (Figure 5). Clear/white fibers were the most
prevalent in both sites (51% of all Radford particles and 53% of all Kentland particles). Fibers
made up roughly 66% of all particles in both sites. On the other hand, films made up 17% of all
counted particles in Radford, but only 10% of all particles in Kentland. Only 3% of all particles
run on the Raman were found to be other non-plastic material.

The sample with the highest MP/L count was during the summer season, but the winter season
samples had a higher average MP/L count, which coincides with higher turbidity and higher
discharge during the winter season. There was a peak of fragment abundance during the summer,

but it does not seem to align with any significant turbidity nor discharge peaks and thus we
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speculate that it could have been due to human activity around that time -- including boating,

fishing, and river tubing activity in the area.
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Figure 4: Violin plots showing the turbidity and total particle counts between the two sites

(during the Winter and Spring) showing no significant difference between the two sites during

both seasons (p > 0.05).
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Figure 5: Chord diagrams for particle shape and color distribution. Particle shape is on the

bottom and color is on the top. Lines connecting the categories are by color, and the line width

represents the relative amount of the shape-color proportion. The numbers on the perimeter

indicate the number of particles in that category.

Out of the 4,405 particles counted between sites, 2% were taken to be measured using ImageJ
(Cowger et al., 2024). On average, fibers had an aspect ratio of 62.61+20.51, fragments had an
aspect ratio of 10.1£8.7, and films had an aspect ratio of 1.46+0.02 (mean + SD). We also ran 10%
of all particles on the Raman spectrometer (Figure 6). Of all the particles run on the Raman, 97%
were characterized as plastic material. 53% of the Radford particles and 21% of the Kentland
particles were identified as polyethylene terephthalate (PET), a thermoplastic polymer under the
umbrella of polyester resin, which is often used in textiles, clothes, and packaging (Van Emmerik

& Schwarz, 2020). The next most common polymer type was polystyrene within the Radford
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particles (8%), and other kinds of plastic within the Kentland particles (7%; other plastics such as

polymethylstyrene, acrylonitrile butadiene styrene, polyurethane, etc.).

m Polyethylene terephthalate (56%
® Other plastic (12%)

m Polyethylene (9%)

m Polystyrene (7%)

| ..
m Mixed (7%)
m Cellulose (6%)
m Other Material (3%) '

Figure 6: Donut chart representing polymer characterization results from Raman Spectrometer.

4.3 Deriving a relationship between microplastic concentration and turbidity

We explored relationships between MPs and turbidity data using linear and nonlinear regressions
for 86 data points (see Methods section 3). Since NDTI was the main parameter that we were able
to extract from satellite indices, we only focused on in situ turbidity’s relationship with MP
concentration samples.

The overall relationship between turbidity and total MP concentrations between both sites and for
all seasons was best explained using a log-log relationship, seen in Figure 7. The sites are denoted
by shape and the seasons are shown in different colors. With the 95 co-temporal points, we found

a linear relationship in log-log space with an R? = 0.19 (eq.2a; p-value < 0.01).



log,o(Turbidity) = — 0.26 + 0.45 - logy, () (eq.2a)
Though the R? is relatively low, the correlation is positive, which supports our hypothesis that as
more MPs are in the water, turbidity will be higher. Highlighting each season by color (Figure 7)
also allows us to see clear distinctions between them, so we continued with further seasonal
analysis.
In Figure 8, turbidity and the co-temporal total MP particle counts are plotted separately for each
season. Here, we confirm that turbidity is noticeably different throughout the seasons, especially
between the fall and winter months. We can also see some distinct trends between sites within a
given season. For example, during the winter months, Radford had a negative relationship between
turbidity and MP counts, while Kentland had a positive relationship. Winter was the season that
had the most notably different patterns between sites and yet it is also the season with the highest
correlation between turbidity and the MP counted. The entire winter dataset had a linear R? = 0.37
between MP and turbidity (Figure 8). The relationship between the nine points taken during the

winter months in Radford had an R? = 0.62, while the relationship between the 18 points taken

during the winter months in Kentland had an R? = 0.53.
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Figure 7: Total MP particles per liter against turbidity in log-log space with line of best fit in

black and the 95% confidence interval depicted as the gray shaded boundary. Colors correspond

to the seasons, and shapes correspond to which site the sample point was taken from (R2 = (.19,

p <0.001; Logio(Turbidity)= -0.26 + 0.45 * logio(MP/L).
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Figure 8: Total MP particles per liter versus turbidity through different seasons. The line of best

fit is shown in black, and the grey shaded area represents the 95% confidence interval. The

datapoints also show their site of origin by their shape.

