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• We developed a cost- and time-effective,
automated method to identify micro-
plastics.

• We present two machine learning models
that use RGB color quantification.

• Method combines image analysis of fluo-
rescent particles with classification
models.

• Our developed models showed high clas-
sification accuracies of 95.8% and 88.1%.

• Method can detect and identify particles
spiked in marine environmental matrices.
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Microplastic pollution is an issue of concern due to the accumulation rates in the marine environment combined with
the limited knowledge about their abundance, distribution and associated environmental impacts. However, surveying
and monitoring microplastics in the environment can be time consuming and costly. The development of cost- and
time-effective methods is imperative to overcome some of the current critical bottlenecks in microplastic detection
and identification, and to advance microplastics research. Here, an innovative approach for microplastic analysis is
presented that combines the advantages of high-throughput screening with those of automation. The proposed ap-
proach used Red Green Blue (RGB) data extracted from photos of Nile red-fluorescently stained microplastics
(50–1200 μm) to train and validate a ‘Plastic Detection Model’ (PDM) and a ‘Polymer Identification Model’ (PIM).
These two supervised machine learning models predicted with high accuracy the plastic or natural origin of particles
(95.8%), and the polymer types of the microplastics (88.1%). The applicability of the PDM and the PIM was demon-
strated by successfully using themodels to detect (92.7%) and identify (80%) plastic particles in spiked environmental
samples that underwent laboratorial processing. The classification models represent a semi-automated, high-
throughput and reproducible method to characterize microplastics in a straightforward, cost- and time-effective yet
reliable way.
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1. Introduction

Increasing global plastic production, together with poor waste manage-
ment (Kershaw et al., 2019), has led to major concerns about the
widespread of plastic pollution in marine ecosystems. This includes
under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.scitotenv.2022.153441&domain=pdf
http://dx.doi.org/10.1016/j.scitotenv.2022.153441
nelle.meyers@vliz.be
http://dx.doi.org/10.1016/j.scitotenv.2022.153441
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.sciencedirect.com/science/journal/
www.elsevier.com/locate/scitotenv


N. Meyers et al. Science of the Total Environment 823 (2022) 153441
microplastics (MPs), defined as plastic particles smaller than 5 mm
(Hartmann et al., 2019), which enter the environment either through di-
rect, intentional sources (primary MPs), or indirectly through abrasion
and degradation of larger plastic debris (secondary MPs). Because of their
small dimensions they can be readily taken up by, amongst others, aquatic
organisms (Wang et al., 2020; Avio et al., 2015). In consequence of this and
due to their omnipresence in themarine environment, they pose a potential
risk to populations and ecosystems (Everaert et al., 2020). Exposure toMPs
assessed in laboratory settings indicates potential physical harm on species
of various taxa, e.g. through inhibition of digestive processes as well as
through abrasion and lesions in the gut, and by generating a misleading
sensation of satiation, resulting in toxic anorexia, ultimately leading tomal-
nutrition and starvation (Scholten, 2005), in a similar way as macroplastics
do (Ahrendt et al., 2020; Bucci et al., 2020). Although still under debate
(Koelmans et al., 2021), after being ingested, MPs could transfer chemicals
adsorbed or added to their matrix to organisms, via desorption of co-
contaminants or via leaching of chemical additives (Avio et al., 2015; Luo
et al., 2019), where the direction of the chemical flux often depends on
the trophic level of the organism considered (Diepens and Koelmans,
2018). Related impacts to MPs exposure include delayed ovulation and re-
productive failure, as well as reduced growth rate and oxidative stress
(Galloway et al., 2018).

Assessors require data on environmental concentrations of MPs to de-
fine exposure of organisms, as these in-situ concentrations are used to
quantify the risk of MPs (and inform stakeholders), by comparing with
safe concentrations derived from effect studies (Everaert et al., 2018). A
wide range of MP detection and identification methods have been devel-
oped and applied to characterize the environmental exposure of organisms
to MPs. However, to date, no routine, high-throughput, and cost-effective
method is available to quantify environmental concentrations of MPs.
This research has been recognized as a priority action by various interna-
tional organizations (ICES, 2021). In current identification and characteri-
zation methods, a combination of physical (e.g., microscopy) and chemical
(e.g. spectroscopy and thermal analysis) analyses is often used following
the extraction steps for MP characterization. Each of these conventional
methods has its advantages and limitations, but many are still prone to
human error and/or are time-consuming and laborious, with associated
high costs (Cowger et al., 2020). Moreover, the lack of method uniformity
adds complexity to cross-study comparability, since harmonization of
methods is imperative to provide reliable and meaningful data that allows
to effectively observe both temporal and spatial trends of MP pollution.
Recently, considerable efforts are being undertaken towards the automa-
tion of MP detection and identification, to improve cost- and time-
effectiveness of laboratorial methodologies. Automated methods are less
sensitive to human subjectivity, less labor intensive, can reduce analysis
time, and are consequently often cheaper than conventional methods
(Kedzierski et al., 2019; Bianco et al., 2020). Even though recent advances
on automation have enabled substantial developments in the field of MPs
research, most of these methodologies still require the use of expensive
equipment (e.g. μ-FTIR analysis or μ-Raman spectroscopy), and often re-
quire a long computing time (Primpke et al., 2017).

New approaches are being developed using methods that combine the
advantage of high-throughput screening options with the advantage of au-
tomation. These approaches aim to overcome the above mentioned bottle-
necks in MP sample and data analysis, and in this way advance MPs
detection research. One of the suggested methodologies for automated
MP detection and identification is through predictive modeling, e.g. by
using supervised machine learning techniques in combination with micros-
copy (Cowger et al., 2020). In this context, the use of fluorescence staining
methodologies can enable the development of high-throughput, cost-
effective screening methods for MP detection and identification as an
alternative to presently-used MP identification methodologies (Shruti
et al., 2022). The fluorescent staining of MPs using the hydrophobic dye
Nile red (NR), frequently used in histology, enables the rapid screening of
environmental samples for the presence of MPs using fluorescence micros-
copy (Maes et al., 2017; Bakir et al., 2020; Erni-Cassola et al., 2017;
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de Witte et al., 2022). Based on the solvatochromic nature of NR, whose
emission spectrum shifts depending on the polarity of its environment,
MPs can be classified into “polar” and “hydrophobic”, based on their poly-
mer characteristics (Maes et al., 2017). The interaction of NRwith different
polymers varies according to the chemical characteristics of the plastic,
which has led to the successful use of NR staining of particles for polymer
identification based on fluorescence (Sancataldo et al., 2020; Nel et al.,
2021). However, despite this potential, so far an automated polymer classi-
fication process based on NR fluorescence has not been established.

The goal of this research was to develop a straightforward, reliable
methodology to detect and identify MPs, based on a semi-automated,
cost- and time-effective approach using MPs representative of the most
abundantly produced plastic polymers worldwide (Geyer et al., 2017;
Suaria et al., 2020), as well as natural materials with high prevalence in
the marine environment. A procedure that combines Red Green Blue
(RGB)-color quantification based on image analysis of NR stained particles
with a supervised machine learning classification tree model was estab-
lished, developed in an open source environment. To do so, a two-step
model was developed: first, to predict with high accuracy whether particles
are of plastic origin or of non-plastic origin, and second, to identify plastic
polymer types. As proof of principle, the applicability of the developed
models was demonstrated by successfully using the models to identify plas-
tic and non-plastic particles in spiked environmental matrices (seawater
and biota).

