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1. INTRODUCTION

Plastic pollution is one of the growing environmental challenges in terrestrial and
aquatic ecosystems. Rivers play a significant role in connecting land-based plastic
pollution sources to oceans since riverine plastic transport is responsible for 80% of the
marine annual plastic input (14 million tons) (Jakovljevi¢ et al., 2019; Zhang et al., 2020).
However, rivers not only serve as conveyor belts, but also as reservoirs, as plastic debris
[including microplastics (MP) and macroplastics (MaP)] can be trapped by vegetation on
floodplains or accumulate within the river channel. The variability of the river's role as a
conduit or reservoir is influenced by several interfering hydrological, meteorological, and
morphological factors (Van Emmerik et al., 2018). Although many studies have recently
attempted to investigate these factors for MP (Zhang et al., 2020; Kiss et al., 2021; Balla et
al., 2022) and MaP (Crosti et al., 2018; Van Emmerik et al., 2018; Van Emmerik and
Schwarz, 2020), there are still many conflicting findings and unsolved questions.

Plastic debris and natural sediment have similar transport mechanisms in rivers since
they are transported as bedload and suspended load, and the particles are vertically
stratified according to their size and density (Cowger et al., 2021). Furthermore, they often
aggregate with organic materials, organisms, and metal oxides during transport (Yan et al.,
2021). Despite these similarities, most studies investigated their transport individually.
However, if their transport correlation is well-explored, it is possible to transfer many
concepts and theories from the long-studied hydrology and sediment transport into the
plastic transport field.

Though the general aim of the dissertation is to investigate both MP and MaP pollution
transport, the focus is on the MP concentration in water and its relationship with suspended
sediment concentration (SSC). Some studies (Piehl et al., 2020; Buwono et al., 2021; Chen
et al., 2021) investigated this correlation but with limitations in terms of spatial scales
(e.g., snapshot measurements at limited sites) and temporal resolution (e.g., not repeated or
monthly measurements), thus, they reached conflicting findings. This refers to the
complexity of their correlation at the multi-scale level, which may arise from the
differences in their densities, sources, shapes as well as fragmentation, and degradation
rates (Waldschlager et al., 2022).

The spatiotemporal distribution of SS and MP concentrations in rivers is influenced by
various processes operating at multiple scales (Fryirs, 2013). While SS has both natural
(e.g., soil erosion in the catchment and/or river channel, landslides, and surface runoff) and
anthropogenic (e.g., road construction, mining activities, and channel dredging) origins,
MP has only an anthropogenic origin [e.g., landfills, wastewater treatment plants
(WWTPs) and industrial effluents] since it is a synthetic polymer (Vercruysse et al., 2017;
Kiss et al., 2021). Once SS and MP are produced, their spatiotemporal distribution is
influenced by the topographical features, land use patterns, climatic conditions, and river
hydrodynamics of the sub-catchments (Fryirs, 2013). Although SS and MP share the same
transporting process from the catchment into the river channel, their spatial and temporal
distributions could be affected by different factors (Vercruysse et al., 2017). For instance,
the location and timing of mining activities, landslides, and riverbank erosion could
influence the spatiotemporal distribution of SS without any impact on MPs. Conversely,
the locations and discharges of WWTP and industrial effluents have an adverse effect
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(Vercruysse et al., 2017). Given the complexity of factors affecting the spatiotemporal
distribution and correlation of SS and MP concentrations, intensive spatiotemporal
measurements are warranted.

In the meantime, the situation is more complicated at confluences and in reservoirs
upstream dams (Ahmed et al., 2016; Serra et al., 2022). At tributaries the SS and MP
concentrations can experience sudden increase (Balla et al., 2022) or dilution (Barrows et
al., 2018) in the mainstream depending on the sediment and plastic yield of the tributary.
However, it is important to note that they are not necessarily having the same influence
simultaneously. For instance, a tributary with a high sediment load could only yield high
plastics if it is accompanied by inadequate waste management practices at the sub-
catchment (Ahmed et al., 2016). To our knowledge, no study has compared the influence
of tributaries on the transport of SS and MP in the mainstream.

Specifically focusing on a confluence zone, the SS and MP transport is influenced by
intricate hydrodynamic processes (Park and Latrubesse, 2015). These processes resulted in
various water mixing patterns with spatiotemporal dynamism governed by the
hydrological characteristics of the joining rivers and the geometrical settings of the
confluence (e.g., bed discordance and confluence angle). Hence, the SS and MP
concentration measurements should be conducted only after defining the actual mixing
condition to avoid misleading findings. Although some studies (Park and Latrubesse,
2015; Marinho et al., 2018) had investigated the spatiotemporal mixing patterns in
confluences, their investigations were limited to short durations (e.g., 1-3 years). Besides,
to my knowledge, no study has considered the connection between hydrological
parameters of the joining rivers (e.g., water stage, water slope, and discharge) and the
spatiotemporal dynamics of water mixing patterns.

On the other hand, dams disconnect the longitudinal profile of sediment transport
(Watkins et al., 2019; Serra et al., 2022). Particularly, a considerable amount of sediment
tends to deposit upstream of a dam due to its impoundment effect and reduced stream
power. In contrast, the diminished sediment supplies downstream cause sediment
starvation and clear water erosion affecting not only channel stability but also sediment-
dependent habitats (Serra et al., 2022). The behavior of MP transport at dams is still
unclear. While some studies reported a similar transport mechanism to SS (Watkins et al.,
2019; Balla et al., 2022), others reported dissimilar patterns (Balla et al., 2022; Liu et al.,
2022b) considering that MPs are often less efficiently trapped compared to SS.

To uncover the spatiotemporal distribution and correlation of SS and MP transport at
local and global scales of rivers, intensive in-situ measurements are required. However,
these measurements are costly, time-consuming, and labor-intensive (Mohsen et al., 2018;
2020 and 2022a). In addition, there is a lack of financial resources devoted to river
monitoring programs worldwide, resulting in a significant decline in the number of
gauging sites for measuring not only SS and MP concentrations but also water discharge
(Q) (Flores et al., 2020). This decline obscures our understanding of sediment and plastic
pollution transport and fluxes to oceans. In the meantime, remote sensing could offer a
more sustainable and cost-effective monitoring option for these variables (i.e., SS, MP
concentrations, and Q) given the great development in the spatial, spectral, and temporal
resolutions of satellite constellations (Mohsen et al., 2018). Besides, their global coverage

and frequent imaging prove particularly beneficial for providing valuable SS and MP
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transport data for physically inaccessible river sections and during extreme weather
conditions, especially for radar (Mohsen et al., 2023c).

Remote sensing of Q in rivers is a growing research topic. The majority of studies have
focused on integrating remote sensing data with hydrological (Chen et al., 1998; Stisen et
al., 2008; Hartanto et al., 2017) or hydraulic (Bates et al., 1997; Bjerklie et al., 2003; Neal
et al., 2009) models. Yet, developing these models requires several supplementary in-situ
measurements, which may not be available for many rivers. Alternatively, the hydraulic
geometry theory (Leopold and Maddock, 1953) offers potential for remote sensing-based
estimation of QO by a single hydraulic parameter (e.g., water width, depth, and slope)
derived from satellite images. However, few studies investigated this approach, and they
achieved only a moderate to low estimation accuracy. Also, to my knowledge, no study
integrated hydraulic geometry theory with machine learning algorithms, which could
enhance the estimation accuracy of Q significantly (Mohsen et al., 2022a).

Suspended sediment (SS) has a characteristic pattern in the visible and near-infrared
(VIS-NIR) bands making it detectable by satellite sensors (Mohsen et al., 2022a). Several
studies developed SS concentration (SSC) models by establishing regressions between the
reflectance of these bands and in-situ SSC measurements, using semi-empirical (Duan et
al., 2010; Mohsen et al., 2022b), bio-optical (Ammenberg et al., 2002; Manuel et al., 2020)
and machine learning methods (Peterson et al., 2018; Mohsen et al., 2022a). However, few
studies compared the estimation accuracy of these models across different satellite sensors
with varying spatial and spectral characteristics, including active sensors. Furthermore, the
suitability of SSC as a proxy for MP concentration has not been evaluated. In this regard, it
i1s important to distinguish between SSC and surficial SSC (SSC at the water surface)
models since MP measurements are usually conducted at the water surface (20-30 cm
depth) (Chen et al., 2021). However, most studies did not consider their differences.

The field of remote sensing of MP concentration by satellite sensors is in its infancy
with conflicting findings regarding its feasibility. While some studies reported that MPs
have a distinct spectral signature in the NIR bands (Bentley, 2019), others argued that
remote sensing of MP is impossible by any current or planned unmilitary satellite sensors
owing to its subtle contribution to the sensor signal (Hu, 2021). To date, no study has
specifically investigated the potential of various passive and active satellite sensors to
estimate MP concentration in rivers, since most studies were conducted in oceanic
environments (Davaasuren et al., 2018; Evans and Ruf, 2022). Also, these studies relied
primarily on active sensors leveraging their capability to capture the changes in water
surface roughness affected by MP colonization and the formation of surfactants.

On the other hand, many studies proved the potential of satellite sensors in detecting
MaP debris or riverine litter as a proxy for MaP, due to their wider coverage and higher
influence on the sensor signal; yet, the spatial and spectral characteristics of the employed
sensor are still questionable (Goddijn-Murphy et al., 2018; Hu, 2021). Similarly, most
studies were conducted in marine environments (Biermann et al., 2020; Themistocleous et
al., 2020; Evans and Ruf, 2022) and very few in rivers (Jakovljevi¢ et al., 2019; Solé
Gomez et al., 2022). Various remote sensing approaches have been implemented to detect
MaP debris, including bio-optical modeling (Goddijn-Murphy et al., 2018), deep learning
modeling using techniques such as image segmentation (Mifdal et al., 2021), image

classification (Jakovljevi¢ et al., 2019) and object detection (Hegde et al., 2021) as well as
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indices approach (Biermann et al., 2020). However, bio-optical modeling is quite complex,
very sensitive to slight changes in water's optical properties, and reliant on many auxiliary
optical data. The indices approach, while simpler, has low detection accuracy and needs
further analysis post-application (Biermann et al., 2020). Deep learning modeling is quite
an accurate and useful approach; however, it requires the availability of a large MaP
dataset, which is often scarce (Themistocleous et al., 2020). Hence, further research
exploring traditional machine learning algorithms [e.g., Support Vector Machine (SVM),
Random Forest (RF), Naive Bayes (NB), Decision Tree (DT), and Artificial Neural
Network (ANN)] is warranted since these algorithms require less extensive datasets.

1.1. Research objective

The main objective of this study is to investigate the spatiotemporal dynamics of
sediment (mainly SS) and plastics (including MP and MaP) transport in rivers, as well as
develop remote sensing-based models for these variables.

1.2. Research hypothesis, and questions

1.2.1. Spatiotemporal distribution of riverine litter/macroplastic (Map) in the Tisza River
Hypothesis 1: The spatiotemporal distribution of riverine litter/MaP in the Tisza River is
influenced by the hydrological conditions and locations of hydraulic structures,
particularly dams.

— How is riverine litter/MaP distributed spatiotemporally in the Tisza River based on
the analysis of in-situ surveys and satellite images?

Hypothesis 2: The riverine litter/MaP lifting campaigns should be applied at the end of flood
waves when aggregation occurs at defined locations.

— What are the temporal characteristics of riverine litter/MaP aggregates e.g., upstream
of dams?

— When should riverine litter/MaP lifting campaigns be conducted by the authorities
and voluntary groups?

1.2.2. Remote sensing-based riverine litter/macroplastic (MaP) modelling

Hypothesis 1: The very high spatial resolution (VHR) images from Google Earth (GE)
Satellites can partially resolve the riverine litter/MaP data shortage by providing data
about litter accumulation spots for developing satellite-based riverine litter/MaP models.

— Can VHR images from GE be integrated with Sentinel-2 images to develop
satellite-based riverine litter/MaP models?
Hypothesis 2: The SVM algorithm may provide the best riverine litter/MaP model owing to
the dual-class nature of the classification problem (i.e. litter and non-litter classes).

— What is the most effective machine learning algorithm for developing a riverine
litter/MaP model, considering the lack of riverine litter/MaP data?
Hypothesis 3: The models may detect riverine litter/MaP items up to a pixel size; however,
sub-pixel detection is uncertain.



— What is the minimum areal extent of riverine litter/MaP items that can be detected
by Sentinel-2 images?

1.2.3. Remote sensing-based water discharge (Q) modelling

Hypothesis 1: Integrating hydraulic geometry theory with machine learning algorithms
could enhance the estimation accuracy of Q due to the potential of these algorithms in
dealing with complex and non-linear problems.

— Would integrating hydraulic geometry theory with machine learning algorithms
provide better Q estimates than traditional methods?

Hypothesis 2: The model's accuracy of Q will be bound to the bankfull level due to the
absence of hydraulic geometry characteristics above this level.

— To what extent can the hydraulic geometry theory be used to estimate Q in rivers
based on satellite images considering various water stages?

1.2.4. Spatiotemporal distribution of water mixing in the Tisza—Maros confluence in
response to rivers" hydrology

Hypothesis 1: Mixing patterns in confluences are significantly influenced by hydrological
parameters of the joining rivers, especially during floods, since they could impound each other.

— How does the hydrology of the Tisza—Maros Rivers influence the water mixing
process in their confluence area, utilizing satellite images and in-situ data?

Hypothesis 2: In-situ measurements of sediment and microplastics in confluences should be
conducted after identifying the actual mixing pattern.

— How do the mixing patterns change in the Tisza-Maros confluence over space and time?
— Where and when representative SS and MP concentration samples should be
collected in the Tisza—Maros confluence to avoid misleading conclusions?

1.2.5. Spatiotemporal distribution and correlation of surficial suspended sediment (SS)
and microplastic (MP) concentrations in the Tisza River

Hypothesis 1: The temporal distribution and correlation of surficial SS and MP concentrations

may change throughout different hydrological conditions due to changes in their sources.

— How similar is the temporal distribution and correlation of surficial SS and MP
concentrations in the Tisza River, both collectively considering all hydrological
conditions and individually?

Hypothesis 2: The longitudinal distribution and correlation of MP concentration may differ

from that of surficial SSC since the measurements were conducted during low stages.

— How similar are the spatial distribution and correlation of surficial SS and MP
concentrations along the Tisza River based on intensive in-situ measurements and
satellite images?

Hypothesis 3: The longitudinal measurements of surficial SS and MP concentrations at a

particular time of the year may exhibit persistence in a subsequent year due to common
influencing factors.

— To what extent does the spatial pattern of surficial SS and MP concentrations observed

at a particular time of year in the Tisza River persist in the subsequent year?
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Hypothesis 4: The influence of tributaries in surficial SS and MP concentrations in the
Tisza River may vary depending on waste management practices in the sub-catchments.

— Do tributaries of the Tisza River have a similar influence on MP transport as surficial
SS based on intensive in-situ measurements and satellite images?
Hypothesis 5: Dams may influence MP concentration similarly to surficial SSC due to

shared physical characteristics.

— Do the three dams in the Tisza River have a similar influence on MP transport as
surficial SS based on intensive in-situ measurements and satellite images?

1.2.6. Remote sensing-based surficial suspended sediment (SS) and microplastic (MP)
concentration modelling

Hypothesis 1: The spectral signature of surficial SSC may differ from MP concentration

due to variations in their concentration levels and uniformity.

— What are the spectral signature differences between surficial SS and MP
concentrations considering the bands of two optical satellite sensors (i.e., Sentinel-
2 and PlanetScope) in the Tisza River?
Hypothesis 2: Spatial and spectral resolutions of satellite sensors may influence the
estimation of surficial SS/MP concentrations significantly, as they determine sub-pixel
coverage and noise level.

— To what extent do the differences in the spatial and spectral resolutions of Sentinel-
2 and PlanetScope satellites affect their estimation accuracy for surficial SS and
MP concentrations in the Tisza River?
Hypothesis 3: Surficial SSC may serve as a good proxy for MP concentration due to
shared characteristics.

— What is the strength of the correlation between surficial SS and MP concentrations, both
collectively considering all hydrological conditions and individually in the Tisza River?

— Can surficial SSC be used as a viable proxy for MP concentration in the Tisza River?
Hypothesis 4: Sediment and plastic particles influence the dielectric constant of river

water, detectable by active sensors.

— What is the correlation between surficial SS, MP concentrations, and channels’
backscattering of active sensors (i.e., Sentinel-1) in the Tisza River?

— Can surficial SS and MP concentrations influence the dielectric constant of river
water, in which, to be detected by active sensors?

1.3. Research motivation

The Tisza River is a highly dynamic system in space and time since it has two flood
periods and its channel has several morphological, hydrological, and slope conditions. In
addition, the river is influenced by various levels of manmade activities including mining
activities, industrial and WWTP effluents, and the presence of levee systems. Moreover, the
catchment of the river is shared by five European Countries implementing different waste
management practices and environmental protection regulations leading to varying levels of
communal waste production and wastewater treatment capabilities. These variabilities have a
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significant impact on the spatiotemporal distribution of not only plastic pollution but also SS
which is still understudied and unclear.

In the meantime, the Tisza River is monitored only at eight sites along its extensive 962
km length (Mohsen et al., 2022a). Besides, the measurements are conducted only monthly
solely for Q and SSC, and no regular monitoring specifically focused on plastic
contamination. Hence, there is an urgent necessity for remote sensing-based monitoring tools
for comprehensive assessment of plastic and sediment transport in the river. These tools
would support future riverine litter/MaP removal initiatives by identifying their accumulation
hotspots and defining the most suitable timing for removal efforts. In addition, they would
streamline the process of measuring SS and MP concentrations, particularly considering the
substantial volume of river water required to obtain representative MP samples. This would
efficiently save time and effort applied to manual sampling procedures.
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2. STATE OF THE ART

The intricate interplay between plastic and SS transport, as well as their spatiotemporal
dynamics in rivers at various scales, remains relatively understudied. Besides, their correlations
and responses to various spatiotemporal variables remain unclear. The integration of cutting-
edge remote sensing and artificial intelligence techniques in plastic and sediment monitoring
would enhance our understanding of their spatiotemporal dynamism in the various
compartments of rivers. However, many questions are still unanswered regarding the feasibility
and efficiency of existing satellites in detecting various plastic sizes and measuring SSC and
water discharge. Therefore, this chapter provides a comprehensive overview of the existing
scientific knowledge while shedding light on areas requiring further research exploration.

2.1. Origin and transport of fluvial sediments

Sediment transport in rivers is an intricate process that has a profound influence on
shaping the morphology, ecology, and functionality of the fluvial system (Vercruysse et al.,
2017). The transport of sediment encompasses three main phases including erosion, transfer,
and deposition (Amissah, 2020). Although the three phases may manifest at any section of
the river, their prevalence at particular reaches (Figure 2.1) gives rise to the classification of
the river reaches into sediment source zone (upper reach), transfer zone (middle reach), and
accumulation zone (lower reach) (Church and Rice, 2009; Fryirs and Brierley, 2012).
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Lonc term storage
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Erosion Erosion/deposition Depositon

dominant (aggradation/degradation) dominant

Figure 2.1. The dominant fluvial process at the three (i.e., upper, middle, and lower) reaches of a river
(source: Church and Rice, 2009).

The origins of sediment in rivers (Figure 2.2) encompass out-of-channel and/or in-
channel sources (Vercruysse et al., 2017). Out-of-channel sediment principally arises from
soil erosion and mass movements (Vercruysse et al., 2017). While soil erosion can occur
across a wide range of environmental settings, mass movements are confined to steep terrain,
mainly in mountainous and hilly regions, though they can appear also along the channel
banks (Church and Rice, 2009). Soil erosion typically provides rivers with fine sediments
owing to the composition of soils, consisting of silt, clay, sand, or their combinations;
meanwhile, mass movements deliver all size ranges (Figure 2.2; Vercruysse et al., 2017).

In-channel sediment sources include the erosion of channel banks and/or beds.
Commonly, the upper segments of channel banks release fine sediment due to their cohesive
nature, while the lower, non-cohesive segments supply coarser sizes (e.g., sand and boulders)
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(Figure 2.2). Typically, the coarsest sediment is found within the channel bed; however, the
size range depends on the influx of out-of-channel sources and the hydrodynamic potential of
a river to transport a particular size range (Vercruysse et al., 2017).

Sediment transport in rivers encompasses wash load, suspended load, and bed load
(Figure 2.2 and Figure 2.3; Fryirs and Brierley, 2012). However, different types of sediment
transport are not mutually exclusive and frequently occur simultaneously (Bettes, 2008).
While wash load consists of fine silt and clay (particle size <0.063 mm), suspended load
consists of sand and may include small pebbles in high turbulent flow conditions (Bettes,
2008). Notably, the wash load is less reliant on the river's hydraulic conditions compared to
the suspended load given the size range of their constituents (Vercruysse et al., 2017). Both
loads have out-of-channel and in-channel sources, though out-of-channel sources (i.e., soil
erosion and mass movements) typically dominate over in-channel sources (Bettes, 2008).

On the other hand, bed load consists of fine sand to large boulders and is strongly related
to the river's hydraulic conditions (Bettes, 2008). The main origin of the bed load is the
riverbed; however, mass movements from the slopes and bank erosion (lower segments) may
also contribute to the load (Vercruysse et al., 2017). In lowland rivers (e.g., the Tisza River),
suspended load usually dominates the total sediment load of the river (Mohsen et al., 2022a),
therefore, my study focused mainly on this load.
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Figure 2.2. The main sources of sediment and transport modes for the various grain-size classes
transported within river systems (adapted after: Vercruysse et al., 2017).
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Figure 2.3. Schematic diagram representing different transport modes of sediment in rivers (adapted
after: Vercruysse et al., 2017).

2.1.1. Spatiotemporal dynamics of suspended sediment transport in rivers

Temporal changes in SS transport in rivers are influenced by several natural and
anthropogenic factors varying with the time scale, i.e., event, seasonal, and inter-annual
scales (Vercruysse et al., 2017). Seasonal fluctuations of precipitation characteristics (e.g.,
intensity, pattern, duration, and frequency) exert a profound impact on the runoff, soil
erosion, and consequently, the SS transport (Vercruysse et al., 2017). Changes in
precipitation characteristics at the event scale (i.e., storm event) may influence SS load
through alterations in catchment connectivity and channel conductivity. Seasonal variations
in vegetation density and farming practices strongly influence SS load due to their soil
stabilization effects (Talbot and Chang, 2022). Climate change was also reported as a driving
factor affecting interannual SS load by either increasing or decreasing trends (Du et al.,
2021). Additionally, various anthropogenic activities e.g., dam operations, mining activities,
and land use/cover changes have been linked to SS load fluctuations.

The complexity of the temporal changes of SS transport and concentrations (SSCs) in
rivers can be inferred from the fact that the sediment wave usually has a different velocity than
the O wave, leading to hysteresis in the O—SSC relationship (Bussi et al., 2017). The specific
type of hysteresis is determined through the interplay of various factors, that occur during
storm events, including sediment flushing, exhaustion, storage, delayed activation, and
remobilization (Vercruysse et al., 2017). Clockwise hysteresis occurs when SSC peaks before
the Q peak (Figure 2.4A), probably due to the availability of sediment in the catchment
preceding the wet period and/or the proximity of sediment sources to the river (Bussi et al.,
2017). Although clockwise hysteresis is the most common type, several studies reported the
occurrence of anticlockwise hysteresis too (Figure 2.4C) (Wulf et al., 2012). This phenomenon
is likely due to the location of sediment sources farther from the river channel and/or the
delayed activation of new sources during the storm event (Vercruysse et al., 2017).

Given the complexity of the interfering factors influencing sediment transport in rivers,
frequent spatiotemporal measurements collected at various event, seasonal, and inter-annual
scales are required. This would provide more insights into temporal variations in sediment
transport and its relationship with the transport of anthropogenic contaminants, such as MPs.
Additionally, there is an urgent need to incorporate new techniques (e.g., remote sensing) in
sediment transport data acquisition to overcome the limitations of in-situ measurements and
obtain more frequent data.
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Figure 2.4. Temporal changes between suspended sediment concentration (SSC) and water discharge
(Q) waves resulted in clockwise hysteresis (A) no hysteresis (B) and anticlockwise hysteresis (C)
(adapted after: Vercruysse et al., 2017).

The spatial dynamics of SS transport in rivers are also influenced by a complex interplay
of diverse natural and anthropogenic factors. Variability of sub-catchment characteristics
(e.g., topography, relief, soil type, geology, and rainfall pattern) and land use practices (e.g.,
urbanization, cultivation, and forestation activities) influence sediment production and
availability for transport, thereby shaping the spatial distribution of SS transport (Mohsen et
al., 2023a). In-channel characteristics, including channel morphology, sinuosity, slope
condition, and roughness, exert a significant influence on the spatial variability of flow
velocity, turbulence, shear stress, and sediment transport capacity along the river (Knighton,
2014). Hydrological variations across different river reaches driven by the macro-climate of
sub-catchments (e.g., precipitation and temperature) and tributary inputs lead to further
spatial heterogeneity of SS transport (Walling, 1983).

In addition to natural impacts, the disparity of anthropogenic activities (e.g., urbanization,
mining activities, channelization, deforestation, construction of roads and levee system)
along the river, contribute to spatial heterogeneity of SS transport, irrespective of runoff and
discharge conditions (Vercruysse et al., 2017). Furthermore, the presence of dams affects the
longitudinal profile of SS transport due to its trapping effect upstream and alterations of
channel morphology and flow regimes downstream (Watkins et al., 2019; Serra et al., 2022).

Along the 962 km of the Tisza River, there are only eight gauging sites, and there is only
one site along the 750 km of the Maros River where SSC and Q are monitored by the water
directorate authorities. Moreover, these measurements are performed once a month,
regardless of the water stage condition, and during snowy months (e.g., December and
January), sampling is prohibited. These sampling schedules are insufficient for tracking the
highly dynamic spatiotemporal distribution of SS transport in the rivers, highlighting the
crucial need for a more representative sampling strategy incorporating new advanced data
acquisition techniques.

16



2.1.2. Spatiotemporal dynamics of suspended sediment transport in confluences

Confluences are pivotal areas in riverine systems where significant alterations in
hydrodynamics, sediment transport, channel morphology, water quality, and ecological
features often occur (Yuan et al., 2021 and 2022). The most common confluence types are
symmetrical, asymmetrical, and bifurcation (Shaheed et al., 2019). While symmetrical
confluences occur when two channels merge at an obtuse angle, asymmetrical confluence
involves a tributary joining the mainstream laterally, forming an acute angle (Yuan et al.,
2021). In the case of bifurcation confluences, the mainstream splits into two or more
channels forming an island (Shaheed et al., 2019). In terms of confluence scale, Yuan et al.
(2021) suggested a classification based on the width (w) to depth (H) ratio of the joining
rivers as small (w/H<10), medium (10<w/H<50), and large scales (w/H> 50).

The differences in flow velocity, momentum, and O between the joining rivers often
result in the formation of shear layers, primarily attributed to the Kelvin-Helmholtz
instability phenomenon (Yuan et al., 2021). Also, secondary circulation (helical flow in the
cross-sectional plane of a channel) arises because the geometric characteristics of the
confluence [e.g., curvature, width variation, and bed condition (i.e., discordant, or
concordant)] generate a centrifugal force. These flow structures (i.e., shear layers and
secondary circulation) stimulate turbulent mixing affecting not only sediment transport and
ecology of the mainstream but also the hydraulic condition and geomorphological evolution
of the river system (Yuan et al., 2022).

The spatiotemporal dynamism of SS transport in confluences is a quite complex process.
The spatial distribution of the hydrodynamic zones and flow structures in confluences were
conceptualized by Mosley (1976), who identified six zones in the confluence area:
separation, stagnation, deflection, recovery, maximum velocity, and shear layer zones
(Figure 2.5). Each zone has characteristic patterns affecting water, sediment, and
contaminant transport. For instance, the stagnation and separation zones are marked by low
flow velocities and calm conditions, stimulating sediment deposition and contaminant
absorption. Conversely, the highest velocities and turbulent flow conditions are located in the
maximum velocity and shear layer zones, accelerating sediment and contaminant mixing
(Yuan et al., 2022). The spatiotemporal distribution of these zones is influenced by various
factors, including the geometry and morphology of the confluence (e.g., planform geometry,
confluence angle, and bed discordance), as well as the relative O, momentum, and water
density of the joining rivers (Yuan et al., 2022). Based on the experimental study of Best and
Reid (1984), the dimensions of the flow separation zone (L and h in Figure 2.5) are positively
correlated to the QO ratio of the joining rivers (Q2/Qs in Figure 2.5), especially at high
confluence angles (e.g., 70°and 90).

Knowledge of sediment transport dynamics in confluences is far from being completed
(Yuan et al., 2022). Most studies have primarily focused on evaluating the degree of
longitudinal and/or lateral mixing of SS until complete mixing is achieved (Guyot et al.,
1998; Umar et al., 2018; Mohsen et al., 2021). Guyot et al. (1998) investigated SS transport
in the confluence of the Negro and Solimdes Rivers, Brazil, by mass balance technique,
reporting that complete mixing occurs at ca. 25 km downstream with the Solimdes River
contributing the majority (96.5%) of the total downstream SS load. Similarly, the lateral and
longitudinal mixing of SSC were investigated at the confluence of the Mississippi and
Missouri Rivers, employing satellite images, and the findings of the mixing ratios were
quantified by a mixing metric (Umar et al., 2018).

Fewer studies investigated the temporal mixing of SSC in confluences and just for
limited periods. For instance, Marinho et al. (2018) examined the temporal mixing of SSC in
the confluence of the Negro and Solimdes Rivers over one year, revealing fluctuations in the
dominance of water from the two rivers around the year. Another study conducted by Park

and Latrubesse (2015) investigated the spatiotemporal mixing of SSC at the same
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confluence, considering different hydrological conditions (i.e., drought, average, and flood
conditions). The authors reported a high dependency of the mixing process on the
hydrological condition, with the highest mixing rate occurred during floods, followed by
drought and average conditions.
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Figure 2.5. Conceptual model of hydrodynamic zones and flow structures in a confluence area (Q:
water discharge; L and h: dimensions of the flow separation zone; 0: confluence angle) (adapted
after: Mosley, 1976).

However, to my knowledge, no study has explored the correlation between hydrological
parameters (e.g., water stage, water slope, and Q) of the joining rivers and spatiotemporal
mixing patterns of SSC in confluences. Hence, further research addressing this research gap
is warranted to enhance our understanding of confluence dynamics. Additionally, at the
Tisza—Maros confluence, SSC measurements are conducted downstream monthly without
considering the actual mixing pattern, which may lead to a misleading interpretation of
findings. Therefore, there is a need for more intensive SSC data collection through the
incorporation of remote sensing techniques to identify the dynamism of mixing patterns and
their connection to variations in the hydrology of the joining rivers.

2.2. Plastic pollution transport in rivers

Plastic pollution is one of the contemporary environmental risks negatively affecting
human well-being and ecosystems. Besides, its impacts are likely to be exaggerated in the
future, given the projected sixfold rise in global annual plastic production between 2015 and
2050 (Zalasiewicz et al., 2019). Rivers play a crucial role in connecting terrestrial sources of
plastic pollution (e.g., mismanaged waste, sewage discharge, and industrial leakage) to
marine environments due to their proximity to various anthropogenic activities (Kiss et al.,
2021; Mohsen et al., 2023a). However, there are conflicting findings regarding plastic
contribution of rivers worldwide to marine systems (Newbould et al., 2021). While Lebreton
et al. (2017) and Schmidt et al. (2017) suggested that only 47 and 5 of the world’s rivers,
respectively, are responsible for 80% of the global riverine plastic emissions, Meijer et al.
(2021) reported a much higher number, exceeding 1000 rivers. The substantial disparity in
the number of rivers indicates a lack of sufficient data on plastic transport in rivers
worldwide, emphasizing the necessity for enhanced plastic transport models with reduced
uncertainty. Also, contradictory findings were reported regarding the spatiotemporal
dynamics of plastics in riverine systems, influenced by different longitudinal and temporal
factors, thus many aspects of plastic transport in rivers remain poorly understood (Zhang et

al., 2020; Kiss et al., 2021).
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2.2.1. Plastic characteristics, sources, and impacts

The physical characteristics (e.g., size, shape, and density) of plastic particles play a
profound role in their transport within aquatic systems. However, there is an ongoing debate
regarding the precise definitions of these characteristics (Waldschlédger et al., 2022).

The most common classification of plastic particles is based on their size: nano plastic
(21 pum), microplastic (MP; 1 pum<MP<5 mm), mesoplastic (5 mm<mesoplastic< 25 mm),
and macroplastic (MaP; >25 mm) (Shamskhany et al., 2021). Each size range originates from
different sources and exerts specific environmental impacts. For instance, while MPs usually
originate from sewage discharges, MaPs originate from mismanaged solid waste, though
MaP degradation contributes to the formation of smaller plastic fractions (Newbould et al.,
2021). Regarding their impacts, the small size and heightened hydrophobicity of MP particles
enhance their ability to absorb toxic substances that can subsequently enter the food web (Lu
et al., 2023). MaPs, on the other hand, can increase flood risk through their clogging effects,
they damage habitats and leach toxic chemicals into aquatic systems (Lu et al., 2023).

Plastic shape is not only a fundamental feature influencing their transport, but it is also
commonly used as a proxy for determining the origin of the particles (Waldschlédger et al.,
2022). Metz et al. (2020) suggested the terms “fragments” and “pellets” for plastic particles
having three dimensions, “foil” for those with two dimensions, and “fiber” for one-
dimensional particles (Figure 2.6). However, there remains a lack of precise definitions for
plastic shapes, as within every category, shapes can vary. For instance, pellets could be
lenticular, cylindric, or any other shape. Also, some plastic particles, such as foam, undergo
continuous shape changes during transport (Waldschlédger et al., 2022).

1 mm 1 mm

1 mm 1 mm

1 mm

Figure 2.6. Different microplastic (MP) shapes including: spheres (A), fibers (B), fragments (C-D),
irregular particle shapes (E), and film (F) (adapted after: D'Hont et al., 2021).
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Another physical characteristic influencing plastic transport in aquatic systems is density.
The density of a plastic particle is determined by the type of polymer it comprises and can
range from <0.05 g/cm? (in the case of expanded polystyrene) to 2.3 g/m® (in the case of
Teflon) (D'Hont et al., 2021). However, it's important to note that the density of plastic
particles often undergoes changes during their transport or over time due to the biofouling
process (Waldschldger et al., 2022). Although the distribution of polymer types in riverine
plastic pollution is primarily influenced by local anthropogenic activities and consumption
patterns, it's noteworthy that lightweight plastics e.g., Polyethylene (PE), Polypropylene
(PP), and Polystyrene (PS) are among the most frequently reported polymer types in rivers
worldwide (Van Emmerik and Schwarz, 2020).

2.2.2. Mechanisms governing plastic pollution transport in rivers

Plastic pollution transport in riverine systems is still in an early research stage due to the
complex interaction of plastic particles with various riverine compartments. Although rivers
are the primary conveyor belts of terrestrial plastic to oceans, an increasing body of evidence
suggests that most of this plastic input never reaches oceans (Van Emmerik et al., 2022). This
can be interpreted by Newbould et al. (2021) conceptualization of plastic transport in rivers
as it consists of a series of detached “step” (transport phase) and “rest” (stationary phase)
periods between temporary storage sites (i.e., trapping sites). Tramoy et al. (2020) reported a
similar transport mechanism in the River Seine, France since the GPS trackers of plastic
particles showed intermittent paths and their residence time was significantly longer than the
transit time of water. However, to date, little is known about dominant modes of transport,
accumulation patterns in the trapping sites, and residence periods at various reach types and
under varying hydraulic regimes (Van Emmerik et al., 2018; Newbould et al., 2021). During
the transport phase, plastics exhibit different modes of transport, including surface,
suspended, and bed loads. These modes are governed by the physical characteristics of
plastic particles and the river's hydrodynamic condition (Waldschladger et al., 2022). Surface
mode occurs for positively buoyant particles with high rising velocity, and it is considered
the most common mode owing to the domination of lightweight plastic particles in rivers
(Lenaker et al., 2019). The suspended mode occurs when the settling or rising velocities of
plastic particles are counteracted by flow turbulence (Waldschlidger et al., 2022). The
dynamics of this transport mode are governed by the advection-diffusion equations (Fischer,
1979). Denser plastic particles with elevated settling velocities are usually transported as bed
load, through sliding, rolling, and saltation (Waldschldger and Schiittrumpf, 2019). This
transport mode is initiated when the bed shear stress exceeds the critical stress.

The stationary phase of plastic transport, on the other hand, occurs at trapping sites
(pollution hot-spots; Hurley et al., 2023) which may arise due to hydraulic conditions,
including the existence of the flow separation zone, and/or physical obstacles such as
hydraulic structures, channel bars, bends, and vegetation (Newbould et al., 2021).

The complexity of plastic transport in rivers could be inferred from the fact that for every
size range (e.g., MP and MaP) the transport rate and consequently the spatiotemporal
distribution may differ from one another (Newbould et al., 2021). For example, several
studies reported higher trapping rates for MaP particles in river compartments than MPs,
indicating that MP particles have a greater chance of reaching oceans (Newbould et al.,
2021). MP tends to exhibit a more uniform distribution along rivers, while MaP distribution
is more heterogeneous and closely linked to distances from contamination sources
(Newbould et al., 2021). Also, MaPs are mainly transported by traction, floating, and rolling,
while MPs rely on surface currents, suspension, and saltation (Lahens et al., 2018). These
differences suggest potential variations in the sources, transport mechanisms, drivers, and
ultimate fates of MaP and MP in rivers (Van Emmerik and Schwarz, 2020). However, further
research is warranted to assess similarities and differences in their transport dynamics.
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2.2.3. Spatiotemporal dynamics of plastic pollution transport in rivers

There are conflicting results regarding the spatial distribution of MP in response to
various longitudinal variables in rivers. For instance, while numerous studies reported a
positive correlation between MP concentration and urban land cover and population density
(Feng et al., 2020; de Carvalho et al., 2021; Sang et al., 2021), others reported no correlation
(Feng et al., 2020; Mai et al., 2021), attributing this to rigorous waste management practices
applied in these areas. Similarly, many studies reported no apparent connection between MP
concentration in rivers and proximity to agricultural lands (Barrows et al., 2018; He et al.,
2020) or even observed a negative correlation (Huang et al., 2020), though agricultural lands
usually apply wastewater sludge and greenhouses which are sources of MPs (Saadu et al.,
2023). Also, both the concentration (McCormick et al., 2016) and dilution (McCormick et
al., 2016) effects of WWTP effluents have been reported in river reaches downstream.
Therefore, the precise influences of longitudinal variables on MP distribution in rivers
remain unclear and warrant further research, considering intensive spatial sampling plans
with appropriate repetition.

