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Plastic accumulation in the marine environment is a major concern given the harmful effects and longevity of plastics at sea. Although rivers are likely to significantly contribute to the flux of plastic to marine systems, the behaviour of plastic debris in fluvial systems remains poorly understood and estimates of riverine plastic flux derived from field measurements and modelling efforts are highly uncertain. This paper presents a new probabilistic model of plastic transport in rivers which describes the main processes controlling plastic displacement and which predicts the statistical distribution of travel distances for individual items of buoyant macroplastic debris. Macroplastic transport is controlled by retention in temporary stores (or traps) created by vegetation, bank roughness elements and other obstacles. The behaviour of these traps is represented in the model via a series of Bernoulli trials conducted in a Monte Carlo simulation framework. The model was applied to a tracer experiment in a small 1.1 km river reach. Three replicates were used for calibration and three for validation. For each replicate, 90 closed air-filled polyethylene terephthalate (PET) bottles were introduced at the upstream end of the reach and the location of each bottle was recorded after 24 h. Bottles were chosen as “model” macroplastic litter items given their high usage and littering rate. Travel distances were low. The average and maximum distances travelled over 24 h were 231 m and 1.1 km, respectively. They were also variable. The coefficient of variation of travel distances was 0.94. Spatial patterns were controlled by the location and characteristics of discrete traps. The model was able to describe the observed travel distance distributions reasonably well, suggesting that modelling plastic behaviour in longer reaches and even whole catchments using a stochastic travel distance approach is feasible. The approach has the potential to improve estimates of river plastic flux, although significant knowledge gaps remain (e.g., the rate and location of plastic supply to river systems, the transport behaviours of different types of plastic debris and trap effectiveness in different types of river system, season, and discharge).
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INTRODUCTION

Plastic contamination of the environment, particularly the oceans, has become a major global concern in recent years. This concern has arisen, in part, due to the longevity of many types of plastic material which has resulted in accumulation and an apparent ubiquity of plastic at sea (Welden, 2020). Evidence of plastic debris has been found in every major ocean basin (Barnes et al., 2009). The potentially harmful effects of plastic on wildlife include physical entanglement, reduced stomach capacity, intestinal blockage and internal injury following ingestion (Oehlmann et al., 2009; Eriksen et al., 2014; Sigler, 2014). It has also been suggested that plastics can enhance exposure to toxic hydrophobic organic compounds which sorb to plastic particles (Teuten et al., 2007; Chua et al., 2014) although this notion has recently been challenged (e.g., Gouin et al., 2011; Koelmans et al., 2017). In any case, the fact that plastic pollution negatively affects environmental aesthetics is uncontroversial (Sheavly and Register, 2007).

Although rivers have been recognised as major sources for marine plastic debris (Jambeck et al., 2015; Lebreton et al., 2017; Schmidt et al., 2017; Meijer et al., 2021), their exact contribution remains highly uncertain. To identify the most polluting rivers and to prioritise mitigation efforts, accurate estimates of global riverine plastic emissions are required. So far, three modelling studies have estimated this emission: Lebreton et al. (2017), Schmidt et al. (2017), and Meijer et al. (2021). In all three cases, global plastic flux was estimated from the sum of fluxes from individual catchments predicted using models which were calibrated against observations of riverine plastic flux reported in the literature. Lebreton et al. (2017) and Schmidt et al. (2017) used similar approaches to estimate catchment flux, based on river discharge and mismanaged plastic waste (MMPW) generation. They estimated the global flux range to be 1.15–2.41 Mt yr−1 and 0.41–4 Mt yr−1, respectively. Meijer et al. (2021) used a different approach to estimate catchment flux, based on MMPW generation, the probability of debris entering the river network, and the probability of debris transfer to the ocean. These probabilities were derived from physical factors believed to drive MMPW transfer to the coast (precipitation, wind, land use, distance to river, stream order, river discharge and distance to river mouth). This resulted in an estimated flux in the range 0.8–2.7 Mt yr−1. Although similar in magnitude, the large difference between the upper and lower estimates of plastic flux in these studies reflect considerable uncertainty in model predictions. Additionally, the spatial distribution of plastic inputs was different in each study, particularly in the study of Meijer et al. (2021). They suggest over 1,000 rivers are accountable for 80% of global riverine plastic emission, compared to 47 and 5 rivers in Lebreton et al. (2017) and Schmidt et al. (2017), respectively.

