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Current mitigation strategies to offset marine plastic pollution, a global concern, typically rely on preventing
floating debris from reaching coastal ecosystems. Specifically, clean-up technologies are designed to collect
plastics by removing debris from the aquatic environment such as rivers and estuaries. However, to date, there is
little published data on their potential impact on riverine and estuarine organisms and ecosystems. Multiple
parameters might play a role in the chances of biota and organic debris being unintentionally caught within a
mechanical clean-up system, but their exact contribution to a potential impact is unknown. Here, we identified
four clusters of parameters that can potentially determine the bycatch: (i) the environmental conditions in which
the clean-up system is deployed, (ii) the traits of the biota the system interacts with, (iii) the traits of plastic items
present in the system, and, (iv) the design and operation of the clean-up mechanism itself. To efficiently quantify
and assess the influence of each of the clusters on bycatch, we suggest the use of transparent and objective tools.
In particular, we discuss the use of Bayesian Belief Networks (BBNs) as a promising probabilistic modelling
method for an evidence-based trade-off between removal efficiency and bycatch. We argue that BBN probabi-
listic models are a valuable tool to assist stakeholders, prior to the deployment of any clean-up technology, in
selecting the best-suited mechanism to collect floating plastic debris while managing potential adverse effects on
the ecosystem.

ocean plastics have a land-based origin (Li et al., 2016). To reach the
marine ecosystem, terrestrially originated plastic fluxes are majorly

1. Introduction

Plastic pollution is a widespread issue of global concern. Therefore,
there is an increasing effort to mitigate the presence of plastic debris in
the environment. Since the beginning of plastic mass production in the
1950s, discards have led to plastic debris being found everywhere in the
environment (Fahrenkamp-Uppenbrink, 2018), from mountain tops
(Napper et al., 2020) to the deep sea (Barnes et al., 2009). The plastic
pollution issue is highly relevant for marine ecosystems due to its impact
on marine life (Lusher et al., 2018). Plastics that accumulate in marine
environments originate from various sources. For instance, abandoned
or lost fishing gears are a significant source of plastic pollution
(Richardson et al., 2019). However, it is estimated that the majority of
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transported via riverine systems. Current model estimates indicate that
about 1000 rivers account for almost 80% of the annual global riverine
plastic emissions into the ocean, ranging between 0.8 million and 2.7
million metric tons per year (Meijer et al., 2021). The flow of these
plastic items towards the marine environment could remain significant
for the upcoming decades due to societal lifestyles and human behav-
iours that became highly dependent on plastics (Parker, 2018), and the
fact that plastics can persist in the environment for several years to
decades (Ryan et al., 2009). Thus, “legacy” plastic pollution that has
already accumulated in riverine environments may gradually get
washed out into the marine domain. In this context, Borrelle et al.
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(2020) and Lau et al. (2020) calculated that substantial reductions in
plastic waste emission can only be achieved by immediate and concrete
actions, with major technological intervention playing an imperative
role. However, preventive measures to reduce the input of plastic debris
to marine ecosystems have only been recently implemented, with ‘cir-
cular economy’ principles still in their infancy (European Commission,
2020, 2019a; Ministry of Environment and Forestry, 2020). Currently,
one of the best approaches to mitigate marine plastic pollution is to
prevent debris from entering the ocean in the first place. Once in the
ocean, floating plastic debris can rapidly spread due to a “dilution” ef-
fect, and its removal becomes difficult and more costly (Helinski et al.,
2021; Hohn et al., 2020). End-of-pipe and in-situ solutions, such as
plastic clean-up technologies, are currently being developed to actively
or passively remove buoyant plastics from aquatic systems such as rivers
and estuaries (Schmaltz et al., 2020). Manifold are the mechanisms used
in the plastic clean-up technologies that are currently deployed in
freshwater environments. Water-wheels, litter boom equipped with
conveyor belts or curtains of air bubbles are examples of different
mechanisms. With the development of more legislative targets to
minimize and remediate plastic pollution (European Commission, 2008,
2019b) the design and deployment of new plastic clean-up technologies
is likely to increase in the coming years.

2. Presentation of the concern

Together with improved waste management efforts and the use of
sustainable materials, the deployment of clean-up technologies in
riverine and estuarine environments is a required solution to reduce
environmental plastic pollution (Schmaltz et al., 2020). However, to
date, there is a lack of empirical data concerning their efficiency and
potential environmental impact (Bellou et al., 2021; Helinski et al.,
2021), and a lack of integrated models to analyze both the impacts of
plastics in the environment and potential responses in the context of
sustainable development (Forio and Goethals, 2020).