2. Materials and methods

2.1. Reference materials and staining procedure

Seven amongst the most abundantly produced plastic polymers world-
wide that are commonly observed inmarine environmental sampleswere se-
lected (Geyer et al., 2017; Suaria et al., 2020). Besides their omnipresence
and prevalence in the environment that was used as a first criterion, it was
ensured a broad range of densities was covered. The selection of reference
materials was complemented with ten different non-plastic, nature-based
source materials (Tables A1 and A2 in Supplementary materials). To create
the datasets (dataset 1 (Meyers et al., 2021a) and dataset 2 (Meyers et al.,
2021b)), cryomilled (Spex Sample Prep 6875D-Freezer/Mill Dual-Chamber
Cryogenic Grinder) particles of nylon, polyethylene (PE), polyethylene
terephthalate (PET), polypropylene (PP), polystyrene (PS), polyurethane
(PUR) and polyvinyl chloride (PVC), chitin, cotton, flax (raw and
bleached), hemp (raw and bleached), silk, wood and wool (alpaca and
sheep) were used. All particles were sized between 50 μm to 1200 μm.
The plastic polymer types were confirmed using Micro-Fourier Transform
Infrared (μ-FTIR) Spectroscopy (PerkinElmer FTIR spectrometer Frontier
with μ-FTIR microscope Spotlight 200i, Zaventem, Belgium). All particles
were analyzedwith amagnification of 10 x and the detector typewas liquid
nitrogen-cooled mercury cadmium telluride. Beam splitter OptKBr and
mid-infrared (MIR) source set the infrared spectral range of 4000–600
cm−1 (the PTFE (Polytetrafluoroethylene) filters that supported MP sam-
ples had high absorption in the range of 1250–1150 cm−1, so this range
was excluded from the analysis). All spectrawere recorded in transmittance
mode with a resolution of 4 cm−1 and an average of 64 scans per particle.
Generated spectra were compared with commercial spectra libraries
(Perkin Elmer) and the polymer composition of each particle was accepted
for matches above 70%.

To stain particles with NR, a portion (<0.5 mg) of each reference mate-
rial was selected and transferred to a labelled scintillation glass vial,
containing 20 mL Milli-Q water. Samples were sonicated for 10 min (level
9, VWR Ultrasonic Cleaner USC-THD) to ensure particle dispersion. Next,
the content of each vial was vacuum filtered on PTFE filters (47 mm
diameter, 10 μm pore size, Millipore Ltd.) using a MilliPore manifold sys-
tem (3 + 3 workstations) (Merck Millipore). Particles were subsequently
stained with 1 mL NR solution (10 μg mL−1 in acetone), dosed with a
glass pipette, while filters still laid on the filter head (for choice of solvent,
please see Fig. A2 in Supplementary materials). After 15 min, filters were
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thoroughly rinsedwithMilli-Qwater and vacuumfiltered to discard any ac-
cumulated liquid. Finally, filters were carefully transferred onto labelled
glass slides, stored inside covered petri dishes and left to dry to the air in
the dark. A total of six filters per reference material were made. To avoid
background contamination throughout the process, allworkwas performed
in a laminar flow cabinet, only cotton clothes were worn, no plastic mate-
rials were used in the filtration set-up and all materials were always first
rinsed with Milli-Q water and air dried on a metal rack.

2.2. Selection of photo acquisition settings

To select the photo acquisition parameters to acquire images for the de-
cision tree analyses, a dataset of images of plastic and non-plastic particles
was first obtained using a fluorescence microscope (LEICA DM 1000). The
microscope was equipped with a camera and a LED for fluorescence, and
the software LAS Core software (Leica Application Suite version 4.13.0).
Default microscope settings used were: gain: 1.0×; saturation: 1.50; and
gamma: 0.60. Based on previous studies (Erni-Cassola et al., 2017; Prata
et al., 2019; Iannilli et al., 2019), three types of fluorescence filters
(Leica) were used here to obtain images of each particle type: ultraviolet
(UV) (Filter System A S, Band Pass (BP) 340–380 nm), blue (Filter System
I3 S, BP 450–490 nm) and green (Filter system N2.1 S, BP 515–560 nm).
Images were acquired for particles exposed to each of these filters at the
following exposure times: 5.22 ms, 26 ms, 80 ms and 150.8 ms for the
UV filter; 2.91 ms, 4.96 ms, 12.5 ms and 38.5 ms for the blue filter, and
1.01 ms, 1.48 ms and 9.83 ms for the green filter. To avoid color distortion
in acquired photos, the work was performed in a dark environment and the
white balance was first set, in bright field mode, in a filter position with no
particles. Then, the hue and saturation settings were set to 70 and 100 for
the UV filter, 0 and 100 for the blue filter, and automatic settings were
used for the green filter. Exposure times were chosen so that the lowest
number of images possible would be overexposed, to avoid loss of informa-
tion. To determine the best selection of parameters, the overexposure of
165 images (8 bit, grayscale) of plastic particles were analyzed using the
free software ImageJ (Schindelin et al., 2012). Images of each particle
acquired under each fluorescence filter at increasing exposure times (see
Fig. A4 in Supplementary materials) were stack imported to ImageJ.
Then, overexposure of each acquired image was identified using the histo-
gram analysis for information loss (Glatthorn and Beckschäfer, 2014).
Subsequently, the best performing exposure time per fluorescence filter
was selected for further analyses.

2.3. Photo acquisition of particles using fluorescence microscopy

The selected exposure times were 26 ms for the UV filter, 2.91 ms for
the blue filter, and 1.01 ms for the green filter, at a magnification of 10
× 10. To construct and validate the Plastics Detection Model (PDM), im-
ages of 60 plastic particles belonging to seven polymer types were acquired
(Figs. A5 and A6 in Supplementary materials), as well as images of 60 par-
ticles belonging to ten types of non-plasticmaterials, and this for each of the
fluorescence filters (blue, green, UV). Similarly, for the Plastics Identifica-
tion Model (PIM), the same seven polymer types were used, but here 30
stained particles per polymer type were selected for image analysis: five
particles were chosen randomly on each of the six PTFE-filters made per
polymer. The number of particles considered ensured that both analyses
had enough statistical power for a medium effect size (Cohen's f = 0.257,
α=0.05, power=0.8). The average fluorescence intensity of random par-
ticles (n = 10) per reference material was calculated based on the deter-
mined ‘mean gray value’ feature in ImageJ, as well as the average
fluorescence intensity of the plastics (n = 70) and of the non-plastics
(n=70). To obtain the fluorescence intensity of each particle, particle im-
ages taken under the blue filter at an exposure time of 2.91 ms were
imported into ImageJ and converted from RGB to grayscale (8 bit) images
for processing. Next, a region of interest (ROI) that included at least 50%
of the photographed particle was selected, and the mean gray value of all
pixels situated within the selected area was calculated. The mean gray
3

value of the backgroundwas calculated following the same criteria. Particle
fluorescence intensity was subsequently determined by subtracting the
mean gray value of the background from the mean gray value of the se-
lected particle ROIs in each photo.