Given that modelled estimates of plastic flux have been generated using some form of calibration based on field measurements, the quality of these estimates are directly affected by the quality of these field measurements. Field measurements, however, are scarce, not standardised, spatially and temporally variable and are biassed by the higher frequency of studies in North American and European rivers (González-Fernandez and Hanke, 2017; van Emmerik et al., 2018, 2019a,b; González-Fernandez et al., 2021). Research is ongoing to improve field measurements of plastic concentration (e.g., van Emmerik et al., 2018). However, relatively little is known about how plastic debris is displaced in fluvial systems and research is urgently needed. In particular, dominant modes of transport, residence times, accumulation processes (temporary and permanent) and storage zones in different reach types and under different flow regimes remain uncertain (see Figure 1, which summarises the main processes affecting macroplastic displacement in rivers). One recent study which contributes to closing these knowledge gaps is that reported by Tramoy et al. (2020), who used GPS trackers to understand the transfer dynamics of macroplastic in the River Seine and its estuary. They found that macroplastic debris moved intermittently and its residence time was much longer than the transit time of water.


[image: Figure 1]
FIGURE 1. Processes controlling the fate of macroplastic debris in rivers, including: the sources, transport, degradation, and storage of macroplastic debris in river channels.


The mechanisms promoting macroplastic debris displacement in rivers are analogous to those which transport sediment—suspension, saltation and traction (see Charlton, 2008). However, unlike sediment, many plastic materials are buoyant. This means they can be transported on the surface by the current and by wind (Ivar do Sul et al., 2014; Kooi et al., 2018). Displacement is likely to be controlled by a combination of factors including the specific characteristics of each river reach (hydraulic geometry, discharge, and velocity) and plastic properties (e.g., density, buoyancy, shape and size). Plastic properties may be altered by fragmentation, biofouling and other degradation mechanisms (Ryan, 2015; Kooi et al., 2018).

The transport of plastic debris can be conceptualised over a series of discrete “step” (the movement phase) and “rest” (the stationary phase) periods between sites of temporary storage (or “trapping points”). This is the same conceptualisation as for sediment transport (see Hassan et al., 1991). Trapping points can be broadly categorised as either hydraulic (trapping by flow separation structures) or physical (trapping by physical obstacles). Flow separation generates recirculation eddies, turbulence and “dead zones” of weak reverse flow (Ferguson et al., 2003), within which macroplastic debris can potentially become trapped. This often occurs where there are topographic irregularities at the channel boundary, which include undulations caused by erosion and the slumping of bank material, channel obstructions (e.g., channel bars) and meander bends (Ferguson et al., 2003; Kean and Smith, 2006). Physical traps include aquatic (instream), riparian (bankside), and overhanging vegetation, morphological features (e.g., channel bars, rough banks, and exposed boulders) and infrastructure (e.g., dams, weirs, bridges, fords, culverts, and flow deflectors). Vegetation is a potentially significant trap of macroplastic debris. In a study on the Saigon River, Vietnam, Schreyer et al. (2021) found that plastic transport was strongly linked to the presence of water hyacinths in the river, which act as accumulation zones of plastic debris. Similarly, Ivar do Sul et al. (2014) demonstrated that plastic debris can be retained by mangrove forest patches for long periods of time (months-years). Clearly, hydraulic and physical traps interact with one another: flow separation can cause macroplastic debris to become trapped in physical traps; and physical traps can promote flow separation. Thus, individual traps may be the result of a combination of hydraulic processes and the presence of barriers.

In this study, we present a “proof of concept” macroplastic tracer experiment, in which plastic tracers were introduced at the upstream boundary of a lowland river reach and displacement and trapping of these tracers were characterised. We also developed a general framework for modelling macroplastic debris transport in rivers, which was informed by the experiment. The model is intended to be used to: (1) estimate a travel distance distribution for plastic debris; (2) identify sites of temporary storage and; (3) estimate the residence time distribution of plastic debris at plastic accumulation zones. It should be noted that this study focusses on the macroplastic size fraction (items larger than 5 mm). The transport of microplastic particles (<5 mm) is also an important issue, but their fate and behaviour differs markedly from that of macroplastic and is, thus, beyond the scope of this study.



METHODS


Study Area

Travel distances of macroplastic tracers were measured along a 1.1 km study reach of the River Sence (a tributary of the River Soar), near Wistow, Leicester, UK (injection point at 52°33.498′N, 1°03.092′W) between January and March 2020 (Supplementary Figure 1). The Sence catchment is small (catchment area ≈ 65 km2 at the injection point) with moderate to low relief and a land cover dominated by arable farming with some grazed and cut grassland. Mean annual rainfall is ~650 mm and catchment geology consists of low permeability bedrock, overlain by boulder clay and alluvium deposits, generating a mean annual runoff of ~266 mm (1971–2020: National River Flow Archive). The study reach is narrow (width ≈ 4 m at the injection point), meandering (sinuosity index ≈ 1.7) and contains patches of in-channel and overhanging vegetation that interact with the flow. Regrading operations have been conducted historically along the study reach, which have altered the river channel through straightening, widening and deepening (Sear, 1993). These operations have also caused some bank failure/slumping (Sear, 1993). Good access for the retrieval of tracers along its entire length makes the reach ideal for investigating macroplastic debris trapping.