Estuarine and riverine environments are amongst the world’s most
productive biomes, providing fundamental life support systems for
humans (Costanza et al., 1997). Estuarine sheltered waters support
unique communities of native and endemic plants and animals, specially
adapted for life at the seas margins and are often serving as important
spawning or nursing grounds to commercially relevant as well as to
endangered species (Maes et al., 2005; Vasconcelos et al., 2011). Pro-
tecting these habitats is imperative from an ecological and economic
point of view (Kennish, 2003). Therefore, the deployment of
human-made infrastructures, including plastic clean-up technologies,
requires careful consideration as not to negatively impact the habitats
around them. To date, externally sourced environmental impact as-
sessments are performed by some of the clean-up technologies com-
panies. These assessments are important tools to establish an initial
understanding of potential environmental impacts of the technologies
for a specific location, project type, and used for permits and regulatory
decision making.

However, an independent and objective tool to support stakeholders
and river managers in deploying these clean-up technologies to prevent
and reduce the unintentional bycatch is currently not available yet.

Overall, the following knowledge is scarce or missing in published
scientific literature:

e Objective and standardised quantification of the potential bycatch by
plastic clean-up technologies common to all companies performing
these operations;

¢ Insight into the probability of specific biota getting caught;

e Information on how environmental parameters can influence the
chance of bycatch;

e An off-the-shelf tool to support a decision framework to assist
stakeholders in selecting the adequate technology and optimize the
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operation to minimize impacts under specific environmental
settings.

3. Way forward: Bayesian Belief Network models to support the
selection of suitable plastic pollution solutions

Multiple criteria and related parameters might play a role on the
likelihood of potential bycatch of clean-up devices, making it a multi-
dimensional knowledge gap. Here, we identified four main clusters
that could contribute to the probabilities of bycatch occurring. These
are: (i) the environmental conditions in which the clean-up system is
deployed, (ii) the traits of the biota the system interacts with, (iii) the
traits of plastic items present in the river system, and (iv) the mech-
anism behind the remediation technology itself (Fig. 1).

The first cluster (i) relates to the local river conditions. The transport
of plastic debris in rivers is highly influenced by hydrological conditions,
such as flow velocity, water level and river discharge (van Emmerik and
Schwarz, 2019), as well as the presence of organic debris such as reed or
other biological material (van Emmerik et al., 2019). The second cluster
(ii) is related to all aspects of the unintentional bycatch. Typical factors
describing the unintentional bycatch are the size of the biota, shape,
density, buoyancy, as well as adhesiveness and mobility. The unique
physical characteristics of the biota might influence their chances of
being caught by the clean-up systems. For instance, adhesiveness — a
typical characteristic of certain fish eggs (Rottmann et al., 1991) — could
increase their likelihood to be unintentionally caught as a secondary
bycatch, while sticking to floating plastic items or organic debris.
However, other traits of biota could reduce the chances of them
becoming bycatch, such as smaller size or swimming capacity linked to
avoidance potential (Coutant and Whitney, 2000). The third cluster (iii)
integrates all aspects of the targeted anthropogenic debris (i.e. shape,
size, volume, buoyancy and its degree of weathering and biofouling).
Environmental plastics, due to their various degrees of weathering or
biofouling, alongside their various sizes, shapes and densities, are
complex and diverse. Therefore, their characteristics cannot be limited
to a set of discrete values, but they rather cover a continuous parameter
space (Kooi and Koelmans, 2019). A possible approach to account for the
continuous nature of plastic debris is to work with probability density
distributions on the primary characteristics of the plastic items. A recent
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Fig. 1. Parameters that play a role in the selection of sustainable plastic
removal technologies.
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and relevant example of such approach is the work conducted by Kooi
and Koelmans (2019) in which the complexity of environmental
microplastics is simplified by the use of continuous probability distri-
bution for size, shape and density. This parametrization ensures an
approximate yet representative depiction of environmental micro-
plastics capturing the variability of plastics and ensuring a more repre-
sentative characterization. The fourth cluster (iv) relates to the
envisaged clean-up technology itself, including its design and operation.
Each plastic remediation technology, based on its mechanical and
physical function, has the potential to collect more or less debris in the
categories of plastics, as target, as well as organics, and biota as bycatch.
Thus, it is fundamental to individually address the technological ap-
proaches behind the clean-up devices (e.g., water wheels, booms or nets
with conveyor belts, curtain of air bubble etc.).

Alongside these four clusters, which are essential in creating a de-
cision framework to support stakeholders in their choices of clean-up
devices, other externalities such as available budget and relevant leg-
islations can be important when choosing a clean-up remediation
technology over another. However, these additional externalities will
not be discussed further in this paper since they do not directly influence
the potential collateral bycatch of the clean-up technologies. In fact, the
proposed approach is an environmental based decision framework. All
other aspects, such as costs and legislation are non-environmental
externalities.