2.4. Decision tree models for plastics prediction and identification

Two separate decision tree models were created: one decision tree for
the automatic classification of the plastic particles versus non-plastic parti-
cles (PDM), and one decision tree for the classification of the seven plastic
polymers (PIM). The created models can be used to predict the class to
which a targeted particle of unknown origin belongs to: hence, whether it
is of plastic or non-plastic origin, and once classified as plastic, classify par-
ticles according to their polymer type. Two datasets were needed: one for
training and validating the PDM (dataset 1), and one for the PIM (dataset
2). Dataset 1, used to train and validate the PDM, contained RGB statistics
calculated through image analysis of 60 plastic and 60 non-plastic particles.
Dataset 2, used to train and validate the PIM, contained RGB statistics from
30 particles for each of the seven plastic polymers.

To obtain theRGB statistics of each dataset (dataset 1 and 2), the respec-
tive series of three images per particle were first analyzed, i.e., one under
each of the three fluorescence filters (see Section 2.3), in an automated
way using a macro in ImageJ (Meyers, 2021). First, each series of images
was imported in stack into ImageJ and converted to 8-bit grayscale. Next,
a color threshold was set manually to segment the grayscale image into
the particle of interest and the background, after which a selection of the
particle was created. Then, for each particle above a specified min. maxi-
mum Feret diameter, the RGB (Red-Green-Blue) values, which define
color intensity as an integer between 0 and 255, were extracted from the
pixels laying along the maximum Feret diameter of that particle. Following
this, the RGB statistics were calculated in R (R Core Team, 2020) as the
10th, 50th and 90th percentile as well as the mean value, for the red,
green, and blue color component of each particle, and were automatically
exported as a dataset. In this way, the two separate datasets were built,
each compiling all percentiles and means per color component of all rele-
vant particles, for images acquired under each of the three fluorescence fil-
ters (Figs. A5 and A6 in Supplementary materials).

For the PDM, to infer the decision rules from the training data and to
discriminate plastic particles from non-plastic particles, four fifth of dataset
1 (i.e. 96 particles) was randomly selected to serve as training data (training
dataset 1) and the remaining one fifth (i.e. 24 particles) was kept to be used
as independent validation data (validation dataset 1), based on the Pareto
principle ratio (Dunford et al., 2014). Accordingly, for the PIM, dataset 2
was split into training dataset 2 (i.e. 168 particles) and validation dataset
2 (i.e. 42 particles). Training dataset 1, used to construct the PDM, consisted
for each of the 96 training particles (48 plastic and 48 non-plastic particles)
of the μ-FTIR confirmed particle type (plastic/non-plastic), and the RGB sta-
tistics along the maximum Feret diameter collected under the three differ-
ent fluorescence filters. Training dataset 2, used to construct the PIM,
consisted of the same information (polymer type for μ-FTIR analysis), but
extracted from each of the 168 plastic particles (24 particles / polymer ∗
7 polymer types). Both classification models were built through recursive
binary splitting of the respective training datasets, using simple decision
rules inferred from the emission spectra features of the NR-stained
particles.

The CART (Classification and Regression Tree) supervised machine
learning algorithm was used to generate both decision trees (Meyers,
2021) using the Gini coefficient as a computational metric to establish the
best rule to split the spectral data each time into more refined categories,
until mutually exclusive categories were formed at the terminal nodes.
While developing the PDM, to avoid overfitting of the data, the minimum
amount of records that must exist in a node in order for a split to be
attempted was set to 8, the minimum amount of records that end up in an
end node was set at 3 and any splits that did not improve the model fit by
0.02 were discarded. For the PIM, the minimum amount of records that
must exist in a node in order for a split to be attempted was set to 39, the



Table 1
Evaluation metrics Plastic Detection Model (PDM) and Polymer Identification
Model (PIM). Evaluationmetrics of the PDM and the PIM based on training datasets
1 and 2, calculated from the associated confusion matrices using validation datasets
1 and 2, respectively.

PDM PIM

Total number of tested particles 24 42
Number of correctly classified particles (CCI %) 23 (95.8%) 37 (88.1%)
Number of wrongly classified particles 1 (4.2%) 5 (11.9%)
Kappa statistic (κ) 0.92 0.86
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minimum amount of records that end up in an end node was set at 13, and
any splits that did not improve the model fit by 0.02 were discarded.

Both models were independently validated by their respective valida-
tion datasets through appropriate procedures (Witten et al., 2011). Model
fit of the PDM was assessed based on the associated confusion matrix, con-
structed using validation dataset 1, in which known plastic and non-plastic
particle identification was compared with the predicted plastic and non-
plastic particle identification. From that matrix, the percentage of correctly
classified instances (CCI%)was calculated as well as a Cohen's kappa statis-
tic (κ) (see Table A3 in Supplementary materials for the terminology of the
generated confusionmatrices). In ecology, typical thresholds to accept a de-
cision tree model is a CCI % of minimum 70% and a κ of at least 0.4 (de
Troyer et al., 2020; Goethals et al., 2007), and κ-values of 0.80–0.90 gener-
ally indicate ‘strong’ and >0.90 ‘almost perfect’ levels of agreement
(McHugh, 2012). To assess model fit of the PIM, a confusion matrix
where known polymers identification was compared with the predicted
polymer identificationwas constructed using validation dataset 2, and asso-
ciated evaluation metrics CCI % and κ were calculated as was done for the
PDM. Both models were constructed in R using the ‘rpart’ package
(Therneau et al., 2015), and validated using the ‘caret’ package (Kuhn,
2008).

To determine significant differences between groups of classified parti-
cles in both decision trees models, an analysis of similarity (ANOSIM) with
9999MonteCarlo permutations using the Vegan (Dixon, 2003) and ggplot2
packages (Wickham, 2007) was performed in R. Here, the R-value repre-
sents the ratio of dissimilarities between particles within a reference mate-
rial type (plastic/non-plastic) to the dissimilarities between particles of
different reference material types for the PDM, and the ratio of dissimilar-
ities between particles within a plastic polymer type to the dissimilarities
between particles of different plastic polymer types for the PIM. The
ANOSIM is a robust test as it does not assume equal group variances. Subse-
quently, to visualize classification performance of the models, a non-metric
multidimensional scaling (NMDS) using the Bray-Curtis similarity index
was performed for each of the two training datasets. To test whether certain
polymer types show a greater variability in fluorescent coloration than
others, a permutation test was also performed. Lastly, the varImp function
of the caret package in Rwas used to assess the contribution of eachfluores-
cence filter in the classification procedure.

2.5. Applicability of the models to identify particles from spiked environmental
samples

After validating themodels, the ability of the PMD and the PIM to detect
and identify a variety of MP types and non-plastics that 1) had undergone
laboratory processing, and that 2) were spiked in and extracted from
biota and seawater samples, was tested.

