
  
 

 

 

  

2026 

An Investigation into 
Methods to Advance 
Microplastic Retrieval, 
Detection and 
Characterisation Using 
Forensic Science and 
Machine Learning 
Approaches 

A PhD Submitted to the University of Staffordshire 

OSBORNE AMY O 

MSci, PgCHPE 

SUPERVISORS: PROFESSOR CLAIRE GWINNETT, PROFESSOR 
MOHAMED SEDKY 

 

A THESIS SUBMITTED IN PARTIAL FULFILMENT OF THE REQUIREMENT 
OF THE UNIVERSITY OF STAFFORDSHIRE FOR THE DEGREE OF DOCTOR 
OF PHILOSOPHY 



i 
 

Acknowledgements  
 

I want to express the most enormous thank you to my supervisor, Professor 

Claire Gwinnett, who has provided me invaluable support throughout my 

whole academic journey by providing emotional support, advice, and some 

incredible opportunities to get involved in research and projects. I would also 

like to thank my second supervisor Professor Mohamed Sedky for his 

support with everything machine learning, without your help I probably still 

wouldn’t know where to start.  

I would also like to sincerely thank Professor Andrew Jackson for his support 

throughout my PhD. You may not have been an official supervisor, but your 

support was just as valuable and helpful. I truly would have been lost without 

your support with statistics. In addition, I would like to thank Will Bailey for his 

insight and help in presenting the machine learning data.   

I would also like to thank all the other academic and technical staff who 

helped me throughout my academic journey, in particular Sarah Appelbee for 

her support with the Raman analysis and Dr Alision Davidson for her support 

and encouragement.  

The biggest thank you also goes to my fellow PhD students in S419: Dr Mia 

Abbott, Dr Ross Kwok, Dr Megan Needham, Dr Keith Silika, Dr Angela 

Bonner, Robin Parsons, Dr Laura Wilkinson, Elli Toulson and Dr Thomas 

Bird. Without you guys, I would have probably dropped out.  

Thank you, also to my work family in the tech team; Robin Parsons (So good 

you get two mentions), Suzy Walley, Jade Wilson, Leah Taylor, Vicky 

McQuillan, Saxon Costello, Saima Hanif, Dr Tom Bird, Aimee Simmill and Liz 

Deakin. Thank you for keeping me going in the last few months.  

Last but certainly not least, I would like to thank my family for their 

unwavering support. In particular, I would like to thank my Mum, who has 

listened to me rant and cry even when she has no idea what I’m talking 

about. 

 



ii 
 

Abstract 
 

The analysis of microplastics is a quickly growing area of interest as more is 

learnt about sources and their potential effect on the environment are 

discovered. As the field of microplastic research is very interdisciplinary, 

there are various diverse approaches to microplastic research, with different 

methods being deployed and different priorities being investigated depending 

on what is being studied. As a result of this, there is a lack of standardisation 

in the techniques used and even what is considered a microplastic can differ 

between different studies. This makes it difficult to fully compare different 

studies and get a clear interpretation of the presence and effects of 

microplastics. Machine learning has the potential to help streamline and 

speed up microplastic research by automating the detection of microplastics, 

allowing more research to be conducted in a shorter period of time.  

The aims of this thesis were to investigate currently used methods of 

extraction and analysis and propose a new standardised approach to the 

retrieval and characterisation of microplastics. These methods were tested in 

a laboratory simulation experiment, the results of which will inform a field 

study conducted on samples taken from the Hudson River. In addition, the 

use of machine learning to automate the detection of microplastics was 

investigated.  

These aims were met by a variety of methods. Firstly, the currently used 

methods of extraction and analysis were investigated by completing a 

comprehensive literature review to identify gaps in knowledge and areas that 

could be standardised and improved to help streamline microplastic 

research. The use of Easylift® was investigated as a method of retrieval for 

microplastics on filter papers to aid in the maximisation of microplastics 

collected and facilitate subsequent analysis. The tape was tested with two 

different filter papers (glass and cellulose filter papers) and two different 

filtration methods (Buchner filter and glass frit) to determine if one method 

resulted in a greater percentage of microplastics retrieved.  The funnel and 

filter combination found to have the highest retrieval rate with Easylift® was 

cellulose filter paper with the glass frit, as it had a mean recovery rate of 
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99.16% with a standard deviation of 0.96% points. The glass filter paper with 

the Buchner filter combination resulted in the lowest retrieval rate (91.21% 

with a standard deviation of 2.03%).  

From the literature review conducted, it was found that the samples are often 

searched for using a stereomicroscope. Then, the polymer type is confirmed 

by either Fourier transform infrared spectroscopy (FTIR) or Raman 

spectroscopy. The inclusion of Polarised light microscopy (PLM) as a method 

of searching and further characterisation was employed to determine if 

potential microplastics were missed by stereomicroscopy, and if the 

advantages of PLM were beneficial to the characterisation and interpretation 

process and if certain features meant that microplastics were more likely to 

be missed. A study was conducted where the sample slide was searched 

first by stereomicroscopy and then with PLM. The inclusion of PLM found an 

additional 549 particulates over the 244 sample slides subsection used in 

this study.  The PLM found a significant number of colourless particulates 

that were missed by the stereomicroscope search, finding 371 (67% of those 

found by PLM) more colourless particulates compared to the 285 (21% of 

those found by stereomicroscopy) colourless particulates found with the 

stereomicroscope. The use of PLM also allowed for the samples to be 

characterised further than it was possible with the stereomicroscope, 

including birefringence, sign of elongation, cross-sectional shape and 

presence of delusterant. These features allowed for contamination to be 

identified with a greater level of discrimination. Finally, the use of machine 

learning was investigated as a method of automating the detection process, 

using 3102 images taken from the ‘Hudson River samples’, which were 

comprised of water and air samples. The images were split into training, 

validation, and test set with a 70% (2171), 20% (621), and 10% (310) split. 

The training was undertaken with YOLOv5, YOLOv7 and YOLOv8 three 

times for each algorithm, once with 25 epochs, once with 100 epochs and 

once with the augmented training set with 100 epochs. It was found that 

YOLOv5 performed the worst out of all algorithms investigated with an F1 

score of 0.278; YOLOv5 also had the lowest mAP50 with a mean of 0.191, 

meaning that it had inaccurate bounding boxes. YOLOv7, with 100 epochs, 
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had the best all-round performance, with the correct identifications for most 

classes, including microfibres and fragments.   