Similar conflicting findings were reported regarding the influence of temporal changes of
hydro-meteorological variables on MP distribution in rivers. For instance, Ockelford et al.
(2020) reported that the MP concentration follows a similar pattern as of a storm hydrograph,
as the highest concentrations were recorded during the rising and peak phases, while it
decreased during the falling phase and low stages. Hence, they considered rivers as sources
of MP during high stages, and as sinks during low stages. Although, this finding was
supported by many studies (Kumar et al., 2021; Laermanns et al., 2021), other research
reported a negative correlation between MP concentration and Q, suggesting that high O
dilutes MP concentration (Barrows et al., 2018; Wu et al., 2020). Therefore, further
investigations into the role of the temporal changes in hydro-meteorological variables on MP
distribution in rivers, considering extended and more frequent sampling, are needed.

2.2.4. Roles of tributaries and dams on plastic pollution transport

Tributaries play a significant role in plastic transport in mainstream rivers; however, their
impact depends on local anthropogenic activities, waste management practices, and sewage
discharge in sub-catchments (Ahmed et al., 2016; Kiss et al., 2021). Although most studies
reported an increase in the plastic abundance downstream of confluences (Balla et al., 2022;
Xia et al., 2023), fewer reported a decline, considering that their diluting impacts outweigh
the concentration effects (Kukkola et al., 2023; Mohsen et al., 2023a). However, most of
these studies build their conclusions based on snapshot measurements without evaluating
their persistence over time. Besides, the extent to which tributaries exert comparable or
disparate influences on MP and SS in the mainstream remains uncertain.

Dams and their reservoirs, on the other hand, change the river's connectivity due to the
deposition behavior upstream and clear water erosion downstream. However, their influence
on plastic transport is still understudied, and conflicting findings were reported. For instance,
both the increasing and decreasing trends of MP concentrations upstream of dams were
reported in several studies (Watkins et al., 2019; Balla et al., 2022). Hence, further research
identifying the precise role of tributaries and dams on plastic transport is necessary.

2.2.5. Monitoring and analysis of micro- and macro plastics in water: potentials and
limitations

Although plastic contamination in aquatic environments has received significant global
research attention, there is still a lack of standardized schemas for sampling and subsequent
analysis of samples, which obscure cross-study interpretations and comparisons (Mohsen et
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al., 2023a). For instance, several studies used different mesh sizes for MP sampling from the
water, resulting in different MP size ranges that complicate direct comparisons of the
findings (Dris et al., 2015). Nevertheless, some organizations attempted to publish guidelines
towards the harmonization of methodologies and establishing standardized protocols for
plastic monitoring and analysis (Masura et al., 2015; Wendt-Potthoff et al., 2020). Notable,
this harmonization is promising and feasible, practically given the comparable sampling
approaches of plastics in fresh and saltwater environments.

The choice of plastic sampling methods, including MP and MaP, is contingent upon the
desired research question, the targeted spatiotemporal scales, and the availability of resources
(Hurley et al., 2023). Also, the quantity of the collected water plays a significant role in the
representativeness of the sample. Lenz and Labrenz (2018) recommended to collect at least
1000 liters of water when MP concentration falls below 1 item/m?.

The most common methods for MP sampling are nets, including neuston/manta trawl
nets (Morét-Ferguson et al., 2010), zooplankton nets (Dris et al., 2015), and continuous
plankton recorders (Thompson et al., 2004), as well as pumps, including teflon pump (Zhao
et al.,, 2014), submersible pump (Setéld et al., 2016) and centrifugal jet pump (Lenz and
Labrenz, 2018). Nets collect samples by towing their openings behind a boat at a constant
velocity and for a fixed duration or distance when the sample is stored at the cod end (Morét-
Ferguson et al., 2010). The size range of the collected MP samples is determined by the mesh
size of the net. Also, the volume of the collected water is calculated based on the net's
dimensions, the towing velocity, and the sampling duration or distance (Morét-Ferguson et
al., 2010). However, in this way, the exact amount of sampled water could be calculated
roughly. Pumps, on the other hand, collect samples by immersing a suction pipe (in an
above-water pump) or the entire pump (in submersible pumps) into the water, passing the
outlet pipe through a sieving cascade or filter stack, and measuring the exact volume of
collected water by a flow meter (Figure 2.7). While nets are convenient, efficient for large
water volumes, and capable of detecting MPs down to 100 um size (plankton net), they are
costly, unsuitable for small water bodies, and require navigation vehicles (e.g., boats)
(Bordos et al., 2019). Pumps can partially overcome the limitations of nets; however, they are
still costly, less mobile, and could be a source of MP contamination (Prata et al., 2019).

Turbine Flow Sensor

1SGO0L

Centrifugal
Stainless Steel Pump
Tubing

River water

Cascade Sieve Stack

Figure 2.7. Example of the general setup of a pumping system used to sample water for microplastic
(MP) concentration (adapted after: Bryksa, 2021).
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In the meantime, the in-situ monitoring of MaP particles can be accomplished by physical
sampling, including nets, and visual counting by trained observers (Mohsen et al., 2023b).
While these methods provide detailed data about the physical characteristics of MaP
particles, they are labor-intensive, costly, and prone to human errors (Armitage et al., 2022).
Hence, remote sensing methods have recently been integrated into the monitoring process by
using unmanned aerial vehicles (UAVs) (Wolf et al., 2020), bridge cameras (De Giglio et al.,
2021), and satellite images (Mohsen et al., 2023b). These methods provide large-scale and
frequent data about MaP variations as well as saving time and effort. However, they are
somewhat less accurate, require advanced image processing techniques, and don’t provide
data on submerged MaP particles (Armitage et al., 2022). For a detailed illustration of remote
sensing techniques, please refer to section 2.5.

Water samples for MP are remedied by various methods to measure the MP
concentration and the physical characteristics of MP particles. These methods can be
summarized into three steps, including density separation, digestion, and identification (Prata
et al., 2019). The density separation process leverages the density difference between plastic
(0.8-1.6 g/cm?) and sediment particles (2.7 g/cm?) to isolate MP particles. This can be
accomplished by adding a salt-saturated solution, with an elevated density, and collecting the
supernatant (suspected MP and organic materials) for further analysis. Quinn et al. (2017)
recommended using reagents with a density greater than 1.4 g/cm® to enhance the separation
process. Several solutions have been applied in the literature, including water, sodium
chloride (NaCl), sodium iodide (Nal), zinc bromide (ZnBr2), and zinc chloride (ZnCl,)
resulting in different capabilities in recovering various polymer types (Table 2.1; Prata et al.,
2019). Rodrigues et al. (2020) suggested using zinc chloride, despite its high cost, as it can
potentially be reused at least five times while maintaining a recovery rate of over 95%.

Table 2.1. To recover polymer types several density separation solutions could be used with different
capabilities, where + refers to good separation, +: possible separation, and — not separated (adapted
after: Prata et al., 2019).

Polymer type Density Water NaCl Nal ZnBr; ZnCl,
(g/cm’) lg/em® | 1.2g/em® | 1.6 g/em® | 1.7 g/em?® | 1.8 g/ cm?

Polypropylene (PP) 0.9-0.91 + + + + +

Polyethylene (PE) 0.92-0.97 + + + + +

Polyamide (PA) 1.02-1.05 — + + + +

Polystyrene (PS) 1.04-1.1 — + + + +

Acrylic 1.09-1.2 — + + + +

poly methyl acrylate 1.17-1.2 — + + + +
(PMA)

Polyurethane (PU) 1.2 — + + + +
Polyvinylchloride (PVC) | 1.16-1.58 — + + + +
Polyvinyl alcohol (PVA) | 1.19-1.31 — + + +

Alkyd 1.24-2.1 — - + + +

Polyester 1.24-2.3 — - + + +

Polyethylene 0.9-0.91 — - + + +
terephthalate (PET)

Polyoxymethylene 0.9-0.91 — - + + +

(POM)
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For samples with a high content of organic materials, it is vital to be digested to destroy
the organic content and to avoid the misidentification of plastic particles. Prata et al. (2019)
categorized the digestion agents applied in the literature into (a) acid agents [e.g.,
hydrochloric acid (HCl) and nitric acid (HNO3)] (b) alkali agents [e.g., potassium hydroxide
(KOH) and sodium hydroxide (NaOH)] (c) oxidizing agents [e.g., hydrogen peroxide (H20:]
(d) enzymatic agents (e.g., proteinase K, collagenase, papain, protease and cellulase). While
acid and alkali agents could degrade, melt, or discolor certain polymer types, oxidizing
agents, particularly hydrogen peroxide, have been considered as a preferable alternative,
since they preserve the structure and chemical composition of the particles while achieving a
higher recovery rate (Qiu et al., 2016). Enzymatic agents proved efficient in the digestion
process too, but they are less commonly applied due to their higher cost (Prata et al., 2019).

To identify the physical characteristics of MP particles (e.g., count, size, shape, and
polymer type) researchers have employed visual inspection and/or chemical quantification
and characterization (Prata et al.,, 2019). Visual inspection is typically carried out by
stereoscopes or microscopes; however, it is less accurate, prone to human errors, can't detect
MP particles smaller than 0.5 mm, and does not provide information on polymer types (Zhao
et al., 2014; Prata et al., 2019). The effectiveness of visual inspection by microscopes was
enhanced by using a staining dye (e.g., Nile red, rose bengal, and oil red dyes) and prodding
particles with a hot needle (Maes et al., 2017). Chemical quantification and characterization,
on the other hand, are widely performed by Fourier transform infrared spectroscopy (FTIR)
and Raman spectroscopy (Prata et al., 2019). FTIR develops an infrared spectrum created by
the change in dipole moment, while Raman produces a molecular fingerprint spectrum
created by chemical bonds' polarizability (Elert et al., 2017). Although these techniques are
quite accurate and have the potential to identify tiny MP particles (down to 20 um; Raman
spectroscopy), they are costly and time-consuming (Prata et al., 2019).

2.3. Similarities and differences between suspended sediment and microplastic
transport in rivers

The connection between MP and SS transport in rivers remains understudied, though they
share many characteristics that suggest potential similarities in their transport mechanisms
(Mohsen et al., 2023a). Thus, many concepts and theories from sediment transport research
could be transferred to MP research, particularly the MP research still experiences challenges
with fundamental concepts such as particle characteristic definitions, elucidation of transport
mechanisms, and identification of representative sampling (Hoellein et al., 2019).

The MP size range (I um—5 mm) is very similar to fine natural sediment, particularly
sand and silt sediments (Mohsen et al., 2023a). Moreover, the MP and natural sediment
particles exhibit inherent heterogeneity in terms of shapes, sizes, and densities and often form
aggregates with other organic and inorganic materials during their transport (Yan et al.,
2021). Additionally, MP and natural sediments share the same transport modes,
encompassing surface or wash load, suspended, and bed loads, and the particles are vertically
stratified in the water column based on their size and density (Cowger et al., 2021). Also, MP
and fine sediment have similar hyporheic filtration mechanisms at the channel bed and both
of them are affected by the ratio between their respective diameters and bed sediment
diameter (Waldschlédger et al., 2019).

On the other hand, MP and sediment have contrasting buoyancies with MPs being
positively buoyant and natural sediment being negatively buoyant. Hence, MPs are more
likely to be transported as surface load, whereas the natural sediment is conveyed as
suspended and bed loads (Waldschldger et al., 2022). In contrast to sediment, MPs usually
deform during their transport and are characterized by higher degradation and fragmentation
rates than sediment (Waldschlédger et al., 2022). Notably, MPs have higher mobility at the

riverbed than sediment, as the experimental study of Waldschldger and Schiittrumpf (2019)
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revealed that the MP particles (a mixture of various shapes, sizes, and polymer types) moved
earlier than anticipated by the Shields’ diagram. Also, Waldschldger et al. (2019) highlighted
significant differences in the settling and rising velocities of MP particles than sediment,
emphasizing that sediment transport formulas should be treated with caution before being
applied to MP transport.

Few studies assessed the spatiotemporal correlation between SS and MP concentrations
in rivers and they reported conflicting findings (Waldschldger and Schiittrumpf, 2019; Chen
et al., 2021; Laermanns et al., 2021). These discrepancies may arise from the inherent
similarities and differences between MP and sediment characteristics, and variations in
sampling scales among studies. A significant correlation (R?>=0.65) between SS and MP
concentrations was reported in the Langat River, Malaysia, especially during high stages;
however, the established relationship was based on monthly measurements (Chen et al.,
2021). Similarly, Buwono et al. (2021) reported a strong correlation between MP
concentration and certain physicochemical water quality parameters, including SSC;
however, the assessment was based on only four sites sampled once every three months.
Piehl et al. (2020) reported a good correlation between SS and MP concentrations (R?>=0.60)
in the estuary of the Trave River; however, no correlation was found in the Elbe and Po
Rivers, but the assessment was based on snapshot measurements. Atwood et al. (2019)
hypothesized that the accumulation pattern of MP follows a similar pattern as of SS in the Po
River; however, no correlation was found between both variables until some tourist,
aquaculture, and public parking sites were excluded from the analysis. Therefore, more
studies investigating the connection between SS and MP concentrations in rivers, considering
long-term, spatially, and temporally detailed monitoring programs, are warranted.

2.4. Remote sensing-based suspended sediment discharge modelling in rivers

Suspended sediment discharge (Qs) monitoring is of utmost importance for gaining
insights into the hydrology, geomorphology, water quality, and riparian ecological system.
To accurately measure Qs, data on Q and SSC are needed. However, the accurate in-situ
monitoring of these variables requires the availability of intensive resources, besides it is
laborious, time-consuming, and often impractical during extreme events. Hence, many
researchers and monitoring agencies opt to integrate in-situ measurements with remote
sensing and numerical modeling techniques (Mohsen et al., 2022a).

The estimation of Q and SSC could be retrieved by several sensor types, including
optical, thermal, radar, or altimetry sensors (Bjerklie et al., 2018). However, only a few
studies have attempted to estimate them simultaneously using remote sensing sensors.
Alternatively, most studies focused on estimating SSC only by remote sensing sensors and
relying on in-situ measurements of Q for Qs estimation (Stumpf and Goldschmidt, 1992;
Martinez et al., 2009). Others gave rough estimates of Qs to oceans at a global scale,
employing GRACE satellite data (Mouyen et al., 2018). Hence, further research is needed to
advance the field of remote sensing of Q.

2.4.1. Remote sensing of water discharge

Remote sensing of Q in rivers can provide spatially and temporally continuous data for
large and inaccessible rivers as well as reducing the cost and risk of in-situ measurements
(Gleason and Durand, 2020). Several attempts aimed to estimate Q by combining remote
sensing data with hydrological models (Chen et al., 1998; Stisen et al., 2008) or hydraulic
models (Bates et al., 1997; Bjerklie et al., 2003; Neal et al., 2009). However, these models
often rely on many auxiliary in-situ measurements; thus, hindering the full automation of Q
estimation. Other studies applied near-field remote sensing of surface velocity by Doppler
radars, thermal infrared images, or particle tracking algorithms. Although this method is
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effective, it is costly and requires additional measurements of the channel's cross-sectional
area (Fulton et al., 2020). Therefore, research efforts were geared towards the integration of
the hydraulic geometry method (Leopold and Maddock, 1953) with remote sensing data
since it could estimate QO based on a single hydraulic parameter such as water width, depth,
and velocity (Equation 2.1-Equation 2.3) (Gleason and Smith, 2014; Flores et al., 2020).

w = aQ?;log(w) = log(a) + b.log(Q) Equation 2.1
H = cQ”;log(H) = log(c) + f.1og(Q) Equation 2.2
v = kQ™;log(v) = log(k) + m.log(Q) Equation 2.3

where w: water surface width; H: mean water depth; v: mean flow velocity; Q: water
discharge; a, ¢ and k: numerical coefficients; b, f, and m: numerical exponents.

For decades, hydraulic geometry-based (O estimates were the backbone of water
management decisions and hydrological developments (Gleason and Durand, 2020). These
power-law relationships are typically established based on measured or estimated water
width, depth, or velocity and measured Q by an Acoustic Doppler Current Profiler (ADCP)
or weir equations (Gleason and Durand, 2020). However, they should be calibrated regularly,
particularly in mobile bed streams to overcome any factual errors that may arise due to
changes in river channel morphology (Mohsen et al., 2022a). These changes might be
occurred at short scales, like flood events, causing hysteresis in the established relationships,
or over the long term due to various anthropogenic activities (e.g., cut-offs, construction of
revetments, groynes, and levee systems) (Sipos et al., 2007; Kiss et al., 2019b).

Birkinshaw et al. (2010) and Michailovsky et al. (2012) employed altimetry data obtained
from TOPEX/Poseidon and ENVISAT/ERS-2 satellites to estimate water depth (H) and
consequently O by the H—Q hydraulic geometry equation (Equation 2.2) for the Ob, Mekong
and Zambezi Rivers. However, the water depth is unattainable through optical sensors;
hence, other studies exploited another form of hydraulic geometry equations that involve
water width (w) and Q (Equation 2.1), known as at-station-hydraulic-geometry (AHQG)
(Leopold and Maddock, 1953). Later on, the AHG method evolved into the at-many-station
hydraulic geometry (AMHG) method through a breakthrough study by Gleason and Smith
(2014). The study revealed a log-linear relationship between the AHG coefficients and
exponents of the river's cross sections along a mass-conserved reach. Optimizing these
coefficients and exponents to minimize the Q difference between every pair of cross-sections
results in better estimates of QO than the original AHG method.

The AMHG was applied to estimate Q in four Indian rivers based on a time series of w
data obtained by Landsat/IRS images and measured Q (Durga Rao et al., 2020). The results
showed high estimation accuracy, especially during low and medium flow conditions. A
similar approach was followed in the Mekong River; but, instead of optical sensors, Sentinel-
1 SAR data were used to produce a time series of w (Mengen et al., 2020). To our
knowledge, no study integrated the AHG method with machine learning algorithms, which
may result in comparable accuracy to AMHG while simplifying the process.

2.4.2. Remote sensing of suspended sediment concentration

Optical remote sensing is the most prominent sensor type for estimating SSC in rivers
(Bjerklie et al., 2018). The interaction of light with the river water surface is intricate,
influenced by not only the scattering and absorption of light by the water-sediment mixture,
but also by the initial solar input, atmospheric condition, and specular reflection of sunlight
(Arisanty and Saputra, 2017). These factors collectively influence surface reflectance, and
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consequently the feasibility of SSC estimation (Bjerklie et al., 2018). Typically, elevated
SSCs correspond to higher surface reflectance in the VIS-NIR bands (Mohsen et al., 2022b).
However, the degree of sensitivity varies with the wavelength of the spectral band (Bjerklie
et al.,, 2018). Numerous studies exploited the existence of this correlation and developed
calibration models by empirical (Mohsen et al., 2022b), semi-empirical (Duan et al., 2010),
bio-optical modeling (Ammenberg et al., 2002; Manuel et al., 2020), machine learning
(Flores et al., 2020; Mohsen et al., 2022a) and indices (Arisanty and Saputra, 2017)
approaches. Also, a wide range of satellite missions spanning from coarse spatial resolution
e.g., MODIS and MERIS (Feng et al., 2012) to relatively finer resolutions e.g., Landsat and
Sentinel-2 (Mohsen et al., 2022a) have been applied.

Larson et al. (2018) derived SSC regression models by simple linear and stepwise
regression techniques, employing the reflectance data from the MicaSense Sequoia sensor on
UAV, and a field spectroradiometer over the Maumee River, USA. The field
spectroradiometer models showed a higher accuracy (adjusted R?=0.7) than the UAV sensor
(adjusted R?=0.56). Bio-optical modeling in the Barra Bonita Reservoir (Tieté River, Brazil)
achieved even higher estimation accuracy (R*=0.77) than the empirical and semi-empirical
methods (Bernardo et al., 2015). While this approach is accurate, it requires the availability
of extensive optical data, is very sensitive to environmental fluctuations, and has complex
structures (Yang et al., 2022).

Recently, many studies employed several machine learning algorithms in deriving SSC
models to overcome the limitations of the empirical, semi-empirical, and bio-optical
modeling methods. Peterson et al. (2018) tested three neural network algorithms for
estimating Landsat-based SSC models in the Missouri and Mississippi Rivers, USA. Their
results revealed that the extreme learning machine algorithm outperformed others (R?=0.9).
Similarly, Dehkordi et al. (2021) compared random forest (RF) and support vector machine
(SVM) for deriving Sentinel-2-based SSC models in the Missouri River, with the RF
algorithm demonstrating the best estimation accuracy (R? = 0.79 and Pearson's r = 0.88).

Radar images, on the other hand, could partially overcome some of the limitations of
optical sensors since they provide images during day or night and regardless of cloud
condition (Mohsen et al., 2023c). However, few studies have assessed its potential to
estimate SSC, especially in rivers (Shao et al., 2021). Notably, radar images are sensitive to
changes in surface roughness and dielectric constant; thus, I hypothesize that they are
sensitive to fluctuations in active water constituents, including SSC. Given the intricate
interfering factors affecting surface roughness in rivers, such as Q, topography, size, and
hydraulic structures, it is challenging to employ surface roughness as a proxy for SSC
changes. In light of these considerations, I attempted to examine the feasibility of the other
component of the radar images (i.e., dielectric constant) as a potential proxy for SSC.
Particularly, Shao et al. (2021) reported a linear relationship between the backscattering of
Sentinel-1 images and SSC, which was linked to changes in the dielectric constant.

2.5. Remote sensing-based plastic pollution modelling in rivers

In-situ monitoring of riverine large to small plastic particles (MaP, MP) is often limited
to individual campaigns since regular surveys are costly, time-consuming, and labor-
intensive. Hence, most plastic sampling schemas in rivers worldwide are insufficient to track
the highly dynamic plastic transport (Mukonza and Chiang, 2022). To overcome the
limitations of in-situ measurements, some studies developed numerical models for plastic
transport monitoring e.g., CaMPSim-3D (Pilechi et al., 2022) and INCA (Whitehead et al.,
2021); however, these models require many hydrological, morphological, and plastic
characteristics data, which might not be easily available for most rivers. Remote sensing, on
the other hand, could overcome these limitations owing to its large-scale coverage and
frequent imaging (Mohsen et al., 2022a). Yet, the application of remote sensing for plastic
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monitoring in aquatic ecosystems, particularly MPs, is still in the research and development
phase with many conflicting findings regarding its viability (Bentley, 2019; Hu, 2021).
Furthermore, an overwhelming amount of research was devoted towards marine ecosystems,
and very few was conducted in rivers (Davaasuren et al., 2018; Evans and Ruf, 2022).

The incident light on river water has a distinct behavior with floating plastic, especially
MaPs than water in terms of reflection at the surface, transmission into the water, and
upwelling from the subsurface passing through plastic items (Goddijn-Murphy et al., 2018).
However, the spectral characteristics of plastics in aquatic systems can be challenging to
discern owing to the diversity of their polymer types, sizes, shapes, and colors. Polyethylene
(PE) and polypropylene (PP) are the most studied polymer types due to their prevalence in
aquatic systems (Law, 2017). Their spectral responses in the VIS-NIR (400-1000 nm) and
NIR (1000-1700 nm) wavelengths were examined by hyperspectral imaging, FTIR, and
Raman spectroscopy (Serranti and Bonifazi, 2010). The results revealed that the PE has high
reflectance variability in the VIS portion and a distinct signature in the NIR, while the PP has
a distinct signature throughout the investigated spectral range (400-1700 nm).
Themistocleous et al. (2020) explored the spectral response of a PET plastic bottle target
(3x10 m?) by the SVC HR-1024 spectroradiometer at different heights, concluding that the
plastic target has a spectral signature at the NIR and short-wave infrared (SWIR)
wavelengths. However, SWIR may not be ideal for plastic detection since water absorbs it
strongly, making it ineffective for detecting plastic even under a thin water layer. Similarly,
many other studies reported the usefulness of the NIR for plastic detection (Masoumi et al.,
2012; Bentley, 2019).

Plastic color has a notable influence on the reflectance, primarily within the visible
spectrum, where darker colors result in lower levels of reflectance; meanwhile, it has a subtle
impact on the NIR wavelengths (Bentley, 2019). Plastic additives, used for decoration and
reinforcement, have a similar spectral response as of color; however, an exception is made
for the black carbon pigment as this additive increases the absorption in the ultraviolet (UV)
and NIR wavelengths (Wiesinger et al., 2021). The size and thickness of plastics also play a
significant role in their spectral response and detection possibility, as the larger plastic items
may exhibit more pronounced scattering and absorption features than the smaller ones
(Mohsen et al., 2023b). Therefore, it is necessary to develop and compare methods for
remote sensing of both the MP and MaP size ranges, utilizing a variety of both active (e.g.,
Sentinel-1 SAR) and optical (e.g., Sentinel-2 and PlanetScope) satellite missions.

2.5.1. Remote sensing of microplastic

Direct detection of MP particles in aquatic ecosystems is quite challenging due to the low
spatial resolution of satellite sensors accompanied by the small size range of MP particles
(Mohsen et al., 2023c). To date, no dedicated satellite sensors for MP detection have been
devised, hence, many studies relied on existing satellites. However, these satellites are
susceptible to atmospheric interference, the complex background of MP particles (e.g., waves
and foam), and the presence of other materials in water (e.g., phytoplankton blooms,
sediments, and organic matter) which can obscure any potential signal from MP particles
(Evans and Ruf, 2022). Hu (2021) argued that direct detection of MP in marine ecosystems is
virtually impossible using any current or even planned unmilitary satellite sensors due to the
very subtle contribution of MP particles to the sensor signal, even at the highest reported
concentration in the literature. In contrast, Bentley's (2019) study stands alone in implying
that direct detection of MPs through bio-optical modeling is feasible, as he reported a strong
relationship between MP concentrations in the Great Pacific garbage patch and the predicted
reflectance from his model.

Given the challenges of direct sensing of MPs in aquatic systems, most studies, including
my study, have explored indirect methods using simulated proxy measurements employing
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existing active and optical sensors. Davaasuren et al. (2018) assumed that microbial
colonization of MP particles and the formation of surfactants can alter fluid characteristics
(e.g., viscosity and surface tension) and consequently water surface roughness conditions in
oceans, which could be detected by SAR images. However, Sun et al. (2023) remarked that it
is true only in the case of high MP concentrations. The surfactant concept was exploited by
Evans and Ruf (2022) to develop an empirical algorithm for estimating MP concentration in
oceans by connecting the concentration changes to variations in wind-driven water surface
roughness affected by surfactant release. However, unlike oceans where wind is the dominant
factor influencing surface roundness, rivers are subject to several interfering factors (e.g.,
river Q, size, topography, and hydraulic structures) besides wind, that may complicate similar
model derivation (Martin and McCutcheon, 1998). Hence, research efforts are needed to
explore the connection between variations of MP concentration and water dielectric constant,
which can be sensed by SAR images.

Active water constituents, such as SSC, chlorophyll-a, and colored dissolved organic
matter, accurately measurable with optical sensors, can serve as a viable proxy for MP
concentration (Piehl et al., 2020; Chen et al., 2021; Mohsen et al., 2022b). Mercedes et al.
(2003) stated a similarity between the spatial distribution of chlorophyll-a and MP
concentrations in the northwestern Mediterranean Sea as algae very often attach to plastic
particles. A moderate to strong positive relationships between the spatial distribution of MP
concentration and colored dissolved organic matter (R?=0.60), chlorophyll-a (R?=0.57), and
SSC (R?=0.38) were reported in the estuary of the Trave River, Germany (Piehl et al., 2020).
Similarly, a strong positive relationship (R?>=0.65) between the spatiotemporal distribution of
SS and MP concentrations was reported in the Langat River, Malaysia (Chen et al., 2021).
However, so far, no study has combined optical sensors and any of the active water
constituents to estimate MP concentration either in oceans or in rivers.

2.5.2. Remote sensing of macroplastic

Remote sensing of large plastic debris (MaP) in aquatic systems at a large scale has
garnered more research attention than the micro-scale. Most studies on floating MaP were
conducted in oceans (Biermann et al., 2020; Themistocleous et al., 2020) and fewer in rivers
(Jakovljevi¢ et al., 2019; Sol¢ Gomez et al., 2022). Although several studies reported the
applicability of optical sensors in detecting MaPs, their detection capabilities are still bound
to over sub-pixel coverage (Themistocleous et al., 2020). RuBwurm et al. (2023) stated that
MaP particles in oceans usually aggregate with other organic and inorganic materials in lines
hammered by environmental forces (e.g., wind, waves, and coastal fronts) making them
detectable by medium-resolution satellite images, like Sentinel-2. However, the segregation
of floating objects of natural origins (e.g., wood, algae, and sargassum) from anthropogenic
origin (e.g., plastics) by medium-resolution images is still challenging and it requires further
research (Hu, 2021). Also, the effectiveness of large-scale satellite images (e.g., Sentinel-2)
in detecting heterogeneous aggregates of riverine litter is still understudied, though this
approach could enhance our understanding of riverine litter transport and serve as an
effective proxy for MaP contamination hot spots.

The literature outlined three main approaches for remote sensing of aquatic litter/MaP,
including bio-optical modeling, indices, and deep learning algorithms. The development of
bio-optical modeling depends on determining the optical properties of water both with and
without the presence of litter (Goddijn-Murphy et al., 2018). Although this method could
detect litter with an elevated accuracy, few studies have attempted to apply it due to its
complexity and high sensitivity to subtle changes in environmental conditions (Moore et al.,
2014). Goddijn-Murphy et al. (2018) developed a reflectance model for detecting the fraction
of the surface area of a MaP item to the total surface area of water, based on the geometrical
optics and the spectral signatures of water and plastics.
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The indices method aims to develop an index that can discriminate litter/MaP from its
background water based on their spectral signatures. This approach is less accurate than bio-
optical modeling and usually requires further refinement after its application. Biermann et al.
(2020) proposed a floating debris index (FDI) based on amplifying the disparity in the
reflectance between the NIR band and the baseline NIR. However, the detection results of the
FDI were enhanced by applying the Normalized Difference Vegetation Index (NDVI) to
eliminate false identifications of vegetation and the NB machine learning algorithm for
further classification of different litter types. Similarly, Themistocleous et al. (2020)
developed a plastic index (PI) based on the spectral reflectance of the red and NIR bands.

The deep learning method focuses on automating litter/MaP detection by computer vision
(CV) tasks, such as image classification (Jakovljevi¢ et al., 2019), image segmentation
(Mifdal et al., 2021), and object detection (Hegde et al., 2021). Although deep learning
algorithms could detect litter with high accuracy, they usually require large datasets, which
are currently not available due to litter dataset shortage (Jakovljevic¢ et al., 2019; Sol¢ Gomez
et al., 2022; Mohsen et al., 2023b). Therefore, further research is necessary to explore
traditional machine learning classification algorithms (e.g., RF, DT, SVM, and NB) for
riverine litter detection. These algorithms are favored for their simplicity, high detection
accuracy even with limited datasets, and strong generalization capabilities (Szeliski, 2010).

De Giglio et al. (2021) compared the detection accuracy of supervised (ISO-DATA and
K-means), unsupervised (Maximum likelihood), and machine learning (DT) methods to
detect litter in the Reno River, Italy, by applying a multispectral camera. They revealed that
the DT exhibited the best detection accuracy (>80%). Conventional Neural Network (CNN)-
based models were developed to detect and quantity MaPs in different aquatic settings in
Cambodia based on the data collected by drones (Wolf et al., 2020). They achieved a
detection accuracy of 83% and a discrimination accuracy of 71%. Similarly, a recent study
developed a deep learning-based (i.e., U-Net and DeeplabV3+ image segmentation
structures) riverine litter detector with an accuracy of 0.82 (Solé¢ Gomez et al., 2022).

2.6. Research problems and gaps

The spatiotemporal transport and distribution of large and small plastic debris (MaP and
MP) in rivers are influenced by various spatial (e.g., sub-catchment characteristics,
tributaries, dams, WWTPs) and temporal (e.g., event, seasonal and inter-annual variations in
hydro-metrological) variables that remain inadequately understood. Also, the connection
between the transport of natural SS and plastics is still unclear and many conflicting findings
were reported due to the lack of sufficient spatiotemporal data and unified sampling scales.
To address these knowledge gaps, further research is imperative, necessitating denser and
more frequent sampling plans that integrate advanced data acquisition techniques (e.g.,
remote sensing) and artificial intelligence.

Similarly, at the confluences, the intricate interplay of hydrological, morphological, and
hydraulic factors of the joining rivers has substantial influences on mixing patterns
downstream. Yet, these aspects, especially the connection between hydrological parameters
and mixing patterns are still understudied and require further research based on intensive
spatiotemporal data employing remote sensing techniques.

Remote sensing of water discharge and natural sediment requires further development in
the estimation accuracy incorporating concurrent data science techniques (e.g., machine
learning) with various active (e.g., Sentinel-1) and optical (e.g., Sentinel-2 and PlanetScope)
satellite sensors. On the other hand, remote sensing of large and small plastics, especially
MPs, is still in its early stages of research, with conflicting findings regarding its feasibility.
Besides, most research efforts were geared toward marine systems, leaving rivers
understudied. Therefore, further research is necessary to assess the potential of satellite
sensors for direct MP and MaP detection and indirect estimation through a proxy [i.e., MP:
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active water constituents (e.g., SSC); MaP: litter accumulation hot spots] incorporating
various machine learning algorithms.

The Tisza River and its tributaries, especially the Maros River, serve as an ideal case
study for addressing my research questions. This choice is justified by the river's elevated
sediment load, moderate plastic pollution levels, and the availability of hydrological data
along with our intensive in-situ measurements of natural sediment and plastic pollution.
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3. STUDY AREA
3.1. Geographical settings

The lowland, medium-sized Tisza River, and its main tributary Maros/Mures River
(Central Europe) were selected for the case studies (Figure 3.1A). The Tisza River is the
longest tributary (962 km) of the Danube and contributes to the Danube’s discharge by 13%
(Qmean: 930 m?/s; Laszloffy, 1982). Meanwhile, the Maros River is the longest tributary of
the Tisza (750 km) and contributes with 17% (Qmean: 161 m?/s) of the Tisza's discharge
(Mohsen et al., 2021). The catchment area of the Tisza (157,200 km?) drains the eastern part
of the Carpathian Basin, including the catchment of the Maros (30,000 km?) which is located
in the southeast part of the basin (Sipos et al., 2007; Amissah, 2020). The mountainous and
hilly sub-catchments in Romania, Ukraine, and Slovakia contribute with the vast majority of
the Tisza's discharge (93.8%), while the lowland sub-catchments in Hungary and Serbia
contribute minimally (6.2%) (ICPDR, 2007). Similarly, most of the Maros's discharge (92%)
originates in the Carpathians and Transylvanian Plateau, while only 8% originates from the
Great Hungarian Plain (Sipos et al., 2014).
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Figure 3.1. Along the Tisza River (S1-S5) and its tributaries 26 sites (a—z) were selected for annual
water sampling in 2021 and 2022 (A). Detailed measurements were performed in the close vicinity of
fluviometers (B). Frequent samplings were performed in Mindszent and Szeged (St.1-8) and in the

confluence area of the Tisza and Maros, five transects (T1-T5) were investigated (C-D).
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Based on the hydrological, morphological, meteorological, and relief characteristics of
the Tisza's sub-catchments, the river was divided into three reaches (Upper, Middle, and
Lower Tisza) and divided further into five sections (S1-S5) (Figure 3.1A). The upstream
section of the Upper Tisza (S1) (964—688 river km) drains the Carpathian Mountains in
Ukraine through a steep-sided, incised valley, while the downstream section (S2) drains hilly
Ukraine and lowland Hungary sub-catchments, through an anastomosing-meandering
channel (Kiss et al., 2022; Figure 3.1A). Similarly, the Middle Tisza (688—177 river km) is
further subdivided into sections S3 and S4. While the S3 drains mainly the hilly Slovakian
sub-catchment, the S4 collects the water from the lowland Hungarian and hilly Romanian
sub-catchments. In both sections, the channel displays a meandering/sinuous pattern (Kiss et
al., 2022). Given the homogeneity of the hydro-morphological characteristics along the
Lower Tisza (177-0 river km), it was considered as one section (S5). This section is mainly
located in Serbia, and its channel has a meandering/sinuous pattern too (Kiss et al., 2022).

3.2. Hydrological, meteorological, and hydraulic characteristics

The catchment of the Tisza River belongs to the temperate continental climate zone;
though, the meso- and micro-climate conditions in its sub-catchments are variable and
influenced by various factors (e.g., vegetation, relief, and land use/land cover) (TERRA,
2000). The mean annual precipitation in the mountainous sub-catchments is ca. 1750 mm but
decreases to 550 mm in the lowland sub-catchments (ICPDR, 2018). The prevailing wind
direction is from the west, though influences of the Eastern-European and Mediterranean air
masses can be significant (Sipos et al., 2014). The mean annual temperature ranges from 4—
11°C, with notable spatial variations primarily driven by topography (Sipos et al., 2014).

The occurrence of floods in the Tisza and Maros Rivers is not significantly related to
temporal variations in precipitation patterns; instead, it is primarily influenced by snowmelt
(Sipos et al., 2014). Both the Tisza and Maros Rivers typically experience two flood periods
within the year, including the early spring flood (March—April) caused by snowmelt and the
early summer flood (June—July) resulting from summer rainfall (Sipos et al., 2014).
Following these flood periods, the remainder of the year is characterized by prolonged low
stages and is frequently associated with droughts (Kiss et al., 2021). Typically, the early
spring flood transports more Q and sediment (15% of the annual transport) than the early
summer flood (Sipos et al., 2007; Kiss et al., 2011). Occasionally, the summer flood overlaps
the spring flood (e.g., in 1941, 1970, 1975, 2000, and 2006) due to the gentle slope of the
Tisza, leading to the formation of high, impounded flood waves (Sipos et al., 2007). The
Maros's floods usually precede that in the Tisza by a few days; however, they might also
occur concurrently during prolonged floods (Kiss et al., 2011).

Given the steep slopes of the Maros's catchment (28 cm/km in the alluvial fan and 13
cm/km in the lowland region), floods typically rise rapidly and inundate its floodplain for a
short period (1-2 weeks) (Mohsen et al., 2021). Meanwhile, floods persist longer (2-3
months) in the Tisza River, especially in the lowland reach (Mohsen et al., 2021). During
floods, the Tisza and Maros Rivers can impound each other, or they can both be impounded
by the Danube. However, the impounded section of the Maros is significantly shorter (25 km;
up to Makd) than the Tisza (330 km; up to Szolnok) due to their considerably different slope
conditions (Sipos et al., 2007; Kiss et al., 2019b; Figure 3.1A).