Microplastic and particle transport along rivers is influenced by discharge, with larger discharge
peaks likely remobilizing previously settled material (Karwan & Saiers, 2009; Wagner et al., 2019).
Knowing this, we plotted turbidity, MP count per liter, and discharge through time and observed

their trends in Figure 9. During January of 2024, there was a relatively large peak in discharge on
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the New River, which may have remobilized particles in the river, leading to an increase in
turbidity and MP concentrations. Because the winter season covers the largest range in turbidity,
and we had more samples in the Kentland Farm area, we decided to further analyze the winter data
at Kentland Farm. Focusing on one site also allows us to reduce potential complexities of

comparing different sites.
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Figure 9: Plots showing MP/L (top), turbidity (FNU) (middle), and USGS Radford gauge

discharge in cubic meters per second (cms) data over our entire field season.

The winter data at Kentland Farm had the best relationship between turbidity and MP
concentration on a log-log scale (Figure 10). We found an R? of 0.56 between the 18 co-temporal

points using coefficients with a p-value less than 0.05.

log,o(Turbidity) = —0.59 + 0.87 - logy, (””’) (eq.2b)
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Figure 10: MP particles per liter versus turbidity in Kentland during the winter. The line of best

fit is shown in black. (R’ = 0.56; p <0.05; logo(Turbidity) = -0.59 + 0.87 * log1o(MP/L).

4.4 Using turbidity as a proxy for microplastic estimates

To estimate proxy MP concentrations through time and space in our field area, we derived an
equation between NDTI versus in situ turbidity (eq.1), and in situ turbidity versus MP particle
concentrations (eq.2a and eq.2b). For the first equation, we utilized the linear equation derived
from the same day overpass dataset (n = 15, R = 0.71, p < 0.001), since it explains 71% of the
variance. Though our sampling points show relatively low turbidity levels, this linear equation
allows for larger turbidity values to be more realistically estimated with NDTI. In contrast, an
exponential regression, for example, would not allow for larger turbidity values to be realistically
estimated since it will dramatically exaggerate turbidity values associated with higher NDTI values
than the range we worked with.
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We initially aimed to apply a MP proxy over multiple years and throughout the entire reach of
the New River. To do so, we utilized the log-log relationship between turbidity and MP particles
using the dataset including all seasons and both sites (n= 95, R?=0.19, p <0.001).

Since this produced a low R?, we explored distinct seasonal analysis and found a significant R?
during the winter at Kentland Farm (n = 18, R? = 0.56). Though we won’t be able to implement
this scenario year-round nor along the entirety of the reach, having a seasonal equation relating
MP concentrations to satellite NDTI values does offer more accuracy, and its scale is still larger
than what is provided with in situ sampling.

Focusing on the larger scale, albeit lower accuracy scenario, we combined Equation 1 and

Equation 2a to get Equation 3a. This equation represents MP proxy for the entire field season

and both field sites.

MP

—=(30.26 + 101.71- NDTI)?22) (eq.3a)
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Figure 11: Example Sentinel-2 image showing MP concentration proxy values along the New

River, VA in April 2024. The color bar is linearly stretched from 0 to 500 MP/L. The Red pin in

the northern downstream river denotes where the time series in Figure 12 was taken.
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Similar to how we mapped NDTI, we applied eq.3a back into GEE and plotted MP proxy values
along our field area in the New River (Figure 11) and extrapolated a 5-year time series from

September 2019 to September 2024 (Figure 12).
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Figure 12: MP proxy 5-vear time series at the red pin shown in Figure 11.