This research has contributed to the knowledge of microplastic analysis by 

applying a forensic science approach to the methods used in the collection 

and characterisation of microplastics. A new novel method of collecting 

microplastics from the surface of filter papers was proposed, and the 

inclusion of PLM was recommended to provide greater characterisation of 

microplastics. Certain features were recommended to be recorded, including 

colour, presence of delusterant and birefringence. These features allowed for 

potential sources of contamination to be identified and removed and potential 

sources of microplastics to be investigated. Furthermore, the implementation 

of machine learning to automate the detection of microplastics would allow 

the research process to be greatly sped up, allowing more research to be 

conducted in a shorter period of time, helping to increase knowledge of the 

problem and potential solutions to be identified.  
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Chapter 1 Literature Review 

1.1 What are Microplastics and what are the Sources?  

 
Microplastics as a source of pollution in the the environment was first 

discussed in 2004 in a study researching pollution levels in marine 

sediments, which reported finding an abundance of microfibres in the 

samples (Thompson., et al., 2004). Prior to this, it was generally assumed 

that plastic disappeared as it degraded (Cassidy & Aminabhavi, 1981). There 

are several different types of microplastics, including fragments, which are 

small pieces of plastic that have uneven, jagged edges as they are produced 

through the breakdown of larger plastic items. Films are thin pieces of plastic 

such as from a plastic bag. Pellets, such as microbeads, are designed for 

cosmetic use. Microfibres are produced from shedding clothes; microfibres 

are defined as having a longer length than cross-sectional shape (Miller et 

al., 2017). Microplastics are most commonly described as being smaller than 

5 mm (<5mm) (Fendall & Sewell., 2009), and nanoplastics are smaller than 1 

µm (Xu et al., 2023a). Although some studies use slightly different size 

definitions, for instance, Costa et al. (2010) classifies microplastics as being 

less than 1 mm. There are also further issues with the definition of 

microplastics as under some definitions of polymers and plastics, rubber 

would be excluded, due to the presence of the elastomers that are not 

present in plastic and the fact that rubber can be natural (ISO 472, 2013), 

however, rubber from tyres has been reported as a microplastic in numerous 

studies (Free et al., 2014 & Kole et al., 2017). Due to this discrepancy, it can 

make comparing literature difficult, as some studies will use different 

definitions of microplastics, which may result in plastics that would have been 

included under one definition being excluded in another, meaning depending 

on the definition used, there would be an under or overcount of microplastics 

(Hartmann et al., 2019). It is also important to consider items of 

anthropogenic origin that would not be classed as microplastic but may be 

harmful to the environment. For instance cotton and wool would be 

considered a natural material, but the process of manufacturing garments 

often involves adding potentially harmful chemicals such as dyes and 
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cleaning chemicals (Stone et al., 2020). These natural materials are often not 

reported or investigated in microplastic literature but may be more prevalent 

in the environment than microplastics (Stanton et al., 2019). 

In this thesis, microplastics will refer to synthetic materials under 5 mm. 

Anthrogopenic particulates refer to both microplastics and natural materials 

that have been processed by humans, such as cotton. Microfibres will refer 

to both natural and synthetic fibres that are anthropogenic in origin unless 

otherwise stated.  

1.1.1 Wastewater Treatment Plants  

 

One source of microplastic pollution into the environment is wastewater 

treatment plants (WWTPs) (Dris et al., 2015b). This is because microfibres 

produced by washing clothes, microbeads and glitter from personal care 

products are likely to end up in a WWTP (Ziajahromi et al., 2017). Napper 

and Thompson (2016) conducted a study investigating the number of fibres 

discharged from a washing machine; they found that a 6 kg load of acrylic 

cloths could release approximately 728,789 fibres per wash, meaning a large 

number of microfibres end up in a WWTP every time the washing machine 

was used. Carr, Liu & Tesoro (2024) found a large quantity of blue 

polyethylene particulates in WWTP effluents that were identified as 

potentially originating from toothpaste. Studies of WWTPs have shown that 

they can remove around 99% of microplastics from the wastewater 

(Magnusson & Norén, 2014). Wastewater treatment plants tend to share a 

similar design, however, the processes that they use to filter the effluent can 

differ. The main treatments that can be found are aeration, flocculation, and 

sedimentation (Habib, Thiemann & Al Kendi, 2020). Aeration involves using 

air blowers, pumps and diffusers to oxygenate the aeration tanks. They often 

work in conjunction with the microorganisms present in activated sludge to 

remove organic compounds (Asadi et al., 2017). Flocculation uses a 

chemical coagulant to bond together particulates to form larger particulates 

that are more easily removed as they will settle. The most common 

coagulants used are inorganic metal salts, including aluminium sulphate and 

ferric chloride; in recent years, more efficient polymeric flocculants 
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(coagulant aids) have been used to advance the flocculation process (Lee, 

Robinson & Chong, 2014). Sedimentation is used to remove solid materials 

in the wastewater treatment plant as the heavy materials will settle on the 

bottom after flocculation allowing the material to be separated with 

specialised tanks (Prata, 2018). Primary treatment at a wastewater treatment 

plant can remove around 65% of plastic contamination, and secondary and 

tertiary filtration techniques can remove approximately 95% of plastic 

contamination, preventing it from entering the water environment (Burns & 

Boxall, 2018). In a study investigating the effectiveness of secondary 

wastewater treatment processes removing 1-6.3µm polystyrene spheres, 

94.9% of the 1µm spheres were removed, and 76% of the 6.3µm spheres 

were removed. They found that common WWTP treatment chemicals ferric 

chloride, polyaluminum chloride and cationic polyamine enhanced the 

removal of microplastics with ferric chloride and polyaluminum chloride being 

a more effective method than the use of polyamine. Their findings suggest 

that chemical coagulation is an important process in the removal of 

microplastics and that refinement of the dose can lead to a more effective 

method of removal, with a smaller dosage of coagulant being needed for the 

larger microplastics than the smaller size fraction (Rajala et al., 2020). As 

this study used seeded samples with only one polymer type and microplastic 

type, the results may differ if, for instance, microfibres were present in the 

samples or plastics that were used were not ‘clean’ as the samples used in 

this study were.  This is further supported by Shahi et al. (2020), who found 

that the physical shape, size and surface morphology produced noticeable 

differences in the flocculation and coagulation process of microplastics with a 

small, smooth and spherical shape having the lowest retrieval rate with both 

alum coagulant and alum coagulant combined with polyamine-coated sand.  