The mean Q of the Tisza (930 m?/s) is six times higher than the Maros (161 m?/s), though
they have smaller differences between their maximum (Tisza: 4346 m®/s; Maros: 2450 m>/s)
and minimum (Tisza: 58 m®/s; Maros: 21 m?/s) O (Sipos et al., 2007). Also, both rivers have
a similar mean flow velocity (Tisza: 0.54 m/s; Maros: 0.66 m/s), though the slope of the
Maros (28 cm/km) is significantly higher than the Tisza (2.4 cm/km) (Sipos et al., 2007).
Both rivers experience significant fluctuations in water levels since the maximum recorded
water stage difference was 13.6 m in the Tisza and 7.3 m in the Maros (Mohsen et al., 2021).
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Concerning the hydraulic characteristics of the Tisza's sections (SI1-S5), the steepest
slope and highest flow velocity are in the upstream section of the Upper Tisza (S1) (Table
3.1; Lészlofty, 1982). However, they decline suddenly by 82% and 60%, respectively,
towards the S2 section, and then gradually decline by a further 17% and 33%, respectively,
from S3 to S5. The mean Q is the lowest in S1 (22 m?/s) and increases steadily towards S5
(864 m?/s). Also, the fluctuation in the water stage gradually increases from the Upper Tisza
(S2: 10 m) to the Lower Tisza (S5: 12.6 m) (Kiss et al., 2021).

The increase in Q downstream is mainly attributed to the joining tributaries, such as the
Szamos (Qmean: 131 m*/s) and Kraszna (Qmean: 7 m*/s) in the Upper Tisza, and the Bodrog
(Qmean: 115 m?/s), Saj6 (Qmean: 27 m*/s), Zagyva (Qmean: 5 m*/s) and K&rds (Qmean: 107 m¥/s)
in the Middle Tisza (Figure 3.1A; OVF, 2019). Remarkably, the hydrology of the river is
under the influence of three dams, namely the Tiszalok and the Kiskére Dams in the Middle
Tisza, and the Novi Becej Dam in the Lower Tisza (Figure 3.1A; Mohsen et al., 2023a).

Table 3.1. Hydraulic parameters and sediment characteristics of the five sections of the Tisza River
(S1-S5) (data source: Bogardi, 1974; Laszloffy, 1982; Kiss et al., 2021; Balla et al., 2022).

River reach Upper Tisza Middle Tisza quer
Tisza
Section S1 S2 S3 S4 S5
(gauging site) (Rakhiv) (Tivadar) (Dombrad) (Szolnok) (Szeged)
Slope (cm/km) 200-500 110-13 >3 1-3 <2.5
Flow velocity (m/s) 2-3 1 0.1-0.5 0.1-0.2 <0.2
Mean discharge (m?/s) 22 207 346 509 864
Annual bed load Nodata | 41.8x10° | 16.28x10° | 20.4x10° | 16.7x10}
(t/year)
Annual suspended load Nodata | 1.7x10° 93x10° | 22.6x10° | 23.8x106
(t/year)

3.3. Sediment transport characteristics

Both the Tisza and Maros Rivers transport substantial amounts of sediment loads. Given
the highly erodible catchment and steep slope of the Maros River, it has a 2.5 times higher SSC
(mean:1600 g/m®) than the Tisza (mean: 640 g/m®) (Bogardi, 1971 and 1974). However, the
annual SS load of the Maros (8.7 million t/y) is only half of the Tisza (18.7 million t/y) due to
its lower discharge (Maros: 161 m?/s; Tisza: 930 m?/s) (Bogardi, 1971 and 1974). In contrast,
the bed load transport of the Maros (28,000 t/y) is three times higher than the Tisza (9000 t/y)
due to its significantly higher concentration (5.5 g/m®) compared to the Tisza (0.31g/m?) and
steeper slope (Bogardi, 1971 and 1974). The medium grain size of the suspended and bed loads
of both rivers are comparable and ranges between 0.01-0.05 mm and 0.2—5 mm, respectively,
with coarser grain sizes typically found in the upper reaches (Kiss et al., 2018).

Concerning sediment transport at the various sections of the Tisza (S1-S5), the bed load
dominates the upper mountain sections and declines by 60% towards the lower section
(Table 3.1; Bogardi, 1974). Meanwhile, the SS load has an adverse pattern, as it increases
steadily by 14 times towards the lower section. It's worth noting that there is an increase in
the suspended and bed load transport between S3 and S4, probably due to sediment input
from large tributaries located within this section (Table 3.1).

Tributaries have a profound impact on shaping the sediment transport dynamics of the
Tisza, especially when the elevated SSC is associated with high Q (OVF, 2019). For
instance, although the Szamos and Hernad Rivers have higher SSCs (max for Szamos:
36,461 g/m?; for Hernad: 31,229 g/m?), than the Maros River (max: 8988 g/m?), their annual
contribution to the Tisza's SS load is lower than the Maros (Szamos: 4.6 million t/y; Hernad:
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0.4 million t/y; Maros: 18.7 million t/y) due to their smaller water Q (Qmean: Szamos: 131
m>/s; Qmean: Herndd: 27 m?/s) than the Maros (Qmean: 161 m?/s) (OVF, 2019).

The SS transport in the Tisza is highly dynamic and has significant spatiotemporal
variability. For instance, although similar hydrographs were recorded during the floods of
2001 and 2002 at the Kiskore (403 river km) and Szolnok (334 river km) gauging sites, the
average SS load in 2001 was 50% higher than in 2002 in both sites (Figure 3.2; Csépes et al.,
2000 and 2003). Also, the spatial variability is evident in the fact that, on average, the
transported SS at the Kiskore site was 49% higher than at the Szolnok site in both years (i.e.,
2001 and 2002). This difference may be attributed to overbank sediment accumulation
between the two sites. Notably, the Qs peak precedes the O peak at the two measuring sites in
both years, indicating the prevalence of a clockwise hysteresis pattern in the Tisza River
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Figure 3.2. Transported water (Q) and sediment discharges (Qs) during the 2001 and 2002 early
spring floods along the Middle Tisza at two adjacent gauging sites at Kiskore (A) and Szolnok (B)
(Data source: Csépes et al., 2000 and 2003).

3.4. Plastic pollution in the Tisza River's sub-catchments

The catchment of the Tisza is shared between five countries (i.e., Romania: 46.2%,
Hungary: 29.4%, Slovakia: 9.7%, Ukraine: 8.1%, and Serbia: 6.6%) applying different waste
management practices and environmental protection strategies (Mohsen et al., 2023b). This
leads to environmental conflicts between the upstream and downstream countries. The upper
and lower reaches of the river are more prone to communal waste pollution than the middle
reach. This can be inferred from the substantial production of communal waste in Ukraine
(12 million t/y; the highest producer) and Serbia (3 million t/y), coupled with the lowest
recycling ratio (1%) (Figure 3.3A; Cewep, 2021). On the other hand, countries in the middle
reach, especially Slovakia and Hungary, produce less waste (Slovakia: 2.4 million t/y;
Hungary: 3.8 million t/y) and boast higher recycling rates (Slovakia: 38%; Hungary: 36%)
(Figure 3.3A). It is important to note that communal waste contributes significantly to MaP
pollution, but it has minimal contribution to MP pollution owing to the limited degradation of
floating MaPs during the transport process (Ronkay et al., 2021). Therefore, Kiss et al.
(2021) and Balla et al. (2022) have reported a low abundance of MP fragments in the
sediment and water of the Tisza River.

To gain an insight into the quantity and composition of riverine litter being transported in
the Tisza one can rely on the data of waste-removal campaigns. Hungarian authorities
annually remove 90-10,000 tons of litter, most of which (67%) originates from the Upper
Tisza sub-catchments (Index.hu, 2019). The composition of litter consists mainly of organic
material as evidenced by the fact that upstream of the Kiskére Dam, 88% of the removed
litter consists of woody debris and other organic materials (e.g., branches, leaves, and grass),
while only 12% is communal waste (Figure 3.4; Katona, 2019). Remarkably, the volume of
the removed litter upstream of the dam varied between 200 and 1500 m* for most dates,
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except for June 2010, April 2015, and February 2017, when it surged to 3450-4000 m>.
These heavily polluted periods correspond to the greatest flood waves recorded during the
studied period (2007-2017) (Figure 3.4).
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2017 (data source: Katona, 2019).

Microplastic transport is greatly influenced by wastewater treatment condition, as the
most frequently observed MP morphotype is fiber in the water (Balla et al., 2022) and also in
the sediment (Kiss et al., 2021) of the Tisza. This prevalence might be linked to the low
proportion of houses connected to sewage systems, especially in the upper and lower reaches
of Ukraine, where only 57% of the households have a connection to sewage systems, while
in Serbia it is even lower (56%) (Interreg, 2018). Hence, a significant amount of wastewater
(Ukraine: 69% and Serbia: 71%) is neither collected nor treated, instead, it drains directly
into rivers (Figure 3.3B). For example, in 2011, around 7.8x10° m? of untreated wastewater
was released directly into rivers within the upper sub-catchments of the Tisza in Ukraine
(Tarpai, 2013). On the other hand, the situation is more favorable in the Middle Tisza,
especially in Hungary and Slovakia, where 86% (Hungary) and 91% (Slovakia) of the houses
are connected to sewage systems and almost all (98%) collected wastewater undergoes
treatment (Figure 3.3B; Eurostat, 2021).

Yet, it is important to note that treated wastewater may also serve as a source of MPs,
especially microfiber, as other morpho types are often eliminated during the settling process
(Ngo et al., 2019). Thus, microfiber has been identified as the most dominant MP morpho
type in wastewater effluents in many studies (Koyuncuoglu and Erden, 2023). Also, the
applied treatment technology in the WWTPs and their conditions influence the retention ratio
of microfiber with primary treatment achieving up to 84% retention, secondary treatment
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achieving 0-22%, and tertiary treatment achieving 0—12% retention (Tang and Hadibarata,
2021). Given that secondary treatment technology is widely applied in the shared countries,
especially in the upper and lower reaches, it becomes obvious that the household-related
wastewater input (either treated or untreated) represents the primary source of MP pollution
in the fluvial system of the Tisza (Figure 3.3B; Tarpai, 2013).

3.5. Characteristics of spatiotemporal monitoring sites in the rivers

The longitudinal distribution of SS and MP concentrations along the Tisza River was
monitored at 26 sites, spaced 50 km apart, over two consecutive years (August 2021 and July
2022) (Figure 3.1A). Also, the main tributaries of the river were monitored at 8 sites, located
15-20 km away from their confluences with the Tisza, but this monitoring occurred only
during the 2022 campaign (Figure 3.1A).

Although the entire river was investigated at multiple spatiotemporal scales, my frequent
and regular temporal monitoring effort was focused on specific locations. These locations
include the Middle Tisza at Mindszent (217 river km) and Algy6 (201 river km) and the
Lower Tisza at Szeged (172 river km) for the Tisza River and Mako (24.5 river km) for the
Maros River (Figure 3.1B-D). Also, the confluence of the Tisza and Maros Rivers was
monitored and studied in detail.

The temporal monitoring sites at Mindszent (bankfull width: 108 m; thalweg depth: 11
m; Q: 550 m?/s) and Algyé (bankfull width: 120 m; thalweg depth: 12.6 m; Q: 575 m?/s)
exhibit similar hydro-morphological characteristics (Sipos and Fiala, 2008; Amissah et al.,
2018). Yet, these parameters increase on average by 43%, 19.5%, and 27%, respectively,
towards the Szeged site (bankfull width: 164 m; thalweg depth: 14.1 m; Q: 702 m>/s) due to
the additional Q from the Maros River (Sipos and Fiala, 2008; Amissah et al., 2018). The
temporal monitoring site in the Maros River at Mako has a comparable bankfull width (126
m) to the Middel Tisza sites (i.e., Mindszet and Algyd). However, its thalweg depth (5.5 m)
and Q (157 m’/s) are almost half and one-third of their counterparts at the Tisza sites,
respectively (Mohsen et al., 2022a). Notably, while the Maros River has a trapezoidal cross-
section shape, the Tisza River has a V-shaped cross-section (Sipos and Fiala, 2008).

The Maros River joins the Tisza River with a confluence angle of 23° at 177 river km
(Figure 3.1D). My study area extends from this point downstream for 4.2 kilometers (172.8
river km). Here, the mean channel width is 170 m, and the thalweg depth is 13.6 m, though
there are substantial depth variations, especially near the confluence (Mohsen et al., 2021).
The deepest channel depth (18.6 m) is associated with the narrowest width (149 m) at
transect No. 4 (T4) (Figure 3.1D). Meanwhile, the widest cross-section (200 m) observed at
T5 has a relatively shallow depth (11.6 m) (Figure 3.1D; Mohsen et al., 2021). Notably, upon
entering the confluence area, the Tisza River has a lower flow velocity (0.54 m/s) compared
to the Maros River (0.66 m/s) (Mohsen et al., 2021).
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4. MATERIAL AND METHODS

The SS and plastic pollution transport in the Tisza River was analyzed based on intensive in-
situ measurements and various satellite sensors and compared with various hydrological
conditions and in response to longitudinal variables. This investigation spanned diverse
spatiotemporal scales, meticulously revealing the nuanced dynamics governing their distribution
and correlation (Appendix: Table Al). Furthermore, remote sensing-based models were
developed for both variables incorporating an array of optical and active sensors. A detailed
description of the collected data and applied methodology are illustrated in this chapter.

4.1. In-situ data
4.1.1. Hydrological condition of the Tisza and Maros Rivers during the studied periods

The hydrological condition of the Tisza and Maros Rivers was determined through the
data of three fluviometers in the Tisza River at Mindszent, Algyé and Szeged and one
fluviometer in the Maros River at Mako (Figure 3.1B). In Mindszent, a daily water stage (H)
between March 2021 and May 2023 was used. Meanwhile, in Algyd, Szeged, and Mako,
both daily water stage and Q (obtained by rating curves and monthly measurements) were
employed, covering the period between January 2015 and May 2021. All the hydrological
data were provided by the Hydrological Water Directorate of the Lower Tisza (ATIVIZIG).

4.1.2. Temporal monitoring of riverine litter/macroplastic (MaP) in the Tisza River

The floating riverine litter in the Tisza River, including macroplastics (MaPs) was
monitored during an early spring flood on February 18™ and 23"; and March 5" and 10",
2021. This monitoring period was deliberately chosen since the river is likely to exhibit the
highest riverine litter transport rates during floods. The observation point was strategically
positioned near the midpoint of a bridge located in Szeged, where the observer estimated the
riverine litter transport rate and its composition (Figure 4.1). Every monitoring campaign
lasted for one hour when continuous images were captured along with a 15-minute video
recording.
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Figure 4.1. Temporal monitoring site of riverine litter, including macroplastics (MaP) during the early
spring flood in the Lower Tisza River in Szeged.
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4.1.3. Temporal measurements of suspended sediment concentration and water discharge
in the Tisza and Maros Rivers

On the Lower Tisza near Szeged fluviometer (ca. at 171 river km) and in Mako
fluviometer at the Maros River, the ATIVIZIG routinely conducts monthly measurements for
SSC and Q (Figure 3.1B). The depth-integrated sampling approach was applied to measure
SSC from 5 verticals along the river's cross-sections using a pump (Figure 4.2D and E).
Meanwhile, the Q is measured by an acoustic doppler current profiler (ADCP). Typically,
ATIVIZIG employs these data to calibrate the established O-H rating curves at the
fluviometers. In this study, the SSC and Q data collected between February 2015 and
November 2020 were utilized.

Given the variability of the water levels during various SSC measurements, the positions
of the five verticals shifted from one campaign to another. Thus, all campaigns were
clustered into two groups, (e.g., low and high stages), where the mean distances between the
verticals (or to the riverbank) were considered for both stages (Figure 4.2D and E).
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Figure 4.2. Locations of the 100 transects used for the development of the AMHG-based water

discharge (Q) models in Algy6 (A), Szeged (B), and Maké (C). The mean width of the five yellow
transects at the three sites was employed to develop the AHG power-law and AHG machine learning-
based QO models. Suspended sediment concentration (SSC) was measured at five verticals in Szeged
(D) and Mako sites (E). The horizontal red and green lines indicate high and low stages, while the
vertical red and green lines represent the locations of the SSC sampling during high and low stages.

4.1.4. Spatiotemporal measurements of surficial suspended sediment and microplastic
concentrations in the Tisza River

The dynamics of surficial SS and MP concentrations were investigated through intensive
spatiotemporal measurements. The entire Tisza was monitored at 26 sampling sites (a—z)
during low stages in August 2021 (Figure 3.1A). A similar longitudinal measurement was
repeated in July 2022, though the first five sites in Ukraine (a—e) were excluded due to the

39



ongoing war. MP concentration was measured in both years, while the surficial SSC was
measured only in 2022 and estimated by satellite images in 2021. A detailed description of
the remote sensing-based estimation of surficial SSC is provided in section 4.9. The main
tributaries were also monitored in 2022 for surficial SS and MP concentrations (ca. 15-20
km upstream of their confluence; Figure 3.1A). All these measurements were performed
from the riverbank.

Temporal measurements of surficial SS and MP concentrations were conducted every
five days in Mindszent (site “u”; Figure 3.1A and C). The surficial SSC measurements were
performed continuously for nearly two years, from March 2021 to May 2023, resulting in
154 samples at two sites (St.7-8). However, the MP concentration measurements started later
in May 2021 and extended until May 2023, yielding 140 samples. MP concentration
measurements were conducted across the entire river width from a moving ferry. Additional
surficial SSC measurements were conducted in Szeged at six sites (St.1-6; Figure 3.1D)
every five days for one year (March 2021-March 2022; 70 samples).

The SSC was measured by sampling 1.5 L of the river's surface water. Meanwhile, MP
concentration measurement involved pumping 1 m® of water using an above-water pump
following Tamminga et al. (2018). The pumping duration lasted for 25-30 min, during which
water was extracted from a depth of 20—30 cm and passed through two metal sieves (e.g., 90
and 2000 um). Finally, residues from the sieves were washed into glass jars.

4.2. Laboratory analysis of surficial suspended sediment and microplastic
concentrations

The surficial SSC was measured by applying the evaporation method, primarily due to
the prevalence of fine grains in the natural sediment of the Tisza (Mohsen et al., 2021). Also,
occasionally, the river experiences elevated SSC levels exceeding the applicability limit of
the infiltration method (200 mg/l; Guy, 1969), especially during floods. The measurements
adhered to the ISO 4365(A) and ASTM D3977-97(A) standards (ASTM, 2007). In this
process, water samples were evaporated at 105 °C (48 h), then the remaining sediment was
weighted, and the surficial SSC was expressed in g/m>.

The residue of water samples collected for MP analysis was digested to destroy the
organic content (cc. H2O2 30 %; for 48 h; Rodrigues et al., 2020; Balla et al., 2022). Then,
samples with elevated SS content underwent a one-step density separation process using
ZnCl; solution (1.8 g/cm?) (Kiss et al., 2021). Finally, all samples were washed into a glass
petri dish and dried (60 °C for 36 h) for further analysis.

The identification and quantification of MP particles were conducted by a light
microscope (Ash Inspex II) at 60x magnification. The identification process followed prior
research criteria (Hurley et al., 2018; Balla et al., 2022). Specifically, a particle was
considered as a MP if (1) it did not have obvious cellular or organic structures; (2) the fiber
exhibited uniform color and consistent thickness throughout; and (3) it responded to the hot
needle test and retained its rigid shape with the movement. The precision of the MP
identification was verified by the ATR-FTIR Shimadzu Infinity 1s device. The device was
used within the range of 4004000 cm-1 and the Shimadzu Standard Library database was
employed. A randomly selected 150 particles were analysed which resulted in an
identification precision of 98%. Three MP morpho-types were considered, including fiber
(colored and non-colored), microbead, and fragment (Balla et al., 2022), and the MP
concentration was expressed as item/m?.

MP contamination mitigation measures outlined in Balla et al. (2022) were implemented
during the sampling and laboratory work. Specifically, only glass and metal equipment were
used after being cleaned in an ultrasonic bath and rinsed three times with distilled water.
Also, samples were consistently shielded by an aluminium foil throughout the entire process.

Yet, complete prevention of MP contamination is allusive, thus for every four samples a fifth
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blank sample was included and followed the same process as the original samples. The mean
of the identified MP particles in the blank samples was 5.724+3.37 item/sample and all of
them were microfibers. Since the MP contamination in the blank samples accounted for 8.6%
of the MP in the original samples, all samples were adjusted by subtracting the number of
MP in the blank sample from the total number of a sample.

4.3. Remote sensing data

A diverse range of satellite images acquired at multiple spatiotemporal scales by optical
and active sensors were employed. The optical sensors encompassed various spatial
resolutions, including very high (i.e., Google Earth satellites and PlanetScope) and medium—
high resolutions (i.e., Sentinel-2). In the meantime, Sentinel-1 images were exclusively
employed among the active sensors. The subsequent sections provide a comprehensive
overview of the employed images to achieve each of the study's goals (Appendix: Table Al).

4.3.1. Optical sensors
4.3.1.1. Very High spatial Resolution (VHR) images (Google Earth satellites)

Given the elevated spatial resolution (<1 m) of the VHR images from the Google Earth
satellites, they could be employed to provide data about riverine litter accumulation spots.
Hence, lower altitude orbiting satellites within the Google Earth satellite network [e.g.,
Airbus constellation, including Pléiades Neo and Pléiades (50 cm); Maxar constellation,
including WorldView-3 (31cm); GeoEye (41 cm)] were deployed to search for any litter
spots along the Tisza River in Hungary, between July 2015 and May 2021 (Figure 3.1A).
Altogether 13 images encompassing litter spots were determined, comprising 3 images from
the Maxar constellation and 10 images from the Airbus.

4.3.1.2. Sentinel-2 images

To study riverine litter/MaP in the Tisza River and develop litter models, 77 Sentinel-2A-B
images covering the river between July 2015 and May 2021 were acquired from the Copernicus
Open Access Hub (ESA). Among these, 16 images covering the same riverine litter spots in the
VHR images were employed to develop Sentinel-2-based riverine litter/MaP models. The
remaining 61 images were utilized to reveal the spatiotemporal dynamics of riverine litter/MaP
in the Middle Tisza through the best-derived model. The set of 16 images used for model
development encompasses 11 synchronous images with the VHR images (mean difference of
the acquisition date: 2.6+0.1 days) and 5 historical images for the same litter spots to expand
the riverine litter dataset size. Notably, the 16 images were acquired from three tiles covering
almost the whole river in Hungary, including “T34UEU”, “T34TDT” and “T34TDS”, while the
61 images were from a single tile “T34TDT” in the Middle Tisza.

To develop remote sensing-based suspended sediment discharge (Qs) models and
investigate its spatiotemporal dynamics in the Tisza and Maros Rivers, a total of 122
Sentinel-2A-B images covering the lower reaches of the rivers (at Algyd, Szeged, and Mako)
were acquired (Figure 3.1B). The image acquisition period spanned from July 2015 to May
2021. However, since the in-situ campaigns of the ATIVIZIG for SSC and Q were conducted
monthly, only 29 images for the Tisza and 27 images for the Maros were used to develop the
models. The images were chosen to be as synchronous as possible with the in-situ
measurements with a maximum deviation of + three days. The rest of the images (93 images)
served the purpose of assessing the generalization capability of the developed models and
investigating the spatiotemporal change of the Qs in the rivers.

Focusing on the confluence area of the Tisza—Maros Rivers (Figure 3.1D), the
spatiotemporal dynamism of the SS mixing patterns and its relationship to hydrological
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parameters of the rivers were investigated by 143 Sentinel-2A-B images. The employed
images covered the period between July 2015 and May 2021.

To develop remote sensing-based surficial SS and MP concentration models and
investigate their dynamism in the Tisza River, 122 Sentinel-2A-B images were employed.
The acquired images covered the longitudinal measurements of both variables in August
2021 (8 images) and July 2022 (7 images) (Figure 3.1A), as well as the temporal
measurements in Mindszent (March 2021-May 2023; 75 images) and Szeged (March 2021—
March 2022; 47 images) (Figure 3.1C and D). The images were cloud-free at the designated
sites and synchronous with the in-situ measurements. Additional PlanetScope and Sentinel-1
images specifically utilized for this study goal are outlined in the next two sections.

Sentinel-2A-B satellites provide images in 13 spectral bands (443-2190 nm), with
varying spatial resolutions (10-60 m; Table 4.1). The temporal resolution is typically five
days, though it reaches three days at mid-latitudes (Mohsen et al., 2021).

Table 4.1. The spatial and spectral characteristics of the different bands of the Sentinel-2 and
PlanetScope satellites (data source: Wang and Atkinson, 2018).

Sentinel-2 PlanetScope
Spectral Central Spatial Bandwidth Central Spatial Bandwidth
band wavelength resolution (nm) wavelength resolution (nm)
(nm) (m) (nm) (m)

Bl 4432 60 20 4432 3 21
B2 492° 10 65 490° 3 50
B3 560° 10 35 531 3 36
B4 665¢ 10 30 565°¢ 3 36
BS5 704¢ 20 15 610 3 20
B6 741 20 15 6651 3 30
B7 783 20 20 705¢ 3 16
B8 833 10 115 865" 3 40
B8a 865f 20 20 - -
B9 945 60 20 -

B10 1374 60 30 - -

Bl11 1614 20 90 - —

B12 2202 20 180 — —

Alphabetical letters indicate the compatible bands of both satellites
4.3.1.3. PlanetScope images

An additional 177 PlanetScope images covering the longitudinal measurements of
surficial SS and MP concentrations in August 2021 (26 images) and July 2022 (21 images),
as well as the temporal measurements in Mindszent (March 2021-May 2023; 79 images) and
Szeged (March 2021-March 2022; 51 images) were acquired from the planet explorer
(Planet). These images served for developing remote sensing-based surficial SS and MP
concentration models. Notably, the images were acquired to be as synchronous as possible
with the in-situ measurement dates with a maximum deviation of + 1-day timeframe.

PlanetScope constellation comprises over 180 sun-synchronous CubeSats, offering daily
image coverage for nearly the entire globe (Tan et al., 2021). The images employed in my
study were captured by the Super Dove sensor (PSB.SD), offering 8 band images
(wavelength: 431-885 nm) with a spatial resolution of 3 m (Table 4.1) (Tan et al., 2021).

4.3.2. Active sensor: Sentinel-1 images

Given the potential of Synthetic Aperture Radar (SAR) to provide reliable terrestrial
images irrespective of the weather condition or time, it emerges as a beneficial tool for
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monitoring the spatiotemporal distribution of surficial SS and MP concentrations in rivers.
Altogether 169 Sentinel-1A-B images covering the longitudinal measurements in August
2021 (8 images) and July 2022 (7 images), as well as the temporal measurements in
Mindszent (March 2021-May 2023; 154 images) and Szeged (March 2021-March 2022; 70
images) were acquired from the Copernicus Open Access Hub program. The images were
captured every five days in the C-band (5.405 GHz) with dual polarimetric channels (i.e., VH
and VV channels) and a spatial resolution of 10 m. The level 1 Ground Range Detected
(GRD) products with the Interferometric Wide Swath (IW) acquisition mode were used.

4.4. Pre-processing of the satellite images

The Sentinel-2 images were acquired at level 2A and the PlanetScope at level 3B, hence,
they had already undergone the atmospheric and radiometric corrections. Yet, older Sentinel-
2 images (2015-2016) were only available in level 1C. To rectify them, they were
atmospherically corrected by the Sen2Core 255 processor in SNAP 8.0 software. The
correction process is implemented through three steps, including cloud detection,
determination of water vapor content and aerosol optical thickness, and finally, converting
the top of atmosphere reflectance to the bottom of the atmosphere (Louis et al., 2016).

Given the variability of the spatial resolution of the Sentienl-2 bands (10—60 m), all bands
were uniformly resampled to 10 m using the nearest neighbor resampling technique. To
reduce image processing time in both satellites, the river water pixels were extracted from the
images by applying the Normalized Difference Water Index (NDWI) (McFeeters, 1996). The
NDWI thresholds were automatically determined using the OTSU method (Otsu, 1979) in
the scikit-image library. All these pre-processing procedures were implemented in the
Sentinel Application Platform (SNAP) software, version 8.0 (ESA) and Python 3.0.

Similarly, river water pixels in the Sentinel-1 images were extracted using the derived
Sentinel-2 water mask to reduce image processing time. The images were radiometrically
corrected by converting backscattering intensity to normalized radar cross section (Sigma 0:
00), considering the incidence angle and the sensor characteristics. Speckle noise was
eliminated by applying the Lee sigma speckle filter (window size 7x7 pixels; sigma=0.9),
and the images were georeferenced to the WGS 84/UTM 34N zone. Finally, geometric
distortion was corrected by the SRTM 1sec HGT digital elevation model (DEM) and the
bilinear interpolation resampling method. The visibility of images was enhanced by
converting the 6o to a log scale expressed in dB.

4.5. Development of remote sensing-based riverine litter/macroplastic (MaP) models in
the Tisza River

Sentinel-2 images could be employed as a reliable and recurring monitoring tool for
riverine litter (including MaP), due to its free accessibility, frequent imaging (3—5 days), and
broad spectral coverage (13 bands). Yet, its moderate spatial resolution (10-60 m) obscures
the direct detection of riverine litter manually. Therefore, The VHR images from Google
Earth satellites with their elevated spatial resolutions (<1 m) were utilized to identify litter
spots along the Tisza River in Hungary. The identified spots were used to train, validate, and
test five machine learning algorithms to detect riverine litter in Sentinel-2 images (Figure
4.3). The best-performing model was used to explore the spatial and temporal dynamics of
riverine litter/MaP along 175 km long reach in the Middle Tisza.

4.5.1. Derivation of the models

The identified litter spots in the Sentinel-2 images, based on the VHR images, were
labeled, and the reflectance of bands: B2-B8a and B11-B12 was extracted for each litter
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pixel. Given the medium spatial resolution of the Sentinel-2 images, which makes the pixel-
scale labeling process challenging, only pixels that showed significant reflectance anomalies
were considered as litter. My goal was to distinguish riverine litter from its background;
therefore, another class, namely, the non-litter class was identified. Within this class, pixels
of water and hydraulic structures (e.g., dams, and bridges) were considered during the
training, validating, and testing, with the same number of pixels as of the litter class.

To enhance the detection accuracy of the developed models, the Plastic Index (PI),
Floating Debris Index (FDI), NDWI, and Normalized Difference Vegetation Index (NDVI)
(Rouse et al, 1974) (Equation 4.1-Equation 4.4) were calculated and considered as
independent variables, besides the reflectance of the spectral bands. Since the FDI, NDWI,
and NDVI range between -1 and +1, they were normalized using the min-max normalization
technique (Equation 4.5; Yu et al., 2009) to align with the reflectance domain of the PI and
spectral bands (i.e., 0—1).

VHR images (Google

Earth satellites) sentinelzlmaces

Litter on Tisza
River (July 2015-
April 2021)

Spectral indices (PI,
14 locations FDI, NDWI & NDVI)

(23 spots)

3 spots for - ROI for each spot
20 spots for testing - ROI for water &
training & e obstruction
At (Kiskore & et
validation Dare - Bands and indices
Tiszalok Dams) (14)

20%
validation

Scikit-learn &
Tensor flow
libraries

Develop DT, RF,
NB, SVC & ANN
models

- Overall accuracy
- Precision
- Recall
- F1-Score
- K-hat

Generalization
potential of models Detecting litter
and areal bounds
Figure 4.3. Integration of the very high spatial resolution (VHR) images from Google Earth satellites
with Sentinel-2 images to develop riverine litter (including macroplastics) detector models through
different machine learning algorithms.

44



RNIR

PI= Equation 4.1
Ryir — Rgep

Ay — A
FDI:RNIR - lRREZ + (RSWIRl — RREZ) X ( NIR RED) X 10 Equation 4.2

(ASWIRl - ARED)

RGREEN - RNIR

NDWI= Equation 4.3
I§GREENR+ Ryir a
NDVI=—& _RED Equation 4.4
Ryir + Rgep
X — min(X)

X'= Equation 4.5
max(X) — min(X) quation

Where: Ryr, Rrep» Rre2, Rswir: and Rereey: reflectance of the various bands, including
near-infrared, red, red edge 2, shortwave-infrared 1 and green bands respectively;
Anir» ArED, and Agyry: central wavelength of the near-infrared, red, and shortwave-infrared
1 bands; X and X': original and normalized pixel values, respectively; min(X) and max(X):
minimum and maximum values of the original pixel value.

All pixels from two classes [i.e., litter and non-litter (water and obstruction) classes] were
divided into datasets: training, validation, and testing. The training dataset was used to
develop the models, the validation dataset assessed model accuracy and the testing dataset
evaluated model generalization capability and areal detection bounds. For the testing dataset,
three litter spots with various areas and their surroundings (= 1.0 km of the river) were
separated, while the rest of the data were used for the training and validation process. Within
the training and validation dataset (1974 pixels), a random 80% (calibration), and 20%
(validation) split was applied using the scikit-learn library.

Five supervised machine learning algorithms, including the DT, RF, NB, Support Vector
Classifier (SVC), and ANN were utilized to develop binary riverine litter models. The DT is
a non-parametric, supervised machine learning algorithm that can be applied in classification
and regression tasks (Breiman et al., 1984). It splits the dataset into subsets recursively based
on the features of the data. At each step, the algorithm decides the features that give the best
separation of data into distinct classes and subsequently minimizes the classification error. In
this study, the classification and regression trees (CART) algorithm in the scikit-learn library
was applied. Within this algorithm, the “Gini” criterion was used to measure the impurity in
the dataset, and the “best” splitter to select the features and their thresholds that give the best
split at each node.

The RF primarily relies on combining multiple DTs to improve prediction accuracy and
mitigate overfitting (Breiman, 2001). The input data is divided randomly into subsets by
bagging or bootstrap aggregation approaches forming multiple DTs. Each DT gives its
prediction based on the included features and data. The final decision of the RF is based on
the average (in the case of regression tasks) or majority voting (in the case of classification
tasks) of the predictions made by the DTs. In this research, the RF classifier in the scikit-
learn library was used to build the riverine litter model, utilizing 150 trees for the ensemble.

The NB is a probabilistic, supervised machine learning algorithm used for mainly
classification tasks (Friedman et al., 1997). The algorithm is built based on bayes' theorem of
probability and the naive assumption of independent features. I have used the Gaussian NB
algorithm in the scikit-learn library to develop the litter model, assuming that features (i.e.,
spectral bands and indices) follow a normal distribution (Biermann et al., 2020). Default
values for the hyperparameters were used, with priors set to “none”, and smoothing to “le-
09”. The algorithm estimates the probability of each pixel belonging to the litter or non-litter
based on the feature values and assigns it to the class with the highest probability.

The SVM is a powerful machine learning algorithm capable of handling complex data
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distributions and high-dimensional features (Cortes and Vapnik, 1995). The classifier module
of this algorithm, known as the SVC, aims to identify a hyperplane in “»” dimensions with
the maximum margins. This maximization provides the best possible separation of classes
and improves the generalization capability of the model to unseen data. In this study, the
SVC module in the scikit-learn library was applied with the Radial Basis Function (RBF)
kernel and regularization parameter (c) of 1000.

The ANN is inspired by the structure and operation of the human brain and serves as the
fundamental building block of deep learning models (McCulloch and Pitts, 1943). An ANN
consists of inter-connected cells (neurons) organized in three layers, including one input layer,
one (or more) hidden layers, and one output layer. The input layer receives data features, the
hidden layers perform some data transformations, and the output layer produces the final
prediction. The training process begins by randomly selecting weights that connect neurons to
each other. Each neuron applies an activation function to the weighted sum of its inputs,
introducing non-linearity into the model and enabling it to learn complex patterns. The weights
are iteratively updated through backpropagation to minimize loss/cost function using
optimization techniques. In this study, the sequential model in Tensor Flow's Keras library was
employed to develop the riverine litter model. The model was structured with 14 neurons in the
input layer, three hidden layers containing 14, 12, and 8 neurons each, and one neuron in the
output layer. The Rectified Linear Unit (ReLU) activation function was considered for the
hidden layers and the sigmoid function for the output layer. The loss/cost function was set to
“binary crossentropy” and the optimizer to “adam”. Also, a batch size of 32 and 400 epochs
were employed. To avoid overfitting, a dropout layer with a rate of 0.5 was applied.

The performance of these algorithms is significantly influenced by the adjusted
hyperparameters. Hence, they were fine-tuned automatically by the Optuna open-source
Python library (Optuna) after defining a search space for every hyperparameter. The library
contains many algorithms, yet the tree-structured parzen estimator (TPE) algorithm that
models the objective function as a probability distribution was employed. This algorithm
explores the search space of the hyperparameters through a tree structure which is updated
iteratively based on the resulting accuracy. The optimizer function within the algorithm
aimed to minimize the score (Equation 4.6) across 300 trials. The resulting optimized
hyperparameter combinations for each machine learning algorithm (DT, RF, NB, SVC, and
ANN) were then used to build the riverine litter model.

The contribution of the features (i.e., spectral bands and indices) to the overall accuracy
of the derived models was revealed by the Shapley additive explanations (SHAP) Python
library (Lundberg and Lee, 2017). This technique draws inspiration from cooperative game
theory, and it quantifies the contribution of each feature through a SHAP value. This value is
calculated based on the accuracy difference between a model with and without the existence
of a particular feature, across all possible permutations. Since this study applied different
machine learning algorithms with various structures, the three explainers of the SHAP library
were used, including the tree explainer for the DT and RF algorithms, the kernel explainer
for the NB and SVC algorithms, and the deep explainer for the ANN algorithm. The SHAP
values for the features were visualized by a summary plot and the features were sorted in
descending order of importance.

The models were validated by the overall accuracy, recall, precision, Fl-score, and
Cohen kappa score (Equation 4.6—-Equation 4.10; Congalton, 1991), considering the
validation dataset (20% of the dataset). These metrics were computed by the classification
report and the Cohen kappa score functions available in the scikit-learn library. Remarkably,
the overall accuracy, recall, precision, and F1-score range between 0 and 1, while the Cohen
kappa score ranges between -1 and +1.
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TP +TN Equation 4.6
TP+TN +FP+FN
TP

Precision (user’s accuracy) =

Overall accuracy=

Equation 4.7

TP 1 FpP .
Recall (producer’s accuracy) =—— Equation 4.8
Recall x Precision Equation 4.9

Fl1- =2 *
score Recall + Precision

K-hat= (observed agreement—expected agreement) Equation 4.10

(1—expected agreement)
(TP + TN)

(TP + TN + FP + FN)
[(TP + FP)* (TP + FN)+ (TN + FN)* (TN + FP)]

(TP + TN + FP + FN)?2

observed agreement=

expected agreement=

Where: TP: true positive, TN: true negative, FP: false positive, and FN: false negative
numbers.

4.5.2. Testing the generalization capability of the developed models and revealing the
spatiotemporal distribution of riverine litter in the Middle Tisza

The testing dataset included three litter spots and their surrounding area. These spots
varied in size, with a small spot (<1 pixel), a medium spot (2—4 pixels), and a large spot (>4
pixels). While the small and medium spots were located upstream of the Tiszalok Dam
(1/6/2019), the large spot was located upstream of the Kiskdre Dam (1/8/2020) (Figure 5.1).
To evaluate the areal detection bounds of the models, the areal estimates of the three spots
were compared to the actual areas derived by the VHR image. Also, the generalization
capability of the models was evaluated by computing the overall accuracy, recall, precision,
F1-score, and K-hat (Equation 4.6—Equation 4.10) based on the testing dataset.