2.5.1. H202-treated MPs
Reference MPs were submerged in H202 (33%, 10 mL) for 24 h, in a

glass beaker covered with aluminum foil. Next, the solution was filtered
and MP were NR-stained as described under ‘Section 2.1. Reference
materials and staining procedure’. MP particles used were PE, PET, PP, PS
and PVC (commercial origin). Backgroundmeasureswere taken and a qual-
ity control was performed (see Method details A1 in Supplementary mate-
rials).

2.5.2. Mussel matrix
Commercial mussels, bought in a Belgian storehouse on 11 October

2021 and originating from Zeeland (The Netherlands), as well as non-
commercial mussels (collected at a breakwater in Oostende, Belgium; N
51°0.241; E 2°0.930) were used as matrix to spike reference MPs into
(20 g wet weight mussel tissue/sample). Four different polymer types
were used for spiking: PET (Carat), PP (Carat), PS (Carat), and PVC
(two types: commercial and Carat). The particle size ranged from 250 to
1000 μm. A spatula tip of each MP type was added to three samples of
both commercial and non-commercial mussels.
4

2.5.3. Seawater matrix
Seawater was collected from the harbor in Oostende (N 51°0.236, E

2°0.982) to prepare three seawater samples of 200mL each in glass beakers,
coveredwith aluminum foil. Next, each sample was spikedwithMPs of var-
ious types: nylon, PE, PET, PS, PP, and PVC (commercial), and with various
types of natural material: chitin, cotton, flax raw, silk and sheep wool
(Tables A1 and A2 in Supplementary materials).

2.5.4. Sample analysis
After the H2O2-treatment of pristine MPs, and a two-step digestion in

case of the spiked mussel and seawater samples (see Method details A1
and Method details A2 in Supplementary materials), the previously de-
scribed procedure for particle staining was followed, and an additional μ-
FTIR analysis for polymer identification validation was performed. Image
series (blue – green – UV filter) of the extracted particles were acquired
using the same fluorescence microscope settings as the ones used to build
the models, under the exact same conditions (see Section 2.3). Next, an
RGB-statistics dataset derived from the analyzed particles was built (as
under 2.4., without subdivision into training and test datasets) and used
to test both models.

3. Results

A two-step semi-automated classification method that allows to distin-
guish plastic from non-plastic particles (50–1200 μm) and further identifies
and discriminates between seven plastic polymers was developed (process
diagram Fig. A1 in Supplementary materials). The method relies on
image analysis of NR-stained particles combined with a modeling method-
ology based on a decision tree classification to distinguish plastic from non-
plastic particles (Plastic Detection Model, PDM), and subsequently for
plastic polymer identification (Polymer Identification Model, PIM).

3.1. Plastic DetectionModel: identification of polymer-based material versus nat-
ural material

Using the PDM, plastics could be distinguished from non-plastics with
an accuracy of 95.8% (here expressed as the percentage of correctly classi-
fied instances (CCI%); n=24), a Cohen's kappa statistic (κ) of 0.92was ob-
tained (Table 1). Only two decision rules were generated to distinguish
plastics from non-plastics (Fig. 1). The first decision rule of the PDM dealt
with the 90th percentile of the green component (G) of the RGB spectrum
acquired from particles photographed under the blue filter. This first deci-
sion rule indicates that particles with values smaller than 58 are to be clas-
sified as plastics. The second decision rule of the PDM dealt with the 50th
percentile of the green component (G) of the RGB spectrum of particles
photographed under the green filter. In this second decision rule, particles
with values lower than 6.5 were classified as non-plastics while higher
values were classified as plastics. Based on the model's variable importance
evaluation (Table A4 in Supplementary materials), the blue filter was more
important than the green filter for distinguishing plastic from non-plastic
particles, and both were more important than the UV filter.

The CCI % calculated from the confusion matrix (Table 2) obtained
using validation dataset 1 independently evaluated the accuracy of the
PDM classification by comparing the actual target materials with the mate-
rials predicted by themodel. For the PDMbased on training dataset 1, all 12



Fig. 1. Plastic DetectionModel (PDM). The PDM, a decision tree model based on RGB statistics derived from RGB color values extracted from frequently observed particles in
the environment: NR-stained plastic and non-plastic material particles (training dataset 1).
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particles from validation dataset 1 belonging to ten different types of non-
plastic reference materials were correctly identified by the algorithm as
non-plastics. Eleven out of 12 plastic particles were true positives and
thus correctly categorized within the plastics class. One false negative was
detected because a PP particle was wrongly classified and predicted as
being of non-plastic origin. Fluorescence intensity under the blue filter
was lower for the PP polymer (16.1 ± 4.4, n = 10) compared to other,
more polar polymers such as nylon (54.2 ± 11.4, n = 10), PET (65.4 ±
Table 2
Plastic Detection Model (PDM) confusion matrix. Confusion matrix to assess classi-
fication performance of the PDM based on training dataset 1, generated using vali-
dation dataset 1. Each column represents the particles in an actual material type
class, while each row represents the particles in a predicted material type class.
All correct model predictions of whether a particle is of plastic or non-plastic origin
are observed on the diagonal of the matrix, while prediction errors are represented
outside the diagonal.

Material Non-plastic Plastic

Non-plastic 12 1
Plastic 0 11

5

12.6, n = 10), PUR (40.2 ± 9.5, n = 10) and PVC (114,6 ± 14.2, n =
10), which can be linked to a darker particle coloration and consequently
distinct RGB statistics. Fluorescence intensity of chitin, wood and silk was
moderate to low (5.8 ± 8.1, n = 6; 10.8 ± 5.9, n = 6; and 7.3 ± 8.9,
n = 6 respectively), while very weak fluorescence or an absence of
fluorescence was observed for the organic fibers alpaca wool (−5.4 ±
1.5, n = 6), sheep wool (−1.4 ± 1.8, n = 6), cotton (−4.0 ± 0.6, n =
6), flax bleached (0.6 ± 4.9, n = 6), flax raw (−3.0 ± 2.5, n = 6),
hemp bleached (−0.8 ± 1.5, n = 6), and hemp raw (2.9 ± 2.3, n = 6).
Overall, non-plastic particles were observed to be less fluorescent than
plastic particles (respectively 1.3 ± 6.6, n = 60 and 58.7 ± 8.6, n = 60,
p < 0.01). Polyethylene particles show similar fluorescence intensities
(19.7 ± 4.5, n = 10) compared to PP particles (16.1 ± 4.4, n = 10), and
are similarly fluorescent as can be observed in the confusion matrix and
on the NMDS plot of the PIM (see Section 3.2). The PDM recognizes the
PE particles as being of plastic origin, while a single PP particle was
misclassified as plastic. The visualization of the classification performance
of the PDM, performed by means of a non-metric multidimensional scaling
(NMDS) using the Bray-Curtis similarity index on the untransformed train-
ing dataset 1, showed a clear segregation of plastic versus non-plastic mate-
rials (Fig. 2) (stress-value NMDS ordination = 0.072). The significant
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difference between groups (R=0.59, P< 0.01) was confirmed bymeans of
an analysis of similarity (ANOSIM).