Even though WWTP’s are able to remove a high volume of microplastics that 

pass through them, they have been found to still release a large number of 

microplastics into the freshwater environment. Talvitie et al. (2017) found that 

WWTPs release between 1.7x106 and 1.4x108 microplastics per day after 

treatment and filtering. While Murphy et al. (2016) found that approximately 

6.5x107 microplastics were discharged per day. These two studies 
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demonstrate that WWTPs are a major contributor to microplastic pollution in 

freshwater environments, despite how effective the filtration techniques 

implemented are.  

1.1.2 Atmospheric Pollution 
 

Other potential sources of microplastic pollution include atmospheric 

deposition, with ambient outside air containing between <1 to >1000 

microplastics per metre3 (O’Brien et al., 2023). The most commonly 

encountered microplastic type in atmospheric samples is microfibres (Ahmad 

et al., 2023). The sources of these microfibres are likely to be from clothing 

as they will shed fibres through abrasion, movement and when washed 

(Jahandari, 2023., & Stanton et al., 2023). Other sources of atmospheric 

microplastic pollution include nail salons from acrylic nails and tyre wear 

(O’Brien et al., 2023).  

Atmospheric transport of microplastics can impact remote locations that 

otherwise would have been pristine (Bank & Hansson, 2019). Terrestrial 

microplastics have been demonstrated to be transported to the ocean via 

atmospheric transport; for instance, microbeads and other suspended 

atmospheric microplastics have been found in sea air (Liu et al., 2019). With 

one study indicating that the source of the microplastics found may have 

been 95km away (Allen et al., 2019).  Bergmann et al. (2019) found 

microplastics in snow samples in both the Alps and the Arctic with a mean 

concentration of 9.8x103 ± 6.9 x103 particulates per litre with the Alps having 

a higher concentration of microplastics than the Arctic. This would suggest 

that weather conditions provide a method of transport for microplastics. 

However, this number is comprised of both natural and synthetic fibres, so 

the concentration of microplastics is likely to be lower. This study was also 

conducted using citizen scientists, and although they were instructed in 

contamination prevention methods, contamination is still likely to have 

occurred.  

It is estimated that the annual exposure of atmospheric microplastics in cities 

for adults is 7.37 x104, and for children is 1.06 x105, which is comparable to 

the amount estimated to be consumed from food and water (Xu et al., 2024). 
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It has been projected that wind transportation is responsible for 7% of 

primary microplastic pollution in the ocean (Boucher & Friot., 2017). Dris et 

al. (2016) found an atmospheric fallout of 2-355 microplastic particles per m2 

per day in Paris, which is similar to the results found in another study by Cai 

et al. (2017), where atmospheric fallout of 175 to 313 particles per m2 per 

day in Dongguan, China was found. A study into atmospheric microplastic 

pollution in London found a fallout of 771 ± 167 particles per m2 per day, with 

fibres accounting for 510 to 925 microplastic particles per m2 per day; they 

were also able to estimate that the particulates could have travelled between 

12 and 60 km with assuming a 5 m s−1 wind speed (Wright et al., 2020). 

However, they also found that precipitation did not affect microplastic 

deposition, suggesting that the source of the microplastics originated from 

the city itself. Klein and Fischer (2019) have found a link between the 

number of atmospheric microplastics detected, storm events and wind 

speeds, but no links to precipitation were observed. Ward et al. (2024) found 

that fibres tended to travel further than spheres, with the fibres being 

deposited over a 32% bigger area. However, there is no statistical difference 

in distance travelled when they are smaller than 6µm. This study 

demonstrates that both size and shape have an impact on how far the 

microplastics can travel, so both should be considered when considering 

atmospheric microplastic pollution.  

1.1.3 Abrasion of Tyres 
 

The abrasion of tyres has also been found to generate microplastics (Kole et 

al., 2017) and is estimated to be responsible for one-third to half of all 

microplastics unintentionally released into the environment (Giechaskiel et 

al., 2024). Leads & Weinstein (2019) investigated microplastic 

concentrations in water and sediment in the Charleston Harbour estuary; of 

the microplastics identified, 17.1% (n=639) were classified as tyre wear 

particles. Of these, only a small subset of the suspected tyre wear particles 

was confirmed with FTIR, meaning that the percentage of tyre wear particles 

could be lower than reported. Tyre wear particles have also been found to be 

ingested by fish in urban estuaries, as Parker et al. (2020) found tyre wear 
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particles in 14% of fish sampled. This demonstrates that not only are tyre 

wear particles contributing to microplastic pollution, but they also pose a risk 

to wildlife. It has been estimated that globally, 2907 kilotonnes of tyre wear 

particles are generated every year (Evangeliou et al., 2020), illustrating that 

microplastic pollution originating from tyre wear is a major contributor.  

1.2 What are the Issues Caused by Microplastics? 

 
Microplastics are small enough to be consumed by several organisms, but 

the long-term effects of both microplastics in the environment and 

microplastic consumption are still relatively unknown (Farrell & Nelson, 2013. 

& Wright, Thompson & Galloway., 2013). Several factors could influence why 

microplastics are ingested, including the colour, size, shape, density, age 

and polymer type (Chouchene et al., 2023). The colour of the microplastic 

could affect its bioavailability by appearing visually similar to the organism's 

target food (Botterell et al., 2019). In a study investigating the colour of 

microplastic fragments consumed by Psalidodon eigenmanniorum when they 

are exposed to red, green, yellow, white, black and blue microplastic 

fragments, it was found that yellow and blue fragments were more frequently 

consumed by the fish, and white fragments were consumed the least (Ríos, 

Tesitore & Teixeira de Mello., 2022). In another study, the most common 

colours found in the gastrointestinal tract of commercial fish were black 

(46.9%), followed by blue (29.4%) (Koraltan, Mavruk & Güven., 2022). These 

studies demonstrate that organisms demonstrate a selective feeding 

behaviour, meaning they are more likely to ingest microplastics of a certain 

colour compared to others, although it could be due to the fact that some 

colours have a higher abundance in the environment than other causing 

them to be consumed more frequently. The shape of the microplastics may 

also impact the likelihood of ingestion, for instance, Steer et al. (2017) found 

that microfibres were the most dominant shape of microplastic found to be 

ingested by fish larvae in the English Channel. In addition to being 

consumed, there is evidence that microplastics also interact with organisms 

by bioadhesion, meaning that they adhere to the surface of the organism, 

this is an underinvestigated pathway for microplastics, and the effects are 
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unknown, but some studies show that for certain species the level of 

bioadhesion is greater than ingestion (Kalčíkovà, 2023).  