The best-performing riverine litter model was employed to study its spatiotemporal
distribution in the Middle Tisza (175 km long section; 276451 river km), utilizing 61
historical Sentinel-2 images (2015-2021). Also, I investigated in detail the temporal trend of
the areal extent of the litter spot located upstream of the Kiskére Dam (Figure 5.1) (2015—
2021) by applying the seasonal Mann-Kendall trend analysis test (Mann, 1945; Kendall,
1975). This test type was applied since the river behaves differently during the low and high
stages. Thus, two seasons were considered, including flood periods (March—April and June—
July) and low stage (August—February).

4.6. Development of remote sensing-based suspended sediment discharge models in the
Tisza and Maros Rivers

As at-a-site Qs measurements are not frequently performed, I aimed to build a model on
it, where both components of Qs, i.e., O and SSC were derived by satellite images (Figure
4.4). The in-situ measurements of Q were combined with Sentinel-2 images and hydraulic
geometry theory to produce Q models. Similarly, the in-situ measurements of SSC at specific
sites were combined with Sentinel-2 images using some machine learning algorithms (i.e.,
ANN, SVM, and RF) to produce SSC models. The top-performing O and SSC models were
then used to investigate the temporal change in Qs within the Lower Tisza and Maros Rivers,
utilizing historical Sentinel-2 images acquired between 2015 and 2021.

4.6.1. Water discharge models

The Q was modeled by the at-a-station-hydraulic geometry (AHG) power law method
and its modified version at-many-station hydraulic geometry (AMHG) method. These
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methods are based on the river width—Q relationship (Equation 2.1), with the width data
obtained by the Sentinel-2 images. Additionally, a novel AHG machine learning (AHG ML)
method was developed by combining the AHG theory with some machine learning
algorithms, including the ANN, SVM, and RF.

Q
estimation |

River width (RivWidth V04)
for Tisza and Maros Rivers

v y
Avg. of 5 widths within 1 km reach (100 widths)
each station
<t

Genetic
Algorithm

Sentinel-2 images
(2015-2021)

SSC |
estimation

In-situ Q and SSC data (2015-
2020) (ATIVIZIG)

Extracting & averaging

reflectance of bands

\%

AHG power law models

AHG ML models: ANN, SVR, pE SER R

AMHG Models
l |

RF and comb. and comb.

Suspended
sediment discharge
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Time-series of
Qg (2015-2021)

Figure 4.4. Applied methodology to estimate the suspended sediment discharge (Q;), and its two
components: water discharge (Q) and suspended sediment concentration (SSC) by satellite images,
hydraulic geometry theory, and various machine learning (ML) algorithms.

4.6.1.1. At-a-station hydraulic geometry (AHG) power law, and machine learning models

A time-series of the river width at the three gauging sites in the Tisza (Algy6 and Szeged)
and Maros (Makd) Rivers (Figure 4.2A—C) was obtained by the Sentinel-2 images (Tisza: 29
images and Maros: 27 images; 2015-2020) and combined with in-situ measurements of the
Q through the AHG power law method (Equation 2.1). The river width was estimated by the
RivWidth V04 software (Pavelsky and Smith, 2008) based on a water mask derived from the
application of the NDWI and the OTSU automatic thresholding method. To minimize errors
associated with width estimations, five cross-sections spaced 10-20 m upstream and
downstream of the original cross-section were estimated and averaged (yellow transects in
Figure 4.2A—C). The time-series of the averaged widths and the corresponding Q were fitted
by a power-law function in the SciPy library.

This study represents a pioneering effort in combining the AHG theory with machine
learning algorithms, leveraging the potential of machine learning algorithms for dealing with
intricate, non-linear problems. Specifically, the regression module of three machine learning
algorithms, including ANN, SVM, and RF was used to formulate O models. These models
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were based on the time-series of river width and Q data at the three gauging sites. The data
was randomly divided into 80% for calibration and 20% for validation by the train-test-split
function in the Scikit-learn library. The average prediction of the three models was also
calculated and considered as a “combined model”. All hyperparameters were finetuned by
the Optuna library (Table 4.2).

Table 4.2. Finetuned hyperparameters obtained by the Optuna library for developing water discharge
(Q) models based on artificial neural network (ANN), support vector machine (SVM), and random

forest (RF) algorithms.
Artificial Neural Network Support Vector Machine Random Forest
(ANN) (SVM) (RF)
Input and output layers: 1

neuron

Two hidden layers: 20 neurons
each

Activation function: relu

Kernel: polynomial (2™ degree)
€:0.01
Regularization parameter (¢): 2

Number of estimators: 300
Maximum feature: auto
Minimum sample split: 2
Minimum sample leaf: 4

Solver: Ibfgs Cost function: mse

Max iterations: 200

4.6.1.2. At-many-stations hydraulic geometry (AMHG) models

In the AMHG method, the estimation of the Q relies on the application of the AHG
power law method across several transects within a mass-conserved reach of a river. This
approach is grounded in the study of Gleason and Smith (2014), who proved a log-linear
relationship between the coefficients @ and exponents b of these transects. In this study, a 1
km long reach was considered at the three gauging sites (i.e., Algyd, Szeged, and Mako)
where 100 transects were defined (green transects in Figure 4.2A—C). The water width at the
transects was measured by the RivWidth software based on the Sentinel-2 images (Tisza: 29
images; Maros: 27 images). For each transect, the time-series of the estimated water width
and corresponding Q, consistent for all transects on a particular date, were fitted by the
power law formula in the SciPy library. The resulting 100 sets of a and b values at each
gauging site were then fitted by a log-linear relationship to determine their domains.

The optimization of the resulting @ and b values to minimize the Q difference between
every pair of transects was implemented by the genetic algorithm (GA; Holland, 1992). The
GA is a powerful optimization algorithm inspired by the natural selection and genetic
evolution process. The optimization process was initiated by selecting 10 random solutions
(i.e., a and b values for both transects) from the predefined domains in the log-linear
relationship. This solution is denoted as a chromosome and the individual coefficient a or
exponent b is a gene.

Before proceeding with the optimization process, the wvalidity of the selected
chromosomes was evaluated. The validation process involved combining them with the
transect widths to ensure that they provide reasonable Q values falling between the minimum
and maximum Q limits of the river. Chromosomes that provide unreasonable Q values were
replaced iteratively until they reached 10 valid chromosomes. The @ limits can be
determined from historical Q in the river or empirically estimated by Equation 4.11 and
Equation 4.12 (Gleason and Smith, 2014). The Tisza River's discharge limits were specified
as a minimum of 50 m®/s and a maximum of 4000 m>/s, while their counterparts in the Maros
River were 10 m*/s and 850 m%/s, respectively.

Qmin

= Wpin X 0.5m (depth) X 0.1 m/s (velocity) Equation 4.11

= Wnax X 10m (depth) x 5.0m/s (velocity) Equation 4.12

Qmax
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where: w,p,;n, and Wy, 4, minimum and maximum river width observed throughout the studied
period.

The 10 valid chromosomes proceeded through the selection phase, where they were
ranked based on their fitness (Q conservation). Then, chromosomes underwent crossover and
mutation processes. While crossover aims to exchange genes between chromosomes,
mutation aims to alter a few genes randomly in a chromosome, which was particularly
valuable in cases where unsuitable genes were present. The crossover and mutation rates
were adjusted to 0.8 and 0.1, respectively (Gleason and Smith, 2014). Following these
genetic operations, the order of the modified chromosomes was rearranged based on their
updated fitness scores. Subsequently, the five least fit chromosomes are replaced by another
fresh chromosome from the population domain. Once the selection, crossover, and mutation
processes had been completed, the chromosomes passed the first generation. In this study,
altogether 20 generations were applied for every pair of cross-sections.

Every transect within the 1 km reach was paired with the rest of the transects which
resulted in 990,000 (Equation 4.13) estimates of @ and b values. The median of the resulting
a and b values was calculated and considered as the final optimized constants for each
transect. Based on these constants and the corresponding water width at each transect, 100
estimates of QO were calculated, and their median was considered as the final optimized Q for
the reach. The GA code developed in this study can be found on the GitHub repository:
https://github.com/AMohsenMetwaly/Genetic-Algorithm.

Number of a and b estimates for each transect = (n? — n) x 100 Equation 4.13
where n: is the number of transects (100 transects in this study).

The performance of the AHG power law, AHG machine learning, and AMHG methods
was evaluated by three metrics, including the coefficient of determination (R?), root mean
square error (RMSE), and mean absolute error (MAE) (Equation 4.14—Equation 4.16).

R2=1 — 2its (i — 9)° Equation 4.14
2?:1(3’1’ —y)?

R Equation 4.15
RMSE — le'vzl(yl. - yi)z

N
1 " 5 Equation 4.16
MAE:NZ- i =il d
L=

where: y;: observed value, y;: predicated value by a model, ¥ : mean of the observed values,
and N: number of observations.

The generalization capability of the best-performing O model was assessed by comparing
its predictions over totally ungauged dates between July 2015 and May 2021 (93 Sentinel-2
images) with daily Q data obtained from ATIVIZIG at the three gauging sites.

4.6.2. Suspended sediment concentration and discharge modeling

The measured SSC at five verticals in the cross-sections of the Tisza River at Szeged and
the Maros River at Mako (Figure 4.2D-E), along with the acquired Sentinel-2 images (Tisza:
29 images and Maros: 27 images) were used to develop SSC models employing machine
learning algorithms. Specifically, the images were divided into two groups based on the
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hydrological condition of the river, including floods and low stage images. For flood images,
the high stage verticals (red lines in Figure 4.2D-E) were considered, while for low stage
images, the low stage verticals (green lines in Figure 4.2D-E) were utilized. In both cases,
the entire cross-section was divided into five segments, with each vertical approximately in
the middle of its respective segment. Afterward, the average reflectance of the pixels (B2—
B8a) within each segment was calculated and correlated with the SSC measured at the
corresponding vertical, by the ANN, SVM, and RF. The reflectance and SSC data were
divided into 80% (calibration) and 20% (validation) by the scikit-learn library. The
hyperparameters of the algorithms were finetuned using the Optuna library (Table 4.3). Also,
the three developed models were integrated into a "combined model" by averaging their
predictions, and the outcomes were compared with the individual original models. The
models’ performance was evaluated by the R? and RMSE (Equation 4.14-Equation 4.15).

Table 4.3 Finetuned hyperparameters obtained by the Optuna library for developing suspended
sediment concentration (SSC) models based on artificial neural network (ANN), support vector
machine (SVM), and random forest (RF) algorithms.

Artificial Neural Network Support Vector Machine Random Forest

(ANN)

(SVM)

(RF)

Input layer: 8 neurons

One hidden layer: 50 neurons
Output layer: 1 neuron
Activation function: relu
Solver: Ibfgs

Max iterations: 20

Kernel: polynomial (4™
degree)

e: 0.1

Regularization parameter (c):
0.7

Number of estimators: 600
Maximum feature: auto
Minimum sample split: 2
Minimum sample leaf: 4
Cost function: mse

The best-derived Q and SSC models were employed to investigate the temporal change
of the Qs at the three gauging sites (i.e., Algyd, Szeged, and Mako) for a relatively long
period (July 2015-May 2021; 93 images) applying Equation 4.17 (Porterfield, 1972).

Qs = KxQxSSC Equation 4.17

where: Q,: suspended sediment discharge (ton/day); K: conversion unit constant (0.0864 SI
units); Q: water discharge (m?/s); SSC: suspended sediment concentration (g/m?).

4.7. Exploring the dynamics of water mixing patterns in the Tisza—Maros confluence
and their connection to hydrological parameters

The spatiotemporal dynamics of the water mixing patterns in the Tisza—Maros confluence
and its relationship to the changes in the rivers™ hydrological parameters were investigated by
the Sentienl-2 images and in-situ hydrological data (Figure 4.5). The K-means unsupervised
algorithm was applied to 143 Sentinel-2 images, classifying the surface water at the
confluence area (Figure 3.1D) into Tisza water (TW), Maros water (MW), and mixed water
(MIX) exploiting clear watercolor difference. The areal coverage (%) of the three classes
along with the longitudinal extent (L) of the MW into the Tisza were correlated to measured
(e.g., water stage and discharge) and calculated (e.g., the difference and ratio of daily water
change, water slope, and water discharge difference and ratio) hydrological parameters in the
rivers, to assess the strength of their correlation. Also, predictive equations for the TW, MW,
MIX, and L were developed based on the hydrological parameters of the rivers (as
independent variables) considering both collective and individual hydrological scenarios. The
study also identified the predominant mixing patterns that occur throughout the year to
support future measurements in the confluence area.
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Figure 4.5. Applied methodology to investigate the dynamics of water mixing patterns in the Tisza—
Maros confluence and its relationship to changes in the hydrological parameters.

4.7.1. Classifying water types in the confluence area by Sentinel-2 images

Given the elevated SSC of the Maros River (1600 g/m?) compared to the Tisza River
(640 g/m?), usually they exhibit dissimilar colors in the confluence area, detectable by
satellite sensors (Bogardi, 1971 and 1974). As such, to study the mixing process in the
confluence area, the K-means classification algorithm (Lloyd, 1982) was used to classify the
acquired 143 Sentinel-2 images. Three classes were identified, including the water of the
Tisza (TW), the water of the Maros (MW), and their mixture (MIX). These classes represent
the gradient in SSC and consequently reflectance from the highest in the case of MW, to
moderate in the case of MIX, to the lowest in the case of TW. The bands with high sensitivity
to SSC changes along with high spatial resolution of 10 m, including the B2-B4, were
employed for performing the classification task (Dekker et al., 2002). The algorithm
initializes the classification process by identifying a random centroid for each cluster (i.e.,
TW, MW, and MIX) and then assigns the pixels to the nearest cluster centroid (the lowest
sum of square errors) based on the selected source bands (i.e., B2-B4). Afterward, the
centroid positions are optimized iteratively, and consequently, the pixels, until the maximum
number of iterations is achieved, or the centroids stabilize (Lloyd, 1982; Likas et al., 2003).

The K-means algorithm was applied due to its potential to accommodate the threshold
dynamism of the three classes (TW, MW, and MIX) that may arise from temporal changes in
the SSC as well as chemical and biological processes of both rivers. The images were
analyzed individually to ensure that the actual mixing pattern was well-depicted.
Occasionally, the images contain some shadow of trees and/or bridges, which is
misrepresented by defining three classes only, thus, an additional class for shadow was
defined in these cases. The area of the shadow class was subtracted from the total area of the
confluence and the areal coverage of the three water classes was recalculated accordingly.

Based on the classified images, the areal coverage (%) of TW, MW, and MIX was
quantified as a percentage (%). The longitudinal mixing was investigated by estimating the
longitudinal extent (L) of the MW into the Tisza expressed as a function of the Tisza's
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average width (162.2 m in the confluence area). The lateral mixing was assessed by
estimating the lateral extent of the TW, MW, and MIX at five transects (T1-T5), spaced 1
km apart (Figure 3.1D), expressed as a percentage of the transect width.

4.7.2.  Determining hydrological parameters of the joining rivers

Additional hydrological parameters were calculated at the three gauging sites (i.e., Algyd,
Szeged, and Mako) to assess their correlation with the water mixing process in the
confluence area. Daily water level change (AH) was calculated by subtracting the water level
on a particular day from its counterpart on the previous day. Also, the difference between the
daily AH of the Tisza (at Algy6) and the daily AH of the Maros (at Makd) was calculated
(AHaigys—AHwmaks). Both the absolute difference (AQ) and ratio (Qrasio) in the water discharge
of the rivers were calculated. While the absolute difference (AQ) was calculated by
subtracting Q at Algy6 (Qaigys) from its counterpart at Mako (Qwmaks), the discharge ratio was
obtained by dividing the O at Mako (Qmaks) by the O at Szeged (Qszeged). To calculate the
daily water slope of the rivers (S), the relative daily water levels were transformed into
absolute levels based on the zero-point altitudes at the gauging sites (i.e., Algyd: 74.0 m,
Szeged: 73.7 m and Maké: 79.5 m). Then, the distance between Algy6 and Szeged (for the
Tisza slope) and between Maké and Szeged (for the Maros slope) were measured along the
centerlines. The elevation differences between sites were combined with the measured
distances to estimate the daily water slopes of the rivers (Stisza and Swmaros). Also, the slope
difference between both rivers (AS) was estimated by subtracting the slope of the Tisza from
its counterpart of the Maros.

4.7.3. Correlation between hydrology and water mixing process in the confluence area

The correlation between measured and calculated hydrological parameters and the
spatiotemporal dynamism of the water mixing process in the confluence area, represented by TW,
MW, MIX, and L was evaluated by the Pearson correlation test (Freedman et al., 2007). The
correlation coefficient (r) ranges between -1 and +1, and it was categorized as very weak for 0.0 <r
<0.19 (-0.19), weak for 0.2 (-0.2) < r < 0.39 (-0.39), moderate for 0.4 (-0.4) <r < 0.59 (-0.59),
strong for 0.6 (-0.6) <r <0.79 (-0.79) and very strong for 0.8 (-0.8) <r < 1.0 (-1.0) (Stigler, 1989).

Predictive equations for the areal coverage of the TW, MW, and MIX and the
longitudinal extent of the MW into the Tisza (L) were developed based on the hydrological
parameters as independent variables using the stepwise multilinear regression technique. The
predictive equations were developed based on three scenarios, including case 1: all data
considered, case 2: low and medium stages data considered, and case 3: high stage data
considered. The classification of the data was achieved by the hierarchical cluster analysis
(HCA), specifically Ward’s algorithm (Ward, 1963), based on the hydrological parameters
and the areal percentages of TW, MW, and MIX. While case 1 predictive equations can be
applied across all water stages, providing rough estimates, case 2 and 3 equations are suited
for specific hydrological conditions and provide better estimates than case 1. The statistical
analysis was performed by the IBM SPSS software V26.0 (IBM).

4.8. Analyzing the spatiotemporal distribution and correlation of surficial suspended
sediment and microplastic concentrations in the Tisza River

The spatiotemporal distribution and correlation of surficial SS and MP concentrations in
the Tisza River were investigated in detail based on intensive spatial (26 sites; August 2021
and July 2022) and temporal (140 samples collected every 5 days; May 2021-May 2023) in-
situ data (Figure 4.6). Also, Sentinel-2 images were used to fill surficial SSC data shortage in
2021. The hydrological condition of the river was divided into low stages and flood waves

based on daily water stage data recorded in the Mindszent site. Moreover, flood waves were
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categorized into minor and medium floods, each further subdivided into rising, peak, and
falling phases. Parametric and non-parametric tests were applied to scrutinize potential
statistical differences in the spatial and temporal distributions of both surficial SS and MP
concentrations. Furthermore, their correlation was systematically assessed in space in time.

Spatial surficial SS and MP data Temporal surficial SS and MP Hydrological condition in
(26 sites in Aug. 2021 & 21 sites in Jul. data in Mindszent Mindszent
2022) (140 samples; May 2021-May 2023) (Daily water stage: May 2021-May 2023)

Defining
hydrological
conditions

Normality test

(Shapiro-wilk)

Low stages & floods
Floods: minor & medium
+
rising, peak & falling
|

Statistical difference of
surfical SS & MP conc. in
space and time

\ 4

Correlation between surficial

SS, MP conc., & water stage
in space and time
(multiple periods)

Figure 4.6. Applied methodology to investigate the spatiotemporal distribution and correlation of
surficial suspended sediment (SS) and microplastic (MP) concentrations in the Tisza River.

4.8.1. Defining hydrological periods and statistical analysis

The longitudinal measurements were performed in summer during low stages, while the
temporal measurements in Mindszent covered various hydrological conditions. Thus, they
were classified into low stages and flood waves. Low stages were recognized based on daily
water level (H<100 cm) and limited variations in daily water level (<15 cm/day). Flood
waves, on the other hand, were identified based on significant daily water level changes (>15
cm/day). Also, they were divided into minor (<3 weeks) and medium floods (>3 weeks),
based on flood duration, and subdivided further into rising, peak, and falling phases.

The statistical differences in surficial SS and MP concentrations were investigated in
space and time. The assumptions of normality and equal variance were not achieved for the
spatial data of MP concentration along the Tisza in 2021 and 2022 (Shapiro—Wilk normality
test; p=0.028) and for the temporal data of surficial SS and MP concentrations in the
Mindszent site (Shapiro—Wilk normality test; SSC: p<0.001; MP: p=0.003); thus, the non-
parametric Kruskal-Wallis H and post hoc tests were applied to perform the statistical
difference evaluation (Kruskal and Wallis, 1952). In the meantime, the spatial data of
surficial SSC along the Tisza in 2021 and 2022 followed the normal distribution (Shapiro—
Wilk normality test; p=0.395); hence, the parametric one-way ANOVA test was employed.
The findings were represented by alphabetical letters in boxplots following Mattos et al.
(2017). Datasets with the same letters in a single (e.g., “a”) or a double form (e.g., “ab”)
indicate no statistical difference, while different letters represent statistically significant
differences. The p-values were also provided for statistically different datasets.

The spatial correlation between surficial SS and MP concentrations along the river was
assessed in both measuring years (i.e., 2021 and 2022) by the Spearman’s rank-order
correlation test. Similarly, the same test was employed to evaluate the strength of correlation
between surficial SSC, MP concentrations and water stage (H) at the temporal monitoring
site (pssc-H, pMp-H, pssc-mp) during various hydrological periods (piow: low stages; pminor:
minor floods; pmedium: medium floods; prising: rising limb; ppeak: peak; praiing: falling limb). The
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correlation was labeled as very strong for correlation coefficient (p) >0.7 (-0.7), strong for
0.4 (-0.4) < p <£0.69 (-0.69), moderate for 0.3 (-0.3) < p <0.39 (-0.39), weak for 0.2 (-0.2) <
p <0.29 (-0.29) and negligible for 0.01 (-0.01) < p <0.19 (-0.19) (Dancey and Reidy, 2007).
All statistical analysis was performed by the IBM SPSS software V26.0 (IBM).

4.9. Development of remote sensing-based surficial suspended sediment and microplastic
concentration models in the Tisza River

To develop remote sensing-based surficial SS and MP concentration models, the
correlation between reflectance or backscattering of the various optical (i.e., Sentinel-2 and
PlanetScope) and active (i.e., Sentinel-1) sensors and the surficial SS and MP concentration
measurements (i.e., spatial: 26 sites: 2021 and 2022; temporal: 140 in Mindszent and 70 in
Szeged) was tested in advance (Figure 4.7). Direct models for both variables were developed
considering reflectance or backscattering of satellite sensors as independent variables.
Besides, in-direct models for MP concentration were developed based on surficial SSC as a
proxy. The generalization capability of the developed models was tested in space and time.

In-situ surficial SS & MP conc. Remote sensing data
Spatial sites: 26 in 2021 & 21 in 2022 Optical sensors: Sentinel-2 (137 images) &

Temporal measurements: 140 in Mindszent & 70 PlanetScope (177 images)
in Szeged Active sensor: Sentinel-1 (239 images)

Correlation
analysis

Direct surficial SS & MP
conc. models based on

In-direct MP conc. models

based on SSC as a proxy

optical and active sensors
(ANN algorithm)

- All hydrological conditions
- Individual conditions

Spatiotemporal
generalization test
Figure 4.7. Applied methodology to develop surficial suspended sediment (SS) and microplastic (MP)
concentration models based on optical (Sentinel-2 and PlanetScope) and active sensors (Sentinel-1).

4.9.1. Correlation test and direct models of surficial suspended sediment and microplastic
concentrations

A region of interest (ROI) of 2x2 pixels (i.e., 20%20 m) in Sentinel-2 and Sentinel-1 and
6x6 pixels (i.e., 18x18 m) in PlanetScope were identified around every spatiotemporal
sampling site in the Tisza River. Then, the reflectance of the various bands of Sentinel-2 (137
images) and PlanetScope (177 images) satellites, as well as the backscattering of the
Sentinel-1 channels (239 images), were extracted from these ROIs. Spearman’s rank-order
correlation test was applied to assess the correlation between both variables (i.e., surficial SS
and MP concentrations) and reflectance or backscattering data, as the assumption of
normality of both variables was rejected (Shapiro—Wilk normality test; p<0.001).

55



The ANN algorithm was applied to develop surficial SS and MP concentration models
based on the reflectance of Sentinel-2 and PlanetScope images, along with the backscattering
of the Sentinel-1 channels. This algorithm was chosen owing to its potential in dealing with
complex, non-linear, and high-dimensional problems. In the case of Sentinel-2, all but bands
with a coarse spatial resolution of 60 m (i.e., B1, B9, and B10) and bands with low sensitivity
to surficial SSC variations (i.e., B11 and B12) were selected as independent variables.
Likewise, all bands but B1 and B8 were chosen as independent variables in the case of the
PlanetScope images. Both the VV and VH channels in Sentinel-1 images were used.

To develop the models, the datasets of the surficial SS and MP concentrations and
reflectance or backscattering data were divided into five training and validating sets by the k-
fold cross-validation in the scikit-learn library. The models’ hyperparameters were
automatically finetuned by the Optuna library (Table 4.4). The models were evaluated by the
R2, RMSE, and MAE (Equation 4.14-Equation 4.16). Finally, the contribution of each band
to the models™ performance was identified by the SHAP library.

Table 4.4. Finetuned hyperparameters obtained by the Optuna library for developing the surficial
suspended sediment and MP concentration models based on the reflectance of optical (Sentinel-2 and
PlanetScope) and active sensors (Sentinel-1).

Hyperparameters
Model Hidden Activation Learning | Maximum | Batch
, . Solver | Alpha . . .

layer sizes function rate iteration size

U Sentinel-2 (100, 5, 20) logistic Ibfgs | 0.0003 | invscaling 604 67
@ PlanetScope | (40, 10, 20) relu Ibfgs | 0.0239 | constant 669 120
Sentinel-1 (50, 50) tanh adam | 0.0001 constant 521 44
Sentinel-2 (100) relu adam | 0.0191 | invscaling 985 33

E PlanetScope | (150, 150) tanh adam | 0.0001 | adaptive 865 121
Sentinel-1 (10, 15) relu sgd | 0.0011 | adaptive 748 116

4.9.2. Proxy models of microplastic concentration by surficial suspended sediment
concentration and spatiotemporal generalization capability of models

The MP concentration models developed directly based on passive and active sensors
exhibited low estimation accuracy. Therefore, indirect MP concentration models based on
surficial SSC as a proxy were developed, exploiting their elevated correlation coefficients
(p), especially during flood waves. The models were developed considering collectively all
hydrological conditions, and individually during low stages and rising, peak, and falling
phases of flood waves. To streamline the regression process, simpler regression techniques,
such as linear and polynomial regressions were tested.

The generalization capability of both the direct and indirect models was evaluated in
space and time. Certain surficial SS and MP concentration measurements, obtained in various
spatiotemporal scales, were omitted, and used as a testing dataset, before partitioning the data
into training and validation sets. The temporal testing data covered all hydrological scenarios,
including low stages and rising, peak, and falling phases of flood waves. Meanwhile, the
spatial testing data involved eight sites “i” (Aranyosapati)—p” (Tiszaroff) located upstream
of the Kiskoére Dam, measured during the July 2022 campaign.
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5. RESULTS AND DISCUSSION

The integration of satellite sensors with in-situ measurements has elucidated
characteristic patterns in the spatiotemporal dynamics of not only SS but also plastic
pollution (MP and MaP) transport in the Tisza River. This comprehensive analysis highlights
the similarities and distinctions in their transport behaviors under various hydrological
scenarios and in response to longitudinal variables, such as tributaries and hydraulic
structures. The frequent samplings and the utilization of optical (i.e., Sentinel-2 and
PlanetScope) and active (i.e., Sentinel-1) satellite sensors have facilitated the development of
reliable SS, MP, and MaP concentration models, albeit with inherent limitations. Yet, they
still furnish valuable data for decision-makers across multiple spatiotemporal scales. A
detailed exposition of these findings is presented within this chapter.

5.1. Spatiotemporal distribution of riverine litter/macroplastic (MaP) in the Tisza River
5.1.1. Riverine litter composition and transport rate

Based on my in-situ observations in the Tisza River in Szeged, organic materials, mainly
woody debris dominated the riverine litter transport (Figure 5.1A). This is likely associated
with the elevated bank erosion rate (1.7 m/year; Kiss et al., 2019a) at the meandering sections
of the Tisza, where organic debris regularly enters the river. Some MaP were observed too
(Figure 5.1A); however, they usually accumulate in larger clusters and drift together. Similar
riverine litter composition was documented by Katona (2019) in the Middle Tisza, upstream
of the Kiskore Dam, where only 12.5 % of the floating debris consisted of MaPs, while the
rest were organic materials. Moreover, in February 2021, around 22 tons of riverine litter
were retrieved in the Upper Tisza near the Ukrainian border (Vasarosnamény) with MaPs
accounting for just 17.3% (PETKUPA, 2021).
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Figure 5.1. During the in-situ campaigns in Szeged, litter spots were identified with different shapes
and sizes (Images captured on February 23, 2021; 9:40 UTC) (A). The litter and macroplastic (MaP)

transport rate was compared to the water stage and discharge of the Tisza at Szeged (B).
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To quantify the transport rate of riverine litter, a single spot was defined as a continuous
litter irrespective of its size. For instance, in Figure 5.1A, the entire litter mass in the three
shots was treated as a single spot due to its continuity. Based on this assumption, the mean
litter transport rate during the study period (February—March 2021) was 156 spot/h. The
transport rate was strongly associated with water stage and discharge conditions since the
highest rate (264 spot/h) was observed with the greatest water stage and discharge (586 cm
and 2110 m¥/s), and the lowest rate (12 spot/h) occurred during the period of the lowest water
stage and discharge (404 cm and 1410 m?/s) (Figure 5.1B). However, it should be noted that
the river was already on a falling limb at the beginning of the observation; thus, the transport
rate probably was higher in the earlier rising or peak stages.

This high transport rate is explained by the high stream power of the river during flood
waves, allowing it to drag litter from floodplains and riverbanks, along with the contributions
from tributaries. As soon as the water stage drops, the transport rate diminishes as the river
becomes isolated from floodplain sources (Van Emmerik et al., 2022) (Figure 5.1B). The
observed transport rate in the Tisza (12-264 spot/h) was comparable to that in the Rhone
River, France (0-293 spot/h; Castro-Jiménez et al., 2019); however, it was slightly higher
than the Tiber River, Italy (10—130 spot/h; Crosti et al., 2018).

Concerning MaP transport, it showed a similar trend over the study period. However, the
highest transport rate (300 items/h) was observed a week later (on February 23, following
the highest stage and discharge (Figure 5.1B). Afterward, it dropped substantially to 48
items/h on March 5" and further declined to 24 items/h on March 10". The mean MaP
transport rate in the Tisza during the study period (123 items/h) was approximately three
times higher than that observed in the Rhine River (42 items/h; Vriend et al., 2020).
However, the Rhine was monitored during a low stage, while the Tisza was during a flood
wave. Although the Klang River was monitored during the low stage, it showed a 12 times
higher transport rate than the Tisza (1500 items/h; Geraeds et al., 2019).

5.1.2. Spatiotemporal dynamics of riverine litter in the Tisza River (Hungary) based on
very high spatial resolution (VHR) Google Earth satellite images

The visual analysis of the VHR images from the Google Earth satellites, between July
2015 and May 2021, identified 14 litter spots along the Hungarian section of the river (Figure
5.2 and Table 5.1). The areal extent of the spots varied between 25 m? (smaller than a
Sentinel-2 pixel) to 9600 m? (= 96 pixels). Typically, the spots appear just once in most
locations. However, a notable exception was observed upstream of hydraulic structures,
primarily dams (e.g., the Kiskére Dam; spots 8A—G in Table 5.1). The temporal distribution
of the spots showed a characteristic pattern, as they typically appear in March, June, and
August, with a notable occurrence in 2020.

5.1.3. Spatiotemporal dynamics of riverine litter in the Middle Tisza based on Sentinel-2-
based models

The best-derived Sentinel-2-based riverine litter model was applied to unveil its
spatiotemporal dynamics along a 175-km long reach in the Middel Tisza, employing 61
images (2015-2021). Three states representative for the various hydrological conditions were
depicted, including bankfull flood, minor flood, and low stages (Figure 5.3). The area of the
detected spots along the reach ranged between 36,900 and 99,000 m? (369-990 pixels) across
the three hydrological conditions. However, the largest (2300-28,000 m?; 23-288 pixels) and
most persistent litter spot was noticed upstream of the Kiskére Dam. This finding consists
with similar patterns observed in many other rivers worldwide, e.g., the Three Georges Dam
in the Yangtze River, China due to the trapping effect of dams (Zhang et al., 2015).
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Figure 5.2. The 14 litter spots were identified along the Hungarian section of the Tisza River by very
high spatial resolution (VHR) images from the Google Earth (GE) satellites (A). Examples of the
identified spots, including spots no. 3, 5, and 8 (B).

Table 5.1. Features of the identified litter spots along the Hungarian section of the Tisza River,
determined by very high spatial resolution (VHR) images. The spots designated in bold (i.e., 5/A,

5/B, and 8E) were used during the testing phase of the Sentinel-2-based models.

ID Latitude Longitude Date (VHR)  Date (S-2)  Area (m?) (pixels)
1 48°22"26"N 22°1524"E 31/3/2019 23/3/2019 88 (<1)
2 48°23'13"N 22°08'02"E 31/3/2019 23/3/2019 75 (<1)

3/A - 23/3/2019 140 (=1)

3/B 48°15'59"N 21°57'36"E 5/4/2019 2/4/2019 130 (=1)

3/C 28/6/2019 26/6/2019 130 (=1)
4 48°1120"N 21°43'38"E 3/6/2017 4/6/2017 267 (=3)

5/A o122 o1a12MN 1/6/2019 1/6/2019 345 (=3)

5/B 48°01'33"N 2°18'30"E 1/6/2019 1/6/2019 25 (<1
6 47°52'06"N 21°03'58"E 20/3/2020 20/3/2020 40 (<1)
7 47°49'17"N 21°01'17"E 20/3/2020 20/3/2020 520 (=5)

8/A 27/6/2017 24/6/2017 3405 (=34)

8/B - 3/8/2017 4000 (40)

8/C - 24/4/2020 4300 (43)

8/D 47°29'37.4"N 20°30'53.8"E - 28/7/2020 9500 (95)

8/E 1/8/2020 2/8/2020 9474 (=95)

8/F - 12/8/2020 9000 (90)

8/G - 22/8/2020 9600 (96)
9 47°22'14.54"N 20°26'7.66"E 29/7/2020 28/7/2020 204 (=2)
10 47°15'11.18"N 20°23'51.50"E 9/8/2020 12/8/2020 220 (=2)
11 47°2'3530"N 20°1620.18"E 14/8/2017 8/8/2017 266 (=3)
12 47°2'3530"N 20°1620.18"E 9/8/2020 12/8/2020 181 (=2)
13 46°57'1.78"N 20° 6'10.71"E 2/4/2020 4/4/2020 67 (<1)
14 46°14'40"N 20°09'02"E 3/3/2021 7/3/2021 90 (<1)
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Figure 5.3. Detected riverine litter spots along a 175-km long reach in the Middle Tisza by Sentinel-
2-based model under various hydrological conditions: bankfull flood (31/03/2019), minor flood
(09/06/2019) and low stage (22/09/2019).

Medium to small spots appeared too, primarily along the riverbanks in meandering
sections with high bank erosion, fallen trees, and low flow velocity (Figure 5.3). Also, some
spots were noticed near docks, but none were observed upstream of bridges, within this reach.
Remarkably, the density of litter spots downstream of the dam (1.2—1.6 spot’/km) exceeded
that upstream (0.85—1 spot/km) under the three hydrological conditions. This disparity
suggests the presence of local litter sources downstream. Although Sentinel-2 proved its
potential as a valuable tool for riverine litter monitoring, caution is needed in interpreting its
results, especially along the riverbanks due to the misclassification of mixed pixels.

To investigate the temporal change of riverine litter, this study specifically focused on the
litter spot located just upstream of the Kiskoére Dam (spot no.8; Figure 5.2). Although the
highest riverine litter transport rate usually occurs during bankfull floods (Van Emmerik and
Schwarz, 2020), the largest spot was noticed at the end of the minor flood event (Figure 5.3).
This observation underscores the significance of gradual fluxes in litter accumulation.
Typically, litter accumulates progressively during bankfull and minor floods, reaching its
peak at the end of the flood period. Notably, the area of the litter spot declined during the low
stages (Figure 5.3), probably due to the litter removal efforts by Hungarian authorities.

The areal coverage of the litter spot upstream of the Kiskére Dam almost doubled between
2015 and 2019; however, it dropped by 30% in 2020 and then slightly increased by 12% in 2021
(Figure 5.4A). The seasonal Mann-Kendall test revealed an overall upward trend of the areal
extent of the litter spot throughout the study period (2015-2021) (Figure 5.4B). This increasing
trend might be attributed to the absence of large flood events during the study period.

5.2. Remote sensing-based riverine litter/macroplastic (MaP) modelling in the Tisza River
5.2.1. Spectral signature of riverine litter

The spectral signature of riverine litter was compared to those of river water and
obstructions (i.e., bridges and dams) (Figure 5.5). Riverine litter showed the highest
reflectance across the entire spectrum (490-2190 nm), and its spectral signature was
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comparable to obstructions. Both riverine litter and obstructions exhibited low reflectance in
the VIS bands (especially 490 and 665 nm), high reflectance in the SWIR bands (1610 and
2190 nm), and significant reflectance in the NIR bands (740—865 nm). The river water, on
the other hand, showed high reflectance solely in the VIS bands (especially the 560 nm) and
low reflectance in the NIR and SWIR bands. Therefore, the NIR and SWIR bands are the
most suitable for discriminating riverine litter and obstructions from river water, consistent
with Bentley (2019) and Biermann et al. (2020). Given the resemblance in the spectral
signature of riverine litter and obstructions, their differentiation presents a challenge.
However, the bands 842 and 1610 nm may be valuable for this purpose, owing to the slight
drop in the obstruction reflectance in comparison to the elevated reflectance of riverine litter.
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Figure 5.4. Mean annual coverage of the riverine litter spot located upstream of the Kiskore Dam,
estimated by 61 Sentinel-2 images (applying the best-derived model) between 2015 and 2021 (A). A
Comprehensive time-series of the litter spot areal coverage throughout the study period (B).
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Figure 5.5. Spectral signature of the riverine litter in comparison to river water and obstructions (e.g.,
bridges and dams) considering the Sentinel-2 bands.

5.2.2. Evaluation of the riverine litter models

The developed riverine litter models showed promising metrics based on the validation
dataset, as the overall accuracy ranged between 0.89 (NB) and 0.96 (SVC) (Table 5.2). Given
the tradeoff between precision and recall, the algorithm that gave the highest precision
(ANN: 0.98) was associated with a moderate recall (0.89). Similarly, the highest recall that
was achieved by the SCV (0.99) was associated with a moderate precision (0.9). The F1-
score and K-hat followed a similar performance ordering pattern to the overall accuracy,
highlighting SVC and ANN as the top-performing algorithms; meanwhile, NB performed
less effectively. However, it is important to acknowledge that the validation dataset contained
relatively limited data, due to riverine litter data shortage. Consequently, the models’
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performance may vary with larger datasets. Therefore, their generalization performance and
detection bounds were tested in the next section over a large dataset.