Tracer Experiments

Macroplastic travel distance distributions were determined using tagged polyethylene terephthalate (PET) bottles. Plastic bottles were selected as model litter items because they are a significant component of plastic pollution—the UK uses 13 billion plastic bottles each year, plastic bottles make up a third of all plastic pollution in the sea and 14% of identifiable plastic litter items found in European freshwater environments were plastic bottles (Environmental Audit Committee, 2017; Earth Watch Institute, 2019). The bottles were obtained from recently discarded waste at our university campus and the plastic was in pristine condition (i.e., it was unweathered, with no opportunity given for biofilm development). They were introduced into the study reach at regular intervals (every 5 s) to ensure they travelled independently of each other. Their location was then recorded after 24 h before retrieval using fishing nets. Temporary mesh fencing was erected at the end of the study reach to prevent downstream losses. The development of the experimental protocol was guided by pilot experiments, in which plastic bottles were injected and retrieved after only a few hours. The key findings from the pilot studies suggested that travel distances (x) were typically relatively low ([image: image] = 128 m), but highly variable (16 m ≤ x ≤ 699 m). As a result, the study was restricted to a reach of ~1 km and a relatively large sample size of 90 bottles was employed in each replicate injection in the main study. Six replicate injections (R1–R6) were made. Each replicate was conducted at a similar stage and the discharge in each experiment (measured using salt-dilution gauging) was approximately the same each time ([image: image] = 0.303 m3s−1, σ = 0.077 m3s−1). We also regularly monitored stage (water depth at a concrete platform close to the upstream end of the study reach) to ensure that there were no major changes during introduction of the bottles and over the 24-h monitoring period.

To investigate macroplastic debris trapping, it was necessary to map the location and nature of trapping points along the study reach. The following trap types were identified in the pilot experiments: (1) aquatic, riparian and overhanging vegetation; (2) rough channel banks, and (3) meander bends. In a survey of the study reach, overhanging tree and meander bend locations were recorded since they were typically discrete and associated with particular locations. The other types of trap were not mapped since they are continuously distributed along the reach and were less-easily identified.



Modelling
 
Probability of Trapping

A new probabilistic model of fluvial plastic transport was constructed to describe the main processes controlling plastic displacement and storage and to estimate travel distance distributions for plastic debris. The model is conceptual in nature and deliberately simple. The total reach is divided into a set of equally spaced sub-reaches (cells). Macroplastic is assumed to travel in a downstream direction from cell to cell (Figure 2). Each cell is assigned a probability of trapping a particle (bottle), p(T). In straight, wide, uniform channels, without any discrete trapping points, p(T) is assumed to be zero over the (short) timeframe considered in the experiments. Elsewhere, p(T) is affected hypothetically by: (1) trapping along meander bends, p(M); (2) trapping in overhanging vegetation, p(V), and (3) trapping along channel banks, p(CB). Formally, p(T) is given as:

[image: image]

p(M) is assumed to increase with channel sinuosity (Supplementary Figure 2A) as follows:

[image: image]

where a is an empirical parameter and S is the ratio of channel length (C in m) to downvalley length (D in m), after Leopold et al. (1964):

[image: image]

p(CB) is assumed to decrease with increasing channel width (w, m) above a minimum width (w0, m) as the interaction between the bulk river flow and channel banks decreases (Supplementary Figure 2B) via:

[image: image]

where b and c are empirical (calibrated) parameters. Setting b to unity yields a value of p(CB) = 1 for w = w0 so b is always >1. w can either be directly measured or estimated from discharge using a hydraulic geometry relation (see Leopold and Maddock, 1953).


[image: Figure 2]
FIGURE 2. Schematic illustration of the transfer of macroplastic debris downstream from cell to cell. Also shown are the equations used to calculate the combined probability of trapping, p(T), probability of trapping along meander bends, p(M), and probability of trapping along channel banks, p(CB).


p(V) is assumed to be equal to zero everywhere except in cells containing an overhanging tree. In these cells, p(V) is assigned by model calibration. Overhanging trees were identified from field surveys. However, it is feasible that tree identification can be automated using aerial photographs or satellite imagery (see Tomsett and Leyland, 2019).