Plastic can act as a vector that transfers chemicals to marine organisms; 

approximately 84% of plastic treated in the North Pacific Accumulation zone 

had at least one chemical on the surface of the plastic at higher 

concentrations than those found in the sediment (Chen et al., 2018). 

Microplastics can also act as a vectors, spreading harmful bacteria and 

organisms to new environments, including pathogens that are harmful to 

humans, such as Vibrio spp. (Zettler, Mincer & Amaral-Zetter, 2013). 

Walkinshaw et al. (2020) conducted a literature review of studies looking into 

microplastic contamination of different species, and they concluded that, 

while all species investigated showed signs of microplastic contamination, 

organisms at lower trophic levels have a higher risk of microplastic 

contamination than those at higher trophic levels. In addition to spreading 

harmful bacteria, they can also impact internal bacteria populations; for 

example, when mussels were exposed to microplastics over a seven day 

period followed by a seven day with no microplastic exposure there was a 

substantial effect noted on the levels of Spirochaetes and  Proteobacteria 

when compared to mussels that had not been exposed to microplastics, this 

change facillitatated intestinal inflammation and enabled the proliferation of 

pathogenic species within the mussels (Li et al., 2024a).  

Cole et al. (2015) found that prolonged exposure of copepods to 

microplastics greatly reduced reproductive output and led to decreased 

feeding behaviours. This demonstrates that microplastic ingestion is having 

an impact on the organisms that consume them. Farrell and Nelson (2013) 

found the trophic transfer of microplastics between mussels and crabs, and 

Nelms et al. (2018) found trophic transfer between wild mackerel and captive 

grey seals; this indicates that microplastics can move up the food chain, 

causing bioaccumulation and biomagnification (Galloway, Cole & Lewis, 

2017).  This trophic transfer has the potential to reach humans and adversely 

affect human health (Wang et al., 2018). It has been projected that regular 

consumers of European shellfish may consume 11,000 microplastics every 

year (Karami et al., 2017). A study by Horton et al. (2018) found that when 
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Daphnia Magna consumed polystyrene microplastics over 72 hours no 

adverse effects were observed concerning their survival and mobility. 

Although this study did not investigate the effects of prolonged exposure, it is 

possible that microplastic consumption could have adverse consequences 

after this time. They also used clean polystyrene beads in their study, and it 

is unclear whether the results are due to the fact that the plastic was clean, 

that polystyrene beads were used, the exposure time or a combination of 

some or all of these factors. Although other studies, for instance, Lei et al. 

(2018) found that when zebrafish ingested plastics it caused cracking of villi 

and enterocytes. They also found that exposure to plastics reduced 

reproduction rates and increased mortality, with effects increasing as the 

microplastic size decreased. This would indicate that as the plastic degrades 

into smaller and smaller pieces, it may produce more negative effects on 

biota. There is a potential for plastics to cause more harm as they reach 

nanoplastic size (<1 µm) as they can cross the cell membrane and affect the 

cells’ ability to function (Liu et al, 2021c). Besseling et al. (2014) has found a 

67.7% rate of malformed offspring when Daphnia were exposed to 32 mg/l of 

aged nanoplastics, however when pristine nanoplastics were used, the rate 

of malformed offspring dropped to 0.3% at 32 mg/l and 12.1% at 155 mg/l. 

This study would indicate that it is potentially the leaching of chemicals from 

the plastic as it degrades which may have a bigger impact on the organism 

than the presence of plastic alone. They also found that the effects were not 

observed until 30 mg/l which is a much higher concentration of plastics than 

has currently been reported.  When Rainbow trout were co-exposed to nylon 

microfibres and a virus (Salmonid Novi rhabdovirus), the mortality rate 

increased dramatically from 20% when exposed to only the virus to 80% 

when co-exposed to both; this indicated that microplastics could decrease an 

organism’s ability to fight off a viral infection and allow easier access to the 

organism by irritating the fish’s gills and digestive tract (Seeley et al., 2023). 

This study further demonstrates that the presence of microplastics may have 

multiple harmful effects that go further than the physical effects of the 

presence of microplastics. When mice were exposed to polystyrene 

microplastics through intratracheal instillation, it was found that inhalation of 

microplastics results in autophagic cell death in the bronchial epithelial cells, 
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which resulted in an inflammatory response from the lungs (Jeon et al., 

2023). This study demonstrates that ingestion is not the only pathway for 

microplastics into biota and that it will have potentially harmful effects when 

inhaled. Another study investigating the effects of microplastics and 

nanoplastics on male reproductive toxicity in mice found that after a 12-week 

exposure period, there were several effects found, including an increase in 

spermatogenesis disorders and physiological abnormalities in the sperm 

(Gao et al., 2023). The biodegradable polymer Polylactic acid (PLA) was 

given to mice in a repeated oral gavage study over 28 days; they found that 

the plastics incompletely degraded in the gastrointestinal tract, transforming 

into oligomer nanoplastics, increasing their toxicological effects as they are 

now more bioavailable and increasing toxicity. The study also found the 

presence of PLA in the mice’s blood, brain, liver, spleen, lungs, kidneys, and 

epididymis, but was absent from their heart and testis (Liang et al., 2024).  

1.2.1 Human Health and Plastic, what is Currently Known? 
 

Human health effects of microplastics are a cause for concern, as the effects 

have not been fully investigated and observed, and as they are ubiquitous in 

the environment, it has been observed that humans are ingesting (Alberghini 

et al., 2023) and inhaling microplastics (Chen, Li & Wang, 2023). In addition 

to this, while the skin membrane will not allow most microplastics to pass 

through, nanoparticles may be able to pass through open wounds, sweat 

glands and hair follicles (Schneider et al., 2009). ‘Ultra fine particles or 

nanoparticulates’ smaller than 0.1 µm are able to translocate transcellularly 

through the alveolar epithelium, these small particles also generate more 

pulmonary inflammation, leading to coughs and worsening of asthma 

symptoms (Schraufnagel, 2020). Microplastics have been found in human 

heart tissue and blood samples (Yang et al., 2023b), arteries (Liu et al., 

2024), gallstones (Zhang et al., 2024), hip and knee joints (Li et al., 2024b), 

placenta (Zhu et al., 2023) and in the testis and semen (Zhao et al., 2023).  