3.2. Polymer Identification Model: identification of plastic polymers

The CART (Classification and Regression Tree) algorithm allowed to
categorize the polymers into seven polymer classes commonly observed
in marine litter (nylon, PE, PET, PP, PS, PUR and PVC). With the PIM, the
MP's polymer type was assessed with an accuracy of 88.1% (here expressed
as CCI %), obtaining a κ of 0.86 (P < 0.01) (Table 1). To do so, the CART
algorithm used six decision rules applied to spectral data extracted from
the UV and blue filter images, as is visualized in the PIM (Fig. 3). The
root node dealt with the 90th percentile of the red color (R) component
of the RGB spectrum of particles photographed under the blue filter. This
allowed for the separation of plastic polymers for which these percentile
values were lower than 103, which represent the PE and PP plastics. All
other considered plastic polymers had values higher than 103. Polypropyl-
ene was subsequently separated from PE at the second level of the PIM
based on a decision rule established using the 50th percentile value of the
blue component (B) of the RGB spectrum of particles photographed under
the UV filter, with values lower than 19. In the following step, also at the
second level of the PIM, PVC and PS plastics were separated from nylon,
PET and PUR plastics with 90th percentile values of the blue component
(B) of the RGB spectrum of particles photographed under the UV filter
lower than 3.3. At the third PIM level, PS plastics were distinguished
from PVC plastics with 50th percentile values of the red component (R) of
the RGB spectrum of particles photographed under UV filter lower than
155. In addition, PET plastics were isolated from nylon and PUR plastics
with mean values of the green component (G) of the RGB spectrum of par-
ticles photographed under the blue filter higher than or equal to 60. In the
last level of the PIM, nylon plastics were separated from the similarly fluo-
rescent polyurethane plastics with 90th percentile values of the blue com-
ponent (B) of the RGB spectrum of particles photographed under the UV
filter lower than 176. Based on the model's variable importance evaluation
Fig. 2.NMDS plot of the Plastic Detection Model (PDM). A non-metric multidimensional
to visualize the classification performance of the PDM.
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(Table A5 in Supplementary materials), the UV filter contributed more to
the plastic polymer classification than the blue filter, and both filters
were more important than the green filter.

The obtained CCI and κ indicate a close agreement between the pre-
dicted identity of the polymers and their known identity (Table 3). Of the
42 particles used to validate the model, only 11.9% of the particles was
misclassified. Despite the high overall accuracy, the identification perfor-
mance was not the same for all polymers. For example, PET, PS and PVC
plastics all showed a CCI % of 100.0%, Nylon, PE and PUR plastics showed
a slightly lower CCI % of 83.3% and PP obtained a CCI % of 66.7%. Confu-
sion/misclassification mostly occurred between PP and PE, between PUR
and nylon, and between PE and nylon, with misclassifications of 7.1%,
2.4%, and 2.4%, respectively. The two-dimensional NMDS plot (Fig. 4)
for training dataset 2 confirms the fluorescence resemblance within the
plastic polymer classes (ANOSIM, R = 0.70, P < 0.01), where similarly
fluorescing particles are grouped together while particles with low similar-
ity are distributed further from each other (stress-value= 0.048). Based on
fluorescent coloration, six groups can be distinguished (Fig. 4): PVC, PS,
PET, Nylon, PUR, and PE and PP. A clear separation between PVC and PS
particles is visible. Polystyrene and PET also differ from each other, as
well as PET and PUR, and PET and Nylon. Nylon and PUR overlap slightly,
while PP and PE show a somewhat larger overlap. PVC particles show a low
within-polymer fluorescence variability compared to nylon, PET, PS, PE
and PP (P < 0.01), indicating the particles of this polymer type fluoresce
in a very similar way.

3.3. Applicability of the models to identify particles from spiked environmental
samples

Overall, 65 out of 70 particles (92.8%) were correctly identified by the
PDM (Table 4), where 88.6% of all plastics and 97.1% of all non-plastics
were correctly identified. The PIM could identify the polymer type of 28
out of 35 plastics (80%) accurately.When considering theH202-treated par-
ticles only, 90% of all particles was correctly classified as being plastic or
scaling (NMDS) plot of training dataset 1, based on the Bray-Curtis similarity index,



Fig. 3. The Polymer Identification Model (PIM). The PIM, a decision tree model based on RGB statistics derived from RGB color values extracted from NR-stained
microplastics of frequently observed polymers in the environment (training dataset 2).
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non-plastic. More specifically, 80% of the plastic particles were identified
as being plastic, and a 100% accuracy was obtained for detecting non-
plastics. Indeed, one PP particle was misidentified as being of non-plastic
origin (Table A7 in Supplementary materials). The PIM obtained an accu-
racy of 80% for all tested particles: one PET particle was misclassified as
nylon. Of all particles spiked in mussel tissue matrices, 96.7% was identi-
fied correctly by the PDM. Here, all tested plastics were identified correctly
as well as 93.3% of all tested non-plastics, where onemussel matrix particle
was mistaken for plastic. The PIM was able to identify the polymer type of
86.7% of all plastics, two PP particles were inaccurately identified as PE
Table 3
Polymer Identification Model (PIM) confusion matrix. Confusion matrix to assess
classification performance of the PIM based on training dataset 2, generated using
validation dataset 2. Each column represents the plastic particles in an actual poly-
mer type class, while each row represents the plastic particles in a predicted mate-
rial polymer class. All correct model predictions of a particle's polymer origin are
visible on the diagonal of thematrix, while prediction errors are represented outside
the diagonal.

Polymer Nylon PE PET PP PS PUR PVC

Nylon 5 0 0 0 0 1 0
PE 1 5 0 2 0 0 0
PET 0 0 6 0 0 0 0
PP 0 1 0 4 0 0 0
PS 0 0 0 0 6 0 0
PUR 0 0 0 0 0 5 0
PVC 0 0 0 0 0 0 6
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particles. Similarly, of all particles spiked in seawater samples, 92.9% was
classified correctly: 88.6% and 100%of all plastics and non-plastics, respec-
tively. Two PP particles were not classified as plastics. The PIM obtained an
accuracy of 73.3%, where two PE particles were mistakenly identified as
PP, a nylon particle as PUR and a PET particle as nylon (Table 4 &
Table A7 in Supplementary materials).

4. Discussion

4.1. Microplastic identification using Nile red fluorescence imaging and
classification models

An innovative, semi-automated methodology to detect and identify MP
particles (50–1200 μm) was developed based on quantification of fluores-
cent coloration after NR staining. The approach involves a predictive
modeling tool based on the extraction of RGB-derived statistics from images
of fluorescent NR-dyed particles acquired under exposure to microscope
UV, blue and green fluorescence filters. Data extracted from image analysis
was used to build two easily interpretable classification models through re-
cursive binary splitting using simple decision rules, inferred from emission
spectra features. The PDM was built to distinguish plastic from non-plastic
particles, while the PIM identified the polymer type of a given plastic parti-
cle. The obtained κ-values for the PDM and PIM of respectively 0.92 and
0.86, combined with the obtained CCI % values of respectively 95.8%
and 88.1%, indicate a strong (PIM) to excellent (PDM) classification perfor-
mance of the constructed models, demonstrating the reliability of the
models (Everaert et al., 2011).