Model Operation

Two model scenarios were considered: (1) introduction of a large number of bottles at a single point at the start of the simulation, representing the tracer experiment described above, and (2) random emission of bottles at multiple points along the river over time, representing real-world inputs of macroplastic litter. Model calculations are performed iteratively (Supplementary Figure 3). In each iteration, the fate of each bottle in motion is considered: bottles either pass from cell to cell in a downstream direction or they become “trapped.” This is a stochastic process based on a series of Bernoulli trials (i.e., a random experiment with exactly two possible outcomes: pass or trap). For each bottle moving into a new cell, trapping is predicted when a random number generated from a uniform distribution (0–1) is less than or equal to p(T) for the destination cell. Values of p(T) are automatically calculated based on reach characteristics (Equation 1).

In all iterations after the first, trapped bottles can also be reset in motion based on another Bernoulli trial in which another uniform random variate (0–1) is compared to a pre-defined probability of release, q(i). Like p(T), values of q(i) are likely to be related to reach characteristics, but in the absence of more information, a constant value of 0.5 is assumed for all cells here. This means that the spatial pattern of bottle accumulation is controlled by the pattern of p(T). Bottles that are reset in motion are subjected to the same stochastic process (pass or trap) as other moving bottles. Each iteration ends after all bottles have been trapped or have passed through the downstream section of the whole reach. This process is intended to reflect the stochastic nature of plastic debris transport in the field. A tally of bottles trapped in each cell is maintained, along with a count of bottles which have left the system. This tally can be compared to the observed data on bottle counts in each cell and to counts of bottles passing through the downstream boundary.

In Scenario 2, a Bernoulli trial is conducted to determine whether bottles are emitted to each cell [i.e., when a random variate generated from a standard uniform distribution is less than a pre-defined probability of emission to that cell, pe(i)]. Here, values of pe(i) were fixed arbitrarily for illustrative purposes. However, these could be derived from environmental characteristics, such as proximity to bridges or footpaths, where there is enhanced opportunity for the direct deposition of litter to the channel. Macroplastic littering is likely to be lower in rural areas, relative to urban areas due to lower population densities. Emission could also be described using specific probability density functions related to MMPW generation data (e.g., Lebreton and Andrady, 2019). The displacement and trapping of bottles in Scenario 2 are described in the same way as for Scenario 1. Each iteration of the model represents a unit of time. This can either be a specific (arbitrary) period (e.g., 24 h) or may represent the transit time of water. Here, the bottle location data used for calibration was collected 24 h after injection, so one time iteration equals one day.



Calibration

The model was calibrated by adjusting p(V), a, b, and c to optimise the fit between the spatial distribution of modelled frequencies and the measured data derived from three replicate runs of the tracer experiment (~50% of the observed data). Calibration was performed using an iterative combinatorial procedure involving multiple model runs and employing a range of parameter combinations. This method is also known as a parameter sweep (Malleson, 2014) or calibration via factorial analysis (Hamby, 1994). The calibration parameter space was sampled from a = 0 to 1.7 (with an increment of 0.1), b = 1 to 10 (with an increment of 1), c = 1 to 7 (with an increment of 1) and p(V) = 0 to 0.4 (with an increment of 0.05). This gave 11,340 different combinations.

To match the observed data, p(M) and p(CB) were calculated for individual sub-reaches at 10 m resolution using Equations (2–4). A non-zero value of p(V) was applied only to cells containing an overhanging tree. Although p(T) was calculated at 10 m resolution, the calculation of p(T) is easily scalable to different sub-reach lengths. Note, however, that parameter values are likely to be scale-dependent. Modelled and measured travel distance distributions were compared using a two-sample Kolmogorov-Smirnov (KS) goodness-of-fit test. The KS test statistic (DStat) was recorded during each run. This test was used as an alternative to the more popular two-sample Chi-squared (χ2) test because χ2 does not allow expected frequencies to equal zero. This is important because in many sub-reaches the observed or modelled frequency of trapped particles was zero.

The optimal combination of parameters was that with the lowest value of DStat. The maximum proportion of bottles trapped in a 10 m sub-reach in the tracer experiments was ~35% of the bottles available for trapping. This was used to constrain the calibration parameter space of a and p(V) by setting an upper limit of 0.4 to the possible values of p(FS), p(CB), p(V), and p(T). The parameters b and c were constrained via trial and error with preliminary runs of the model (see Refsgaard and Storm, 1990).



Validation

The model was validated on the remaining three (independent) replicate runs of the tracer experiment (~50% of the observed data), with no further adjustment in parameter values. Again, DStat, was used as the measure of model performance.



Sensitivity Analysis

To assess the influence of different parameters on model output, a one-at-a-time sensitivity analysis was conducted (Hamby, 1994). The value of each calibrated parameter was varied by the same percentage away from its optimum (i.e., the best fit value from the calibration) from +/−10% to +/−100%, while other parameters were held fixed at their optimal values. Sensitivity was measured with changes in DStat, using the data from the three replicates used for calibration.