Focusing on the smaller scale, and at the higher accuracy scenario, we combined Equation 1 and
Equation 2b to get Equation 3b. This equation represents MP proxy for the Kentland Farm reach

during the winter season.
% = (64.45 + 216.66 - NDTI)115) (eq.3b)

Like Figures 11 and 12, we applied eq.3b and plotted MP proxy values along the Kentland Farm
reach during the winter of 2023-2024 (Figure 13) and got a time series for that period as well

(Figure 14).
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Figure 13: Example Sentinel-2 image showing average MP concentration proxy values along

the New River, VA during the winter of 2023-2024. The color bar is linearly stretched from 40 to

150 MP/L. The Red pin denotes where the time series in Figure 14 was taken.
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Figure 14: Time series of MP proxy through the winter of 2023-2024 at the red pin shown in

Figure 13.
4.5 Microplastic proxy accuracy assessment

We conducted an accuracy assessment on the winter at Kentland Farm MP proxy (eq.3b). We
chose to only do the accuracy assessment on this scenario because the R? for Equation 2b is higher
than the R? for Equation 2a.

To conduct this accuracy assessment, we extracted the MP proxy values from GEE from the winter
analysis (seen through Figure 14). There were 9 points for this section but only 3 of them had co-
temporal in situ estimates. We plotted these three co-temporal MP proxy and in situ MP estimates
(Figure 15). Though the R? between this is 0.8, the mean square error is very high, indicating poor
accuracy (MSE = 374.34 (MP/L)?). However, there are only three points, negating any meaningful

interpretation of these statistics.

26



1357

1251

1151

in situ MP/L

1091

120 125 130
satellite derived MP/L

Figure 15: in situ versus satellite derived proxy MP/L plotted against each other.

5. Discussion

The section of the New River that contains our field sites has low turbidity, with 77% of our
measurements reading under 10 FNU. When plotting against the NDTI values we extracted from
satellite imagery, we see the NDTT has a lot of variability along the lower range of turbidity values
(Figure 2 and 3). This contrasts with other studies such as Bid and Siddique (2019), which found
a significant linear regression (p < 0.05) with an R? of 0.9 between NDTI and in situ turbidity for
very turbid rivers in the Panchet Reservoir in India. This may indicate that this kind of analysis is

better equipped for rivers which have a wider and a larger range of WQ parameter readings.
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Our field area is downstream of the Claytor Dam. Dams significantly affect MP abundance
downstream by trapping particles along with sediment (Watkins et al., 2019). Due to this, the MP
found in our study sites may not have traveled from far upstream. A recent study by Elnahas et al.
(2024) in the same region studied in this paper found that PET was the most prevalent plastic
polymer deposited atmospherically. PET was also the most common polymer in our samples
(section 4.2). We cannot say with certainty where our plastic particles came from, but having such
similar results to an atmospheric deposition study in the same area may allude to high atmospheric
deposition rates along the New River.

The MP characterization distribution we found is in line with other studies that also found
clear/white fibers to be the most prevalent particle type (Sullivan et al., 2023). This is likely due
to the way fibers are transported as they are generally the least dense of the particle shapes (fibers,
fragments, and films) (Su et al., 2022). The clear/white coloration is likely due to dye on plastics
often being degraded relatively quickly off the particle once in the environment (Zhao et al., 2022).
We decided to include size analysis due to recent studies which relate aspect ratio to particle
movement, and other studies in the medical field that comment on how aspect ratios can influence
MP uptake in the human body, though we did not have the means to further analyze these results
(Koelmans et al., 2022; Rosal, 2021).

We found a higher abundance of plastic particles during the summer season, but more fiber
particles during the winter season. Sullivan et al. (2023) sampled the Tamar River in northern UK
and also found the highest MP amounts during the summer, though their study only included the
summer and fall seasons. To our knowledge, there have been no published studies using this
method that take MP samples over the entire year. Therefore, we are not able to compare our

results with other studies in a robust way.
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We found no significant differences between turbidity and total MP count between sites. However,
we did find some significant differences in turbidity measurements between seasons. When
focusing on the winter season regressions, Kentland exhibited a strong positive relationship, while
Radford showed a negative relationship. This discrepancy between sites implies that the turbidity
and MP particle relationship may be site specific depending on the site conditions (Piehl et al.,
2020). More work and in situ measurements would need to be done to implement this kind of work
at other sites and at larger scales with higher accuracy.