Fig. 4. NMDS plot of the Polymer Identification Model (PIM). A non-metric multidimensional scaling (NMDS) plot of training dataset 2, based on the Bray-Curtis similarity
index, to visualize the classification performance of the PIM.
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The choice of solvent affects the fluorescence of NR stained particles
(Maes et al., 2017). In our work, we have selected acetone as the stain sol-
vent, as in the preparatory phase of the qualitative analysis (see Figs. A2
and A3 in Supplementary materials), the use of methanol was observed
not to add any particular advantages to the use of acetone, the latter
being a much less hazardous solvent. Earlier research had demonstrated
that ethanol (Prata et al., 2019) or methanol when used as alternative sol-
vents to acetone (NR solution), also allow to distinguish MPs from non-
plastic particles. The use of DMSO was also further tested, as well as expos-
ing plastics towarmer solutions for improved dye incorporation due to plas-
tics thermal expansion (Lv et al., 2019). However, in ourwork no improved
fluorescencewas observedwhen compared toNR dissolved in acetone or to
plastics exposed at room temperature (Fig. A2 in Supplementarymaterials).
As such, acetone was considered the optimal NR solvent for the develop-
ment of the classification models.
Table 4
Applicability of themodels to identify particles from spiked environmental samples.
The ability of the PDMand the PIMwas tested to detect and identify a variety of par-
ticles: particles that had undergone a H202-treatment (10 particles), and particles
that were spiked in and extracted from mussel (30 particles) and seawater samples
(30 particles) (each time of both plastic and non-plastic origin). The overall accu-
racy of the PDM as well as the detection accuracy of plastic and non-plastics parti-
cles are presented for all tested particles (70 particles in total). The accuracy of
the PIM is presented as well in the case of plastic particles (35 particles).

Accuracy [%]

PDM PIM

Overall ID plastics ID non-plastics

H202-treatment 90.0 80.0 100.0 80.0
Mussel matrix 96.7 100.0 93.3 86.7
Seawater matrix 90.0 80.0 100.0 73.3
Overall 92.8 88.6 97.1 80.0
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The conducted classification analyses were successfully applied to parti-
cles with a size range of 50–1200 μm. Currently, most MPs monitoring and
survey programs are constrained by the sampling methodology in terms of
particle size (e.g. manta net mesh size often >300 μm). However, available
data on MPs quantification from field samples (>300 μm) contrasts with
size ranges (Shim et al., 2016; Beiras and Schönemann, 2020) used in
most ecotoxicological assessments (<100 μm) (Beiras and Schönemann,
2020), which is also predicted to be the larger proportion of particles in
the field (Kooi et al., 2021). This method thus addresses the current data
gap on the distribution and abundance of smaller size rangedMPs, in agree-
ment with previous reports that have demonstrated the potential to use NR
fluorescence analysis for particles down to a few μm or even <1 μm (Maes
et al., 2017; Erni-Cassola et al., 2017; Prata et al., 2019; Iannilli et al., 2019).

The workflow developed in this work (Fig. A1 in Supplementary mate-
rials) can be reproduced with any available equipment for fluorescence ob-
servation of NR-stained particles, which should consider fixed settings for
photo acquisition and analysis. The classification performance of both
models for particles photographedwith a differentfluorescencemicroscope
remains to be tested, but the process to build a training dataset and validate
the decision tree is semi-automated and applicable to any models adjusted
for microscope-specific observations. When building training and valida-
tion datasets, image acquisition settings for the different fluorescence filters
may need to be adapted for other fluorescence microscopes, but settings
should be manually kept constant to avoid variation between images and
improve comparability. Furthermore, the NR concentration (Shim et al.,
2016) as well as NR adsorption time (Lv et al., 2019) should be kept as con-
stant as possible to avoid large variations in fluorescence intensity and col-
oration of the particles, and consequently to ensure good model
performance.

4.1.1. Plastic Detection Model: particle classification into plastic and non-plastic
The PDM incorporated decision rules based on color components of the

blue filter and the green filter. While the blue and green filter were of great
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importance, the UV filter had a lower discriminative power and was not in-
tegrated in the final model. This confirms visual observations which dem-
onstrated that plastic and non-plastic materials appeared similarly
fluorescent under the UV filter. Other studies support the exclusion of the
UV filter in the PDM, as natural materials stained with NR dissolved in ace-
tone have already been reported to fluoresce under UV light (Tamminga,
2017). Contrarily, one study which used ethanol instead of acetone for
the NR solution, indicated that UV light can distinguish some plastics
from natural organic matter, while the organic matter was fluorescent
under blue light using an orange filter (Prata et al., 2019). Nile red staining
has proven efficient at distinguishing MPs from non-plastic materials such
as amphipod carapaces, algae, seaweeds, wood, feathers, mollusk shells,
chalk and sand particles using only blue light microscopy filters, or in com-
bination with orange filters (Maes et al., 2017; Shim et al., 2016; Sturm
et al., 2021). This enables the identification of MPs extracted from environ-
mental samples as these, even after digestion and further processing, often
contain residual biological material and sediment, which is known to inter-
fere in other MPs identification and characterization methods (Ruggero
et al., 2020). Even though previous assessments indicate that NR has low af-
finity for natural materials frequently observed in the marine environment
(Maes et al., 2017), other studies indicated that debris such as chitin-based
and natural fibers can still be stained and show fluorescence, leading to a
potential misidentification of the particles present (Stanton et al., 2019).
To overcome overestimation of the number of MPs identified using fluores-
cence analysis, authors have suggested co-staining techniques using NR
combined with a dye with high affinity for biological samples (Stanton
et al., 2019; Maxwell et al., 2020), but this approach would imply further
complexity in the sample processing and analysis. Here, the distinction of
plastics fromnon-plasticmaterials was achieved by using one single dye, fa-
cilitating the laboratory procedures, and by using a simple machine learn-
ing based model that classifies materials based on their fluorescent
coloration.

4.1.2. Polymer Identification Model: classification of plastic particles into
polymer groups

The seven polymers considered in the models are amongst the most
commonly observed MPs in field samples (Geyer et al., 2017; Suaria
et al., 2020). The fluorescence exhibited by NR-stained plastic particles is
polymer dependent, but some polymers can show a similar irradiation be-
havior, even under multiple fluorescence microscopy filters. The model
performance of the PIM demonstrated for instance that during the classifi-
cation procedure, mismatches occurred between PP and PE particles. For a
defined excitation wavelength, the Stokes shift in the emission wavelength
is related to the size and chemical characteristics of the polymer's chromo-
phores (Brahme, 2014). As PE and PP are both polyolefins, a class of non-
polar hydrocarbons, they have a similar chemical structure. These polymers
cluster together in the results (Fig. 4), indicating a similarity with respect to
fluorescence as well. Polystyrene is another non-polar hydrocarbon poly-
mer, but this polymer carries aromatic rings, which may explain the differ-
ence in fluorescence from other analyzed polyolefins (PE, PP). Nylon, PET,
and PURare relativelymore polar polymers due to their carbonyl groups. In
the results, particles of these plastics showed similarities in fluorescence
classification and grouping (Figs. 3 and 4) with a shift to longer emissions
wavelengths compared to PE, PP and PS. Similarly, the polymer PVC has
a higher polar nature, but its polarity is caused by CCl bonds instead of
CO bonds, which is translated in a difference in fluorescence compared to
the aforementioned polar polymers.