A study investigating the effects of the exposure of polyethylene on the 

human gut microbiota and intestinal barrier, using an adult vitro gut model, 

found an increase in the potentially harmful pathobionts, Desulfovibrionacae 
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and Enterobacteriaceae, while simultaneously finding a decrease in 

beneficial bacteria such as Christensenellaceae (Fournier et al., 2023). 

These studies demonstrate that the presence of microplastics is likely to 

have an impact on human health, but more research is required to fully 

understand the possible short- and long-term health complications that could 

arise as a result of exposure to microplastics.  

Another area to consider is the presence of pathogens on the surface of the 

microplastic, as a variety of infectious disease agents, including viruses, 

bacteria, fungi, and parasites, can be transported on the surface of 

microplastics (Beans, 2023). Plastic is a suitable vector for these 

communities because it is more resistant to degradation than other natural 

floating debris, and it has a hydrophobic surface that promotes colonisation 

from bacterial communities and biofilm production (Zettler, Mincer & Amaral-

Zetter, 2013). Research has also shown that the microbial communities on 

microplastics are vectors for increased antibiotic resistance as the 

accumulation of pollutants and bacterial communities on the surface of the 

microplastics generate conditions that encourage a high transfer rate and 

evolution of antibiotic resistance genes (Liu et al., 2021b). A study found the 

presence of antibiotic-resistant bacteria being between 100-5000 times 

higher on the surface of microplastics than the surrounding water (Zhang et 

al., 2020); this could potentially be of great concern to human health through 

the production of ‘superbugs’ that are antibiotic resistant. 
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1.3 Macroplastics to Microplastics  

Plastics that enter the environment will degrade, producing microplastics 

through several different mechanisms such as photodegradation, thermal 

degradation, hydrolysis, and biodegradation (Singh & Sharma. 2008; 

Andrady., 2011; & Cassidy & Aminabhavi., 1981). There tends to be some 

visual indications that the plastic is undergoing degradation, including, 

crazing, cracking, erosion, discolouration, phase separation (Singh & 

Sharma., 2008), changes in surface texture, and the production of biofilms 

(Shah et al., 2008). As a biofilm is produced the plastic will become 

negatively buoyant and sink beneath the water (Cole et al., 2011) changing 

the environmental conditions the plastic is exposed to. 

Photodegradation degrades plastic by the impurities and extraneous groups 

absorbing energy from sunlight; the energy absorbed promotes it to an 

excited singlet state. This singlet state produced is then converted to a triplet 

state capable of breaking bonds, cleaving the polymer chain and generating 

radical pairs which form peroxy radicals with oxygen attracting hydrogen 

forming hydroperoxide groups; these groups also absorb energy, breaking 

weak O-O bonds and forming alkoxy and hydroxyl radicals, leading to 

hydrogen abstraction, chain scission, and rearrangement (Singh & Sharma., 

2008). The changes will cause the plastic to become brittle and fragment into 

smaller pieces, and mechanical properties such as tensile strength also 

deteriorate (Cassidy & Aminabhavi., 1981). Each polymer type will have a 

different optimum wavelength of UV light that causes the most 

photodegradation; for example, it is 300 nm for polyethylene and 370 nm for 

polypropylene (Singh & Sharma., 2008). The deeper the plastic is in the 

water column, the wavelengths of light that reaches the plastic will change, 

wavelengths <320 are attenuated in the first six inches of the water column, 

(De Haan., 1993). Photodegradation is the most common form of 

degradation for plastics that are left at ambient conditions; when submerged, 

the effects of photodegradation are decreased (O’Brine & Thompson, 2010).  

Biodegradation is caused by microorganisms such as bacteria and fungi that 

form a biofilm on the surface of the plastic that is capable of breaking down 

materials into CO2, H2O, methane and inorganic compounds or biomass 
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(Singh & Sharma., 2008). A biofilm is defined as a population of microbial 

cells that attach to the surface of an object (Stepanović et al., 2004). These 

microorganisms that form a biofilm on the surface of plastic are known as 

Plastisphere organisms (Keswani et al., 2016). The presence of a biofilm on 

the surface of the plastic changes its buoyancy, causing it to sink under the 

surface of the water (Zettler, Mincer & Amaral-Zettler, 2013). There are four 

stages in the production of biofilms: the first being adsorption of dissolved 

organic molecules, followed by the attachment of bacterial cells, then 

attachment of unicellular eukaryotes and finally the attachment of larvae and 

spores. After the biofilm has been produced, other organisms, such as algae, 

will also then attach to the surface, increasing the level of biofouling (Lobelle 

& Cunliffe., 2011).  There are numerous factors that will influence biofilm 

production: the surface chemistry and structure for example the polymer type 

which has the largest effect on biofilm production, and size or age. 

Environmental conditions the plastic is exposed to includes temperature, 

light, nutrients, oxygen, salinity, pressure, and movements between different 

environments (Harrison et al., 2018). Tender et al. (2017) conducted a study 

into microbial growth on two polymer types, they found that the levels 

microbial cell density was five times higher on a biodegradable plastic bag 

than on the polyethylene bags. Lobelle and Cunliffe (2011) conducted a 

study investigating biofilm produced on polyethylene bags immersed in 

seawater. A biofilm was observable after one week of submersion; they 

found that plastic was neutrally buoyant by the third week of submersion and 

sunk below the surface. They identified Pseudomonas and Arthrobacter 

present in the biofilm, both of which are able to biodegrade polyethylene. 

When the biofilm was removed, the plastic regained its positive buoyancy. 

Freshwater and marine environments share some similar features, however, 

there is less research into biofilms produced in freshwater environments than 

those produced in marine environments (Harrison et al., 2018) therefore the 

biofilms formed in freshwater environments could differ from those produced 

in marine environments. In freshwater environments, the location of the 

plastic is the greatest influencing factor on biofilm production, followed by the 

polymer type (Tender et al., 2017). Chen et al. (2019) found that when plastic 

was placed in a freshwater lake, biofilm production differed depending on the 
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season, with it taking three days in spring and summer and nine days in 

winter; in addition to this, the biofilm produced in summer was much denser 

than the one produced in winter. They also found that the proportion of 

different species present in the biofilm was different for each season.  