Following our research question, we used Equation 1 and Equation 2a to derive an equation to
extrapolate MP proxy values from satellite imagery over many years and throughout the entire
reach of our field sites in the New River, VA. We also used Equation 1 and Equation 2b to
extrapolate MP proxy values during the winter throughout the Kentland Farm reach. Though
Equation 2b has an R? of 0.56, in such a complicated system with many interacting factors, this is
arelatively high R2. In Figure 11, 12, 13, and 14, we see those results. In Figure 11 and 13, we can
see the proxy MP mappings along the river surface. In both cases, the edges of the river coincide
with higher levels of MP abundance, which is in line with the theory of riverbanks acting as a MP
sink due to their high sediment loads and relatively low velocities. We also see this pattern along
island banks. There are thin cross-sections of the river indicating very high levels of MPs. This
more likely pertains to riffles along the river than a band of concentrated MPs. The New River is
very wide and can be 1-1.5 meters deep, but there are many riffles along its path depending on the
slope of the terrain. This is a limitation of our study area, since riffles and turbid shallow areas can
confound the surface layer river reflectance.

In Figure 12, we see the 5-year time series of the MP proxy estimates. Due to the log-log equation

we used (eq.2a), there is a tendency to exaggerate higher values, as we can see by a few readings
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above 2,000 MP/L. However, for the most part, the readings lie below 500 MP/L, which is more
like what we saw in the field. The winter time series in Figure 14, on the other hand, is consistently
more in line with what we found in the field, indicating higher accuracy at smaller scales. Finally,
we do not see a long-term trend in the 5-year time series, indicating that the multi-year average in
MP abundance has been the same throughout the past 5 years.

Once the MP proxy equation is obtained and plotted both spatially and temporally, its accuracy
can be calculated by comparing in situ versus proxy estimates (as seen in section 4.5). One can
even note that the datapoint on the far-right measures roughly 135 MP/L for both proxy and in situ
data. Since there are only three points for this accuracy assessment, small deviations get
exaggerated when calculating the MSE. Future work should optimize the amount of co-temporal
points to best gauge for accuracy.

For future studies, we advise taking an abundance of co-temporal WQ and MP samples over a
variety of ranges, such as, seasonal, high and low flow conditions, before and after dam influence,
and maybe even at different depths along a larger river reach. This mapping of different
relationships at varying river conditions would allow for more accurate and detailed MP
concentration mapping along river surfaces. More work should also be done to validate proxy MP
results using historical in situ MP measurements. Since the MP proxy dataset is plotted at large
scales, the in situ MP dataset may not be large enough to provide a good accuracy assessment. For

this purpose, it is essential to optimize the accuracy of equations used to derive the proxy equation.

6. Conclusions

This study serves as a proof of concept for a novel method to detect MP concentrations along rivers
using satellite imagery. We focused on two field sites along the New River, VA, and investigated

MP patterns and their relationship to turbidity, as well as the accuracy of satellite readings for
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turbidity. We found similar MP characteristics at both our field sites, and no significant difference
between turbidity nor MP abundance between the sites. We were able to derive two MP proxy
equations from the turbidity-MP observations and later map them through space and create a time
series at specific points along the river. This first step towards accurate remote sensing of plastics
could help identify MP hotspots which could be point source emissions or sinks and call for more
targeted clean-up efforts and mitigation strategies. With more information on MP abundance and
its movement throughout the New River, VA, we hope that this method will aid conservancy
efforts, and policy and regulation against plastic pollution.

We encourage future studies to implement this method in different regions. Relating MP to various
other water properties detectable via satellite imagery at other sites could help better understand
what other properties MP act similarly to and what may influence MP concentration in different
regions. If this work is implemented on other rivers, it may improve estimate patterns and
concentrations of MPs along bodies of water in unmonitored basins. This kind of study pushes
forward the effort to implement this cost- and labor-efficient method for tracking MP along rivers

worldwide.
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