The PIM with the best fit used six decision rules based on color compo-
nents of both the UV and blue fluorescence filters. The RGB data under the
UV filter had the largest discriminative power for identifying polymer
types. The green filter was not incorporated in the model as it was of less
importance for the polymer classification compared to the other two fluo-
rescence filters. Out of the six nodes in the plastic polymers identification
model, four had decision rules based on the UV filter. Opposite to what
was observed in the PDM, the UV filter is highly important for the classifi-
cation performance of the PIM. Under a UV filter, NR-stained particles
9

exhibit a wide diversity of colors according to their polymeric identity
(Fig. A5 in Supplementary materials) compared to the colors exhibited
under the blue or green filters (visual observations). Visual examinations
done by experienced observers can potentially be used to identify the
most commonly observed MPs. However, identification based on observa-
tions with the human eye is prone to human errors, and not accessible to
all users (e.g., due to color blindness). The method here uses RGB color
information acquired through image analysis using standardized photo ac-
quisition parameters, which enables obtaining unbiased data and informa-
tion. Fluorescencemicroscopy images of others studies confirm thefindings
that polymers fluoresce in a variety of colors when irradiated with UV light
(Prata et al., 2019).

4.1.3. Applicability of the models to identify particles from spiked environmental
samples

The model performance of the PIM and PDM was assessed for an addi-
tional 70 particles in laboratory processed and spiked samples, to emulate
environmental samples. The results of these preliminary tests indicate a
good model performance of both the PDM and PIM for most MPs (accuracy
of 92.8% and 80%, respectively). A few inaccurate classifications were
noted, primarily for PP particles that were not recognized as plastics (3
out of 6 particles), and PP particles that were identified as PE particles, or
the other way around (4 out of 9 particles) (see Table A7 in Supplementary
materials). The results indicate that overall the fluorescent coloration is not
prone to matrix effects and is not affected by digestive reagents, and that
the models are robust enough to handle variability in fluorescent colora-
tion. Based on these exploratory results, the method appears promising
for the implementation of large scale routine analyses of field samples.
More into-depth research is however advised to support these preliminary
results. For example, the application of these models for naturally weath-
ered MPs from real marine environmental samples needs to be further
investigated. However, the flexibility enabled by the use of the classifica-
tion methodology allows for possible necessary adjustments and expansion
of the RGB training datasets to maintain good model performance. For
example, the number of polymers used to develop the PIM should not
limit future users in adding new polymer types or other materials.

4.2. Advancements in automated microplastic detection and identification

The models developed and evaluated in the current work are a reliable
methodology for MPs identification, with a high time efficiency. The per-
formance of the models for MP detection and identification had a similar
accuracy to μ-FTIR polymer identification reported accuracy, i.e. ranged
between 80 and 95.8% between all models when compared to 96 ± 7%
for μ-FTIR (Therneau et al., 2015). The use of FTIR for MPs identification
is a reliable andwell-establishedmethod based on the analysis of the chem-
ical structure of a polymer molecule and its associated IR spectrum. How-
ever, the working time per particle is quite high and increases quickly
with particle number (often over 20 h per filter) (Veerasingam et al.,
2021). Next to an increased analysis time for μ-FTIR-based analyses, the ac-
curacy of this methodology decreases with decreasing MP size, due to the
inclusion of surrounding spectral signals, and with increased exposure to-
wards UV induced photodegradation, thermal degradation, and biodegra-
dation due to alteration of the pristine polymer composition (Maes et al.,
2017). Furthermore, due to the need for visual presorting, the chance of
sample contamination or MP loss increases. The use of μ-Raman spectros-
copy, a powerful but rather expensive and labor-intense technique for MP
analysis, may also introduce visual bias when analyzing small MPs (Erni-
Cassola et al., 2017). Three factors determine the speed of processing a sam-
ple using the developed models presented here: 1) particle load per PTFE-
filter, 2) the number of image series (blue – green – UV filter) that needs
to be taken to cover all particles on a filter, and 3) the computational
time needed to apply the knowledge rules of both models. Based on our ex-
perience in the lab, the most important factor is the number of image series
needed, which is determined by the particle load and the homogeneity of
their distribution on the filter. Typically, it takes 2.5 min to scan a filter
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for particles and to acquire one image series. Predicting the origin of the
photographed particles using the models takes around 5 min per image se-
ries, with a negligible increase in processing time with an increase in parti-
cle number (Table A6 in Supplementary materials). For samples potentially
containing a larger number of plastics, such as samples taken byManta nets
where large volumes of water are filtered, multiple pictures are required
per filter, which increases the processing time. In the case of more heavily
loaded filters, if 30 image series can cover all MPs present on the filter,
the overall analysis is estimated to take 80 min (30 × 2.5 min + 5 min).
Still, the automated classification analysis of a sample containing 20 parti-
cles is over three times faster compared to μ-FTIR analysis when each
particle needs to be photographed separately (Table A6 in Supplementary
materials, 55 min vs. 170 min), and around six times faster when the parti-
cles can be captured in 10 image series (30 min vs. 170 min). This drastic
decrease in processing time implies a reduction in costs invested in MPs
analysis, such as staff time and computer power. When using a fluorescence
stereomicroscope, analysis time can be reduced even more by acquiring
whole filter images instead of separate images per particle. Here, analysis
time can be brought down to around 13 min per sample of 20 MPs. In
this way, the proposed models tackle the above-mentioned limitations of
μ-FTIR-based MP analysis. To obtain optimal model performance, particles
should however not greatly overlap during image acquisition. Therefore,
for samples with an expected high content of MPs (>150 MPs), it is advis-
able to dilute over multiple PTFE-filters.

Automated approaches forMPs identification and characterization are a
rapidly evolving field, which aims to contribute to and enhance environ-
mental observations and monitoring programs. In general, automation
methods can strongly reduce the time of sample analysis, decrease human
bias, and allow larger datasets to be analyzed in a standardized and cost-
effective manner. Previously suggested automated methods for MP assess-
ments combined spectroscopic techniques with 1) SVR (support vector ma-
chine regression) and 2) PLS-DA (partial least squares discriminant
analysis) (Paul et al., 2019; da Silva et al., 2020), 3) random decision forests
(Weisser et al., 2021; Hufnagl et al., 2022), and 4) KNN algorithms (k-
nearest neighbors) (Kedzierski et al., 2019). However, although promising
and quite efficient in identifying MPs, the referred methodologies are still
dependent on obtaining outputs based on infrared spectroscopy, which
are themselves highly dependent on the access to expensive equipment.
Benchtop FTIRs are available from US$25 k onwards (Primpke et al.,
2020), but for FTIR microscope systems with options crucial for MP analy-
sis, costs increase quickly. Particle finder systems range from US$100–250
k, not yet considering the liquid nitrogen supply needed for certain detector
types. Raman spectrometers are available starting at US$50 k (Primpke
et al., 2020). For the method developed here, equipment costs include a
fluorescence microscope equipped with camera and fluorescence filters
(<US$10 k), while staining costs per sample are <US$5 per filter (1 PTFE
filter, 10 μg NR and 1 mL acetone). The supervised machine learning
models were developed using open source software, as opposed to the use
of commercial spectra libraries (e.g. for FTIR polymer identification). With-
out the need for expensive tools, this method can be a way forward on a
global scale as it enables research based in emerging economy countries,
where the access to sophisticated equipment can be limited.