Table 5.2. Evaluation metrics of the developed riverine litter models based on the validation dataset.

Algorithm Overall accuracy Precision Recall Fl-score = K-hat
Decision Tree (DT) 0.93 0.89 0.92 0.90 0.77
Naive Bayes (NB) 0.89 0.86 0.80 0.83 0.58
Support Vector
Classifier (SVC) 0.96 0.9 0.99 0.94 0.85
Random Forest (RF) 0.94 0.88 0.95 0.91 0.84
Artificial Neural
Network (ANN) 0.95 0.98 0.89 0.93 0.82

The elevated detection accuracy of the models can be related to the inherent potential of
machine learning algorithms in dealing with continuous and non-linear datasets, and high
dimensional classification problems (Mohsen et al., 2023c). The superiority of the SVC over
the tested algorithms may be attributed to the binary nature of the classification problem (i.e.,
litter and non-litter classes). This is due to the creation of hyperplane and support vectors in
the SVC which provides the best possible separation of both classes. Conversely, the
relatively low metrics of the NB may stem from the violation of the independent feature of
Bayes' assumption, since the spectral bands and indices were correlated.

The classification accuracy of the riverine litter models developed in this study was
comparable to their counterparts in rivers and seas worldwide. For instance, an NB-based
model classified marine litter with an overall accuracy of 0.86 (Biermann et al., 2020), which
is very similar to the NB model in this study (0.89). However, the marine litter model
addressed a multiclass problem, in contrast to the binary classification undertaken in this
study, accounting for the accuracy difference between both models. A similar riverine litter
model was developed in the Drina River, Bosnia and Herzegovina based on the ANN
(Jakovljevi¢ et al., 2019). This model achieved a higher overall accuracy (0.97) than the
ANN-based model in this study (0.95). The main challenge affecting their classification
accuracy was the mixed pixels (pixels covered by both litter and non-litter classes), which
was also observed in this study. Besides, active water constituents, mainly SSC, have a
profound impact on classification accuracy. However, the training water pixels data applied
in this study were gathered during almost all hydrological scenarios to overcome this issue.

5.2.2.1. Contribution of spectral bands and indices in the performance of models

The highly contributing features (i.e., spectral bands and indices) in the DT model were
B11, PI, NDVI, and B12; in the RF model were PI, B11, NDVI, and NDWI; in the NB model
were B11, B12, B8, and NDWI; in the SVC model were B11, B12, B8, and B7 and in the
ANN model were B11, B8, B12, and NDVI. However, the SHAP summary plots were
depicted only for the SVC and ANN-based models as examples (Figure 5.6). The features are
sorted on the vertical axis based on their contribution importance, while their affection
manner is represented on the horizontal axis through a SHAP sign.

Considering SHAP analysis across all models, the most effective bands for riverine litter
detection are B11, B12, and BS8. This finding aligns with the spectral signature analysis
(Figure 5.5), as these bands showed unique signatures for riverine litter compared to river
water and obstructions. The noteworthy implication of this finding is that these bands could
be employed for the future development of a riverine litter index. Notably, some spectral
indices contributed significantly to the enhancement of models’ performance, particularly the
PI, NDWI, and NDVI, while the FDI showed the least contribution.
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Figure 5.6. SHAP summary plots for the support vector classifier (SVC) and artificial neural network
(ANN) riverine litter models represent the contribution of the spectral bands and indices in
descending order of importance.

5.2.3. Generalization capability and detection bound of the developed riverine litter models

The testing dataset (bold spots in Table 5.1) was used to assess the generalization capability
of the developed models (Table 5.3, Figure 5.7, and Figure 5.8), and determine their detection
bounds (Table 5.4). Although the models exhibited elevated classification metrics during the
validation process (Table 5.2), they showed various metrics during the testing process,
spanning from medium for SVC, RF, and ANN (F1-score: 0.62—0.69), to poor accuracy for DT
and NB (Fl-score: 0.45-0.48). This discrepancy returns to the limited size of the validation
dataset (365 pixels), in contrast to the more extensive and diverse testing dataset.

Table 5.3. Evaluation metrics of the developed riverine litter models based on the testing dataset.

Algorithm Overall accuracy Precision Recall Fl-score  K-hat
Decision Tree (DT) 0.89 0.30 0.9 0.45 0.44
Naive Bayes (NB) 0.92 0.32 0.98 0.48 0.48
Support Vector 0.97 0.51 0.8 0.62 0.62
Classifier (SVC)
Random Forest (RF) 0.96 0.56 0.9 0.69 0.68
Artificial Neural 0.97 0.51 0.8 0.62 0.62
Network (ANN)

The models showed an elevated potential in detecting litter pixels, especially the large
spot, thus their recall ranged between 0.8 and 0.98 (Table 5.3). However, they struggled to
avoid the false classification of non-litter pixels (i.e., water and obstructions) as litter,
especially the DT and NB. Thus, they showed low to medium precisions (0.3—0.56). Notably,
the overall accuracy of the models was 1.6 times higher than their Fl-score and K-hat,
primarily due to their higher performance with the majority non-litter class, which
overshadowed their poor to medium performance with the minority litter class.

To reveal the detection bounds of the developed riverine litter models, their areal
estimates of the testing litter spots (i.e., large, medium, and small spots) were compared to
their actual area obtained from the VHR Google Earth images (Table 5.4, Figure 5.7 and
Figure 5.8). Concerning the large spot [upstream of the Kiskdére Dam; 9474 m? (ca. 95
pixels)], all models were able to detect it successfully, though most of them slightly
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overestimated its area (Table 5.4 and Figure 5.7). The greatest overestimation was achieved
by the DT (ca. 40 pixels difference) and RF (ca. 26 pixels) models. However, they gave good
classification for the river water and obstructions (dam), especially the RF model. Although
the NB model provided the most accurate area of this particular spot (only ca. 6 pixels
difference), it performed badly with the dam and misclassified it as litter. The best
classification for this spot was achieved by the ANN and SVC models, as they provided a
moderate overestimation of its area (ANN: ca. 18 pixels and SVC: ca. 21 pixels difference)
while maintaining a correct classification of most river water and dam.
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Figure 5.7. Performance of the derived riverine litter models in detecting the large spot in (A), based
on the decision tree (DT) (B), naive bayes (NB) (C), support vector classifier (SVC) (D), random
forest (RF) (E) and artificial neural network (ANN) (F) algorithms.

The medium spot [upstream of the Tiszalok Dam; 345 m?; (ca. 4 pixels)] was fully (DT,
NB, RF, ANN) to partially (SVC) detected by the models; however, the small spot [upstream
of the Tiszalok Dam; 25 m?; (< 1 pixel)] was detected only by the NB model, despite having
limited accuracy (Table 5.4 and Figure 5.8). The DT model provided the worst classification
performance, as it misclassified a significant area of river water as litter; however, it correctly
classified most of the dam and successfully detected the 4 pixels of the medium spot. Although
the NB was the sole model that detected all pixels of the medium and small spots, it usually
misclassifies the dam as litter, which was also noticed with the large spot (Figure 5.7). The
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SVC model detected only half of the medium spot (2 pixels); however, its superiority arises
from the correct classification of the river water and dam. Both the RF and ANN models
showed similar classification performance, as they detected the full pixels of the medium spot
and none of the small spot while maintaining accurate classification of river water and dam.
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Figure 5.8. Performance of the derived riverine litter models in detecting small and medium spots in

(A), based on the decision tree (DT) (B), naive bayes (NB) (C), support vector classifier (SVC) (D),
random forest (RF) (E) and artificial neural network (ANN) (F) algorithms.
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Table 5.4. The estimated area of the three tested litter spots (i.e., large, medium, and small spots) by
the five developed models, in comparison to the actual area detected by the very high spatial
resolution (VHR) Google Earth (GE) images.

Large spot m” Medium spot m? Small spot m?

Method (pixels) (pixels) (pixels)
Kiskore Dam Tiszalok Dam
VHR images from GE 9474 (95) 345 (4) 25 (<1)
Decision tree (DT) 13400 (134) 400 (4) 0.0 (0)
Naive Bays (NB) 10100 (101) 400 (4) 100 (1)
Support Vector Classifier (SVC) 11500 (115) 200 (2) 0.0 (0)
Random Forest (RF) 12000 (120) 400 (4) 0.0 (0)
Artificial Neural Network

(ANN) 11200 (112) 400 (4) 0.0 (0)
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The models excelled at detecting large and medium spots owing to their higher
reflectance, while they struggled with the small spot due to its lower reflectance. This finding
aligns with Topouzelis et al. (2019) who reported that a litter area of > 10x10 m? is a vital
requirement to be detected by Sentinel-2 images. On the contrary, Hu (2021) argued that
litter with a sub-pixel coverage of >0.8% could be detected by the Sentinel-2 sensor.
However, this percentage is a theoretical value and neglects practical noise that may originate
from the sensor’s artifacts, such as the hardware parallax impacts in push-broom and pepper
noise. Yet, further studies are warranted to explore the potential of satellite images in the
sub-pixel detection of riverine litter, as the percentage of the small spots used in the training
and validating dataset in this study was very limited (1%) and underrepresented.

Based on the evaluation metrics of the models on the validation and testing datasets and
their performance in detecting litter spots of varying sizes, I argue that the SVC, ANN, and
RF are the best-performing models, while the DT and NB models are the worst. The
shortcoming of the DT model stems from its misclassification of river water as litter,
especially during high SSCs, while the NB model misclassifies obstructions as litter. This
may partially be attributed to the imbalanced dataset applied in this study (non-litter: litter
class=67:33). Although this ratio is considered relatively low (Zou et al., 2016), its influence
on a simple algorithm like DT and NB may be more pronounced. Also, the similarity in the
spectral signature of litter and obstruction (Figure 5.5) may have influenced the potential of
these models to achieve better results, particularly the NB model.

5.2.4. Assessment of remote sensing-based riverine litter/macroplastic (MaP) modelling

This study is an initial attempt towards automatic detection of riverine litter/MaPs
employing satellite images and machine learning algorithms. The results are promising,
especially for the large and medium litter spots; however, further research on the sub-pixel
detection is vital incorporating a larger dataset with more representative small spots. The
Sentinel-2 MSI sensor with its 13 spectral bands, including the NIR and SWIR bands, as well
as its frequent imaging (3—5 days), provide a valuable tool for riverine litter monitoring. The
main challenge of this sensor is its low signal-to-noise ratio (SNR; 12—-15 dB), as well as its
moderate spatial resolution and variability among bands (10-60 m). This complicates sub-
pixel detection, especially in medium-sized rivers, such as the Tisza River (w=164 m), where
the river is covered by just 163 pixels. Therefore, applying the same approach on a finer
spatial resolution image with similar spectral and temporal characteristics as of the Sentinel-2
may provide better results in medium-sized rivers.

5.3. Remote sensing-based suspended sediment discharge modelling in the Tisza and
Maros Rivers and its spatiotemporal dynamism

5.3.1. Temporal dynamics of Q and SSC in the Tisza and Maros Rivers (in-situ data)

The monthly measurements of Q and SSC (2015-2020) at the three gauging sites (i.e.,
Algyd, Szeged, and Mako) were analyzed to reveal their temporal dynamics in the Lower
Tisza (Figure 5.9A) and Maros Rivers (Figure 5.10A). The mean Q at Algyé (575 m’/s)
formed 80% of the mean Q at Szeged (702 m¥/s), while the rest originates from the Maros
River (mean at Maké: 157 m’/s), as the Szeged site is located 4.2 km downstream of their
confluence. The mean SSC in the Maros River at Maké (129 g/m®) was two-fold higher than
the Tisza River at Szeged (58 g/m?®), due to the intensive mining activities and highly
erodible rocks in the Maros's catchment along with its steep slope (Kiss et al., 2018).

The largest flood wave during the study period occurred in 2016. In this year, the peak O
of the Tisza (Algyd: 1640 m?/s; Szeged:1760 m>/s) occurred during the early spring flood in
March, while the peak Q of the Maros (465 m®/s) occurred during the early summer flood in
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June (Figure 5.9A and Figure 5.10A). Typically, flood waves are associated with high SS
load, but the transported load is not necessarily proportional to the magnitude of Q. For
instance, although the magnitude of the O during the 2016 flood in the Tisza was similar to
those in the 2019 flood, the SSC in 2016 (248 g/m?®) was 1.8 times higher than in 2019 (138
g/m?). Another typical phenomenon in the Tisza is the clockwise hysteresis in the SSC-Q
relationship, as the SSC peak usually precedes the Q peak. This can be observed, for
example, in the early spring flood of 2016 (Figure 5.9B) and the early summer flood of 2019
(Figure 5.9C). This finding consists with the temporal measurements in the Middle Tisza at
Szolnok and Kiskore sites (Figure 3.2; Csépes et al., 2000 and 2003), as well as many other
rivers worldwide, such as the Save River, France (Oeurng et al., 2010) and the Rybarik
Basin, Slovakia (BaCA, 2008). In the Maros River, the peaks of SSC and Q are likely to
occur simultaneously (Figure 5.10A). This disparity between the two rivers was supported by
the Pearson correlation coefficient (r) between SSC and O, which was 0.88 in the Maros
River and 0.72 in the Tisza River.
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Figure 5.9. Temporal dynamics of water discharge (Q) and suspended sediment concentration (SSC)
in the Lower Tisza River (2015-2020) at Algyo (Q only) and Szeged sites (A). Examples of the
clockwise hysteresis in the O—SSC relationship, observed during the 2016 (B) and 2019 (C) floods.

Typically, both rivers are in low stages between August and December (Figure 5.9A and
Figure 5.10A). Throughout the study period, the lowest recorded Q in the Tisza (141 m?/s)
occurred in Szeged in August 2015, while its counterpart in the Maros at Mako (51 m?/s) was
in October 2019. During low stages, both rivers transport minimal SS loads, though the
Maros maintains a higher concentration than the Tisza. Yet, the lowest concentrations during
the study period were comparable in both rivers (Tisza: 8.3 g/m’; Maros: 8.2 g/m®) and
occurred simultaneously in October 2019.

Given that the SSC measurements in Szeged (Tisza) and Makd (Maros) were conducted
at five verticals (V1-VS5; Figure 4.2D and E), its spatiotemporal dynamics along the cross-
sections could be revealed (Figure 5.9A and Figure 5.10). The lateral distribution of SSC in
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the cross-section of Szeged showed more variability than Mako; however, both rivers have
the greatest variability during floods, while it declines during low stages. The lateral
distribution of SSC usually corresponds to velocity distribution (Hashiba et al., 2014). This
was applied to the cross-section at Mako, where the highest concentrations usually occur at
the thalweg (ca. V3); meanwhile, the highest concentration in the Tisza, at Szeged, typically
occurs at the low velocity left bank (ca. V1) (Figure 5.10B). This unusual SSC distribution at
the Szeged cross-section returns to the site's specific configuration, which is located only 4.2
km downstream of the Tisza—Maros confluence, where the Maros join the Tisza from the left.
Thus, the waters of both rivers are still mixing at this gauging site, as the complete mixing
occurs 15-150 km downstream (Jirka, 2004).
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Figure 5.10. Temporal dynamics of water discharge (Q) and suspended sediment concentration (SSC)
in the Lower Maros River (2015-2020) at Makoé gauging site (A). Mean SSC of the five verticals
(V1-V5) at Szeged and Maké cross-sections (2015-2020) (B).

5.3.2. Evaluation of the derived water discharge models

Water discharge (Q) was modelled as it is an essential prerequisite for Qs estimation,
providing increased availability of Qs estimation in longer ungauged sections. Three Q
models were developed in this study: the at-a-station hydraulic geometry (AHG) power-law
model, the AHG machine learning model, and the at-many-station hydraulic geometry
(AMHG) model. These models were developed by integrating remote sensing-based water
width time series data (2015-2020) with concurrently measured Q. Finally, their
performance was compared, and the most accurate model was employed to explore Qs
dynamics in the Lower Tisza and Maros Rivers over a relatively long period (2015-2021).
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5.3.2.1. At-a-station hydraulic geometry (AHG) power-law and AHG machine learning (ML) models

The AHG power-law models developed at the three gauging sites (i.e., Algy6, Szeged,
and Makoé) revealed moderate and comparable R? values spanning between 0.54 and 0.6
(Appendix: Figure Al). The models’ performance was visualized by comparing their
predicted Q with the measured values over the study period (2015-2020) (Figure 5.11).
Typically, they provide good predictions for discharges below the bankfull discharge (i.e.,
Algyé: 1600 m?/s, Szeged: 1628 m’/s, and Mako: 412 m?/s), while they overestimate O close
or exceed this level (e.g., in March 2017 at Szeged and Algyd, and in June 2019 at Mako).
This overestimation is attributed to the loss of hydraulic geometry of the channel's cross-
section above the bankfull level.

Notably, the RMSE and MAE showed similar performance patterns for the three models,
as the best model was at Makd (RMSE/mean observed: 0.88) and the worst at Algyo
(RMSE/mean observed: 2.6). However, they differed from the R? pattern, where the best
model was at Szeged and the worst at Maké. This discrepancy may return to the significant
overestimation of high discharges in Szeged and Algy¢ (e.g., in March 2017 and July 2020),
in comparison to moderate overestimation in Mako (e.g., June 2019).
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compared to the measured Q during the study period in Szeged (A), Algy6 (B), and Mako (C). Both
the estimated and measured Q were linearly fitted, and the evaluation metrics were annotated (D).

The evaluation metrics of the AHG ML models (i.e., SVC, RF, ANN, and combined
models) at the three gauging sites (i.e., Szeged, Algy6, and Makd) were tabulated (Table
5.5). It is noteworthy that these metrics were calculated based on the validation dataset (20%
of data). The models showed promising results as the R? ranged between 0.65 (SVR model at
Szeged) and 0.88 (combined model at Makd). Also, the RMSE in the Tisza varied between
154.1 m%/s (RF model at Szeged) and 98.9 m*/s (SVR model at Algyd), and in the Maros at
Makoé between 33.7 m*/s (SVR model) and 25.4 m*/s (RF model). Considering the R? as the
criteria of models’ superiority, the combined model was the best-performing in Szeged (0.83)
and Mako (0.88), and the ANN model was the best in Algy6 (0.79).
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Table 5.5. Evaluation metrics of the AHG machine learning (ML) models at the three gauging sites
(i.e., Szeged, Algyd, and Mako) based on the validation dataset (20% of data).

Gauging AHG Machine-Learning (ML) models
site Algorithm R? RMSE (m?/s)

Support Vector Regression (SVR) 0.65 132.0

Szeged Random Forest (RF) 0.71 154.1
Artificial Neural Network (ANN) 0.76 119.9

Combined model 0.83 99.9

Support Vector Regression (SVR) 0.72 98.9

Algys Random Forest (RF) 0.68 123.6
Artificial Neural Network (ANN) 0.79 123.3

Combined model 0.77 107.8

Support Vector Regression (SVR) 0.85 33.7

Maké Random Forest (RF) 0.81 254
Artificial Neural Network (ANN) 0.85 31.0

Combined model 0.88 25.9

The evaluation metrics of the AHG power-law and AMHG models were calculated based
on the entire dataset (2015-2020), while they were calculated based on the validation dataset
(20% of data) in the AHG ML models (Table 5.5). To allow direct comparison between the
adopted methods, the AHG ML metrics were recalculated considering the entire dataset,
applying the best-performing models (i.e., combine model in Szeged and Mak6; ANN model
in Algy6) (Figure 5.12). The AHG ML models outperformed the AHG power-law models at
the three gauging sites, as the R? increased by 23% on average. These ML models avoided
significant overestimation of Q above the bankfull level, leading to a significant decline in
the RMSE at the three sites (i.e., 80% in Algyd, 75% in Szeged, and 58% in Makd). The
superiority of the AHG ML models returns to the inherent capabilities of ML algorithms in
detecting intricate, non-linear relationships and patterns in data, allowing for more precise
predictions and adaptability to changing conditions (Mohsen et al., 2023c¢).
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Figure 5.12. The estimated water discharge (Q) by the best-performing AHG machine learning (ML)
models (i.e., combine model in Szeged and Makd; ANN model in Algyd) was compared to the
measured Q throughout the study period in Szeged (A), Algy6 (B) and Maké (C). Both the estimated
and measured Q at the three sites were linearly fitted, and the evaluation metrics were annotated (D).
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Based on the evaluation metrics at the three gauging sites, the best performance of the
models was achieved in Szeged (R?=0.74; RMSE/mean observed=0.38; MAE/mean
observed=0.21), while the worst was in Algyd (R>=0.67; RMSE/mean observed=0.45, and
MAE/mean observed=0.29).

5.3.2.2. At-many-station hydraulic geometry (AMHG) models

The AMHG method was applied to develop Q models at the three gauging sites (i.e.,
Algyd, Szeged, and Mako) incorporating water width data from 100 transects within 1 km
reach at these sites. The resulting 100 AHG coefficients log (a) and exponents (b) were fitted
by a log-linear relationship at the three sites, aligning with the observations of Gleason and
Smith (2014) (Figure 5.13). However, the best regression was achieved in the Szeged site
(R?>=0.88) and the worst was in Maké (R?=0.47). Following the regression analysis, the
bounds of coefficients and exponents were determined and applied in the genetic algorithm
(GA) to perform the optimization process. The optimized coefficients and exponents were
clustered around the regression lines at the three sites. However, their dispersion was closely
related to the strength of correlation, with the lowest dispersion at the Szeged site and the
highest at the Mako site.
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Figure 5.13. The AHG coefficients and exponents [i.e., log (@) and (b)] for the 100 transects in the 1-
km reach in Szeged, Algy6 and Mako sites. Their optimized values that were obtained by the genetic

algorithm (GA) were also depicted.
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The AMHG models outperformed the AHG power-law models, as the mean R? at the
three gauging sites increased from 0.57 to 0.62, and the mean RMSE declined from 645 m*/s
to 172 m?/s (Figure 5.14). Although the AMHG mitigated the significant over-estimation of
QO during floods seen in the AHG power-law models, they had a tendency to slightly
underestimate Q during these periods (e.g., Tisza: March 2017 and June 2019; Maros: June
2016 and June 2019; Figure 5.14). A similar superiority of the AMHG method over the
AHG-power law method was reported in four Indian rivers, as the AHG power-law models
estimated Q with a Nash coefficient of 0.69, while it was 0.8 in the case of AMHG models
(Durga Rao et al., 2020). This can be attributed to the potential of the AMHG method to
leverage hydraulic geometry data from multiple cross-sections, in contrast to the single cross-
section in the case of the AHG power-law method (Durga Rao et al., 2020).

The performance of the AMHG models was comparable, or slightly lower than the novel
AHG ML models developed in this study. This can be noticed from its slightly lower R?
(mean of the three sites: 0.62) and higher RMSE (172 m?®/s) than the AHG ML models
(R?=0.7 and RMSE=140 m?/s). Therefore, the ML algorithms have the potential to substitute
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the hydraulic geometry feature of multi transects in the AMHG method. Consequently, the
employment of the AHG ML method can circumvent the intricate optimization process in the
AMHG method, which would increase the number of monitored sections along rivers.

The R? and MAE/mean observed revealed that the performance of the models was the
best in Szeged (R?=0.67; MAE/mean observed=0.17) and the worst in Maké (R?=0.55;
MAE/mean observed=0.38). Meanwhile, the best and worst performances occurred in Algyd
and Szeged, according to the RMSE/mean observed (Algyd: 0.47; Szeged: 0.53).
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Figure 5.14. The estimated water discharge (Q) by the AMHG models was compared to the measured
O throughout the study period in Szeged (A), Algy6 (B), and Mako (C). Both the estimated and
measured Q at the three sites were linearly fitted, and the evaluation metrics were annotated (D).

5.3.2.3. Generalization capability of the best-performing water discharge model

Based on the performance of the three tested O models (i.e., AHG power-law, AHG ML,
and AMHG models), the AHG ML models, specifically the combined model in Szeged and
Mako6 and the ANN model in Algyd were the best-derived models. Therefore, their
generalization capability was tested over a relatively long period (July 2015-May 2021)
utilizing 93 Sentinel-2 images (Figure 5.15). The models showed promising predictions, as
the R? values ranged between 0.87 and 0.61, confirming their reliability and generalization
capability. Notably, the evaluation metrics (i.e., R, RMSE/mean observed, and MAE/mean
observed) consistently identified that Szeged was the site where the models performed the
best, while Mako showed the poorest results. This underscores the importance of channel
size and cross-section shape in Q estimation following this approach.

5.3.2.4. Potentials and limitations of the derived water discharge models

According to the findings of this study, I argue that the integration between hydraulic
geometry theory and remote sensing data is a promising approach toward the automatic
estimation of Q in rivers. Following my best-developed models (i.e., AHG ML), the QO could
be estimated with an RMSE of 187 m?/s (RMSE/mean observed=0.29) in the Tisza and 46
m?/s (RMSE/mean observed=0.29) in the Maros Rivers. However, the accuracy of these
models relies on the precision of water width data obtained from satellite images, which, in
turn, depends on its spatial resolution and the adopted water pixel extraction technique. The
combination of the NDWI and OTSU automatic thresholding proved its potential for water
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pixel extraction in this study, as the RMSE of the estimated water width was 8.17 m at
Szeged and 9.9 m at Mako sites. These values are close to the pixel size of the Sentinel-2
images (10 m), indicating that the application of a similar approach at finer spatial resolution
images could lead to more accurate water width data and consequently better O estimations.
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Figure 5.15. The estimated water discharge (Q) by the best performing AHG ML models was
compared to the measured ones over a relatively long period (July 2015-May 2021; 93 Sentinel-2
images) in Szeged (A), Algy6 (B) and Mako (C). Both the estimated and measured Q at the three sites
were linearly fitted, and the evaluation metrics were annotated (D).

The developed O models have limitations primarily linked to channel characteristics and
remote sensing data availability. The estimation accuracy varied across the three sites, with
the best performance achieved in Szeged followed by Algy6 and the worst in Mako (Figure
5.15D). This discrepancy is attributed to the cross-section size and the precision of water
width data estimated by Sentinel-2 images. Therefore, the widest cross-section in Szeged
(203 m) was associated with the highest accuracy, and the narrowest in Mako (94 m) with the
lowest accuracy. Furthermore, the cross-section shape in Szeged and Algyd (V-shape),
outperformed the trapezoidal, or near rectangular shape in Maké (Figure 4.2D and E), from
the w—Q relationship perspective (Equation 2.1) (Leopold and Maddock, 1953).

An additional limitation of the developed Q models is associated with bankfull level,
especially for the AHG power-law models. The models tend to under or overestimate the
actual Q values above this level, due to losing the hydraulic geometry characteristics of the
original cross-section. Another limitation is related to the availability of remote sensing data
as cloud cover can disrupt frequent monitoring of Q, especially during wet periods. However,
this issue could be solved by integrating SAR images in future research.

5.3.3. Suspended sediment concentration models
5.3.3.1.8pectral signature of water of the Tisza and Maros Rivers

The spectral signature of the Tisza and Maros Rivers was analyzed by the mean
reflectance of the Sentinel-2 bands (B2—B8a and B11-B12). The signatures were depicted
considering all hydrological conditions (Figure 5.16A), and the individual low and high
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stages (Figure 5.16B). Typically, the reflectance of the Maros was higher than the Tisza, and
the reflectance during the high stage was higher than the low stage. The highest reflectance
values were noticed between the green band (B3) and the red edge 1 band (B5) during all
conditions in both rivers, consistently with several studies (Liu et al., 2017; Mohsen et al.,
2020; Marinho et al., 2021). The sensitivity of this particular spectral range to SSC changes
may return to the moderate to high absorption characteristics of the SS particles with this
range. Remarkably, the highest reflectance in the Tisza occurred at B3, while it occurred at
B5 in the Maros. Also, the highest reflectance during the low stages was B3 and the high
stages was B5, which may indicate the potential utility of B3 for estimating low SSCs and
BS5 for high concentrations.
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Figure 5.16. The spectral signature of the Tisza (at Szeged) and Maros (at Mako) Rivers is based on
the mean reflectance of the Sentinel-2 bands, considering all hydrological conditions (A) and the
individual low and high stages (B).

5.3.3.2.Evaluation of the derived suspended sediment concentration models

The evaluation metrics of the machine learning-based SSC models were calculated based
on the validation dataset (20%) (Table 5.6). Generally, the models showed comparable and
high accuracies, as the R? ranged between 0.76 and 0.9, the RMSE between 24.9 and 15.2
g/m?, and the RMSE/mean observed between 0.22 and 0.44. The accuracy of Maros's models
was slightly higher (mean R?=0.85) than the Tisza (mean R?>=0.8). The combined model was
the best-derived SSC model in the Tisza and the RF model in the Maros, thus, these models
were applied during the subsequent Qs estimation.

Table 5.6. Evaluation metrics of the suspended sediment concentration (SSC) models in the Tisza (at
Szeged) and Maros (at Makd) Rivers, based on the validation dataset (20%), utilizing different
machine learning algorithms.

s . 2 3 RMSE/mean

(Gauging site) Algorithm R RMSE (g/m°) observed
Support Vector Regression (SVR) 0.78 17.28 0.42
Tisza River Random Forest (RF) 0.76 15.23 0.37
(Szeged)  Artificial Neural Network (ANN) 0.82 17.96 0.44
Combined model 0.82 15.43 0.38
Support Vector Regression (SVR) 0.78 24.9 0.28
Maros River Random Forest (RF) 0.90 19.97 0.22
(Mako) Artificial Neural Network (ANN) 0.85 22.72 0.25
Combined model 0.88 19.75 0.22

To gain deeper insights into the performance of the best-derived SSC models, a graphical
comparison was made between their predictions and measured concentrations across the
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validation dataset (Appendix: Figure A2). Both variables showed a high degree of
consistency, especially in the Maros River. However, the models slightly underestimated the
actual concentrations; though, the percent bias between mean estimated and measured
concentrations in the Maros (-3.18%) was lower than in the Tisza (-5.31%).

The accuracy of the developed SSC models in this study was comparable to similar
models in rivers worldwide. For instance, Peterson et al. (2018) employed the extreme
learning machine algorithm for developing a remote sensing-based SSC model in the
Missouri-Mississippi Rivers, achieving an R? of 0.9. A similar SSC model was developed in
the confluence of these rivers, based on the RF algorithm with a slightly lower R? of 0.72
(Umar et al., 2018). Meanwhile, the developed machine learning-based models in this study
outperformed statistical-based models in rivers worldwide. For instance, linear regression
was applied to develop SSC models in the Maumee (Larson et al., 2018) and Mississippi,
(Krdger et al., 2010) Rivers, USA, revealing an R? of 0.56 and 0.62, respectively.

Although all employed algorithms revealed promising SSC estimation accuracy, RF
performed the best in the Maros River, consistently with Larson et al. (2018) (Table 5.6).
This superiority returns to the data partitioning approach followed by the RF algorithm, as it
divides data into multiple sub-models, and the final estimation is based on their average,
enhancing the overall estimation accuracy of the model (Breiman, 2001). This study also
demonstrated the effectiveness of combining multiple algorithms, as the combined model
achieved the best performance in the Tisza River (Table 5.6).

To visualize the spatiotemporal performance of the best-derived SSC models (i.e.,
Szeged: combined model; Maros: RF model), they were applied to 20 km long reaches of the
Lower Tisza and Maros Rivers, during high and low stages (Figure 5.17). Remarkably the
SSC during the high stage (Tisza: 106.2 g/m*; Maros: 211 g/m®) was higher than low stage
(Tisza: 17 g/m’; Maros: 40.8 g/m®), with the Maros having higher concentrations than the
Tisza during both hydrological conditions. The lateral distribution of the SSC along Tisza's
cross-sections was more consistent during low stages than high stages. This can be noticed at
the Algyd cross-section, where the highest concentrations occurred at ca. the middle and
declined gradually to the riverbanks during the high stage (Figure 5.17Al); meanwhile, it was
consistent along the cross-section during the low stage (Figure 5.17BI). On the other hand,
the lateral distribution in the Maros River was consistent along channel cross-sections,
regardless of the hydrological condition (Figure 5.171V and V). However, the concentration
at some pixels along the riverbanks, especially the left bank, was misestimated due to the
coverage of the shadow tree. The confluence area revealed an intricate spatial SSC pattern
(Figure 5.1711 and III), which is discussed in detail in the next section (5.4).
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Figure 5.17. The spatiotemporal distribution of the suspended sediment concentration (SSC) along 20
km reach in the Lower Tisza and Maros Rivers, based on the best-derived SSC models during high
stage (5/3/2020) (A) and low stage (6/9/2020) (B). Specific sites (I-1V) were selected on both rivers

to provide detailed insights into the SSC distribution.
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5.3.4. Exploring suspended sediment discharge in the Lower Tisza and Maros Rivers
based on the developed models

The best-performed Q (i.e., AHG ML models) and SSC (i.e., Szeged: combined model,
Maros: RF model) models were employed to investigate the temporal dynamics of the Qs in
the Lower Tisza (at Algyé and Szeged) and Maros (at Makd), based on 122 Sentinel-2
images (July 2015-May 2021) (Figure 5.18). The Qs in the Tisza was 2-3.5 times higher
than the Maros, though the Maros consistently had 2-3 times higher SSC than the Tisza,
which is interpreted by the elevated Q of the Tisza (4 times higher than the Maros). Mostly,
the Qs of the Tisza at Algy6 (average: 2584 t/d) is higher than the Maros at Mako (average:
1264 t/day), though during some exceptional hydrological scenarios (e.g., June and August
2016, July 2017, July—August 2018, June—July 2019) the adverse condition occurred. This
typically occurs during low stage periods, which is characterized by higher SSC of the
Maros than the Tisza, induced by minor flood waves. On the other hand, the Qs in the Tisza
at Szeged (average: 4385 t/d) is the highest, owing to its special spatial configuration just 4.2
km downstream of the Tisza—Maros confluence.

Typically, the temporal change of Qs follows a similar pattern as of the Q in both rivers
(Figure 5.18). The Qs peak in the Maros at Mako usually occurs concurrently with its
counterpart in the Tisza at Algyd, though occasionally, it may precede (e.g., February 2019
and February 2021) or follow it (e.g., June 2016 and March 2017), due to differences in the
timing and magnitude of flood waves induced in the rivers. In the case of the Szeged site,
which is located downstream of the confluence, its Qs temporal changes occasionally diverge
from the upstream section at Algyd. For instance, the Qs peak in Szeged preceded its
counterpart in Algyd during the February 2021 flood wave, and followed it during the March
2017 flood wave, due to the influence of Qs from the Maros River.
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Figure 5.18. Estimated suspended sediment discharge (Qs) in the Lower Tisza (at Algy6 and Szeged)

and Maros (at Mako) Rivers, based on the best-derived water discharge (Q) and suspended sediment
concentration (SSC) models and 122 Sentinel-2 images (July 2015-May 2021). The estimated Q at
the three sites is indicated in the background.

Based on my findings, I argue that the fusion of satellite images, hydraulic geometry
theory, and machine learning algorithms, offered a promising approach towards automatic
monitoring of Qs in rivers worldwide. Although the developed monitoring technique was
applied in medium-sized rivers utilizing Sentinel-2 images with 10—60 m spatial resolution, it
demonstrated accurate Qs estimates. Thus, enhanced performance is expected in larger rivers
employing finer spatial resolution images.
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5.4. Spatiotemporal dynamics of water mixing in the Tisza—Maros confluence and its
relationship to rivers' hydrology

5.4.1. Measured and calculated hydrological parameters of the rivers (2015-2021)

Based on the daily water stage measurements in the three gauging sites (Algydé and
Szeged in the Tisza; Mako in the Maros) during the study period (January 2015-May 2021),
no considerable floods occurred in either river. However, five minor overbank flood waves
(Algyd: >610 cm; Szeged: >500 cm) occurred in the Tisza, while only two occurred in the
Maros (Maké: >310 cm) (Figure 5.19). These floods resulted in shallow floodplain
inundation (Algyd: 59-98 cm; Szeged: 630 cm and Mako: 18-65 cm). Typically, flood
waves developed between February and July in both rivers; however, their overbank flood
coincided only during the June 2020 flood throughout the study period. The near bankfull
stages (stages at or 1 m below the bankfull level) were the most common flood wave types,
and they were recorded during the same period as the overbank floods (i.e., February—July).
During flood waves, the peak water stage in the Tisza usually coincided with or slightly
followed its counterpart in the Maros, by a 1-2 days shift.
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Figure 5.19. Daily water stage measurements and bankfull levels in two gauging sites in the Tisza
(i.e., Algy6 and Szeged) and one site in the Maros (i.e., Mako) between January 2015 and May 2021.

Apart from the flood period, the rivers experience prolonged low stages for the rest of the
year (August—January). The onset of the low stage period in the Tisza usually occurs
simultaneously or slightly later (i.e., 1-4 days shift) than in the Maros (Figure 5.19). The
lowest water stages (i.e., Szeged and Algyd <60 cm; Mak6<-100 cm) were recorded between
August and November during the study period (Appendix: Table A2).

The daily water level change (AH) at the three gauging sites (i.e., AHaigys, AHszeged and
AHwmaks), as well as the absolute difference in AH between the Tisza (at Algyd) and the Maros
(at Mako) (AHaigys-AHwmaks) were calculated, as they may influence the mixing process in the
confluence area (Appendix: Figure A3). The Maros showed higher water level variations
than the Tisza since the fastest rising (145 cm/day) and falling (—151 cm/day) rates were
recorded in the Maros in February 2017, indicating the flashy regime of the river. On the
other hand, the Tisza had lower rates, as the fastest rising (January 2016) and falling (June
2019) rates were 113 cm/day and -81 cm/day, respectively and both were recorded in Algyd.
The most significant AH difference between both rivers (>80 cm), occurred during floods
(e.g., November 2015, January 2016, and February 2017), while remaining relatively stable
during other periods.

During floods, the O of the Tisza varied between 827 and 2087 m?/s, while it ranged only
between 70 and 731 m?/s in the Maros (Figure 5.20A). Apart from this period, the O range
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drops to 128-1045 m?/s in the Tisza and 30-393 m>/s in the Maros. Based on the Q ratio
between the rivers (Qmaks/Qszeged), the greatest O contribution of the Maros into the Tisza
(37-57%), primarily occurred during low stages in summer or early autumn (Figure 5.20B).
This is due to the significantly higher slope of the Maros, compared to the impounded Tisza
by the Torokbecse Dam. Meanwhile, this contribution declines to just 6-10% during floods
in winter months, due to the Tisza's impoundment effect on the Maros. In the meantime, the

Q difference between the rivers (i.e., Qaigys-Qmaks) displayed an opposite trend.
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Figure 5.20. Daily discharge (Q) and bankfull value at the three gauging sites (i.e., Algy0, Szeged,
and Mako) between January 2015 and May 2021 (A). The discharge ratio and difference between the
rivers were calculated throughout the study period (B).