RESULTS


Observations

Figure 3 shows the observed travel distance distribution for each replicate and for the combined data. The mean travel distance in each replicate ranged from 105 m in R3 to 357 m in R4, with an overall mean of 231 m. Maximum travel distances ranged from 680 m in R5 to 1,071 m in R6. No bottles were observed to exit the study reach in any of the 24-h replicate periods. The coefficient of variation of travel distances (CV), which is a measure of dispersion in relation to the mean, ranged from 0.54 in R4 to 1.41 in R5, with an overall CV of 0.94. The travel distance distributions for each replicate and the combined data set were all positively skewed with skewness ranging from 0.46 in R1 to 2.13 in R3. In each replicate, the tracer recovery rate ranged from 93% in R2 to 99% in R4 with an overall recovery rate of 96%. Bottles not retrieved from the channel were often found on the floodplain, presumably removed by external agencies (e.g., people, dogs, and wildlife). These bottles were not included in the calculated travel distance distributions. We also retrieved untagged bottles and other macroplastic litter during tracer retrieval so there was never any net macroplastic legacy from the experiments.


[image: Figure 3]
FIGURE 3. Observed plastic bottle travel distance distributions from the six replicate experiments (R1–R6) in the top panels and the combined data (bottom panel). The combined data is colour-coded according to the presence or absence of overhanging tree and meander bend traps. [image: image], mean travel distance; CV, coefficient of variation; n, number of bottles recovered.


The data highlight clear “hotspots” where the bottles consistently tended to get trapped (e.g., 20, 30, 140, 250, 340, and 650 m downstream of the injection point). The sub-reaches where most plastic bottles were trapped were 30 m downstream for R5 (trapping 52% of plastic bottles), 40 m downstream for R3 (trapping 24% of plastic bottles), 140 m downstream for R1, R2, and R6 (trapping 20, 20, and 28% of plastic bottles, respectively) and 340 m downstream for R4 (trapping 25% of bottles). Overall, the sub-reach which trapped most plastic bottles was 140 m downstream, where 15% of the bottles were trapped. Sub-reaches in the combined travel distance distribution in Figure 3 are colour-coded according to trap types (overhanging trees, meander bends or both). Note that some traps extend over multiple 10 m sub-reaches and some act at a specific points within the colour coded cell. Trapping hotspots generally coincided with the presence of overhanging trees (the only exception is the trapping hotspot 340 m downstream) or a meander bend. Just over half (59%) of the plastic bottles were trapped in sub-reaches containing overhanging tree branches and nearly half (43%) were trapped along meander bends. In sub-reaches containing both overhanging trees and meander bends, some interaction is likely to have occurred.

There was considerable variability in plastic bottle travel distances between replicates. For example, at the point where most plastic bottles were trapped (140 m downstream), the proportion of bottles trapped ranged from 2 to 28%. It should be noted that for increasing distance downstream, fewer bottles were available for trapping. This made identifying consistent trapping hotspots more difficult. In addition to the data reported here, we conducted some pilot experiments, in which bottles were collected within a couple of hours after they were introduced. The spatial patterns of these bottles were similar to those observed after 24 h (particularly the clusters caught in overhanging tree branches). This supports the idea that residence times in many of the traps are likely to be at least 24 h. However, we did observe that some bottles did move over shorter periods (typically those less-securely trapped along channel banks etc.).



Model Outputs and Comparison With Observations

Figure 4A shows the modelled frequency of injected bottles with distance after 24 h for the optimum combination of parameters (a = 0.3; b = 6, c = 5, and p(V) = 0.2). Equivalent measured frequencies are shown in Figures 4B,C for the calibration and validation data, respectively. Cumulative measured and modelled travel distance distributions for the calibration and validation data are shown in Figures 4D,E, respectively. The value for DStat for the calibration step was 0.114 which indicates that the predicted cumulative travel distance was not significantly different from the measured data. For the validation step, the value for DStat was 0.208 which indicates that the cumulative distribution was not as well-predicted (and that the two distributions were significantly different). It should be noted that several different parameter combinations yielded similar values of DStat (a phenomenon known as equifinality; von Bertalanffy, 1968; Beven and Freer, 2001; Whelan et al., 2019). For example, a DStat value of 0.115 was obtained with a = 0.2, b = 8, c = 2, and p(V) = 0.2. The lack of a clear global optimum may, in part, reflect the fact that the model is stochastic, giving slightly different predicted outcomes in each simulation.


[image: Figure 4]
FIGURE 4. Travel distance distributions of plastic bottles after 24 h for (A) the optimum combination of parameters (a = 0.3, b = 6, c = 5, and p(V) = 0.2); (B) the calibration dataset and (C) the validation dataset. The cumulative distribution functions (CDFs) for travel distances in the calibration and validation datasets are shown in (D,E), respectively. [image: image], mean travel distance; CV, coefficient of variation; n, number of bottles. Note that n is different in (A,B) due to the predicted loss of two bottles from (A).