The automation of inexpensive fluorescence staining methodologies as
an alternative to often used, spectroscopy-basedmethodologies has already
been demonstrated to be promising for the development and advancement
of high-throughput, cost-effective screening methods for MPs analysis
(Shruti et al., 2022). Most of these approaches however focused on MP de-
tection only (Primpke et al., 2017; Maes et al., 2017; Prata et al., 2019), or
were limited to aMP classification into “polar” and ‘hydrophobic’ polymers
(Maes et al., 2017). A fundamental issue previously reported in most NR-
based studies was the co-staining of organic residues such as residual fat,
which can interfere with MP analysis (Prata et al., 2021). An effective ma-
trix removal prior to MP analysis is critical, while for FTIR-based methods
this is of less concern. Nonetheless, the NRmethodwas recently trialed suc-
cessfully for biota samples (de Witte et al., 2022). Here, a method based on
NR-staining developed for MPs in fish GIT matrices achieved an overall
10
85% of correct predictions (for plastics and non-plastic particles), con-
firmed using μ-FTIR analysis. Nevertheless, there is no established method
that ensures the complete removal of all types of organic contaminants in
environmental samples nowadays (Shruti et al., 2022), and consequently,
the chance of inaccurately accounting forMPs in environmental samples re-
mains. However, the proposed ML models proposed in the current work
take the NR method a step further by looking not just at the fluorescence
intensity, but also at the RGB-coloration of photographed particles. This
way, the models enable the researchers to tackle the fundamental problem
of co-staining of natural materials. Because of the unique combination of
RGB-statistics derived from each particle's emitted fluorescent coloration
under three different microscope fluorescence filters, plastics particles can
be distinguished from non-plastics, and plastic polymers can be distin-
guished from each other.

Classification models, such as the classification trees used in the current
work, have been broadly and successfully used in the field of ecological
modeling, e.g., to determine soil moisture of an area, which is of high im-
portance in agriculture (Pekel, 2020), to construct groundwater spring po-
tential maps (Chen et al., 2020), or to allow for plant identification and
determination of informative traits to distinguish different plant taxa
(Almeida et al., 2020). Once classification trees have been constructed,
these models can analyze large datasets of spectral statistics from unidenti-
fied particles, using only low computer power. Neither complex nor large
datasets based on acquired RGB data are needed for their development
(Fig. A1 in Supplementary materials) (Everaert et al., 2011). Moreover,
the used algorithm eliminates the subjectivity of human sorting and is
therefore an unbiased method. A drawback of automated research tech-
niques is often their difficulty to be grasped by non-experts, as they often
require expertise in the field of artificial intelligence (AI) and machine
learning. Here, this challenge was overcome, as an alternative to complex
models is introduced, with a methodology for MPs detection and polymer
identification that is high-performance, simplified and reproducible. The
classificationmodels in thiswork and their branchingmethodology are eas-
ily interpretable while being capable of achieving high accuracy, provided
that extrapolation outside the spectral ranges used in the training dataset is
avoided. Contrary to black-box models used in machine learning (e.g. neu-
ral networks), white-box models, such as the decision tree models used
here, have a transparent inner structure and represent information in a vi-
sual and clear way. These models can give insight in complex, unbalanced,
non-linear data where commonly used exploratory and statistical modeling
techniques often fail to find meaningful patterns (De'ath and Fabricius,
2000). Through the use of patterns, rule-based classifiers like the models
obtained here can provide a clear view of the interrelationships between
the different variables considered (i.e. the RGB statistics), can obtain com-
parable results, and these results can be explained in a way that can be
grasped by the human mind (Loyola-Gonzalez, 2019). A lower structural
complexity of decision treemodels,which can bemeasured through param-
eters such as the number of terminal nodes, question depth, and branching
factor (Piltaver et al., 2016) usually leads to a higher interpretability, and
therefore a higher usability (Witten et al., 2011; Zhou et al., 2018). The ob-
tained classification models PDM and the PIM had, respectively, three and
seven terminal nodes, a question depth of three and four, and both had a
branching factor of two. This illustrates their simplicity and high compre-
hensibility (Witten et al., 2011).

The integration of this innovative methodology based on RGB color-
codes quantification holds potential for marine environmental MPs survey
and monitoring programs, as it enables the distinction between plastic and
natural-based materials, and as it can further categorize plastics according
to polymer type. Microplastics extracted from field samples show varying
degrees of environmental degradation (photodegradation, thermal degra-
dation and biodegradation) and biofouling, processes which may affect
the plastics' integrity and properties, and consequently also their fluores-
cence after NR staining (Shim et al., 2016; Tu et al., 2020). Preliminary re-
sults indicated that spiked MPs extracted from environmental matrices can
be identified by the developed models. The models demonstrated to be ro-
bust to potential matrix effects, to effects of reagents used in sample
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processing, to variability in fluorescent coloration, and to polymeric matri-
ces with (commercial plastics) and without additional additives (Carat).
More into-depth research is required to support these exploratory results,
and the application of both classification models for naturally weathered
MPs needs to be further trialed. The models can be adjusted for any speci-
fications required by the user, in the sameway as described in theworkflow
(Fig. A1 in Supplementary materials), though the current method is ex-
pected to be robust in the detection and identification ofMPs collected dur-
ing large survey and/or monitoring campaigns. If deemed necessary, RGB
data of weathered MPs can be used to expand the already existing training
dataset based on pristine MPs, or to build new models based on weathered
plastics only.

5. Conclusion

Both models presented in this work were independently validated for
particles prepared in three ways. A first independent validation set of plas-
tics were pristine particles. A second independent validation set consisted
of particles that had undergone digestive treatment. For the third validation
set, particles were spiked in environmental samples and underwent labora-
tory processing (i.e. digestion and filtration). Each of the outcomes of the
validation exercises demonstrated the general applicability of the PDM
and the PIM for analyzing MPs in marine samples. In conclusion, the classi-
fication models represent a new, semi-automated, high-throughput, repro-
ducible method that enables detection and identification of commonly
found MPs (50–1200 μm) in the marine environment in a reliable way,
without needing expertise in the field of AI, through the quantification of
fluorescence spectra emitted by NR-stained particles. This classification ap-
proach lays the foundation for a new, promising, cost- and time-effective
method for environmental MP characterization, contributing to the harmo-
nization of MPs identification and quantification methods for the accurate
assessment of MP pollution in the marine environment.
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