Throughout the study period, the Maros slope was nine-fold higher than the Tisza and
exhibited greater variations too (Maros: 2.7-19.6 cm/km; Tisza: 0.0-5.5 cm/km) (Figure 5.21
and Table A2 in Appendix). Interestingly, the Maros slope during floods (2.7-19 cm/km)
was comparable to the non-flood period (8.4-19.6 cm/km). However, a significant contrast
was noticed in the Tisza's slope between both hydrological conditions (floods: 1.3-5.5
cm/km; non-flood: 0-3.4 cm/km). During floods, the Maros slope usually opposes its
counterpart in the Tisza, as it usually increases in the Tisza and simultaneously declines in
the Maros. This discrepancy could be interpreted by the impoundment effect of the high-
power Tisza to its tributary, the Maros, during this period. In non-flood periods, both rivers
showed similar fluctuation patterns, though the Maros showed higher fluctuation magnitudes.
The highest slope difference between the rivers (0—2 cm/km) typically occurred during floods
in late winter and early summer, while it declined to -17.4—18.2 cm/km during non-flood

periods in summer.
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Figure 5.21. The calculated daily slope of the Tisza (Stisza) and Maros (Smaros) Rivers, along with their
difference (ASrisza-Maros) during the study period: January 2015—-May 2021.

5.4.2. Temporal dynamics of mixing water from different origins in response to
hydrological changes

Based on the K-means classification of the 143 Sentinel-2 images (2015-2021), the areal
percentage of the TW, MW, and MIX, along with the longitudinal extent of the MW into the
Tisza (L) were calculated and compared to the hydrological parameters of the rivers (Figure
5.22). Over the study period, the TW dominated the confluence area, with 48.7%, exceeding
the MW (12.4%) and the MIX (38.9%). Typically, the TW shows even more domination
(60-100%) during simultaneous near bankfull/over bankfull stages in both rivers (e.g.,
January 2016, December 2017, and March 2018). The MW exhibited an intricate temporal
change pattern, as its maximum areal coverage is achieved when the rivers have near-
bankfull stages; however, it declines above this level, due to the domination of the TW and
the impoundment of the MW. Hence, it seems that the coverage of MW is positively
correlated with the water stage below the bankfull level and negatively correlated above it.
An exception occurred only once throughout the study period during the June 2020 flood, as
the MW covered a significant area of the confluence, though both rivers were at over
bankfull flood. This case might have occurred due to an exceptional elevation in the Maros
momentum, enabling it to overcome the impoundment effect of the Tisza. The MIX water,
on the other hand, showed its lowest coverage during floods, while the greatest coverage

typically occurs during low stages.
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Figure 5.22. The areal coverage (%) of the Tisza water (TW), Maros water (MW), and mixture (MIX)

in the confluence area was compared to measured and calculated hydrological parameters.
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The lateral mixing in the confluence area was investigated by calculating the mean lateral
coverage (%) of the TW, MW, and MIX within five transects (T1-TS5; Figure 3.1D) (Figure
5.23). There was a decreasing trend in the lateral coverage of TW and MW towards
downstream (T5), which was substituted by an increasing trend in MIX water, indicating
gradual mixing downstream. Specifically, the lateral coverage of TW slightly increased by
3% between T1 and T2, gradually dropped by 29% between T2 and T4, and nearly stabilized
at 32% between T4 and T5. However, this pattern is occasionally substituted by full TW
coverage across all five transects during floods (Appendix: Figure A4).
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Figure 5.23. The mean lateral coverage (%) of the Tisza water (TW), Maros water (MW), and their
mixture (MIX) was investigated along five transects (T1-T5) in the confluence area (2015-2021).

The lateral coverage of MW decreased from 36% at T1 to 11% at T2 due to the
domination of TW at this section, then it stabilized at ca. 11% between T2 and T4. However,
it declined by half (5%) at TS5 due to the domination of MIX water. This pattern could also
change during floods, with the MW covering ca. one-third of the channel at all transects (i.e.,
T1-TS5) (Appendix: Figure A4).

The least lateral coverage of MIX water occurred at T1, as the TW and MW just
interacted (Appendix: Figure A4). Afterward, it gradually increased by 13.8% per kilometer,
reaching its peak (63%) at T5. The domination of MIX usually occurs during low stages in
summer and autumn, while it almost has no coverage during floods, due to the prevalence of
TW and/or MW (Appendix: Figure A4).

The longitudinal mixing was investigated through the distance (L) of the last MW pixel
downstream of the confluence, which was estimated by the 143 Sentinel-2 images (2015—
2021) (Figure 5.24). The distance L fluctuated significantly throughout the study period,
ranging from just a few meters to several kilometers (1-26 w), with a mean extent of 1.3 km
(7.8 w). Also, the temporal variation of L was closely associated with the areal coverage of
MW, as it is an integral aspect of the MW dynamics.

The strength of the correlation between mixing water variables (i.e., TW, MW, MIX, and
L) and various hydrological parameters of the rivers was investigated by the Pearson
correlation test (Table 5.7). Besides, the correlations between these variables and the
hypothesized most effective hydrological parameters were depicted (Appendix: Figure AS).
The mixing water variables showed moderate to strong correlation with H, S, O,
QMako/Qszeged, and Qaigys-Qmaks, and very weak correlation with AH and AHaigys-AHmake.
Remarkably, TW showed a better correlation with MIX (-0.91) than MW (-0.46), and both
(i.e., TW and MIX) had similar correlation patterns with the hydrological parameters.
Meanwhile, MW displayed its highest correlation (0.85) with L, and both also had similar
correlation patterns with the hydrological parameters.
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Figure 5.24. The longitudinal (L) extent of the Maros water (MW) into the Tisza water (TW), was

estimated by 143 Sentinel-2 images (2015-2021).

Table 5.7. Correlation matrix between mixing water variables [i.e., Tisza water (TW), Maros water
(MW), mixture (MIX), and longitudinal extent of MW into the Tisza (L)], measured and calculated
hydrological parameters in the rivers (e.g., water stage, discharge, and slope).

W MW MIX L
W 1.00

MW -0.46 1.00
MIX -0.91 0.04 1.00
Haigys 043 0.12 -0.54
HSzeged 0.40 0.13 -0.51
Hwmaks 0.02 0.47 -0.24
Stisza 0.57 0.03 -0.66
SMaros -065 027 060
AS 0.65 -0.18 -0.64
AHagys 0.01 -0.10 0.03
AHszegea 0.01 -0.10 0.04
AHmaxs -0.12 0.07 0.10
AH Aigys-AHmaks 0.11 -0.15 -0.05
Qalgys 0.48 0.10 -0.58
Qszeged 0.42 0.13 -0.54
Qmaks 0.01 0.50 -0.24
QMaké/QSzeged -073 031 067
AQ 0.57 20.02 -0.63

L 20,36 0.85 20.01 1.00

It seems that the most influential hydrological parameters on the areal coverage of TW
and MIX are the Q ratio, S, and S difference. However, it is noteworthy that the Q ratio
influences the mixing water variables regardless of the water stage condition, meanwhile, the
influence of S and S difference relies on it, whether it is low or high. The superiority of the O
ratio affecting the mixing process downstream was also reported by Best and Reid (1984).
The areal coverage of MW and its longitudinal extent L, on the other hand, are influenced the
most by the Maros hydrology (e.g., Hmake and Qwmaks), with low sensitivity to the rest of the
hydrological parameters. This behavior may return to the quick fade of MW in the
confluence area, which does not proportionally correlate with the significant fluctuation in
the hydrological parameters of the rivers.

To gain deeper insight into the influence of hydrology on the mixing process in the
confluence area, specific hydrological events were analyzed. These events encompassed very
different (i.e., low stages vs. high stages and vice versa) and similar (both have low or high

stages) hydrological conditions in both rivers. Throughout the study period, the greatest stage
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difference between the Tisza (491 cm) and Maros (33 cm) occurred on 18/3/2016. During this
event, the TW dominated the confluence area (89.3%), the MW had limited coverage (6.4 %;
between T1 and T3), and very limited mixing occurred (MIX: 4.4%). The opposite condition
occurred on 14/7/2018 when a relatively high stage was recorded in the Maros (150 cm) and a
relatively low stage in the Tisza (193 cm). During this event, the MW dominated the
confluence area (79.3%) with an average lateral coverage of 65% along the five transects (T1—
T5). The TW covered only 12.1% of the confluence area and the mixing was limited too (MIX:
8.5%). The Simultaneous floods in both rivers (Tisza: 585 cm; Maros: 324 cm) occurred just
once during the study period on 30/6/2020. During this event, the mixing was severely
restricted (MIX: 5.6%), as the confluence area was occupied by TW (38.8%) and MW
(55.6%). The lowest water stages in the Tisza (72 cm) and Maros (-96 cm) occurred on
19/10/2019 throughout the study period. During this event, the MIX dominated the confluence
area (67.7%) with limited coverage of TW (24.2%) and MW (8%) (Appendix: Figure A4).

5.4.3. Mixing water patterns

The spatiotemporal variation of the water types (i.e., TW, MW, and MIX) exhibited
characteristic patterns throughout the year. Thus, three primary classes were established
including 11 mixing patterns. These classes were defined based on the domination of each
water type in the confluence area, resulting in TW, MW, and MIX mixing classes (Figure
5.25 and Table 5.8). Based on the spatial distribution of the water types and the likelihood of
their upwelling at the end of the study area, 5 mixing patterns were determined within the
TW and MIX classes, while only one pattern was observed within the MW class.

TWI1 TW2 TW3

75 =175 TW MIX MW Shadow
0.0 1.0 2.0 km

0.0 1.0 2.0 3.0

Figure 5.25. The most common mixing patterns in the Tisza—Maros confluence area are based on the
domination of the water types [i.c., Tisza water (TW), Maros water (MW), and mixture (MIX)] in the
confluence area. Each class was subdivided into several patterns considering the spatial distribution
and upwelling of water types.
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Table 5.8. Characteristics of the eleven mixing patterns, their frequency, and appearance months.
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I'T1-T5: Those transects are indicated where the given water type appears. The % refers to the lateral contribution of the
water type within these transects.
2 Those months are highlighted in bold when the given pattern appears frequently.

Within the TW class (TW1-TW5), the water of the Tisza dominated the confluence area
(Figure 5.25 and Table 5.8). While no upwelling appeared in the first three patterns (TW1—
TW3), the water of the Tisza upwelled in the TW4 pattern and the water of the Maros
upwelled in the TWS5 pattern. In the TW1 no real mixing occurs, and the TW covered almost
all the confluence area (T1-T5: 70-100%). The rest of the area is covered by MW (0-30%);
however, it was restricted to the first transect T1. This pattern is the most common among the
eleven identified patterns (frequency: 18%) and usually occurs in winter, especially between
January and March, when the Tisza has an elevated discharge (mean Qwmuaks/Qszeged: 0.16;
mean AQ: 618 m¥/s), water stage fluctuation (mean AHagys-AHwmaks: 1.9 cm) and slope (mean
AS: —9.6 cm/km) compared to the Maros.

Apart from the TW1 pattern, considerable mixing occurred at the remaining patterns of
the TW class (i.e., TW2-TWS5). However, these patterns differed mainly on the degree of
MW coverage and the chance of TW or MW to upwell at the downstream end (Figure 5.25
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and Table 5.8). In the TW2, the MW appeared at the first four transects (T1-T4) with an
average lateral coverage of 41%. Meanwhile, the MIX appeared at all transects, with its
lateral coverage gradually increasing from 5% (at T1) to full coverage downstream (at T5).
This pattern usually develops in February and March when the Tisza has lower discharge
(QMako/Qszeged: 0.19) and water stage fluctuation (AHaigys-AHwmaks: -5.6 cm/day) compared to
the TW1 pattern. However, the slope difference was similar to TW1 (AS: —8.2 cm/km). This
pattern has the second highest frequency of occurrence (17.9%).

In the TW3 pattern, the MW showed quite limited coverage, as it appeared just within the
first transect (T1) (Figure 5.25 and Table 5.8). The rest of the confluence area was divided
into two parts: T1-T3 dominated by TW and T3-T5 dominated by MIX. This pattern has a
moderate probability of occurrence (4.9%), and usually develops in December when the
Tisza has lower discharge than the TW1 and TW2 patterns (Qmaks/Qszeged: 0.22; mean AQ:
476 m>/s), though minor flood wave appeared on the Tisza (AHalgys-AHwmaks: 3.9 cm/day).
However, the Maros still maintains an elevated slope (AS: —11.6 cm/km).

Within the TW class, two upwelling patterns were identified, including the TW4 and
TWS5 (Figure 5.25 and Table 5.8). In the TW4 pattern, TW was blocked by MIX water near
the junction; meanwhile, in the TW5 pattern, MW was blocked by TW; however, both water
types reappeared at the downstream end (T3-T5). The explanation of these upwelling
phenomena may return to different densities of the water types from different origins,
resulting from variations in the transported SS load, depth, and water temperature of the
rivers. As a result, the lower density water stratifies above the higher one. These patterns
have a low to medium probability of occurrence (2.1-5.6%) and usually develop in
September and November when the rivers are in low stages. The lowest discharge difference
(AQ: 323 m?®/s) and the highest slope difference (AS: —12.9 cm/km) among the TW class
occurred during these mixing patterns. However, they had comparable discharge ratio
(QMaks/Qszeged: 0.2) and water stage difference (AHaigys-AHwmako: —4.4 cm/day).

Within the MW dominant class, only one mixing pattern was noticed (MW6) (Figure
5.25 and Table 5.8). In the MW6 pattern, MW covered all transects (T1-T5) with a lateral
coverage of 30-80%, while the TW covered the first four transects (lateral coverage: 10—
75%), and the MIX presented at all transects (lateral coverage: 10-60%). This mixing pattern
is similar to the TW2 pattern; however, they can be differentiated by the significantly higher
coverage of MW in the MW6. The MW6 pattern has a moderate probability of occurrence
(4.9%) and usually develops during summer in June and July, when the Maros has an
elevated discharge (Qwmako/Qszegea: 0.34; mean AQ: 454 m’/s) and a steep slope (AS: —13.7
cm/km), allowing it to overcome the impoundment effect of the Tisza. However, owing to
the elevated momentum of the Tisza during these periods, the MW could not penetrate
deeper into the confluence area, instead, it extended longitudinally with a considerable strip.

Similar to the TW class, the MIX class comprises five mixing patterns (i.e., MIX7—
MIX11) (Figure 5.25 and Table 5.8). While the MIX7-MIX9 patterns have no upwelling of
any of the water types, the TW is upwelled in the MIX10, and the MW is upwelled in the
MIX11. In the MIX7 the MIX water appeared at all transects (lateral coverage: 5—100%), the
TW at most transects (i.e., S1-S4; 10—-60%), and the MW at a short section between T1 and
T2, with a wide strip (5-85%). This pattern has a moderate probability of occurrence (6.3%).
Notably, MIX7-MIX9 patterns usually occur during low stages, when the discharge ratio is
high (QMake/Qszeged: 0.31), and the slope difference is low (AS: —13.9 cn/km).

The fact that the significant areal coverage of MIX usually occurs during low stages and
the lowest coverage during floods in the Tisza—Maros confluence contradicts the findings of
Park and Latrubesse (2015) in the Solimdes—Negro confluence. However, this discrepancy
may be raised from the elevated confluence angle of the Tisza—Maros and its gentler slopes
than the Solimdes—Negro. These factors may enhance the probability of Maro's
impoundment during floods, leading to limited mixing. Meanwhile, during low stages, the
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elevated slope of the Maros, and the low impounded Tisza enables better mixing.

The spatial pattern of MIXS8 is similar to MIX7; however, the main difference is the
longer extent of MW downstream (T1-T4: 30—40%) in MIXS, in comparison to the limited
extent in MIX7 (T1-T2: 5-85%) (Figure 5.25 and Table 5.8). Also, the MIX8 has a similar
spatial pattern as TW2 and MW6; however, the specialty of this pattern is the domination of
the areal coverage of MIX water over TW and MW. This pattern has the second highest
probability of occurrence (9.8%) among the MIX class, and usually develops in early
summer (July and August).

The MIX9 is the most common pattern in the MIX class (frequency: 16.1%) (Figure 5.25
and Table 5.8). The pattern is characterized by the limited longitudinal extent of both MW
(T1-T2: 5-30%) and TW (T1-T3: 5-95%), which is substituted by significant coverage of
MIX (T1-T5: 5-100%). This pattern is typically in later summer (August and September).
Interestingly, the highest discharge ratio (Qmake/Qszeged: 0.35) and the lowest slope difference
(AS: -14.9 cm/km) occurred within this pattern, so far, which indicates that the elevated
contribution from the Maros River doesn't necessarily translate as a domination of MW, but
also the MIX.

The MIX10 and MIX11 patterns represent the upwelling of TW and MW within the
MIX class (Figure 5.25 and Table 5.8). While the TW was blocked by MW near the junction
in MIX10, the MW was blocked by MIX water in MIX11; however, both reappeared at the
downstream end. The interpretation of the upwelling phenomenon may be attributed to the
density difference of the water types (i.e., TW, MW, and MIX), similar to TW4 and TW5
patterns. Remarkably, the full lateral coverage of the MW (100 %) at the junction occurred
only within the MIX10 pattern, though it still has a relatively short longitudinal extent (T1—
T2). The spatial pattern of MIX11 resembles TWS5; however, the significant coverage of TW
and MW in TWS is substituted by MIX water in MIX11. Both MIX10 and MIX11 usually
occur during low stages, particularly in July and August in MIX10 and in August in MIX11.
Yet, the MIX10 has a significantly higher probability of occurrence (12.6%) than MIX11
(1.4%). Both patterns tend to develop under similar hydrological conditions (i.e., MIX10:
QMaks/Qszeged: 0.25, AHalgys-AHmMako: -2.5 cm and AS: -13.7 em/km; MIX11: Qmaks/Qszeged:
0.25, AHaigys-AHmaks: -1.0 cm and AS: -13.0 cm/km).

5.4.4. Predictive equations for the mixing water types

Predictive equations were produced for the mixing water variables (i.e., TW, MW, MIX,
and L) in the confluence area, based on the measured and calculated hydrological parameters
in both rivers (Table 5.9). The equations were established for three scenarios: all
hydrological conditions (considering all data), low and medium discharge conditions
(considering cluster I data), and high discharge conditions (considering cluster II data). This
separation was established since some hydrological parameters (e.g., slope and slope
difference) showed better correlations with the mixing water variables when flood periods
were separated from low and medium discharges (Table 5.7 and Appendix: Figure AS).

Based on the R? values, the predictive accuracy is high for TW (0.6-0.63) and MW
(0.61-0.7), and relatively low for MIX (0.4-0.55) (Table 5.9). Notably, the longitudinal
extent of MW into the Tisza (L) could be predicted with the best possible accuracy (0.64—
0.82) based on the areal coverage of MW, rather than the hydrological parameters.

The accuracy of the derived equations can be ranked as moderate to good; however, the
complexity of the mixing process in the confluence area impedes better accuracy to be
achieved. Specifically, the hydrological parameters do not exclusively influence the mixing
process, but also several interacting factors, e.g., channel morphology and its dynamics along
with temporal variations in sediment load, hydrology, and water temperature.

The predictive equations offer valuable support for planning sampling campaigns in the
Tisza—Maros confluence area. This can be achieved by providing a near-future mixing
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pattern based on measured or predicted hydrological parameters from the three neighboring
gauging sites (Algy6, Szeged, and Mako). The main benefit of predicting the mixing pattern
prior to the initiation of the sampling process is to avoid misinterpretations and wrong
conclusions about the studied substance (e.g., pollutant, MP, SS, and phytoplankton).

Table 5.9. Predictive equations for the mixing water variables [i.e., Tisza water (TW), Maros water
(MW), mixture (MIX), and longitudinal extent of MW into the Tisza (L)], based on measured and
calculated hydrological parameters in the Tisza and Maros Rivers.

Data Group Model R’

TW =1076.84 - 87.55 (Quaks / Qszeged) T 0.048 (AQ) - 12.96 (Hmako) 0.63
All Data MW =-750.23 + 0.25 (Qumako) - 0.09 (Qszeged) T 8.03 (Srtisa) - 52.94

(QMa.ko/ QSZ/aged) +10.46 (HSzeged) 062

MIX = 24.06 + 97.93 (Quisks / Qsseged) - 6.93 (Siszs) 0.55

L = -83357.44 + 1077.04 (Hguks) - 4.56 (AQ) + 940.93 (Sriszs) 0.41

L =97.92 (MW) - 4.61 0.73

Cluster I ~ TW = 14784.38 + 13.12 (Swaros) - 190.83 (Htako) + 0.18 (Qsegeat) + 0.94 (Qwiars)  0.61
(Quos< 747 MW =2658.90 + 0.44 (QMako) - 33.99 (HMako) 0.61
m’/s and MIX =23.42 +99.45 (Qmaks/ szeged) - 5.80 (Stisza) 0.40
Ovai<150 L= 1374.5+23.97 (Quiaks) - 5976.38 (Quinks/ Qszeged) - 3.40 (AQ) 0.56
') L= 10826 (MW) - 256.7 0.82
Cluster I  TW =117.51 - 284.14 (Qumaks/Qszeged) 0.60
(Quigs>747 MW =53.36-2.09 (AS) + 0.20 (Qutaks) - 0.06 (Qszeged) 0.70
m/sand  MIX =-865.36 - 0.06 (AQ) + 12.12 (Hszexed) 0.40
Ova> 150 L=996.37 + 1124643 (Quiaks/Qszeaed) - 1.5 (AQ) 0.53
m’ss) L = 82.605 (MW) + 52624 0.64

5.5. Spatiotemporal distribution and correlation of surficial suspended sediment and
microplastic concentrations along the Tisza

5.5.1. Temporal distribution and correlation of surficial suspended sediment,
microplastic concentrations and water stage at Mindszent (temporal monitoring site)

Altogether, 140 in-situ measurements were conducted between May 2021 and May 2023
at Mindszent (Figure 3.1C). Throughout this period, the maximum water stage fluctuation
was 646 cm (Hmin: -31 cm; Hmax: 615 cm; Figure 5.26). Low stages were typical in summer
and autumn (Hmean: 16.7£51 cm), and they were interrupted by 9 minor (Hmean: 118484 cm),
and 10 medium flood waves (Hmean: 339£150 cm), typically in winter and spring. Among
them, only two waves (May 2021 and March 2023) exceeded the bankfull level (H>560 cm)
by a few centimeters (4—54 cm), while the rest were below the bankfull stage.
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Figure 5.26. Temporal changes of surficial suspended sediment (SS) and microplastic (MP)
concentrations during various hydrological conditions (i.e., low stage and flood waves) at Mindszent
(May 2021-May 2023).
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During the study period at Mindszent, the surficial SSC fluctuated between 11 and 323
g/m> (SSCinean: 60£57 g/m?) and MP concentration ranged between 2 and 129 item/m> (MPmean:
35427 item/m®) (Figure 5.26). The surficial SS and MP concentrations followed a similar
pattern as the stage hydrograph. Thus, the lowest concentrations occurred during low stages
(SSCiow: 34+14 g/m3; MPioyw: 21+£16 item/m’) (Figures 5.26 and 5.27). Meanwhile, they
increased by 32% (SSCminor:45+27 g/m?) and 95% (MPminor: 41230 item/m?) during minor
floods and further increased by 116% (SSCimedium:97+75 g/m?) and 15% (MPmedium: 47+27
item/m?) during medium floods. This is related to the low flow velocity (<0.02 m/s) and stream
power during low stages, which stimulate sediment and MP deposition. Meanwhile, during
floods, the high flow velocity (>0.25 m/s) and highly turbulent flow mobilize the deposited
sediments and MP from the riverbed into the water column. Additionally, slope sediments in
the upland sub-catchments are mobilized, including MP sources (Mohsen et al., 2023a).

The average surficial SSC was comparable during the rising (43+22 g/m?) and falling
(47+30 g/m?) phases of the minor floods; however, the MP concentration during the falling
phase was 38% higher than during the rising phase. During the minor floods, the highest
surficial SSC occurred during the peak phase (SSCpeak: 51£17 g/m?), in contrast to the lowest
MP concentration (MPpeak: 2246 item/m?). During medium floods, the mean surficial SSC
during the rising phase was 1.6 times higher than the falling phase, due to the greater
availability of sediment accompanied by an elevated stream power during the rising phase.
The mean MP concentration was identical (45+27 item/m®) during the rising and falling
phases, yet both surficial SS (171£93 g/m®) and MP (58+25 item/m?) concentrations were the
highest during the peak phase. These temporal distribution patterns indicate a higher
dependency of surficial SSCs on water stage changes than MP's (Talbot and Chang, 2022).
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Figure 5.27. Average surficial suspended sediment (SS) and microplastic (MP) concentrations during

different hydrological scenarios in the Mindszent site (May 2021-May 2023).

Remarkably, the magnitude of flood waves was not associated with the quantity of
transported surficial SS and MP. Typically, the initial flood wave following a prolonged dry
period carries higher surficial SS and MP loads compared to subsequent waves. For instance,
the January 2022 flood wave transported concentrations twice and 1.4 times higher for
surficial SS and MP, respectively than the subsequent April 2022 wave, though their water
stage magnitudes were similar (Figure 5.26). This highlights the importance of the first flush
in the fluvial system of the Tisza caused by the higher availability of sediment and MPs in
the channel and the upper sub-catchments at the beginning of flood wave, depleting with
subsequent waves (Talbot and Chang, 2022). This observation aligns with the findings of
Vercruysse et al. (2017), emphasizing the significance of event sequence.

During flood waves, the surficial SSC peak typically aligns with or precedes the water
stage peak, while the peak of MP concentration may precede or follow it (Figure 5.26). This

discrepancy could be attributed to variations in the transport lengths of SS and MPs
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(Ockelford et al., 2020; Chen et al., 2021), as light MPs are likely to transport easier and
earlier than SS (Waldschldger and Schiittrumpf, 2019).

The Spearman's rank correlation coefficient between surficial SSC and H was higher
(p=0.7) than that between MP and H (p=0.55) across all hydrological periods (Figure 5.28A).
For the individual periods, the lowest correlation between surficial SSC and H occurred
during low stages (p=0.16), while the highest was observed during medium floods (p=0.6)
(Figure 5.28A, Appendix: Table A3A). In contrast, the correlation between MP and H
showed the lowest correlation during medium floods (p=0.1) and the highest during minor
floods (p=0.38). Regarding flood phases, both surficial SS and MP concentrations exhibited
the highest correlations with H during the peak phase, while their correlations during the
rising and falling phases were lower, yet comparable (Figure 5.28B, Appendix: Table A3B).
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Figure 5.28. Correlations between water stage (H), surficial suspended sediment (SS), and
microplastic (MP) concentrations during various hydrological periods (A) and flood phases (B) at
Mindszent (May 2021-May 2023).

Based on the correlation findings, it becomes clear that both surficial SS and MP
concentrations are positively correlated with H. However, the surficial SSC showed stronger
correlations than MP's, implying that the transport of SS in the Tisza is influenced more by
the hydrological conditions than that of MP's. Similar positive correlations have been
observed in studies by Ockelford et al. (2020) and Laermanns et al. (2021), though negative
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correlations have been reported by others (Barrows et al., 2018; Wu et al., 2020).

The Kruskal-Wallis H and post hoc tests revealed a significant difference in the surficial
SSC among different hydrological periods. Meanwhile, it was evident between low stages
and both the minor and medium floods in the case of MP concentration (Figure 5.29A,
Appendix: Table A4-Table AS). During flood phases, a statistical difference in the surficial
SSC was found only between the peak and falling phases, while no difference was noticed in
the case of MP concentration among the three pairs (Figure 5.29B, Appendix: Table A6).

A strong positive correlation was found between surficial SS and MP concentrations
(pssc-mp=0.6) across all hydrological periods (Figure 5.28A). Considering the individual
periods, a negligible correlation occurred during low stages (piow=0.0). However, during
floods, the correlation strengthened, though the correlation during the minor floods
(Pminor=0.61) was higher than the medium floods (pmedium=0.5) (Figure 5.28A; Appendix:
Table A3B). The negligible correlation during low stages can be interpreted by the
dominance of non-flood-related sources of MPs (e.g., wastewater input) and SS (e.g., bank
erosion and tributaries), which have dissimilar impacts on surficial SS and MP transport in
the Tisza. Meanwhile, during floods, probably the surface runoff and resuspension of
deposited SS and MP have a common influence on both variables, leading to an elevated
correlation. The discrepancy in correlation coefficients during minor and medium floods may
be related to the appearance of surface runoff in the medium floods, and its absence in the
minor floods. This additional source has a dissimilar influence on SS and MP transport
owing to their heterogeneous distribution within different sub-catchments.
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Figure 5.29. Distribution of surficial suspended sediment (SS) and microplastic (MP) concentrations
during various hydrological periods (A) and flood phases (B) at Mindszent (May 2021-May 2023).
Alphabetical letters indicate the statistical differences.

During flood phases, the correlation between surficial SS and MP concentrations was
very strong (ppeak=0.81) during the peak, while it declined to strong during the rising and
falling phases, though the correlation coefficient during the rising phase (prising=0.6) was
higher than the falling phase (pfing=0.43) (Figure 5.28B). The elevated correlation
coefficients during the peak and rising phases can be attributed to the elevated kinetic energy
in the river and the simultaneous influence of resuspension from the bottom sediment and/or
surface runoff on surficial SS and MP transport. Meanwhile, during the falling phase, kinetic
energy diminishes exponentially, and consequently the active layer thickness of the bottom
sediment declines (Ockelford et al., 2020). Thus, flood-related sources of SS and MP (i.e.,
resuspension and surface runoff) are supplanted by low stage-related sources (e.g., WWTPs,
bank erosion, and tributaries) which have dissimilar influences on surficial SS and MP
transport in the Tisza.

The temporal measurements at Mindszent revealed a predominance of colored fiber
(66%) and fragment (28.8%) over non-colored fiber (4.8%) and microbead (0.4%) (Figure
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5.26). This is in line with the previous data of Balla et al. (2022) and Kiss et al. (2021) who
reported the domination of colored fiber in freshly deposited sediment and water of the Tisza,
suggesting wastewater as a major source of MP in the river. The domination of fibers among
the MP morpho-types has been reported in other rivers, including the Yangtze and Ganges
Rivers (He et al., 2021; Napper et al., 2021). The elevated proportion of fragments at
Mindszent is likely connected to local anthropogenic activities, such as ferry movement,
fishing, and tourism as the sampling site is in a port zone.

The occurrence of colored fiber (74%) and microbeads (0.65%) revealed a strong
association with flood waves, while non-colored fiber (9%) and fragments (38%) with low
stages. The Kruskal-Wallis H and post hoc tests revealed a statistical difference among the
pre-defined hydrological periods (i.e., low stage, minor flood, and medium flood), but only
for colored fibers and fragments (Appendix: Figure A6, Table A7, and Table AS8). While
colored fibers showed a statistical difference between low stages and both minor and medium
floods, fragments differed only between low stage and medium floods. This variability in
morpho-types across the hydrological periods may be indicative of the appearance of
additional wastewater sources during floods (e.g., deliberate or accidental wastewater
drainage), contributing to the observed statistical differences, particularly in colored fiber.

On the other hand, no statistical difference was found in morpho-types among various
flood phases (i.e., rising, peak, and falling) (Appendix: Figure A6). However, colored fiber
(80%) and microbeads (0.39 %) were strongly associated with the peak phase, while
fragment (29%) and non-colored fiber (4%) were associated with the rising and falling
phases, respectively.

5.5.2. Spatial distribution and correlation of surficial suspended sediment and
microplastic concentrations along the Tisza

5.5.2.1. Bi-annual spatial changes of surficial suspended sediment concentration in the Tisza

The surficial SSC at the Tisza River sections (S1-S5) ranged between 26 and 44 g/m’
(mean: 35+4.4 g/m?) in 2021; meanwhile, it showed a wider range (24—65 g/m?) and 16%
higher mean concentration in 2022 (40 = 9.8 g/m?) (Figure 5.30). This difference may be
linked to variations in the timing of sampling campaigns, though both were performed during
low stages. The 2022 campaign was conducted in July just after heavy rainfalls in the
catchment along with the beginning of the summer season, coincided with intensive touristic
activities (e.g., motorboats and jet skis), leading to sediment resuspension. The 2021
campaign, on the other hand, was conducted at the end of the summer season in August when
sediment deposition was prevalent.
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Figure 5.30. Distribution of the surficial suspended sediment concentration (SSC) at the five sections
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A similar surficial SSC distribution pattern was observed in both years, especially in the
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first four sections, as the highest concentrations were recorded in the S1 and S3 sections,
albeit with greater magnitudes in 2022 (Figure 5.30). The lowest concentration in 2021 was
recorded in S5, while it was in S2 in 2022. In 2021, the one-way ANOVA and Tukey post
hoc tests revealed a statistical difference only in S1 and S5. Specifically, S1 differed
significantly from S2, S4, and S5, while S5 differed significantly from S3 and S4 (Appendix:
Table A9 and Table A10). In 2022, the statistical difference occurred only between S1 and
both S2 and S4 (Appendix: Table A10).

Based on the surficial SSC measurements in 2022, tributaries showed three times higher
concentrations (119.8 + 59.6 g/m?) than the Tisza (40+9.8 g/m?). The influence of tributaries
on the SS transport was evaluated by comparing the surficial SSC at the sites located
upstream and downstream of the confluences in 2021 and 2022 (Figure 5.31). Remarkably,
various tributaries revealed different contributions. For instance, while the Szamos and
Kraszna raised the surficial SSC downstream by 2.9-11.1% in both years, the Tarac, Sajo,
and Koros declined it by 15.3-27.3%. In the meantime, some tributaries (e.g., Bodrog,
Zagyva, and Maros) exhibited an adverse contribution in both years. For example, Maros
raised surficial SSC downstream by 87.2% in 2022, whereas it declined by 9.8% in 2021.
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Figure 5.31. Spatial distribution of the surficial suspended sediment concentration (SSC) along the
Tisza River at 26 sites in 2021 and 2022. The surficial SSC in the main tributaries was measured and
represented only in 2022.

Dams induce sediment deposition upstream, as evidenced by a surficial SSC decline
upstream of the Kiskore and Novi Becej Dams by 2.5-33.5%, (Figure 5.31). However, in the
upstream end at the Tiszalok Dam, the surficial SSC increased by 8.1-38.5% (2021 & 2022).

5.5.2.2. Bi-annual spatial changes of microplastic concentration in the Tisza

The MP concentration in 2021 varied between 0 and 61 item/m’® (mean: 19+13.4
items/m?); however, it showed a slightly wider range (4-63 items/m>) and 18% higher mean
concentration in 2022 (22.4+14.8 item/m?®). This pattern resembles the surficial SSC pattern
in both years, probably due to the differing timing of both campaigns. Based on our spatial
(mean: 20.7+14.1 item/m?) and temporal (mean: 35+27 item/m>) MP measurements, the
Tisza can be categorized as a moderately polluted river by MP among European Rivers. For
instance, it has a higher contamination level than the Rhine (11.5+6.3 item/m?; Schrank et al.,
2022) and the Elbe Rivers (5.57 + 4.33 item/m>; Scherer et al., 2020), while it was less
polluted than the Danube (48.7 £ 53.7 item/m?; Schrank et al., 2022). Internationally, the
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Tisza can be classified as a slightly polluted river globally, as the median global MP
pollution range is 0.17-3.4 x 10° items/m> (Rodrigues et al., 2019).

The longitudinal pattern of MP concentration among the river sections (S1-S5) was
similar in both measuring years (Figure 5.32). A significant drop occurred between S1 and
S2 (in 2021: 52.3%), followed by a gradual decline between S2 and S4 (2021: 22%; 2022:
29.5%), and a subsequent increase between S4 and S5 (2021: 55.9%; 2022: 28.4%). The
Kruskal-Wallis H test revealed the absence of any statistical differences in the MP
concentration among the river sections in both measuring years.
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Figure 5.32. Distribution of the microplastic (MP) concentration at the five sections (S1-S5) of the
Tisza River based on 26 sites in 2021 (A) and 21 sites in 2022 (B). Alphabetical letters refer to
statistical differences.

The longitudinal MP concentration data along the Tisza in 2021 and 2022 revealed that
the upper and lower reaches are the most polluted, while the middle reach experience
comparatively lower pollution. This can be interpreted by the suboptimal wastewater
management practices (wastewater treatment <30%; Interreg, 2018) in Ukraine, northeastern
Hungary, and Serbia, along with the application of primary and secondary treatment
technologies in these countries, which could retain up to 83.5 % of MPs (mainly fiber) (Tang
and Hadibarata, 2021). Also, waste disposal sites in the upper mountainous sub-catchments,
directly connected to the river channel, contribute to conveying runoff-related MPs into the
Tisza during storm events.

On the other hand, in the middle reach sub-catchments, wastewater management
practices are more developed, and the third treatment technology is implemented. Therefore,
this reach has a moderate MP contamination level. Also, this reach benefits from a 2940 km
long artificial levee system, acting as a buffer for the river channel and its tributaries,
effectively separating it from MP pollution sources.

The mean MP concentration at the section scale obscures its great spatial variability
along the Tisza in both measuring years; hence, it was depicted at the site scale (Figure 5.33).
In 2021, the most polluted sites were in the Upper Tisza at site “b” (Gyilove; 61 items/m?)
and in the Middle Tisza at site “i” (Aranyosapati; 42 items/m®). In 2022, the most polluted
sites remained at the upper and middle reaches too; however, they shifted downstream to site
“f’ (Tiszabecs; 45 items/m?) and site “u” (Mindszent; 63 items/m?), respectively. Besides,
site “x” (Ada; 46 item/m?) in the Lower Tisza became very contaminated. On the other hand,
the least contaminated sites in 2021 [e.g., “g” (Tivadar) and “p” (Tiszaroff)] became
moderately polluted in 2022. Similarly, some moderately contaminated sites in 2021 [e.g.,
“s” (Tiszaug) and “v” (Szeged)] became less contaminated in 2022. This great
spatiotemporal variability may be connected to changes in flow conditions, pollution sources,
anthropogenic activities, and wastewater management practices along the river and among
the measuring years.
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Figure 5.33. Differences between the longitudinal distribution of surficial suspended sediment (SS)
and microplastic (MP) concentrations along the Tisza River (26 sites in 2021 and 21 sites in 2022).
The surficial SS and MP concentrations of the main tributaries were measured only in 2022,

Based on the MP concentration measurements in 2022, tributaries had 1.2 times higher
concentrations (mean: 27 + 19 item/m?®) than the Tisza (mean: 22.4 + 14.8 item/m?). In 2021,
most tributaries (e.g., Nagyag, Szamos, Kraszna, Bodrog, and Maros) raised the MP
concentration in the mainstream by 19-600 % (Figure 5.33). Meanwhile, in 2022, only the
Korés and Kraszna raised it by 56% and 163% respectively, though these rivers had
relatively low MP concentrations (11 items/m3). On the other hand, in 2021, the Tarac, Sajo,
and Zagyva declined the MP concentration by 14-55 %; however, in 2022 this decline effect
was typical in the Bodrog (—27%), and Maros Rivers (—87%).