The type of degradation that the plastic has undergone will change the 

features that can be observed. For instance, photodegradation will cause 

yellowing of plastic (Singh & Sharma., 2008). The location of the plastic will 

also influence the degradation rates of the plastic Arias-Villamizar & 

Vázquez-Morillas (2018) found that plastic degraded faster in a marine 

environment than in a freshwater environment, as there were higher levels of 

microbial activity and salinity. The polymer type has been shown to influence 

how fast a plastic will degrade O’Brine and Thompson (2010) conducted a 

study looking into how polyethylene degraded compared to a biodegradable 

corn-starch alternative. After 40 weeks submerged in seawater, 100% of the 

surface area for a biodegradable plastic carrier bag had disappeared, while 

the polyethylene bag had only decreased by 2%. This indicated that 

biodegradable plastics degrade faster than conventional plastics. Although 

this study only investigated the surface area and tensile strength of the 

plastics, meaning it does not provide any information on how the plastic has 

degraded and at what point in time the signs of degradation will occur. They 

also only looked at degradation in salt water, so the results are likely to differ 

in different conditions. For instance, the tensile strength of plastics has been 

shown to decrease faster when left exposed to the air than when submerged 

in water, as it was exposed to more UV light and so was able to 

photodegrade to a greater extent than the submerged plastic (Andrady, 

2011). This demonstrates that there are different factors which will influence 

the speed of degradation depending on where in the environment the plastic 

is left to degrade. Ikada (1999) conducted an experiment to observe the 

features of plastic as it degrades using SEM; when the plastic was left in 

activated sludge, semi-spherical holes formed on the surface that would 

grow gradually larger in size whilst still maintaining their shape. Whereas 

when the plastic was left to degrade in soil, random shaped holes were 

observed, and the plastic began to crack after ten weeks. Although there 
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were no results on how the plastic may degrade when they are in either fresh 

or saltwater. 

1.4 Microplastics in Freshwater Environments 
 

Freshwater systems could be a major contributor to marine microplastics, 

and more research is needed to determine the levels of plastic pollution in 

freshwater environments (Dris et al., 2015b). A study into the microplastic 

pollution in the Nida River, Poland, found 245 ± 21 microplastics per litre 

(Bhat & Janaszek., 2024). Research into the Danube River has reported a 

higher mass of plastic compared to that of larval fish, with plastic being found 

to weigh 4.8 ±24.2 g per 1000 m-3, and fish larvae 3.2 ±8.6 g per 1000 m-3 

(Lechner et al., 2014), however, this study used visual sorting with the naked 

eye, so many microplastics were likely to have been missed. The study was 

also conducted from April to June when there are likely to be more fish 

larvae present in the water, and they do not provide any data to compare the 

levels of pollution with the rest of the year. Miller et al. (2017) assessed the 

levels of microplastic pollution in the Hudson River finding a concentration of 

0.98 microplastics/l-1 and 233 microfibres over 142 samples. Although, in 

subsequent analysis half of these were identified as natural fibres. They 

estimated between 200 and 800 million microfibres were discharged from the 

Hudson per day, with an average of 300 million per day. This study was only 

investigating microfibre pollution meaning that the data may not be 

representative of the total microplastic pollution which is likely to be much 

higher. In another study, the surface waters of the East River and Long 

Island Sound USA were sampled for microplastics and anthropogenic 

pollution using the grab sample method (see section 1.5, for more 

information on Grab samples). 97% of the samples taken contained 

anthropogenic particulates with the two hotspots found correlating with either 

high population density or areas of high shipping traffic (Miller et al., 2024). 

Faure et al. (2015) conducted a study into Swedish lakes; over all of the 

sediment samples, there was an overall population of 1300±2000 

microplastics/m2 in the water samples, an average of 43,000 particles/km2 

over three lakes. Although, in this study, a neuston net with a mesh size of 
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333µm was used; meaning any microplastics that are smaller than the mesh 

will not be retained, indicating that the population of microplastics in the 

water column was higher. For instance, one study into microplastic pollution 

in the Seine used two different mesh sizes to sample the water column; 

when the 80 µm mesh was used, a microplastic concentration between 0.003 

to 0.106 particles/L-1 was found. Whereas when a mesh of 330 µm was 

used, a concentration of between 0.00028 and 0.00045 particles/L-1 was 

recorded (Dris et al., 2015a). This study demonstrates that microplastic 

pollution does exist in the Seine, albeit in low concentrations, but the use of 

two different mesh sizes demonstrates how many microplastics can be lost 

even when using small mesh sizes, due to this it is likely that even the 80µm 

mesh would have lost some microplastics that were too small to be retained 

by the net. Small rivers that run through moderately populated catchment 

areas also have a high level of microplastic contamination in some cases 

higher than those found in larger rivers,   

The concentration of microplastics in freshwater environments is likely to 

change as it travels through different environments and sources of pollution, 

Peters and Bratton (2016) found that the concentration of microplastics found 

in the stomachs of sunfish in the Brazos River Basin was the highest in 

urban areas followed by downstream locations and the lowest concentration 

of microplastics were found in upstream locations. Microplastic 

concentrations have also been found to increase in areas near and 

downstream of wastewater treatment plants (Mintenig et al., 2017). A small 

river in Oker Northern Germany was found to have an overall microplastic 

pollution level of 63 microplastics per m-3, they also found higher 

concentration of microplastics in the urban areas (71/m-3) than the rural 

areas (51/m-3) (Büngener et al., 2024). There is also the potential for 

temporal differences in microplastic concentrations, for instance, Nel, Dalu 

and Wasserman (2018) found greater microplastic concentrations in river 

sediment in winter due to increased sediment deposition caused by reduced 

river flow. Although the overall microplastic concentration does not increase 

the further downstream the samples are taken, Miller et al. (2017) found 

similar microplastic concentrations at the start of the Hudson River to those 
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found at the end of the river, although there were hotspots in certain areas 

such as near large cities. The cause for these findings was not investigated 

during this study; however, one possible explanation is that they were only 

sampling the surface of the water, and large quantities of plastics may be 

present further down the water column as the plastic settles while they 

degrade and are retained in the river sediment (Nizzetto et al., 2016).    