The reasonable model performance, particularly during calibration, reflects, in part, the importance of overhanging trees as discrete macroplastic traps, which were identified in the model a priori (at 20, 80, 140, 250, and 650 m downstream of the injection point) from channel survey data. Bottle trapping along meander bends was less well-simulated. For example, several bottles were trapped at the meander bend 340 m downstream of the injection point during the tracer experiments (7% across all replicates) but no trapped bottles were predicted.



Model Performance Beyond the Tracer Study

In general, the centroid of the distribution of trapped bottles should gradually shift downstream over time and the variance of the distribution should increase, approximately in accordance with advection-dispersion theory (e.g., Gandolfi et al., 2001). This is illustrated in Figure 5 which shows the predicted plastic bottle travel distance distribution 2, 5, and 10 days after injection, assuming arbitrarily that q(i) = 0.5 for all sub-reaches. In addition to the translation of the distribution downstream ([image: image] = 368, 628 and 758 m at 2, 5, and 10 days, respectively) and an increase in variance, there is a gradual increase in the number of bottles predicted to have left the study reach, nOUT (nOUT = 30, 119, and 226, respectively). In each cell, the residence time distribution will also depend on q(i). Figure 6 illustrates an example predicted residence time distribution 20 m downstream of the injection point for q(i) = 0.5. This point is the first major trap along the study reach, but the same output could be produced for any sub-reach. The distribution is positively skewed with a modal residence time for trapped bottles of just one day. Although the assumption of q(i) = 0.5 may be appropriate for some trap types under certain conditions, further work is needed to reveal how macroplastic debris behaves in different traps and over a range of conditions. It is likely that q(i) will vary substantially over time and space and that it will be substantially lower than 0.5 for some traps.


[image: Figure 5]
FIGURE 5. Modelled travel distance distribution of plastic bottles after 2, 5, and 10 days, assuming q(i) = 0.5 for all traps.



[image: Figure 6]
FIGURE 6. Example residence time distribution at the sub-reach 20 m downstream of the injection point, assuming q(i) = 0.5 for all traps.


Model predictions for Scenario 2 (i.e., the random emission of bottles at multiple points along the river over time) are illustrated in Figure 7, which shows an example distribution of bottle storage for three points in time. In this case, the pattern of bottle storage is affected by a combination of the probability of emission to a cell, pe(i), the probability of trapping, p(T), and the probability of release, q(i). Here, pe(i) was set to 0.25 and the number of bottles assumed to enter each cell during an emission event was set to 5 (for illustrative purposes) for every cell. Model predictions from this scenario could be compared to “real world” spatial patterns of plastic accumulation. In this case, there appears to be a predicted accumulation zone 820 m downstream of the upstream boundary on the second and third days. This zone is not revealed in the measured data from the tracer experiment nor in the Scenario 1 simulations because most bottles are trapped upstream of this point. Long-term surveys and or monitoring of pulse-injected bottles could ascertain whether this point really acts as a zone of preferential macroplastic accumulation or not. In general, the model run in Scenario 2 could be used to target mitigation efforts. With realistic estimates of the location, rate and frequency of emission, model predictions could also be used to estimate riverine plastic fluxes (via nOUT) at different catchment scales.


[image: Figure 7]
FIGURE 7. Bottle storage distribution for the diffuse-injection of plastic bottles after 1, 2, and 3 days under the assumption that q(i) was equal to 0.5, pe(i) was equal to 0.25, and the number of bottles entering during an emission event was equal to 5.




Sensitivity Analysis

Results of the sensitivity analysis are shown in Figure 8. Sensitivity was anisotropic with most sensitivity observed in response to a decrease in the value of parameter c. This controls the relationship between channel width (w) and the probability of trapping along channel banks (p(CB); Equation 4). An increase in c results in a decrease in p(CB). Increases in c from its optimum resulted in relatively minor changes in DStat. The parameter b also controls the relationship between w and p(CB). Increases in b also results in decreases in p(CB). Relatively minor changes in DStat were also observed in response to a change in b. Optimal model performance was obtained when p(CB) was assumed (calibrated) to be very low, reflecting observations that trapping along channel banks is relatively minor. Further investigation, especially along rivers with varying channel widths, is required.


[image: Figure 8]
FIGURE 8. Results from a one-at-a-time sensitivity analysis, showing the change in model goodness of fit (deviation between the predicted and observed CDFs, DStat) for the parameters a, b, c, and p(V). High change in DStat for a given percentage increment in the parameter value away from its optimum (0%) indicates a high degree of sensitivity to that parameter.