Dams revealed an ambiguous influence on the MP transport in the Tisza during both
measuring years (Figure 5.33). This can be inferred from the gradual decline in MP
concentration (58%) upstream of the Kiskdre Dam in 2021, which nearly stabilized in 2022.
On the contrary, upstream of the Novi Becej Dam, MP concentration increased by 30% and
43% in 2021 and 2022, respectively.
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Concerning the MP composition along the river, it was dominated by fiber in both years,
mirroring the composition in the temporal monitoring site in Mindszent. In 2021, ca. 45%
were colored fiber, 40% were non-colored fiber, while microbeads and fragments formed
only 8% and 7%, respectively (Figure 5.33). In 2022, the proportion of colored fiber
increased to 60%, the non-colored fiber (38%) nearly stabilized, while the abundance of
microbeads (1.5%) and fragments (0.4 %) became rare. The Kruskal-Wallis H and post hoc
tests revealed a statistically significant difference only in the microbeads and just in 2021
between S1-S3 and S4-S5 (Appendix: Table All and Figure A7A). Conversely, no
significant difference appeared among the morpho-types in 2022 (Appendix: Figure A7B).

Microbeads were exclusively present in the middle and lower reaches (S3-S5) in both
years; however, the peak occurred at different sections in both years (Figure 5.33). This
particular morph-type primarily originates from cosmetics (Bashir et al., 2021), which
interprets its less abundance in the upper reach, where Ukraine and northeastern Hungary
have the lowest GDP, resulting in less consumption of such products in these regions
compared to other sub-catchments. Fragments were observed throughout the river in 2021,
and in the upper and middle reaches in 2022; however, its highest abundance occurred in the
S2 section in both years (2021: 9.7 %; 2022: 1.6 %). The elevated abundance in the S2
section may be linked to lower waste management practices in Ukraine, where the highest
gap between communal waste production and recycling ratio exists (Eurostat, 2021).

5.5.2.3. Longitudinal correlation between surficial suspended sediment and microplastic
concentrations

The surficial SS and MP concentrations showed characteristic patterns along the river
sections in both measuring years (Figure 5.30 and Figure 5.32). The highest surficial SSC
occurred in the S1 (upper reach) and S3 (middle reach) sections in both years, while the most
MP contaminated sections were the S2 (upper reach) and S5 (lower reach). Typically, sites
with elevated MP contamination were coupled with low to moderate surficial SSC,
exemplified in sites “e” (Mala Kopanya), “i” (Aranyosapati), and “z” (Zrenjanin) in 2021,
and sites “f” (Tiszabecs) and “u” (Mindszent) in 2022 (Figure 5.33).

Generally, tributaries revealed a distinct influence on the surficial SS and MP transport in
the Tisza during both measuring years. The Kraszna (concentrating) and the Zagyva
(diluting) were the only rivers that affected them equally in both years; meanwhile, the rest
exhibited temporally different influences.

Likewise, dams showed a dissimilar influence on the surficial SS and MP transport in the
Tisza during both measuring years. Usually, the SSC declines upstream in their reservoirs
(e.g., Kiskore and Novi Becej Dams) and slightly increases downstream due to clear water
erosion. Meanwhile, the MP concentration displayed an ambiguous pattern at different dams
and in both years.

The Spearman's correlation test between surficial SS and MP concentrations along the
Tisza revealed a moderate negative correlation in 2021 (pssc-mp: —0.35), which was
strengthened in 2022 (pssc-mp: —0.41) (Table 5.10 and Appendix: Figure A8). This negative
correlation might have occurred due to the timing of both measuring campaigns during low
stages when the source of SS and MP are dissimilar. This was also evidenced by the temporal
measurements in the Mindszent site during the low stages.

Considering the correlation between surficial SS and MP concentrations in the individual
sections, the first section (S1) in the Upper Tisza was the only one where a very strong
positive correlation occurred (pssc-mp: 0.99) (Table 5.10). In this section, the highest surficial
SSC (43.5 = 0.5 g/m®) was associated with the highest MP (39 + 22 item/m?) concentration,
owing to the mountainous nature of the sub-catchment and low level of communal waste and
wastewater management practices, allowing storm event to mobilize both slope sediments

and waste storages concurrently. Moving to the second section (S2), the surficial SSC
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declines owing to a significant drop in the channel's slope and the appearance of a floodplain
in the valley. However, there is a simultaneous increase or stability in MP concentration in
this section due to population growth and inadequate wastewater management practices in
Ukraine and northeastern Hungary. The interplay of these natural and human factors resulted
in a moderate negative correlation in 2021 (pssc-mp: -0.36), which was strengthened to a very
strong (pssc-mp: -0.99) in 2022.

Table 5.10. Longitudinal correlation (p) between surficial suspended sediment (SS) and microplastic
(MP) concentrations considering the entire river and its sections (S1-S5) in 2021 and 2022.

. . 2021 2022
Reach River section Surficial SSC Surficial SSC
. -0.35 -0.41
Whole river (S1-S5) MP (p=0.093) (p=0.066)
0.99
S1 MP -
Upper Tisza (p=0.001)
0 MP -0.36 -0.99
(p=0.553) (»<0.001)
0.64 -0.10
S3 MP
Middle Tisza (p=0.173) (p=0913)
4 MP -0.30 0.20
(p=0.47) (p=0.629)
. -0.99 -0.82
Lower Tisza S5 MP (p<0.001) (p<0.089)

A dissimilar correlation pattern with inverse signs occurred in the Middle Tisza sections
(S3-S4) in both years; however, they were mostly weak (Table 5.10). This reflects the
significant dynamism of SS and MP transport within this reach, primarily induced by various
inputs from large tributaries. The weak correlations in these sections may be attributed to the
relatively high SS input from tributaries, coupled with well-established wastewater
management practices in these sub-catchments (77% of households connected to wastewater
systems), resulting in a comparatively low MP pollution.

Lastly, a very strong negative correlation occurred in the Lower Tisza (S5) in both years
(Table 5.10). This reach is heavily influenced by the impoundment effect of the Novi Becej
Dam, leading to sediment and MP deposition. However, the low-degree wastewater
management practices in Serbia resulted in a significant release of wastewater in the river,
and consequently high MP concentrations. The combined influence resulted in a decline in
the surficial SSC accompanied by high MP concentrations; hence a strong negative
correlation occurred.

It should be emphasized that these interpretations might be constrained to our sampling
periods during low stages with a moderate sampling intensity. Hence, further measurements
during floods with a denser intensity are imperative to evaluate the validity of these
interpretations during various hydrological conditions. However, conducting temporal
measurements during floods in a large fluvial system, like the Tisza, has some challenges,
including (1) flood waves usually transport at various velocities, and a sampling campaign
could last for a week; therefore, it would be challenging to collect samples during the same
hydrological phase across all sites; (2) not all tributaries experience floods simultaneously,
potentially limiting flood waves to certain sections of the main river.

5.5.2.4. Influence of slope, tributaries and dams on sediment and microplastic transport

The transport of surficial SS and MP did not reveal a downstream trend along the Tisza.
For instance, elevated MP concentrations occurred in both the upper mountains reach at S1
(slope: >13 cm/km) and the lower reach with a minimal slope (<2.5 cm/km). This transport

95



pattern suggests that the influence of slope on the SS and MP transport was overshadowed by
other factors, such as runoff, human activities, and sediment deposition patterns as reported
by Schrank et al. (2022). In addition, our sampling campaigns were conducted during low
stages, characterized by low slope conditions; thus, it may influence the surficial SS and MP
transport minimally. However, its influence may vary during floods, thus additional
longitudinal sampling during these periods is imperative for a thorough evaluation.

Tributaries have a significant influence on the SS and MP transport in the Tisza;
however, their consistent influence on SS transport was more evident than MP's. Over the
course of both studied years, variations in MP and SS transport of the tributaries and
differences in their impact on the mainstream were noticed, aligning with findings in other
river systems (Mouri et al., 2014; Béjar et al., 2018). Although tributaries had concentrations
three times higher for surficial SS and 20% higher for MP than the Tisza (in 2022), only
slight concentration changes were noticed downstream of the confluences. This is attributed
to low discharge inputs from tributaries during this period. Yet, denser spatial sampling
upstream and downstream of confluences with sufficient replicates are vital to get better
insights about their roles on surficial SS and MP transport in the main river, as the mixing
patterns, flood wave propagation, and Q ratio between the tributary and mainstream might
affect the snapshot-like findings.

Typically, dams influence the longitudinal profile of sediment transport, partially by
stimulating sediment deposition upstream due to their impoundment effect and raising it
downstream due to clear water erosion (Kondolf et al., 2014). However, they showed
contradictory spatiotemporal patterns for surficial SS and MP transport in the Tisza in both
measuring years, though the surficial SS transport pattern was more consistent than MP's.
This discrepancy may be attributed to the more uniform characteristics and settling behavior
of sediment compared to MP's (Kondolf et al., 2014). Also, the transport of MP in reservoirs
is likely influenced by anthropogenic activities (e.g., WWTP effluents) compared to SS's
(Balla et al., 2022), which was evidenced in the Novi Becej reservoir. A similar finding was
reached by Watkins et al. (2019) who reported both the increasing and decreasing MP
concentration trends in their studied reservoirs, with the decreasing trend being dominant.
Yet, denser longitudinal measurements upstream and downstream of dams with sufficient
replicates are warranted to confirm the identified longitudinal transport patterns.

5.6. Remote sensing-based surficial suspended sediment and microplastic
concentrations modelling in the Tisza River

5.6.1. Correlation and spectral characteristics

The Sentinel-2 and PlanetScope bands revealed a negligible (p=0.04) to a very strong (p
=0.74) correlation with surficial SS and MP concentrations, meanwhile, they showed only a
negligible correlation with the Sentinel-1 channels (p=0.03-0.08) (Figure 5.34A). The
surficial SSC was highly correlated with bands of the optical sensors than MP concentration.
The greatest correlation for surficial SSC was observed with Sentinel-2, while for MP
concentration, it was with PlanetScope. Specifically, the VIS-NIR bands, especially B4 and
BS5 in Sentinel-2 and their counterparts B6 and B7 in PlanetScope were the most sensitive to
surficial SS and MP concentration changes. Interestingly, the highest correlation between MP
concentration and Sentinel-2 bands occurred with B9 (p=-0.26); however, this band is not the
best for MP concentration estimation owing to its coarse spatial resolution (60 m) and
heightened sensitivity to water vapor content.

The correlation between the most correlated bands in Sentinel-2 (i.e., B4 and B5) and
PlanetScope (i.e., B6 and B7) with surficial SS and MP concentrations, along with the two
channels of Sentienl-1 were depicted through scatter plots (Figure 5.34B-D). The plots
suggested a non-linear correlation between surficial SS, MP concentrations, and Sentinel-2
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and PlanetScope bands, while no correlation was found with the Sentinel-1 channels.

Remarkably, most bands of the Sentinel-2 and PlanetScope revealed a similar correlation
pattern with surficial SS and MP concentrations, considering band compatibility between
both sensors (Table 4.1 and Figure 5.34A). However, less bands (e.g., B8a in Sentinel-2 and
B8 in PlanetScope) displayed a dissimilar pattern. This disparity may result from the
variability in the spatial and spectral (e.g., bandwidth and SNR) characteristics of both
sensors. Additionally, frequent imaging of PlanetScope provided more data than Sentienl-2,
thus the correlation coefficients were calculated based on different datasets.
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Figure 5.34. Correlation coefficient (p) among surficial suspended sediment (SS), microplastic (MP)
concentrations, and bands of various optical (i.e., Sentinel-2 and PlanetScope) and active sensors (i.e.,
Sentinel-1) (A). The correlation between surficial SS, MP concentrations, and the first two bands or
channels with the highest p were depicted by scatter plots (B-D).

The spectral signature of river water during low (low concentrations of surficial SS and
MP) and high (high concentrations of surficial SS and MP) stages was compared to its
counterpart in the clear water considering bands of Sentinel-2 and PlanetScope satellites
(Figure 5.35). While the clear water showed a negligible reflectance in the red and NIR
bands, the river water revealed a significant reflectance during both hydrological scenarios.
Remarkably, the spectral signature of river water during low and high stages was very
similar, differing mainly in reflectance magnitude. The most substantial difference in
reflectance between clear and river water appeared in bands B3, B5, and B6 (Sentinel-2) and
BS, B6, and B7 (PlanetScope). In addition, these bands had the highest reflectance difference
between low and high stages, which explains their high correlations with the surficial SS and
MP concentrations and suggests an elevated sensitivity to their concentration changes.

5.6.2. Evaluation of the direct models of surficial suspended sediment and microplastic
concentrations

The evaluation metrics for remote sensing-based surficial SS and MP concentration
models were represented, considering individual k-folds (5 data folds) and their average
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(Figure 5.36). Remarkably, passive sensors (i.e., Sentinel-2 and PlanetScope) showed
significantly higher metrics compared to the active sensor (Sentinel-1). While the best-
performing surficial SSC model was derived based on the Sentinel-2 sensor (R*=0.7;
RMSE=35.7 g/m*® and MAE=23.4 g/m?), the MP's was based on the PlanetScope (R?>=0.2;
RMSE=17.4 item/m* and MAE=13 item/m?). However, it is noteworthy that the estimation
accuracy of MP models is still comparatively low.
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Figure 5.35. Spectral signature of river water during low and high stages in comparison to clear water,
considering bands of Sentinel-2 (A) and PlanetScope (B) satellites.
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Figure 5.36. Evaluation metrics for remote sensing-based surficial suspended sediment (SS) (A—C)
and microplastic (MP) (D-E) concentration models based on Sentinel-2, PlanetScope, and Sentinel-1
sensors. The metrics were represented for the five data folds and their average.

Passive sensors estimated surficial SSC with good accuracy, consistent with findings
from previous studies (Atwood et al., 2019; Piehl et al., 2020; Mohsen et al., 2022a).
However, they estimated MP concentration with relatively low accuracy. The reason for this
discrepancy might be the elevated concentration and more uniform distribution of SS in
water compared to MP, making it more effective on backscatter reflectance. This aligns with
the results of Hu (2021) who reported the threshold of MP concentration to be detected by
satellite sensors is >600 items/m?, which is at least three times lower than the measured
concentration in the Tisza. Another reason explaining this discrepancy is that most MP
particles are transported below the water surface or concealed by a fine layer of water,

making its detection by the VIS-NIR bands challenging.
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The Sentinel-2 and PlanetScope satellites offered two different characteristic
combinations of satellite constellations considering the tradeoff between accuracy and cost.
Thus, they estimated surficial SS and MP concentrations with various accuracies. The best-
performing surficial SSC model was based on Sentinel-2. This may return to the spectral
superiority of the Sentinel-2 sensor over the PlanetScope, as it has a higher SNR (Sentinel-2:
12-15 dB and PlanetScope: 10-12 dB), wider bandwidth (Sentinel-2: 50 nm and
PlanetScope: 31 nm; Table 4.1) (Mohsen et al., 2023c¢), and additional bands (i.e., red edge:
B6 and B7; NIR: B8), which improve image quality.

On the other hand, the best-performing model for MP concentration was based on
PlanetScope, which could be explained by its higher spatial resolution (3 m) and resolution
uniformity among various bands compared to Sentinel-2 (10-60 m). Therefore, the
proportion of sub-pixel coverage with MP was higher in PlanetScope than in Sentinel-2. The
Sentinel-2 bands were resampled; however, the resampling process couldn’t substitute the
higher details acquired by the native high spatial resolution PlanetScope sensor. The
superiority of PlanetScope in estimating MP concentration may also arise from the existence
of the yellow band (B5), absent in Sentienl-2 since this band showed the highest reflectance
difference between river and clear water (Figure 5.35) and was the third-highest correlated
band with MP concentration (Figure 5.34A). However, direct remote sensing of MP
concentration is still uncertain, as the sub-pixel coverage is still far away from the detection
threshold proposed by Hu (2021). Alternatively, it is likely that the MP concentration
indirectly correlates with various bands through an active water constituent (e.g.,
chlorophyll-a, and SSC), which interprets the low estimation accuracy of the derived models.

The Sentinel-1-based surficial SS and MP concentration models showed poor accuracy,
as evidenced by their low correlation with the backscattering of the VV and VH channels.
This result disputes the initial hypothesis that the surficial SS and MP concentrations
influence the dielectric constant of water, sensible by the active sensors (e.g., Sentinel-1).
This might be explained by the relatively low surficial SSC of the Tisza during the studied
period, as the maximum recorded concentration was 323 g/m>. Shao et al. (2021) reported the
existence of such correlation only for concentrations >1200 g/m?, indicating the necessity of
testing this approach in highly turbid rivers to evaluate its validity.

On the flip side, an alternative approach for estimating surficial SS and MP concentration
in lowland rivers with a moderate surficial SSC by active sensors is imperative. This approach
could leverage the existence of a correlation between water surface roughness and surficial SS
and MP concentration changes. In this study, the backscattering of the VV and VH channels
varied for even very similar concentrations (Figure 5.34D), which is likely attributed to surface
roughness changes. Notably, the Mindszent site is located in a port with relatively heavy
movements that stimulate water turbulence and consequently water surface roughness.

The MLP neural network yielded promising estimation accuracy for surficial SS and MP
concentration models (especially surficial SSC) based on bands of optical sensors, consistent
with Umar et al. (2018) and Mohsen et al. (2022a). The strength of this algorithm arises from
its potential to discern intricate and non-linear patterns within the dataset, which align with
the non-linearly correlated surficial SS, MP concentration, and remote sensing data (Figure
5.34B-D). The evaluation metrics of the MLP neural network-based model for surficial SSC
(e.g., R*=0.71) in the Tisza were similar to SSC models reported in the Yangtze River, China
(R?=0.72) (Liu et al., 2022a) and in the Missouri and Mississippi Rivers, USA (R?=0.72)
(Umar et al.,, 2018). Meanwhile, it outperformed models based on traditional linear
regression, such as those developed on the Mississippi (R?>=0.62) and Maumee (R?=0.56),
Rivers, USA (Larson et al., 2018).

The SHAP analysis (Figure 5.37) was applied only to the passive-based surficial SS and
MP concentration models since the active-based models demonstrated low evaluation
metrics. Notably, the contribution order of bands identified by the SHAP analysis deviated
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slightly from those that were obtained by correlation matrices (Figure 5.34 and Figure 5.37).
Yet, certain bands with high correlations [e.g., B3 and B5 in the Sentinel-2-based surficial
SSC model (Figure 5.37A) and B7 and B6 in the PlanetScope-based MP concentration model
(Figure 5.37D)] persisted prominently at the cap of the violin plots, indicating their
significant influence. This discrepancy in the contribution order of bands may return to the
potential of the MLP neural network in detecting a high order of interaction between bands,
in contrast to the pairwise correlation that is detected by the correlation coefficient (Youshen,
1996). Notably, the order of the most influential bands for surficial SSC models, based on
Sentinel-2 and PlanetScope satellites, deviated from their counterparts in the MP models. In
addition, they also deviated even for the same variable (i.e., surficial SSC or MP
concentration) between both satellites (i.e., Sentinel-2 and PlanetScope).
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Figure 5.37. Summary plots represent the contribution of bands in the Sentinel-2 and PlanetScope-
based surficial suspended sediment (SS) and microplastic (MP) concentration models in descending
order based on SHAP values.

5.6.3. Evaluation of the in-direct microplastic concentration models based on surficial
suspended sediment concentration as a proxy

Owing to the low estimation accuracy of the direct remote-sensing based MP
concentration models, additional models considering surficial SSC as a proxy were
developed, leveraging their elevated correlations, especially during floods (Figure 5.28). The
models were developed for all hydrological conditions collectively and separately (i.e., low
stages and flood phases) (Table 5.11). The collective model provided moderate accuracy for
MP concentration, while the accuracy of the individual models varied from low in the case of
low stage and falling conditions to very high in the case of rising and peak conditions.
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Indirect estimation of MP concentration in rivers through a proxy emerges as an optimal
alternative, offering significantly higher accuracy compared to direct estimates by remote
sensing sensors. This method could circumvent the spatial and spectral limits of satellite
sensors which restrict their direct detection of MP concentration (Hu, 2021). The utility of
this approach could also arise from its potential to estimate MP concentration based on either
measured or remotely sensed estimates of the proxy. However, the error propagation in the
latter alternative should be considered.

Table 5.11. Predictive models for microplastic (MP) concentration based on surficial suspended
sediment concentration (SSC) as a proxy.

Hydrological Regression model R? RMSE MAE Mean
condition 5 (item/m3) | (item/m?) | (item/m?)
1 = 2
All hyd1“o.log1cal MP =-0.0009 SSC?+0.51 SSC + 0.50 199 15.7 35427
conditions 10.67
L ‘ MP=-0.00065SC3+ 0.0916 SSC | 0.15 13.9 10.4 21+16
oW sTage . 3.83 SSC + 64.5
Rising limb MP =0.256 SSC +19.3 0.72 12.8 10.5 42+24
MP =-0.0026 SSC>+1.141 SSC | 0.8 8.8 11.12 50428
Peak
- 38.9
Falline limb MP =1x10- SSC?- 0.0056 SSC? | 0.25 25.8 20.1 46+31
AT m +0.99 SSC +8.35

The surficial SSC has proven its validity as a reliable proxy for MP concentration
estimation in the Tisza River, consistent with findings in the literature (Atwood et al., 2019;
Piehl et al., 2020; Chen et al., 2021). However, certain limitations were observed, including
(1) a low correlation between surficial SS and MP concentrations during low stages, leading
to inaccurate estimates, albeit still reasonable; (2) sudden changes in the sources of SS and/or
MP in space and/or time influence their established relationship, necessitating frequent
calibration; (3) the established relationship along the river should be calibrated at sites by
dams, tributaries, and WWTPs in advance. Based on these limitations, further research
investigating the validity of additional water quality parameters (e.g., colored dissolved
organic matter and chlorophyll-a) as a proxy could enhance estimation accuracy and
overcome the limitation of SSC as a sole proxy.

5.6.4. Spatiotemporal generalization capability of the developed models

The temporal generalization capability of the derived surficial SS and MP concentration
models was assessed using completely unseen data (during the training and validating
process), from the Mindszent site, covering all hydrological scenarios (Figure 5.38 A—C). The
best-performing model was then applied to depict their spatial distribution during these
periods (Figure 5.38D-F). Concerning the surficial SSC, the best estimation accuracy was
achieved by the Sentinel-2-based model (R?=0.89), revealing an elevated sensitivity to
surficial SSC change under various hydrological conditions (Figure 5.38A and D). The worst
accuracy was achieved by the Sentinel-1-based model (R?=0.35). The PlanetScope-based
model provided comparable accuracy to the Sentinel-2 model (R?>=0.78), yet it usually
underestimates the actual surficial SSC, especially during the peak phase.

The temporal generalization capability of the MP models that were developed based on
direct estimation by satellite images (Figure 5.38B) and indirectly through surficial SSC as a
proxy (Figure 5.38C) were tested. Among the direct models, the PlanetScope-based model
achieved the best estimation accuracy (R*=0.73); however, it usually underestimates the real
concentrations, particularly during the peak phase. Both Sentinel-2 and Sentinel-1-based
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models revealed low sensitivity to MP concentration changes, with Sentinel-2 providing
better estimates (R?>=0.51) than Sentinel-1 (R?=0). On the other hand, the performance of the
indirect method by a proxy significantly outweighed the direct method, as the R? raised by
44% on average (Figure 5.38B and C). Within the indirect method, MP concentration was
estimated by both measured and satellite-based quantified surficial SSC. The best estimates
of MP concentration, so far, were achieved by the measured surficial SSC (R?=0.98).
Although PlanetScope provided the best estimates of MP concentration in the direct method,
Sentinel-2 surpassed its accuracy in the indirect method owing to its better accuracy in
estimating surficial SSC.
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Figure 5.38. Temporal generalization capability of the developed surficial suspended sediment (SS)
and microplastic (MP) concentration models under various hydrological conditions (A—C). The best-
performing model was employed to depict the spatial distribution of both variables in Mindszent
under the various hydrological conditions (D-F).

The spatial distribution of the surficial SS and MP concentrations in the Mindszent site
during different hydrological conditions was almost uniform throughout the channel (Figure
5.38D-F). However, the estimates for certain pixels near the riverbank, particularly during
the peak phase (Figure 5.38E), were under- or overestimated due to the influence of tree
shadow on the reflectance of these pixels.
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The longitudinal generalization capability of the derived surficial SS and MP
concentration models was tested by totally unseen data too, covering the river between sites
“1” (Aranyosapati) and “p” (Tiszaroff), measured in July 2022 (Figure 5.39A—C). The best-
performing model was used to depict the spatial distribution of both variables (i.e., surficial
SS and MP concentrations) at these sites (Figure 5.39D—F). Almost all models performed
badly during the longitudinal testing. Possibly, due to the timing of testing being conducted
during low stages, when both variables have the lowest correlation coefficient and low
correlation with remote sensing data. However, on a positive note, the mean estimates of the
models were comparable to that of the in-situ measurements, particularly the passive-based
models. For example, the mean surficial SSC estimated by Sentinel-2 (39.2 g/m?),
PlanetScope (35.1 g/m?), and Sentinel-1 (50.1 g/m®) closely matched the mean measured
concentration (44.2 g/m?) at the eight testing sites (Figure 5.39A).
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Figure 5.39. Longitudinal generalization capability of the developed surficial suspended sediment
(SS) and microplastic (MP) concentration models between site “i” (Aranyosapati) and “p” (Tiszarof¥)
(A—C). The best-performing model was employed to depict the spatial distribution of both variables at

these sites (D-F).

In-situ measurements revealed a gradual decline in surficial SSC upstream of the Kiskore
Dam [33.4% between site “l” (Tiszabercel) and “o” (Tiszadorogma)] and a sudden increase
just downstream by 21% at the site “p” (Tiszaroff). This pattern was partially determined by
optical-based models, while it was completely lost by active sensor (Figure 5.39A and D).

103



Both the direct and indirect MP concentration models revealed low estimation accuracy
during the longitudinal testing (Figure 5.39B—C). The indirect models provided closer
estimates (Sentinel-2: 15.9 item/m’; PlanetScope: 16.6 item/m?; Sentinel-1:19.5 item/m?) to
in-situ data (14.5 item/m’) compared to the direct models (Sentinel-2: 20.7 item/m?;
PlanetScope: 23.5 item/m?; Sentinel-1: 33.3 item/m?). A similar MP concentration pattern to
surficial SSC was observed upstream and downstream of the Kiskére Dam, though with
different decreasing (27.3%) and increasing (112.5%) magnitudes. This pattern was partially
detected by optical sensors and completely lost by the active sensor too.

The spatial distribution of the surficial SS and MP concentrations, depicted by the best-
performing models, exhibited a generally uniform pattern across all eight sites. However,
some false alarms appeared near the riverbanks. These alarms are likely attributed to low
water levels during the study period and the concurrent appearance of point bars, which can
affect pixel reflectance and, consequently, concentration estimates (Figure 5.39D—F).

In general, the derived surficial SS and MP concentration models provided higher
performance during the temporal testing (Figure 5.38) than in spatial testing (Figure 5.39).
This difference returns to the inclusion of various hydrological conditions in the temporal
dataset, in contrast to the single low stage condition in the longitudinal data. Therefore,
additional longitudinal data during floods are imperative for better evaluation. Within the
temporal testing, the surficial SS and MP concentration models typically performed well
during the low stage, rising, and falling phases, while underestimating the peak phase. This
behavior suggests a bias toward lower concentrations, probably due to the relatively limited
peak concentration data. During the longitudinal testing, no dominant under or over-
estimation pattern was noticed as the models mixed between them (Figure 5.39A and B).
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6. CONCLUSIONS

The presented Ph.D. research contributed to the current knowledge by providing deeper
insights into the spatiotemporal dynamics of riverine suspended sediment and plastic
pollution transport, considering the lowland, medium-sized Tisza River (Central Europe) as a
case study. The key influencing factors and transport mechanisms of plastic pollution at both
the microplastic (MP) and macroplastic (MaP) scales were revealed based on intensive in-
situ measurements and satellite images. Furthermore, the complex interplay between SS and
MP transport in response to different temporal and longitudinal variables was accurately
analyzed. The river was investigated across multiple spatial and temporal scales,
encompassing site-specific assessments, confluence-scale analyses, and river-long
evaluations, with measurement frequencies spanning from every five days to monthly
intervals. Besides, the study extended for long periods, spanning from two to seven years.
Integrating this comprehensive dataset with various optical and active sensors, resulted in the
development of reliable SS, MP, and MaP concentration models, providing valuable tools for
future monitoring programs.

6.1. Spatiotemporal dynamics of riverine litter/macroplastic (MaP) in the Tisza River
based on at-a-site survey and satellite images

Riverine litter transport, primarily consisting of organic material, is a natural phenomenon.
However, it has become a pressing environmental problem since its amalgamation with plastic
waste. A significant proportion of communal waste is mixed with organic litter along the
Tisza's sub-catchments where the communal waste production (mean: 340 kg/capita per year),
is in some countries coupled with a low recycling ratio (1-38%). Unfortunately, there is
limited available data on riverine litter transport not only in the Tisza but also globally.
Therefore, this study participates in filling this data gap by investigating the spatiotemporal
dynamics of riverine litter/macroplastics in the Tisza River, incorporating both satellite images
(i.e., Google Earth satellites and Sentinel-2) and in-situ observations.

According to the results, the Tisza has a low to moderate riverine litter transport rate
compared to rivers worldwide, with relatively low macroplastic abundance (5-20%).
Typically, riverine litter accumulates upstream of hydraulic structures (dams and bridges),
along riverbanks, and around floating docks owing to reduced water velocity and increased
trapping efficiency in these areas. Hence, governmental and volunteer purification
campaigns should be focused on these spots. Although the longitudinal distribution of
riverine litter is mainly influenced by waste management levels in sub-catchments, local
anthropogenic sources (e.g., illegal waste disposals, fishing, and tourist activities) may
disrupt this distribution pattern. This indicates the complexity of the litter transport process
and underscores the need for intensive observations to accurately evaluate the actual
distribution and influencing factors.

Hydrology plays a significant role in riverine litter transport, through its profound
influence on water discharge, flow velocity, kinetic energy, and channel morphology.
Typically, the highest riverine litter transport rate occurs during high stages characterized by
high stream power and floodplain inundation. Conversely, during low stages, the most
important riverine litter sources are decoupled from the river, and the lowest transport rate
occurs. Generally, the MaP transport rate showed a similar decreasing trend to litter
transport, but with varying magnitudes, indicating potential differences in their sources,
influencing factors, and transport mechanisms. Notably, the formation of substantial litter
spots typically occurs at the end of flood waves, due to the gradual flux effect. Accordingly,
purification campaigns are recommended to be held during or after these periods, when litter
accumulates at well-defined hot spots with the largest quantity.
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Remarkably, the areal coverage of certain riverine litter spots, mainly upstream of the
Kiskére Dam, experienced an overall increasing trend over the seven-year study period
(2015-2021). This trend is likely attributed to the absence of significant floods during this
timeframe. However, to get deeper insights, more studies incorporating detailed communal
waste data in the five shared countries with corresponding hydrological and meteorological
data are necessary.

6.2. Remote sensing-based riverine litter/macroplastic (MaP) modelling in the medium-
sized Tisza River

Several aspects of riverine litter transport, e.g., its spatiotemporal distribution,
composition, transport rate, and accumulation hotspots remain insufficiently explored in most
rivers worldwide, owing to the absence of comprehensive and comparable riverine litter data.
Remote sensing, on the other hand, presents an opportunity to address this gap by providing
valuable data through frequent monitoring and large-scale coverage, even for remote and
inaccessible areas and under extreme weather conditions.

The combination of Sentinel-2 images, in-situ observations, VHR images (GE), and
machine learning algorithms (DT, RF, NB, SVC, and ANN) resulted in highly accurate
Sentinel-2-based riverine litter models (overall accuracy: 0.89-0.96), offering significant
support for future monitoring programs. However, sub-pixel detection is still uncertain, as
the models excelled with the large and medium spots, but often overlooked small spots (<
pixel size). Therefore, further studies incorporating more representative small spots are
warranted, as they constituted only 1% of the dataset used in this study. Besides, employing
finer spatial resolution images, e.g., PlanetScope and WorldView-3 would provide more
detailed riverine litter data, owing to its enhanced resolution and frequent imaging. Typically,
the models exhibited good and comparable accuracies; however, they performed differently
with various spot sizes due to inherited algorithmic differences and their alignment with
current data assumptions. Accordingly, the SVC, ANN, and RF-based models are the most
recommended for riverine litter detection, while the DT and NB are the least recommended.

According to the SHAP and spectral analysis, the NIR and SWIR bands, specifically BS,
B11, and B12 in Sentinel-2 are optimal for riverine litter detection, aligning with the findings
in the literature. These particular bands have a notable reflectance for riverine litter in
comparison to lower values with obstructions (e.g., dams and bridges), and almost no
reflectance with river water. Thus, litter manifests as bright spots in images within these
spectral ranges. Accordingly, combining bands from NIR and SWIR could effectively
enhance the contrast between the riverine litter and its background, rendering them a
recommended choice for developing a riverine litter spectral index.

Although the derived models are beneficial for providing valuable riverine litter data,
certain limitations should be noted: (1) Occasionally the models misclassify mixed pixels,
especially along the riverbanks, thus incorporating more representative mixed pixel data
during the training phase could enhance classification accuracy. (2) Temporal variations in
the transported SS load may influence detection precision, especially with the DT model.
However, the rest of the models avoided this issue, owing to the inclusion of water pixels
with varying SSCs during the training phase; however, its influence on the simple DT model
was significantly higher. (3) The moderate spatial resolution of Sentinel-2 images and its
variability among bands (10—60 m) leads to the omission of small spots (<10 m) which forms
the vast majority of the transported litter. Thus, testing finer spatial resolution images (e.g.,
SPOT 6 and WorldView-3) could improve monitoring efficiency. (4) The limited availability
of riverine litter data has led to some disparities in evaluation metrics among validation and
testing phases, especially for simpler models. Thus, the inclusion of additional data,
especially small spots, is crucial to reinforce the robustness and reliability of the models.
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6.3. Remote sensing-based suspended sediment discharge modelling in the medium-
sized Tisza and Maros Rivers

Owing to the low number of representative gauging stations for Qs in rivers globally, and
the considerable decline in funding for monitoring programs, there is a pressing demand for
developing remote sensing-based Qs monitoring models. These models would enhance
monitoring efficiency not only for sediment transport but also for various contaminants,
including plastics. The previous efforts mainly focused on developing remote sensing-based
SSC models and relied on measured Q to estimate Qs. However, in this study, both variables
(i.e., SSC and Q) were remotely sensed by integrating Sentinel-2 images with in-situ
measurements of both variables, employing machine learning algorithms.

The hydraulic geometry theory, specifically, the water width—discharge (w-Q)
relationship served as a reliable foundation for developing the Sentinel-2-based O models.
Among the three tested methods for Q modelling, my novel AHG machine learning model
performed the best, followed by the AMHG models, while the worst performance was
achieved by the AHG power law model. This outcome paves the road towards more intensive
and regular O monitoring of rivers, bypassing the intricate optimization process of numerous
transects used in the AMHG method. Instead, the inherited nature of machine learning
algorithms to identify intricate patterns in a dataset allows for accurate models based on a
single transect with high adaptability to changing conditions.

On the other hand, these models have limitations: (1) They may provide inaccurate QO
estimates above the bankfull level due to the loss of hydraulic geometry characteristics above
this level, though the AHG machine learning models partially addressed this issue. (2)
Certain cross-section shapes (e.g., rectangular shape) lack hydraulic geometry, while others
(e.g., V-shape) have more effective hydraulic geometry than alternatives (e.g., trapezoidal
shape). Consequently, the cross-section shape significantly impacts the estimation accuracy.
(3) The precision of the remotely sensed water width data has a significant influence on the Q
estimation accuracy. Hence, the spatial resolution of the employed satellite image and its
suitability to the river size should be carefully considered. The combined NDWI and OTSU
water extraction approach demonstrated high precision, making it highly recommended for
future studies, especially with finer spatial resolution images.

The variation in watercolor (reflectance) in response to changes in SSC served as an
effective proxy for developing Sentinel-2-based SSC models. The magnitude of the spectral
signature (reflectance) of the highly turbid Maros River exceeded that of the Tisza, and
during the high stage (elevated SS transport) was higher than during the low stages in both
rivers. Based on my analysis and consistent with the literature, bands B3—B5 were identified
as most beneficial for estimating SSC changes. However, my spectral analysis further
pinpointed B3 as exceptionally sensitive to low concentrations and BS5 to high
concentrations, which might be beneficial for future SSC modeling in rivers worldwide.

The derived SSC models provided high and comparable estimation accuracy, with
slightly better performance in the highly turbid Maros River compared to the Tisza River.
The random forest algorithm and the combination of multiple algorithms are highly
recommended for developing robust and reliable SSC models, as their estimation accuracy
surpassed the others. Although the models revealed high potential in depicting the real SSCs
during different hydrological scenarios at both lateral and longitudinal dimensions, they
faced certain limitations: (1) The modelled concentrations along the riverbanks could be
influenced by the shadow of trees and mixed pixels, thus the SSC at these sites should be
carefully interpreted. (2) Estimation accuracy is significantly influenced by sun glint, waves,
ripples, wind, and water depth. Therefore, meteorological conditions, especially wind speed,
should be considered when interpreting SSC results.
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Based on the best-derived O and SSC models, the Qs was efficiently estimated in the
Lower Tisza and Maros Rivers between 2015 and 2021. Aligning with the existing literature,
the models proved the elevated (2-3.5 times higher) Qs load of the Tisza than the Maros,
despite the Maros having 2-3 times higher SSCs. This difference is attributed to the Maros
transporting four times lower Q than the Tisza. In addition, the models revealed a higher
probability of occurrence for SSC—Q hysteresis in the Tisza than in the Maros. They also
allowed better evaluation of the Qs lateral distribution at river cross sections, revealing that it
is not only influenced by flow velocity distribution but also the occurrence and location of a
joining tributary upstream. Thus, the mixing pattern of the waters of joining rivers should be
considered during measurements, especially at gauging sites like Szeged, which are located
very close to the confluence.

6.4. Spatiotemporal dynamics of water mixing in the Tisza—Maros confluence: A
support for future measurements

Confluences play a significant role in shaping the hydrological, ecological, water quality,
and morphological characteristics of a river system. These sites undergo an intricate mixing
process of waters, influenced by a multitude of interfering factors that change over time and
between rivers. However, many of these factors remain understudied and completely
unraveled due to data shortages and challenges in in-situ measurements at confluences.
Furthermore, support for future measurements for various substances (e.g., pollutants,
sediments, and plastics) in confluence is needed by identifying the mixing pattern to avoid
misinterpretation of the collected data. Therefore, the mixing process in the Tisza—Maros
confluence and its relationship to the hydrological parameters was analyzed by Sentinel-2
images, measured, and calculated hydrological parameters in the Tisza and Maros Rivers.