To create such a decision support framework, we suggest the use of
Bayesian Belief Networks (BBNs), probabilistic graphical models that
have demonstrated efficiency and utility in supporting river manage-
ment decisions. The BBN models consist of an oriented acyclic graph in
which the nodes are discrete variables and the arrows causal relation-
ships (Van Echelpoel et al., 2015). These models differ from other
modelling techniques as most methods focus on accurately quantifying
the response variable while BBNs provide probabilistic predictions of all
considered variables. With uncertainty accounted for in the model itself,
BBNs are particularly suitable as a decision support tool for managing
systems where quantifying uncertainty is paramount. Bayesian Belief
Networks are also implemented in a causal graphical structure, which
can be easily understood by non-technical stakeholders (Chen and Pol-
lino, 2012). Furthermore, BBNs are very useful for cases where diverse
sources of data and knowledge need to be integrated, because the
method can combine information from literature and experts in addition
to data from field and lab experiments. Bayesian Belief Networks work
with discrete variables and/or categorized variables. Continuous vari-
ables can be included in a BBN. However, in this case, discretization is
needed (Landuyt et al., 2013). For BBNs to be successful, it is of para-
mount importance to find an appropriate balance between the model
complexity and model fit with realistic development and simulation
times (Goethals and Forio, 2018). This balance can be achieved by
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focusing on key processes in the system and its management, and by
using simplified methods for the description of relations among vari-
ables (such as probabilistic methods). Models based on BBNs have been
widely applied for river management purposes (Marcot et al., 2001;
Piffady et al., 2021) and often been used as computational background
for risk-based adaptive environmental management (Barton et al.,
2020). The BBN technique has often been used in trade-off analyses,
since it allows for the clear probabilistic description of systems and
processes (Forio et al., 2020). The earlier success of BBNs in supporting
river management decisions, and the advantages described above indi-
cate that this type of models can potentially serve as decision support
tools for the implementation of riverine and estuarine plastic clean-up
technologies.

Based on the multiple criteria and related parameters that might play
arole on the likelihood of potential bycatch of clean-up devices, and the
advantages that BBNs offer in supporting river management decision,
we identified six fundamental steps to the creation and validation of a
decision support framework (Fig. 2). This framework could be used as a
guideline for the selection of suitable plastic remediation technologies,
prior to the deployment of the clean-up system, which could be adapted
to users’ needs. Each specific user will have to also consider other ex-
ternalities. For instance, the feasibility of a technology or operation in a
specific location based on local regulations, specific partnerships, or
costs. Moreover, prior to deploying the device, stakeholders should also
assess, as part of an environmental impact assessment, whether rare or
endangered species are present in the specific area.

Firstly, data can be collected from experts, scientific and grey liter-
ature, and based on a large range of well-designed, quality-controlled
experiments, covering the four different clusters introduced earlier.
After data collection, results are obtained and probability density dis-
tributions can be created. The use of probability density distributions
provides quantified information on the chances that the targeted plastic
debris and potential bycatch are trapped by a specific plastic pollution
removal mechanism, accounting for the local river conditions, and the
multiple inherent characteristics of the plastic debris and biota them-
selves. These results can be integrated in BBNs (Fig. 3), providing a
suitable basis to develop the desired decision support framework, which
can be evaluated and constantly improved with new data. Once created
and validated, the framework can be adapted to different geographical
areas, by modifying the input data in accordance with the clusters’ in-
formation relevant for the study.

4. Conclusions
Innovative techniques are being developed, commercialized and

implemented to collect plastic debris from the aquatic environment.
However, due to the novelty and cruciality of these technologies, open
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Fig. 2. Pathway towards a decision support framework for the deployment of plastic clean-up technologies in riverine and estuarine environments: from problem
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Fig. 3. Information flow for Bayesian Belief Network as a trade-off between bycatch intensity and plastic removal efficiency. The color green is for plastic removal,
which is the desired outcome, and red for bycatch. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of

this article.)

access and objective scientific data are necessary to better understand
their potential short and long-term environmental impacts. River man-
agers currently lack an objective tool to guide their decision in the se-
lection of a plastic clean-up technology with a minimal impact on the
environment. This tool can be used, in conjunction with an environ-
mental impact assessment, to reduce the potential collateral damage of
clean-up technologies. Each case will have to be individually evaluated,
also addressing local regulations, specific partnerships, feasibility of a
technology or operation in a specific location and costs. The final deci-
sion regarding the deployment of a system is the stakeholders’ re-
sponsibility, depending on the outcome of the model and their
interpretation.

Considering that multiple criteria and related parameters could in-
fluence the bycatch; we have identified four clusters that could influence
the chances of bycatch for specific technologies. Here, we propose
Bayesian Belief Networks as a good basis for developing such objective
decision support framework for plastic clean-up technologies.
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