Model fit was not sensitive to parameter a. This parameter controls the relationship between channel sinuosity (S) and the probability of trapping along meander bends [p(M); Equation 2]. Low changes in DStat in response to changes in a were largely caused by S being very close to unity in every cell (1 ≤ S ≤ 1.32). By extension, p(M) was close to zero in every cell (see Equation 2). This may explain the poor simulation of trapping at meander bends because all sub-reaches were characterised as straight (rather than sinuous or meandering; see Leopold et al., 1964). The use of S as a proxy for the number of meander bends along the study reach, therefore, may not be appropriate (at least at 10 m resolution). At a coarser resolution, S may be a better proxy for identifying meander bends. Finally, and unsurprisingly, model fit appeared to be relatively sensitive to p(V), meaning that even small differences in p(V) affected predictive quality. This highlights the important role of vegetation (especially overhanging trees) in the trapping of floating macroplastic. More research is urgently needed to understand the role of different types of vegetation in the transport and trapping of plastic debris.




DISCUSSION AND CONCLUSIONS

Plastic pollution is a significant and growing global threat. The potential issues in marine systems are now widely recognised. However, despite the fact that rivers are potentially significant contributors to ocean plastic pollution, the transport of macroplastic debris in rivers remains poorly understood. In addition, plastic pollution can result in direct deleterious impacts within riverine ecosystems (Blettler and Wantzen, 2019). Here, we present the results from a “proof of concept” macroplastic tracer experiment, which was used to characterise the displacement and trapping of macroplastic debris in rivers. In the experiment, PET bottle tracers were introduced at the upstream boundary of an experimental reach of a lowland river and their locations were recorded after 24 h. A similar approach was employed by Ivar do Sul et al. (2014) in mangrove forests. As reported by Ivar do Sul et al. (2014), we also found that travel distances were low, highly variable and mediated by the location of discrete “trapping points” (particularly, in our case, overhanging trees and meander bends). In most cases, stranding appeared to be independent of other plastic debris—i.e., bottles were trapped individually or were lodged individually but in clusters behind overhanging branches or in emergent vegetation. However, there were some occasions when trapped bottles may have disrupted the movement of others and enhanced their potential to strand. We attempted to reduce such interactions by introducing the bottles individually and believe that the overall interactive effect was minimal. Since macroplastic debris appears to be captured and retained relatively easily, it is likely that many items of debris never make it to the ocean, or do so only after very long periods of time.

We also present the results from a new probabilistic model of fluvial plastic transport, which was calibrated using data from the tracer experiment. The model is based on the probability of trapping, which is constructed from the probabilities of trapping along meander bends, in overhanging vegetation and along channel banks. These probabilities were described by hypothetical relationships with reach and vegetation characteristics. The calibrated model was able to match the observed distribution of macroplastic storage reasonably well. However, model performance with respect to independent data (validation) was inferior to that during calibration. This may, in part, reflect the stochastic nature of macroplastic transport itself (as illustrated by differences in observed bottle distributions between replicate runs: Figure 3). The generation of larger measured and simulated datasets is needed to fully assess the extent to which the model is statistically robust. Nevertheless, the fact that the broad spatial pattern of plastic accumulation appears to have been captured by the model, even during validation, suggests that there is wider potential to utilise the same approach to model macroplastic transfer in rivers more generally—possibly up to the catchment scale. The explicit recognition that most riverine macroplastic resides in stores with variable residence times, and that plastic transport between these stores is intermittent needs to be more explicitly recognised in models of terrestrial to ocean flux. For example, the model of Meijer et al. (2021) employs an estimated bulk probability of plastic transport in river channels to the ocean which is based on stream order, discharge and distance to the sea, but this does not explicitly recognise the number and nature of plastic traps which will exist in all channel networks. Experimental and modelling work along the lines described in this paper may allow riverine plastic transfer efficiencies between sources and the sea to be better quantified and potentially disaggregate the bulk parameters estimated in catchment scale models, such as that of Meijer et al. (2021).

The predictive quality of our model is currently limited by (inter alia): (1) an imperfect understanding of what controls plastic transport in rivers; (2) a poor understanding of the relationships between reach characteristics and the probability of trapping and (3) the limited size of the calibration dataset. To improve the fundamental understanding of the processes controlling plastic displacement (and, therefore, the quality of the model), additional tracer experiments should be conducted on reaches of varying characteristics (e.g., straight, wide or sparsely vegetated). These experiments should also be conducted with other types of litter (e.g., plastic carrier bags, snack packets and straws), made from different plastic materials and under different flow conditions to understand how plastic properties (e.g., buoyancy, shape, and size) and river stage/discharge affect plastic transport. Our experiments focused on buoyant (air filled) particles. However, many non-air filled particles (including PET) have densities similar to or greater than that of water and will, therefore, be suspended within the water column or even travel by saltation along the bed. Furthermore, weathering (e.g., from exposure to ultraviolet light or physical abrasion) and biofouling (the development of a microbial film on the surface of the particle) are known to alter fundamental properties of the original item (such as particle size, shape and density) which can change transport behaviours. For example, Kowalski et al. (2016) showed that plastic sinking rates were affected by particle shape as well as by density and size. Kowalski et al. (2016) also showed that abrasion in turbulent sedimentary systems (such as rivers or the surf zone) can result in the incorporation of quartz grains, which can also potentially influence the behaviour of the particle. The development of biofilms on plastic particles can increase their density and enhance settling rates (Chubarenko et al., 2016; Semcesen and Wells, 2021). Future work should also consider these effects by comparing the behaviour of virgin and weathered/fouled debris.