Based on the analyzed 143 Sentinel-2 images, the mean areal coverage of the water of the
Tisza River (TW) exceeded that of the mixed water (MIX), while the lowest coverage was
observed for the water of the Maros (MW). Both the areal and lateral changes in TW, MW,
and MIX showed similar temporal patterns, with a gradual decline in TW and MW
downstream, replaced by an increasing proportion of the MIX, indicating gradual mixing.
The Q ratio between the joining rivers was the most influential hydrological parameter
affecting the areal coverage of TW and MIX, regardless of the water stage condition. The
slope and slope difference revealed significant correlations too, but only under separating the
low and medium discharges from high discharges (flood periods). On the other hand, the
areal coverage of MW and its longitudinal extent into the Tisza (L) exhibited less
dependence on hydrology. Their highest correlations occurred exclusively with the
hydrological parameters of the tributary itself (e.g., Hvaks and Qmaks). The findings suggest
that the hydrology of the joining rivers is a primary factor influencing the mixing process in
the confluence area, especially for the water of the main river and the mixed one, and it can
serve as an effective indicator of the mixing patterns.

The mixing process in the Tisza-Maros confluence was condensed into 11 representative
mixing patterns, categorized based on the domination of each water type and the likelihood of
upwelling downstream. Typically, the water of the main river (TW) prevails over the confluence
area, with full coverage (TW1) in January and November, when the Tisza's elevated stream
power impedes Maros distribution and limits the mixing process. The domination of the tributary
water (MW) occurs just on limited occasions, usually during early summer (June or July), when
simultaneous floods in the rivers, coupled with the steep slope of the Maros, enable MW to
interact with TW. However, the MW typically extends longitudinally with a 30-80% lateral
extent (MW6). MIX prevails during low stages in summer when rivers have minimal kinetic
energy, while it has almost no coverage during floods. In 22% of cases, the water of either the
Tisza (TW) or the Maros (MW) upwells downstream indicating the complexity of the mixing
process affected by various densities of different water types (TW, MW, and MIX).
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Based on the findings, the confluence area has distinct mixing patterns that alternate
throughout the year, spanning from no mixing to complete mixing and to upwelling patterns.
Therefore, SS or MP sampling downstream of the confluence must be applied with caution,
and it is suggested to collect samples from several points, covering all water types, as
individual samples may lead to misinterpretation of the collected substance. Therefore,
defining the expected mixing pattern is crucial when planning the sampling schema. The
developed predictive equations in this study could provide valuable insights in this regard,
based on measured and calculated hydrological parameters at the three gauging sites (i.e.,
Szeged, Algyd, and Makd) in the Lower Tisza and Maros Rivers.

6.5. Spatiotemporal distribution and correlation of surficial suspended sediment and
microplastic concentrations along the Tisza

Suspended sediment (SS) particles share several characteristics with MPs, suggesting
potential similarities in their transport mechanisms. Although several studies have investigated
their transport in rivers globally, these investigations often study them individually and based
on limited spatiotemporal measurements, especially for MPs. Besides, there is a lack of studies
that compared the influence of the longitudinal variables, such as dams, tributaries, and
WWTPs on their transport simultaneously. Therefore, the spatiotemporal distribution and
correlation between surficial SS and MP concentrations and their relationships with the
hydrology were investigated in detail in the Lowland Tisza River based on intensive spatial (26
sites in August 2021 and 21 sites in July 2022) and temporal (140 samples in Mindszent May
2021-May 2023) measurements. Remarkably, these intensive measurements have not been
applied in the existing literature so far. Therefore, the findings and conclusions of this study
could significantly impact global knowledge in this scientific field.

The surficial SS and MP concentrations revealed similar temporal change patterns, with
elevated concentrations recorded during flood waves and lower concentrations during low
stages. However, surficial SSC demonstrated a stronger association with hydrology (water
stage changes) than MP. The assessment of individual hydrological periods revealed a
negligible correlation between surficial SSC, MP concentration, and water stage during low
stages, strengthening during flood waves. Based on the study's conceptual model the sources
of sediment and MP are dissimilar during low stages leading to a negligible correlation.
Specifically, during low stages, sediment might originate from bank erosion (e.g.,
landslides), tributaries, and mining activities, while MP could originate mainly from WWTP
effluents and direct wastewater drainage. However, during flood waves, new sources
common for both variables appear in the system, leading to heightened correlation. These
sources include surface runoff, mainly in the mountainous and hilly sub-catchments, as well
as (re)-mobilization of channel bed materials.

The findings underscored the significance of event sequence, especially in surficial SS
transport. Typically, the first flood wave following a prolonged dry, low-stage season
transports higher surficial SS and MP loads than subsequent waves. This was also applicable
to the rising flood phase compared to the falling phase, which is likely attributed to the
availability of sediment and MP during these periods, depleting with subsequent events. The
study emphasizes the necessity to consider the river's hydrology when designing monitoring
programs for surficial SS and MP concentrations since comparable outcomes can be achieved
solely within the context of a similar hydrological framework.

The recurrent longitudinal observations along the Tisza highlighted the significant
influence of natural (e.g., flow velocity, discharge, slope, and confluence) and anthropogenic
(e.g., WWTP effluents, dams, and proximity to pollution sources) factors on surficial SS and
MP transport. However, over the study period, no clear downstream trend was observed for
surficial SS and MP concentrations, and they revealed moderate to strong negative

correlations. Yet, this result may be constrained to the low-stage sampling period when the
109



surficial SS and MP have dissimilar sources, as evidenced during the temporal
measurements. Therefore, additional longitudinal measurements during floods, especially at
the onset of a flood wave, are warranted for deeper insights and a comprehensive evaluation.
On the other hand, the evaluation of individual sections (S1-S5) revealed great variability,
with the highest positive and negative correlations between both variables occurring in the
uppermost (S1) and last (S5) sections, respectively, and weak correlations in the middle
sections (S3—S4). This indicates the great dynamics of sources and influencing factors on
surficial SS and MP transport along the river, resulting in simultaneous influences at some
sections and distinct at others, in relation to the specific hydrological, morphological, and
pollution characteristics of these sections.

Tributaries and dams play a crucial role in the transport of surficial SS and MP;
however, their influence tends to change not only between both variables but also over time.
Nevertheless, their influence on surficial SS transport was more consistent than on MP
transport, owing to more uniform characteristics and sedimentation patterns of sediments
than MPs. The influence of a tributary on surficial SS and MP transport is mainly governed
by its water discharge. For instance, downstream of the Tisza's confluences, there were
slight changes in surficial SS and MP concentrations, even though tributaries exhibited
higher SS and MP concentrations than the Tisza. It could be explained by the circumstances
of the measurements during the low stages, thus tributaries had low water discharge. On the
other hand, dams usually trap SS and MP upstream due to their impoundment effect and
remobilize them downstream through clear water erosion. Nevertheless, both increasing and
decreasing trends in surficial SS and MP concentrations were noticed upstream and
downstream of the Tisza's dams. This discrepancy was more pronounced for MP
concentration than for SSC, primarily due to the higher influence of local anthropogenic
activities (e.g., WWTP effluents) on MP concentration than on SSC.

The temporal dynamics in the hydrological, meteorological, hydraulic, and
morphological characteristics of sub-catchments and channels pose additional complexity to
the spatial distribution patterns of surficial SS and MP concentrations. Furthermore, surficial
SS and probably MP usually transport in pulses and clouds, with their concentrations
primarily influenced by pulse propagation rather than local sources, which introduces
additional complexity to their transport dynamics. Therefore, snapshot-like monitoring may
provide incomplete insights and contradictory findings, especially downstream of tributaries,
in reservoirs, and downstream of dams. To address these challenges, denser spatiotemporal
monitoring is warranted. Increased monitoring upstream and downstream of tributaries and
dams is recommended to confirm the identified patterns in this study.

6.6. Remote sensing-based surficial suspended sediment and microplastic
concentrations modelling in the medium-sized Tisza River

The limitations of in-situ spatiotemporal measurements of MP transport in rivers and the
necessity of numerous auxiliary data for developing MP transport models could be addressed
by remote sensing techniques. However, there are still many conflicting results concerning
the applicability of remote sensing sensors, especially satellite images, in MP concentration
estimation in aquatic environments, with no study being conducted in rivers so far.
Therefore, this study aimed to fill this scientific gap, considering the Tisza River as a case
study. MLP artificial neural network (ANN)-based models for surficial SS and MP
concentrations were developed based on direct correlation with reflectance of Sentinel-2 and
PlanetScope bands and backscattering of Sentinel-1 channels. Besides, indirect models for
MP concentration were developed based on surficial SSC as a proxy.

The low MP concentration in rivers (maximum recorded in the Tisza 129 item/m?)
coupled with the relatively limited spectral and spatial characteristic of the tested sensors

hindered accurate and effective direct estimation of MP concentrations. However, the proxy
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method revealed promising estimation accuracy, especially during flood waves, making it
capable of providing reliable MP concentration estimates by either measured or remotely
sensed surficial SSCs. On the other side, this proxy approach still has some limitations: (1) It
may provide less accurate estimates during low stages, yet still reasonable. (2) The
established relationship between both variables is quite sensitive to sudden changes in their
sources in space or time and needs validation at certain locations (e.g., dams and tributaries).

Based on the performance of the models during the spatiotemporal generalization
capability test, I argue that the Sentinel-2-based models outperformed the others. This
superiority can be attributed to the availability of extra spectral bands, higher SNR, and wider
bandwidth in this sensor, resulting in higher-quality images. However, it still has moderate
spatial and temporal resolutions. Although the best performance for MP concentration
models was achieved by PlanetScope, it is still unreliable due to its low estimation accuracy.
Instead, the Sentinel-2 sensor could effectively estimate surficial SSC and consequently MP
concentration through the proxy model. However, the active sensor failed to directly estimate
either surficial SS or MP concentrations through backscattering signals. Thus, developing
proxy models based on surface roughness in rivers is warranted, as they may provide better
results for active sensors.

The developed MP concentration models in this study represent an initial step toward the
automatic monitoring of riverine MPs by satellite sensors. Thus, further research is necessary
to improve the model's estimation accuracy, reliability, and effectiveness across various
hydrological scenarios. Given the superior performance of proxy models, I suggest exploring
additional water quality parameters, such as chlorophyll-a and colored dissolved organic
materials, as potential proxies. The integration of these parameters with surficial SSC may
improve the estimation accuracy and overcome the limitations of current models.

6.7. Evaluation of remote sensing models as a potential monitoring tool for suspended
sediment and plastic pollution transport in rivers

The developed remote sensing-based (surficial) suspended sediment, macro-, and
microplastic models in this study have the potential not only to effectively monitor their
concentrations but also their transport rates, thanks to the developed AHG machine learning
water discharge models. The fusion of intensive in-situ measurements with several machine
learning algorithms and satellite sensors resulted in reliable models that can provide valuable
data for SS, MP, and MaP at multiple spatiotemporal scales not only in the Tisza River but
probably on other lowland rivers as well. This approach mitigates the limited scale validity,
high cost, and time consumption associated with in-situ measurements. Also, the widespread
application of these models in rivers worldwide holds promise for researchers and decision-
makers, offering deeper insight into the origins, pathways, and fates of SS and plastic
pollution. Besides, it opens avenues to analyze the influencing factors and mechanisms
shaping plastic pollution transport and its connection to natural sediment transport.

On the other hand, the technical limitations of the sensors and the constraints of the
theoretical background of the employed method should be carefully considered. For instance,
sub-pixel detection of both variables (i.e., SS and plastics) is still uncertain and requires further
research. The current specifications of satellite sensors fall short of directly detecting the
micro-scale of plastic particles, particularly given the low concentration levels in rivers. The
potential of water discharge models to provide accurate estimates diminishes beyond the
bankfull level, especially with traditional AHG power law and AMHG methods. Besides, their
accuracy is significantly influenced by the applied water extraction method to estimate water
width data from satellite images. Finally, frequent monitoring of these variables is occasionally
hindered by cloud cover in optical sensors; however, this challenge can be addressed by
integrating active sensors in future studies. This topic still requires further research toward

better estimation accuracies and surpassing existing challenges and limitations.
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SUMMARY

Rivers play a crucial role in connecting terrestrial plastic pollution sources to oceans.
Although several studies have recently investigated riverine plastic pollution (MP and MaP)
transport, many aspects, including spatiotemporal distribution dynamics, transport
mechanisms, and influencing factors are still unclear. Furthermore, the connection between
SS and plastic transport, especially MP, in response to various hydrological conditions and
longitudinal variables (e.g., dams and tributaries) has not been thoroughly investigated.
Moreover, the influence of hydrology on water mixing in confluences is still unexplored,
despite their profound influence on mainstream sediment and plastic transport downstream.
On the other side, remote sensing techniques could support these investigations and serve as
a valuable and cost-effective monitoring tool for riverine sediment and plastic transport.
However, the feasibility of satellite sensors in detecting plastic debris, especially MP,
remains questionable. Also, there is a pressing need for developing satellite-based O models
with adequate accuracy, as most of the literature relied on in-situ O measurements for
estimating SS and plastic pollution transport.

The investigation was based on intensive measurements collected at multiple
spatiotemporal scales in the lowland Tisza River (Central Europe) coupled with several
optical and active satellite sensors and the utilization of machine learning algorithms. The
composition, transport rate, and spatiotemporal distribution of riverine litter (including MaP)
were investigated through four in-situ surveys in Szeged (during the early spring flood in
2021) and the exploration of VHR images (GE satellites) along the Tisza (2015-2021).
Concurrent 16 Sentinel-2 images for the identified litter spots were acquired to develop
Sentinel-2-based riverine litter models utilizing machine learning algorithms (DT, NB, RF,
SVC, and ANN). The models underwent validation and testing at spots with various sizes,
and the best-derived model was used to explore the spatiotemporal dynamics of litter in the
Middle Tisza (276451 river km) in detail, based on 61 Sentinel-2 images (2015-2021).

Both components of Qs (i.e., O and SSC) were modelled by five years (2015-2020) of
monthly in-situ measurements of Q and SSC conducted at three gauging sites in the Lower
Tisza (Algy6 and Szeged) and Maros Rivers (Makd) by the ATIVIZIG, and concurrent 29
Sentinel-2 images. The hydraulic geometry theory, specifically the water width—Q
relationship served as the basis for developing the O models. Sentinel-2-based width
estimates at the three gauging sites were integrated with measured Q through AHG power
law, AMHG, and novel AHG machine learning methods. Simultaneously, SSC was modelled
by correlating measured SSC at five verticals in the cross-sections in Szeged (Tisza) and
Maké (Maros) with reflectance data from Sentinel-2 images, using RF, SVM, ANN, and
combined algorithms. The best-performing O and SSC models were then employed to
explore the spatiotemporal dynamics of Qs in the Lower Tisza and Maros Rivers, based on 93
Sentinel-2 images (2015-2021).

The influence of hydrology on water mixing, sediment, and pollutant transport was
examined in detail in the Tisza—Maros confluence through 143 Sentinle-2 images, measured
and calculated hydrological parameters at the three gauging sites (i.e. Tisza: Algyd and
Szeged; Maros: Mako). The K-means algorithm classified the water of the confluence into
TW, MW, and MIX, and their lateral and longitudinal dynamics in response to variations in
hydrological parameters (e.g., O, H, S, and their ratio and differences) were tested through a
correlation analysis test. Predictive equations for these mixing water variables (i.e., TW,
MW, MIX, and L) were developed based on rivers' hydrology, providing support for future
measurements at the confluence.

The spatiotemporal distribution dynamics of surficial SS and MP transport in response to
hydrological changes and longitudinal variables (e.g., dams and tributaries) were investigated
in the Tisza River, through intensive spatial (26 sites in 2021; 21 sites in 2022) and temporal
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(140 samples in Mindszent; May 2021-May 2023) surficial SS and MP concentration
measurements. The Kruskal-Wallis, ANOVA and post hoc tests were applied to reveal their
statistical differences among river sections (S1-S5) and during various hydrological
conditions (i.e., low stages, minor and medium floods, and flood phases). Besides, a
correlation analysis was applied to assess the strength of their correlation along the river
sections and their correlation with H under different hydrological conditions. In the
meantime, these measurements were coupled with additional surficial SSC measurements in
Szeged (70 samples: March 2021-March 2022) to develop surficial SS and MP concentration
models, through various satellite sensors (Sentinel-2, PlanetScope, and Sentinel-1) and ANN
algorithm. Also, the surficial SSC was tested as a potential proxy for MP concentration, and
predictive MP concentration equations were developed.

The findings revealed a domination of organic material in riverine litter of the Tisza, with
only 5-20% comprising MaPs, owing to continuous input of organic debris, particularly at
the meandering sections with high bank erosion. Riverine litter and MaPs exhibited a strong
association with water stage and discharge conditions, as the highest transport rates (litter:
264 spot/h; MaP: 300 items/h) occurred during high stages, while the lowest (litter: 12
spot/h; MaP: 24 items/h) occurred during low stages. This is attributed to the elevated kinetic
energy and connectivity between the floodplain and the river channel during high stages;
meanwhile, they become isolated during low stages. Most of the identified litter spots were
noticed along riverbanks, upstream of bridges, dams, and floating docks, influenced by
decreased flow velocity and the elevated trapping efficiency of these obstructions. Although
the longitudinal profile of riverine litter was highly influenced by the applied waste
management practices at sub-catchments, occasionally it was disrupted by local
anthropogenic activities. Remarkably, the temporal analysis suggested conducting riverine
litter purification campaigns at the end of flood periods, when gradual flux forms the largest
acclamations at well-defined locations.

The developed Sentinel-2-based riverine litter models revealed high and comparable
estimation accuracy (F1-score; 0.83—0.94), suggesting an elevated potential of satellite sensors
in detecting litter spots. However, the models excelled with large and medium spot sizes but
struggled with sub-pixel size spots. This is partially attributed to the limited impact of small
spots on sensor reflectance as well as the low percentage (1%) of small litter data applied
during the training phase. There is a necessity for a larger riverine litter dataset to enhance the
generalization capability, robustness, and reliability of the models, as a disparity in the
magnitude of evaluation metrics was observed between the validating and testing datasets. The
SVC, RF, and ANN are the most recommended algorithms for future riverine litter detection
studies owing to their elevated performance, while the DT and NB are less favorable, as the DT
occasionally misclassifies river water as litter, and the NB struggles to discriminate
obstructions from litter. Also, more emphasis should be applied to NIR and SWIR bands, as the
spectral and SHAP analysis revealed a unique spectral signature for riverine litter in these
bands. Notably, the integration of spectral indices, especially PI, NDWI, and NDVI, during the
derivation of the riverine litter model may enhance its performance.

The AMHG Q models outperformed the AHG power law models at the three gauging
sites; however, the performance of my novel AHG machine learning models surpassed both
methods (mean: R?=0.7; RMSE=140 m?/s). This finding paves the way for automatic Q
monitoring in rivers by remote sensing satellites at more river sections, avoiding the intricate
optimization process applied in the AMHG method. However, the limitations of this
approach should be considered: (1) It tends to misestimate discharges above the bankfull
level due to losing hydraulic geometry characteristics. (2) Certain cross-section shapes (e.g.,
V-shape) have better hydraulic geometry characteristics than others (e.g., trapezoidal shape);
and (3) Q estimates are highly influenced by remotely sensed width data. On the other hand,
the three tested algorithms for developing SSC models revealed high and comparable
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accuracy (Tisza: R*=0.8; Maros: R?>=0.85), with RF and combined algorithms revealing
superiority. The best-derived Q and SSC models successfully estimated Qs in the Lower
Tisza and Maros, proving the lower Qs load in the Maros (1264 t/day) than the Tisza (2584
t/d), despite its elevated SSC (Maros: 129 g/m?; Tisza: 59 g/m?) due to its lower Q (Maros:
157 m®/s; Tisza: 702 m>/s). Moreover, they also effectively depicted the real distribution of
Qs not only longitudinally, but also laterally, highlighting that the lateral distribution of Qs is
influenced not only by flow velocity but also by the occurrence and location of a tributary
upstream. However, the Qs estimates near the riverbanks, at shallow sections, and during
extreme weather conditions should be interpreted with caution since the sensor reflectance is
influenced by mixed pixels, riverbeds, and surface water roughness.

The measured and calculated hydrological parameters in the Tisza—Maros confluence
area revealed the flashy regime of the Maros compared to the Tisza. They also emphasize the
significant influence of rivers’ hydrology on the water mixing process and consequently
sediment and pollutant transport downstream. Specifically, the discharge ratio
(QMaks/Qszeged), slope (S), and slope difference (Stisza-Smaros) Were the most correlated
parameters with the mixing water variables (i.e., TW, MW, MIX, and L); meanwhile, the
daily water stage difference (AH) and variance between the joining rivers (AHaigys-AHmako)
were the least correlated. Analysis of 143 Sentinel-2 images identified 11 mixing patterns
around the year. These patterns were considered based on the domination of each water type
in the confluence area and the likelihood of upwelling downstream, resulting in five patterns
in the TW dominant class, a single pattern in the MW dominant class, and five patterns in the
MIX dominant class. Generally, TW dominates the confluence area during floods when the
Tisza impounds the Maros. Occasionally, MW dominates during concurrent floods in both
rivers, but with elevated kinetic energy in the Maros to overcome the impoundment effect of
the Tisza. Notably, during these flood periods, MIX is very limited, while it dominates
during simultaneous low stages. Predictive equations for mixing water variables were
developed with moderate to strong accuracy (R?=0.4-0.82), offering a valuable tool for
supporting future measurements in the confluence area, based on rivers’ hydrology.

The Tisza showed a moderate MP pollution level (mean 35+27 item/m?) compared to
European Rivers and slight pollution globally. Microfibers dominated its composition,
revealing WWTP effluents and untreated wastewater discharge as major sources of MP
pollution. Hydrology played a significant role in shaping the temporal dynamics of surficial
SS and MP transport, as the highest concentrations were recorded during flood waves (SSC:
97+75 g/m’; MP: 47+27 item/m?) and the lowest during low stages (SSC: 34+14 g/m?; MP:
21+16 item/m?). However, surficial SSC showed a stronger association with river hydrology
than MP concentration, as evidenced by its higher correlation with H (pssc-u=0.7), than MP
with H (pmp-n=0.55). The correlation between surficial SS and MP concentrations
themselves was the highest during flood waves (pssc-mp=0.61), particularly during the rising
(prising=0.6) and peak (ppeak=0.81) phases, declining to negligible during low stages (pssc-
mp=0.0). This discrepancy suggests similarity in sources and influencing factors of SS and
MP during floods, while differences may arise during low stages. This suggestion was
confirmed from the longitudinal measurements along the Tisza, as a negative correlation
occurred during both measuring campaigns in low stages (in 2021 and 2022), when SS likely
originates from tributaries and bank erosion, while MP from wastewater discharge. However,
their correlation varied along individual river sections (S1-S5), from weak in the middle
sections (S3—S4), to strong in the upper (S1-S2) and lower sections (S5), suggesting the great
dynamics of their sources and influencing factors along the river. This can also be inferred
from the contradictory influence of tributaries and dams on surficial SS and MP transport.
Specifically, the Kraszna and the Zagyva Rivers were the only tributaries that revealed
similar influences on surficial SS and MP concentrations downstream of their confluences in
both measuring years, while it differed at the rest of the tributaries. Hence, the contribution of
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a tributary in MP pollution is mainly governed by the applied wastewater management
practices in its sub-catchment, which is not related to sediment sources. Dams, on the other
hand, usually stimulate sediment deposition in reservoirs and clear water erosion
downstream, resulting in a gradual decline in surficial SSC upstream and a sudden increase
downstream. However, ambiguous patterns were noticed with MP concentrations at the three
dams of the Tisza and during both measuring campaigns, as MP distribution is more
vulnerable to local sources of pollution than SS.

Direct estimation of MP concentration in rivers by satellite sensors remains unattainable,
as models developed with Sentinel-2, PlanetScope, and Sentinel-1 achieved low accuracy
(R?=0-0.2). Besides, MP concentration demonstrated a weak to moderate correlation with the
optical bands and a negligible correlation with SAR channels. This limitation is attributed to
the low concentration level of MP in the river, its transport being covered by a thin layer of
water, and the limited spatial and spectral characteristics of current satellite sensors. Thus,
the concentration level is insufficient to affect reflectance or backscattering, and the sensors
lack the sensitivity to capture such slight influences. On the other hand, proxy MP
concentration models based on SSC were promising, as they achieved high accuracy
(R?=0.15-0.8), especially during flood waves. Given the elevated potential of Sentinel-2
(R?=0.7) and PlanetScope (R>=0.6) in estimating surficial SSC, they could be employed to
estimate MP concentration indirectly through the proxy models. However, some limitations
should be considered: (1) Error propagation may influence MP concentration estimation
accuracy. (2) Proxy models typically provide inaccurate estimates during low stages due to
dissimilar sources of SS and MP, though still reasonable; and (3) The established SS—MP
concentrations relationship should be calibrated recurrently, as sudden changes in their
sources, either in space or time, could affect its accuracy.

The findings of this Ph.D. dissertation contribute to current research knowledge by
elucidating the spatiotemporal dynamics of SS, MP, and MaP along lowland rivers in
response to varying hydrological conditions and longitudinal variables (e.g., dams and
tributaries). The river was systematically investigated at multiple spatiotemporal scales with
exclusive intensive spatiotemporal measurements, leading to more reliable findings and
conclusions. The study revealed the interconnection between sediment and plastic pollution
transport, providing a comparative analysis of their sources, influencing factors, and transport
mechanisms. Furthermore, the study introduced remote sensing-based models for not only
SS, MP, and MaP concentrations, but also for water discharge, paving the way towards more
sustainable and cost-effective monitoring of sediment and plastic transport in rivers.
However, this research field is still ongoing, and identified challenges and limitations
necessitate further exploration. For instance: (1) Sub-pixel detection of MaPs is still
uncertain and further research is needed incorporating larger riverine litter datasets with finer
spatial resolution images. This would improve the reliability of models and broaden their
visibility to smaller spots. (2) Employing SAR images in estimating river width data for O
modelling, could enable more frequent monitoring, overcoming cloud cover issues in optical
sensors. Besides, exploring other forms of hydraulic geometry equations may offer additional
opportunities for Q estimation by satellite sensors. (3) Further improvement of the predictive
equations for mixing water variables in confluences is warranted, incorporating additional
hydraulic and morphological data. (4) Additional longitudinal measurements of surficial SS
and MP concentrations during floods, coupled with denser sampling upstream and
downstream of confluence, dams, and WWTPs, are required to gain deeper insights into their
spatiotemporal distribution and validate the identified patterns; and (5) Additional testing of
optically active water quality parameters as a potential proxy for MP concentration is
warranted, addressing current limitations of SSC as a single proxy.
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APPENDIX

Table Al. Summary of the applied in-situ and remote sensing data in this study collected at various
spatiotemporal scales in the Tisza and Maros Rivers.

In-situ data

Remote sensing data

Site . . Google
ID/name Study Collected | Sentinel-2 | PlanetScope | Sentinel-1 .
Purpose . Frequency - . - satellite
period sample 1mages images 1mages .
1mages
Temporal Feb. 18,
: 3 rd
Szeged n'lomj[orm.g of 23 Every 5
(Figure 4.1) riverine litter and Mar. davs - - - - -
gure & (including 5t 10, Y
MaP) 2021
Spatiotemporal
monitoring/inv
. . estigation of
Tisza River in riverine litter Jul. 2015- Available
Hungary . . - 77 - - 13
. and developing | May 2021 images
(Figure 5.2)
remote
sensing-based
models
SSC:
depth-
Tisza Rl ver Developing 1ntegra'ted Altogether
Algy6 and sampling
Syeoed remote by 2 pum, 122
ceed sensing-based y pump (Tisza: 29;
gauging sites Feb. 2015— Q: acoustic :
. suspended Monthly Maros: 27) - - -
Maros River . Nov. 2020 doppler .
, . sediment Qs time-
Mako gauging . current o
: discharge (Qs) series: 93
site. models profiler
(Figure 3.1B) (ADCP)
by
ATIVIZIG
Tisza—Maros Investlggte
water mixing
confluence to dvnamics and
an extentof | Y . . Jul. 2015— | Every 3-5
its relationship - 143 - - -
4.2 km . May 2021 days
to hydrological
downstream parameters of
(Figure 3.1D) the rivers
HI;:anS% rt:r(1111:1?t1s ;HZZZt;egr?:e;gi Aug. 2021 Altogether | Altogether 47 | Altogether
RN I and Once/year 15(2021: | (2021:26; | 15(2021: -
(Figure 3.1A) | and correlation Jul. 2022 8;2022:7) 2022:21) 8;2022:7)
of surficial SS Surficial
and MP SSC:1.5L
Temporal concentrations | Mindszent of water
measqrements in the Tisza, as | Mar. 2021— MP cpnc.: Mindszent Mindszent: Mindszent
in Mindszent well as May 2023 Every 3-5 | pumping 1 .75 79 154
and Szeged develop Szeged days m? of water . ) s B
(Figure 3.1D remote Mar.2021— Szeged: 47 Szeged: 51 Szeged: 70
and E) sensing-based | Mar. 2022
models for
both variables
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Figure Al. Fitted AHG power-law (PLE) models between water width and measured water discharge
(2015-2020) at the three gauging sites in the Tisza (Algy6 and Szeged) and Maros (Mako) Rivers.
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Figure A2. The estimated suspended sediment concentration (SSC) by the best-developed model (i.e.,
Tisza: combine model; Maros: random forest model) was compared to the measured one across the
validation dataset (20% of data).

Table A2. Descriptive statistics of the various hydrological parameters (i.e., measured and calculated)
in the three gauging sites in the Tisza (at Algy6 and Szeged) and Marso (at Mako) Rivers, during the
study period: January 2015-May 2021.

Galfglng Range Min. Max. Mean Std. Median  Mode
site dev.
Haigys 604 36 640 190 144 140 64
Water Hszeged 549 66 615 195 123 149 94!
stage (cm)
Hwmaks 487 -112 375 -7 74 -24 =77
Absolute abs. Hagys ~ 6.04 74.36 80.40 75.91 1.44 75.40 74.64
water abs. Hszegea  5.49 74.36 79.85 75.65 1.23 75.2 74.64!
level(m)  abs. Hyas  4.87  78.38 83.25 79.43 74 79.26 78.73
Stisza 5.5 0.0 5.5 1.4 1.2 1.1 0.0
Slope
(cm/km) SMaros 16.9 2.7 19.6 13.0 2.8 13.9 14.3
Stisza-SMaros ~ 20.8 -18.8 2.0 -11.6 3.9 -13.1 -14.4!
) Qalgys 1812 128 1940 627 425 501 180!
Discharge \
(m¥/s) Qszeged 2105 128 2233 659 448 520 180
Qwmako 701 30 731 137 91 110 75
Qalgys-Qmake 1629 60 1689 490.5 363.5 376.5 139
Qmako/Qszeged  0.51 0.06 0.57 0.23 0.09 0.22 0.20

! Multiple modes exist. The smallest value is shown.
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Figure A3. Daily water level change (AH) at the three gauging sites (i.e., Algy0, Szeged, and Mako)
along with the absolute difference in the AH between the Tisza (at Algyd) and Maros (at Mako)
(AHalgys-AHwmaks), throughout the study period (2015-2021). Close-up of the 2015 (A) and 2017 (B)
floods, as an example, for more clarification.
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Figure A4. Heat maps representing the lateral coverage (%) of the Tisza water (TW) (A), Maros
water (MW) (B), and mixture (MIX) (C), across five transects (T1-T5) in the confluence area. These
percentages were obtained by analyzing 143 Sentinel-2 images (2015-2021).
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Figure AS. The relationship between the areal percentage of Tisza water (TW), Maros water (MW)
and mixture (MIX) and hydrological parameters in both rivers, including discharge ratio
(Qmake/Qszeged) (A), discharge difference (Qaigys-Qmaks) (B), slope difference (Stisza-Smaros) (C) and
daily water stage difference between rivers (AHaigys-AHwmaks) (D).

Table A3. The Spearman’s rank correlation coefficient (p) among water stage (H), surficial suspended
sediment (SS), and microplastic (MP) concentrations during various hydrological conditions (A) and
flood phases (B) in Mindszent site (May 2021-May 2023).

A) Hydrological periods B) Flood phase
Minor Medium . . .
Low stage flood flood Rising Peak Falling
Surficial Surficial Surficial Surficial Surficial Surficial
Parameter e $sC e Parameter e e $sC
% 0.16 0.49 0.56 % 0.67 0.81 0.61
(»=0.356) | (p=0.009) | (p<0.001) (» <0.001) | (p=10.005) | (p <0.001)
MP MP MP MP MP MP
I 0.31 0.34 0.1 I 0.16 0.83 0.16
®=0.02) | »=0.077) | (p=0.471) (»p=0.435) | (p=0.003) | (p=0.278)
Surficial Surficial Surficial Surficial Surficial Surficial
SSC SsC SSC SsC SSC SsC
MP -0.02 0.462 0.46 MP 0.6 ?pgi 0.43
»=0.883) | (p=0.013) | (p<0.001) (»=0.001) 0.005) (» =0.003)

Table A4. The statistical difference in the surficial suspended sediment concentration (SSC) among
different hydrological periods, based on the Kruskal-Wallis and post hoc tests.

Hydrological periods Test statistic Std. error  Std. test statistic Sig. (p) Adj. sig.”

low stage—minor flood -18.93 9.36 -2.02 .043 129

low stage—medium flood -52.46 7.67 -6.84 .000 .000
minor flood—medium flood 33.53 9.42 3.56 .000 .001

a . . . . . .
Significance values have been adjusted by the Bonferroni correction for multiple tests.

The significance level is 0.05.
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Table AS. The statistical difference in the microplastic (MP) concentration among different
hydrological periods, based on the Kruskal-Wallis and post hoc tests.

Hydrological periods Test statistic ~ Std. error  Std. test statistic  Sig. (p) Adj. sig.?

low stage—minor flood -34.51 9.36 -3.69 .000 .001
low stage—medium flood -47.01 7.67 -6.13 .000 .000
minor flood—medium flood 12.49 9.42 1.33 185 554

a
Significance values have been adjusted by the Bonferroni correction for multiple tests.
The significance level is 0.05.

Table A6. The statistical difference in the surficial suspended sediment concentration (SSC) among
different flood phases, based on the Kruskal-Wallis and post hoc tests.

Flood phases Test statistic Std. error  Std. test statistic  Sig. (p) Adj. sig.?

rising—falling -9.66 5.78 -1.67 095 568
peak—falling -29.20 8.79 -3.32 .001 .005
peak-rising 19.55 9.24 2.12 034 206

a
Significance values have been adjusted by the Bonferroni correction for multiple tests.
The significance level is 0.05.
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Figure A6. Distribution of various microplastic (MP) morpho-types during various hydrological
periods (A) and flood phases (B) in Mindszent (May 2021-May 2023). Alphabetical letters indicate
the statistical differences.

Table A7. The statistical difference in the colored fiber among different hydrological periods, based
on the Kruskal-Wallis and post hoc tests.

Hydrological periods Test statistic ~ Std. error Std. test statistic ~ Sig. (p)  Adj. sig.?
low stage—minor flood 34.826 9.359 3.721 .000 .001
low stage—medium flood 51.556 7.665 6.726 .000 .000
minor flood—medium flood 16.729 9.415 1.777 076 227

a
Significance values have been adjusted by the Bonferroni correction for multiple tests.
The significance level is 0.05.
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Table AS. The statistical difference in the fragment among different hydrological periods, based on
the Kruskal-Wallis and post hoc tests.

Hydrological periods Test statistic ~ Std. error Std. test statistic ~ Sig. (p)  Adj. sig.”
low stage—minor flood 13.523 7.664 1.765 078 233
low stage—medium flood 21.551 9.357 2.303 021 .064
minor flood—medium flood -8.029 9.413 -.853 394 1.000

a
Significance values have been adjusted by the Bonferroni correction for multiple tests.
The significance level is 0.05.

Table A9. Statistical difference in the surficial suspended sediment concentration (SSC) among the
five sections (S1-S5) of the Tisza River in 2021 based on the Tukey post hoc test.

. . . 95% Confidence interval
Sections Mean difference  Std. error Sig. (p) Lower bound Upper bound
S1-S2 10.20° 2.47 004 2.83 17.56
S1-S3 6.83 241 067 -.35 14.01
S1-S4 8.68" 2.33 010 1.72 15.64
S1-S5 13.97" 2.47 .000 6.60 21.33
S2-S3 -3.36 1.78 357 -8.69 1.96
S2-S4 -1.51 1.68 .894 -6.52 3.50
S2-S5 3.77 1.86 292 -1.79 9.33
S3-S4 1.85 1.59 72 -2.89 6.60
S3-S5 7.13" 1.78 .005 1.80 12.46
S4-S5 5.28" 1.68 .036 .26 10.30

* The mean difference is significant at 0.05 level.

Table A10. Statistical difference in the surficial suspended sediment concentration (SSC) among the
five sections (S1-S5) of the Tisza River in 2022, based on the Tukey post hoc test.

. . . 95% Confidence interval
Sections Mean difference  Std. error Sig. (p) Lower bound Upper bound
S1-S2 26.64" 6.52 .004 7.19 46.08
S1-S3 15.87 6.37 131 -3.10 34.85
S1-S4 23.73" 6.16 007 5.35 42.10
S1-S5 19.20 6.52 .054 -.24 38.64
S2-S3 -10.76 4.72 191 -24.84 3.30
S2-S4 -2.90 4.44 964 -16.16 10.34
S2-S5 -7.44 4.93 569 -22.14 7.26
S3-S4 7.85 4.21 366 -4.69 20.41
S3-S5 3.32 4.72 953 -10.74 17.40
S4-S5 -4.53 4.44 844 -17.78 8.72

* The mean difference is significant at 0.05 level.
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Table A11. Statistical difference in the microbeads among the five sections (S1-S5) of the Tisza
River in 2021, based on the Kruskal-Wallis and post hoc tests.

Sections Test statistic Std. error  Std. test statistic Sig. (p) Adj. sig.?
S1-S2 .00 6.05 .00 1.00 1.00
S1-S3 -2.66 5.90 -45 .652 1.00
S1-S4 -12.75 5.72 -2.22 .026 38
S1-S5 -12.80 6.05 -2.11 034 Sl
S2-S3 -2.66 4.38 -.60 543 1.00
S2-S4 -12.75 4.12 -3.09 .002 .03
S2-S5 -12.80 4.57 -2.79 .005 .07
S3-S4 -10.08 3.90 -2.58 010 14
S3-S5 -10.13 4.38 -2.31 021 31
S4-S5 -.05 4.12 -.01 990 1.00

a
Significance values have been adjusted by the Bonferroni correction for multiple tests.
The significance level is 0.05.
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Figure A7. Distribution of the microplastic (MP) morpho-types at the five sections (S1-S5) of the
Tisza River based on 26 sites in 2021 (A) and 21 sites in 2022 (B). Alphabetical letters refer to
statistical differences.
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Figure A8. Graphical representation of the longitudinal correlation between surficial suspended
sediment (SS) and microplastic (MP) concentrations in the Tisza in August 2021 and July 2022.
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