1.5 Collection and Analysis 
 

One of the main challenges to microplastic research is that there is no 

standardised approach to collecting or analysing microplastics, which makes 

the comparison of different studies more challenging as they would have 

used different methods (Barrows et al, 2017). In addition, the definition of 

what size parameters constitute a microplastic varies from study to study, the 

most widely used size range is less than 5 mm in size (Thompson et al., 

2009), but other size parameters, such as being less than 1 mm in size are 

also commonly seen in literature (Van Cauwenberghe et al., 2013. & Browne 

et al., 2011). There are three main approaches used as sampling methods: 

bulk sampling, volume-reduced, and selective sampling (Hidalgo-Ruz et al., 

2012). Table 1.1 shows what methods of collection and analysis various 

papers have employed. Selective sampling is not used frequently in 

microplastic research as it would be difficult to visually detect the smaller size 

fractions and so would only be an appropriate method when interested in the 

larger size fractions of plastic. Each approach uses different methods of 

collecting microplastics, meaning they are likely to collect microplastics in 

different quantities and sizes. For example, selective sampling uses visual 

inspection to manually remove microplastics, suggesting those that are very 

small or have no features that stand out such as being a bright colour are 

unlikely to be collected. In contrast, bulk sampling removes an entire volume 

of the matrix being investigated (e.g. sediment or water), meaning that it will 

gather all microplastics present within the area samples Barrows et al. (2017) 

produced the ‘grab method’ a form of bulk sampling for retrieving 

microplastics in water to collect a representative sample. This method 

involved collecting a one-litre water sample. The study found that the ‘grab 
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method’ recovered three orders of magnitude more microplastics than the 

more commonly used neuston net. This method was further adapted by 

Miller et al. (2017) to collect water from the top 8-18 cm by using a metal 

bucket that has been triple rinsed. The collected water is then decanted into 

a clean 1-litre glass jar with a metal lid.  

The location that samples are taken from also varies from study to study; for 

instance, sediment samples have been taken 1 cm from the surface (Browne 

et al., 2011) from a 5 cm depth (McDermid & McMullen., 2004., & Song et 

al., 2015), 10 cm depth (Horton et al., 2017), 15 cm depth (Dris et al, 2015b) 

and 28 cm depth (Claessens et al., 2011). As the samples have been 

collected from different depths, the results found are not easily comparable, 

as there is likely to be a change in the concentration of microplastics as the 

depth of the sediment sample increases.  

There are several techniques implemented to separate microplastics from 

the sediment, the most commonly used is density separation which involves 

using a NaCl solution to separate plastics based on their density as the 

plastics have a lower density than the sediment and so will be suspended in 

the liquid whilst the sediment sinks to the bottom allowing separation 

(Hidalgo-Ruz et al., 2012). However, there are different techniques to collect 

the microplastics, Crawford and Quin (2017) used a method of density 

separation where the sediment was agitated for two minutes before being 

allowed to settle for ten minutes, after which time the supernatant was 

extracted using a three-necked flask and a vacuum for filtering; this process 

was repeated three times to ensure optimum extraction of microplastics. 

Other methods have involved using an air pump to agitate the sediment 

whilst more NaCl was being pumped in, causing the excess NaCl to 

overflow, bringing the separated microplastics with it, which is then caught by 

a glass vessel (Nuelle et al., 2014). There are also different concentrations of 

NaCl used, for instance, the most commonly found one is 1.2kg/l (Browne et 

al., 2011), but filtered seawater has also been used (Turra et al., 2014), ZnCl 

is another method employed as it has a higher density and so will retrieve 

plastics with a higher density that NaCl may not retrieve (Lahens et al., 

2018). As different studies are using different techniques to extract 
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microplastics it is possible that the results produced would be different if 

another technique had been implemented, for instance, it is very unlikely that 

all the microplastics were removed during filtration with the seawater, 

meaning that some could remain to contaminate the sample, while NaCl may 

not recover as many microplastics as ZnCl as it has a lower density and any 

plastics with a high density such as PVC would not be extracted. Density 

separation has been found to be an ineffective method of extraction in 

instances where there is a high proportion of organic matter, for example, 

wastewater treatment samples, this is because these organic substances 

exhibit densities similar to the plastic being extracted from the sample (Tagg 

et al., 2015). 

Table 1.1 A table to show how different studies collect and analyse microplastic samples. 

Study Sample 

type 

Collection 

method 

Sequential analysis 

methods  

Characteristics 

reported 

Yin et al. 

(2022) 

Sediment - Grab 

 

- Stereomicroscopy 20-

100x 

- FTIR 

- Microplastic type  

- Polymer type 

- Size  

- Colour 

Stanton et al. 

(2019) 

Water - Volume 

reduced 

- Stereomicroscopy 16-

160x 

- Optical microscope 100x 

- FTIR 

- Microplastic type 

- Polymer type 

- Colour Air - Bulk 

Kapp & 

Yeatman 

(2019) 

Water - Grab 

- Volume 

reduced 

- Stereomicroscopy 15-

120x 

- Hot needle test 

- Raman spectroscopy 

- Microplastic type 

- Polymer type 

- Size 

 

Miller et al. 

(2017) 

Water - Grab - Stereomicroscopy 45x 

- FTIR 

- Microplastic type 

- Polymer type 

- Size  

- Colour 

 

Faure et al. 

(2015) 

Water - Volume 

reduced 

- Stereomicroscopy 

- FTIR 

- Microplastic type 

- Polymer type 

- Size  

 

Sand - Bulk 



19 
 

Van 

Cauwenburg 

et al. (2013) 

Sediment - Bulk - Microscope 

- Raman spectroscopy 

- Polymer type 

Dris et al. 

(2016) 

Air - Bulk - Stereomicroscope 

- FTIR 

- Microplastic type 

- Polymer type 

- Size 

Horton et al. 

(2017) 

Sediment - Bulk - Light microscope 6x 

- Raman spectroscopy 

- Microplastic type 

- Polymer type 

- Size 

-Colour 

Lechner et 

al. (2014) 

Water - Volume 

reduced 

- Visual inspection - Microplastic type 

 

Wang et al. 

(2017) 

Water - Volume 

reduced 

- Stereomicroscopy 160x 

- Scanning electron 

microscopy 

- FTIR 

- Microplastic type 

- Polymer type 

- Size 

- Colour 

Laju et al. 

(2022) 

Water  - Volume 

reduced 

- Stereomicroscopy 40x  

- FTIR 

- Scanning electron 

microscopy 

- Microplastic type 

- Polymer type 

- Size 

- Colour 

-Surface 

characteristics  

- Inorganic 

elemental 

composition 

Sediment  - Bulk 

Banik et al. 

(2024) 

Water - Volume 

reduced 

- Stereomicroscopy  

- FTIR 

- Microplastic type 

- Polymer type 

- Size 

- Colour 

Sediment - Bulk 

Rosso et al. 

(2024) 

Snow - Bulk - Microscope 

- FTIR 

- Polymer type 

- Size 

 

Dowarah et 

al. (2020) 

Bivalves  - Nile red & fluorescent 

microscope 40-100x 

- Raman 

- Polymer type 

- Size 

Parker et al. 