In principle, the model is able to make estimates of real-world plastic retention and flux. However, more information on the residence time of plastic debris in different trap types and accurate estimates of the location, frequency and volume of plastic emission to channels are required. The residence time of plastic debris in rivers is of primary importance because it directly controls riverine plastic flux and can be used to quantify q(i). Again, this can be determined with additional tracer experiments, but across longer temporal scales. For practicality, these types of experiment could usefully employ GPS trackers (see Tramoy et al., 2020). These have the added advantage of providing high temporal resolution data on the location of plastic tracers. This information can be used to understand the movement of plastic during shorter periods than the 24 h monitoring period employed in our study. Data we collected from pilot studies (not shown here) suggest that some stranded bottles are remobilised (and almost always re-trapped) over shorter periods. Trackers could also be used to understand the behaviour of macroplastic debris over longer periods. Although our model was calibrated for a 24 h sampling period, this type of information could be used to incorporate better probabilistic descriptions of trap and release dynamics in the model, which could make it more generally applicable, without calibration. Disadvantages of GPS trackers include inter alia their relatively high procurement and running costs and limited accuracy. Other research is emerging to predict the amount and volume of plastic entering river channels. For example, Melink et al. (2021) have developed a modelling concept to predict plastic transport on land, but this research is at a very early stage. Additional experimental and modelling work should consider the effects of emission location characteristics on the initiation of plastic displacement (i.e., considering more realistic release scenarios). Initiation of motion could be affected by, for example, the type and density of riparian and in-channel vegetation, the presence of physical obstacles (e.g., bridge piers, lock gates and weirs) and the presence of other (plastic) debris.

The model also has the potential to be scaled up to the catchment scale. For large catchments, it would probably not be practical to estimate p(T) at 10 m resolution. Instead, a representative value of p(T) could be applied to longer reach segments based on aggregate characteristics. These values could be determined empirically from experiments conducted along different study reaches (as above) with model parameters derived from statistical relationships. To assist with scaling up the model, reach characteristics could be automatically calculated in a geographical information system from existing channel network datasets (e.g., the WWF's HydroSHEDS data; see Lehner et al., 2008). Channel width could be estimated from bankfull discharge (Qbf) using hydraulic geometry (see Leopold and Maddock, 1953). Qbf itself can be estimated from the discharge with a recurrence interval of 1.5 years using readily available gauged flow data, if available; see Benson and Thomas, 1966). If gauged flow data are not available (as is the case in many parts of the world), mean annual discharge could be estimated from a combination of modelled runoff fields (e.g., from water balance calculations; see Fekete et al., 1999) and accumulated area. A large number of long-term and refined experiments are likely to be needed to get a good quantitative understanding of the different controls on macroplastic transport and release. This represents a significant challenge going forward, which needs to be met in order to scale up the model. Nevertheless, the approach presented here has significant potential to investigate and model macroplastic debris transfer in rivers and potentially improve estimates of riverine plastic flux at river-basin scale.

Perhaps the most important finding of the study reported here is that travel distances for macroplastic debris in rivers are short and variable. This is consistent with the finding of Tramoy et al. (2020) in the Seine and implies that some previous estimates of the terrestrial to marine macroplastic flux may not be accurate. Of course, fluxes are likely to vary with river stage but may not necessarily be higher as discharge increases. For example, at very high stage, rivers often flow overbank. In these situations, plastic debris may also leave the channel and be deposited on floodplains or in oxbow lakes when water levels subside. Further work is needed to investigate the potential sink effect of this phenomenon which, along with other long-term plastic sinks in river channel and riparian zone networks, may go some way to explaining the missing plastic question (the disparity between estimated emissions of plastics to the environment and the estimated stock of plastic which in the world's oceans: e.g., Cózar et al., 2014; Owens and Kamil, 2020; Weiss et al., 2021). Our work broadly supports the general conclusion of Weiss et al. (2021) that previous estimates of riverine plastic flux to the oceans may have been over-estimated.
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