(2020) 

Fish  - Stereomicroscopy 10-

110x 

-Hot needle test  

- FTIR 

- Microplastic type 

- Polymer type 

- Size 

- Colour 
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Eriksen et al. 

(2013) 

Water - Volume 

reduced 

- Scanning electron 

microscopy 

 

- Microplastic type 

- Presence of 

Biofilms 

- Surface 

morphology 

-Elemental 

composition 

- Size 

- Colour 

 

Sierra et al. 

(2020) 

Water  - Volume 

reduced 

- Polarised light 

microscopy x4-x100 

- Confocal Raman 

- Near infrared 

spectroscopy  

- Scanning electron 

microscopy 

- Microplastic type 

- Optical activity   

- Polymer type 

- Elemental 

composition  

- Size 

Büngener et 

al. (2024) 

Water - Volume 

Reduced 

- Stereomicroscopy 40-

50x 

- Macroscope 80x 

- FTIR 

- Microplastic type 

- Polymer type 

- Size 

- Colour 

  

Table 1.1 shows that the majority of microplastic studies use a 

stereomicroscope to visually search for potential microplastics, which is then 

confirmed with either Fourier transform infrared spectroscopy (FTIR) or 

Raman spectroscopy to produce a polymer identification. Some papers have 

used a method called the hot needle test, which uses a hot needle to confirm 

if the object is a polymer and determine its melting point; this method is a 

cheap and quick method of identifying if an item is synthetic; it does not give 

an accurate indication of the polymer type (Lusher et al., 2017). This method 

would cause damage to the polymer, altering its optical properties, meaning 

that it would then be difficult to do some subsequent analysis, such as 

polarised light microscopy, which is commonly used to analyse fibres within 

forensic science. The majority of studies use FTIR to determine polymer 

type, and the remainder use Raman spectroscopy. FTIR works by exposing 

the sample to infra-red radiation, which affects the molecule's atomic 

vibrations, producing a specific absorption or transmission of energy that can 
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be used to identify the bonds present in the molecule (Nandiyanto, Oktiani & 

Ragadhita, 2019). Meanwhile, Raman uses a two-photon inelastic light 

scattering event to produce ‘Raman scattering’ and provide information on 

the molecule's structure through molecular vibrations (Araujo et al., 2018). 

Both techniques have advantages and disadvantages; for instance, they are 

both non-destructive, but Raman spectroscopy can struggle with fluorescent 

samples (Xu et al., 2019). It is, though, able to analyse microplastics down to 

1µm, meaning that it can characterise microplastics that would be too small 

for FTIR analysis (Fu et al., 2020). FTIR may not be suitable for samples 

smaller than 5µm as they are unlikely to produce enough absorbance for an 

interpretable spectrum to be produced, FTIR will also have issues with 

complex environmental matrices, which can make the identification of 

smaller samples difficult (Xu et al., 2019). A further limitation of FTIR is that 

black particles absorb strongly in the infrared range and can lead to total 

absorption, resulting in difficulties in the interpretation of results and can lead 

to an underestimation of microplastic populations (Stock et al., 2022).  

Another method being used in Table 1.1 is Scanning electron microscopy 

(SEM); in this method, the sample is scanned with a highly excited electron 

beam (Yadav et al., 2023). SEM coupled with an energy dispersive X-ray 

(EDS1) is able to differentiate carbon-based materials such as plastics from 

non-polymers, as the plastics will show carbon-specific signals that differ 

from those found in non-plastic materials (Blair et al., 2017). The technique 

is, though, unable to identify the specific polymer present or its quantity 

(Yadav et al., 2023). SEM can also be used to determine the presence of a 

biofilm and observe the plastic surface morphology to look for signs of 

degradation (Eriksen et al., 2013).  

The fluorescent dye Nile Red has also been applied to microplastic research 

to help detect microplastics. The dye absorbs onto the surface of the 

microplastics using van der Waals interactions and dipole interactions in 

polar polymer types, allowing them to become visible when exposed to blue 

light (450-510 nm) (Maes et al., 2017). The technique is fast and easy to use 

as it requires minimal training to use effectively (Sturm et al., 2023). This 

method does, however, have some drawbacks, such as the dye can make 
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the determination of the original colour of the microplastics difficult; in 

addition to this there are instances where Nile Red is unable to stain some 

coloured microplastics due to the presence of the dye used in their 

production meaning that the method will not stain all microplastics that may 

be present in a sample (Shruti et al., 2022). Both synthetic fibres and natural 

fibres will also fluoresce with this method, meaning that other methods are 

still needed to differentiate and identify the synthetic microplastics from other 

materials within the sample (Galvão et al., 2023).   

1.6 Forensic Fibre Analysis 

 

Microfibres are one of the most common shapes of microplastics found in 

literature (Woodall et al., 2015). In study investigating marine sediments in 

Belgium, 59% of the microplastics found were microfibres, 25% were 

granules, 12% were microbeads, and 4% were plastic films (Claessens et al., 

2011). Due to microfibre prevalence, researchers must be able to 

characterise fibres, which is traditionally a forensic application, meaning that 

the techniques used in forensic science can be transferred to microplastic 

research.  

Microplastic research could benefit from applying forensic techniques to 

analyse and quantify microplastics to get the most information out of the 

plastics found. Currently, many papers do not quantify microplastics beyond 

type, colour and polymer type (see Table 1.1) (Bagaev et al., 2017., Free et 

al., 2014. & Kang et al., 2015). Some studies also only use a 

stereomicroscope with a maximum magnification of x40 to find and 

characterise microplastics (Dris et al., 2015a., Bagaev et al., 2017. & Miller et 

al., 2017), meaning that the microplastics cannot be quantified to the same 

extent as forensic fibre analysis as the microscope cannot observe the 

plastics at a high enough magnification to observe any inclusions on the 

surface or the cross-sectional shape of the fibre that using polarised light 

microscopy (PLM) can observe as it can achieve greater magnification than 

the stereomicroscope (Kasetty, Rammanohar & Ragavendra, 2010). This 

allows the fibre to be characterised to a greater extent with the PLM; for 
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instance, a common forensic approach is to identify the cross-sectional 

shape of the fibres (Grieve, Biermann & Schaub, 2005); this has relevance to 

microplastic analysis as different cross-sectional shapes will have different 

surface areas and as such will have different toxicological effects as some 

will be able to accumulate more persistent organic pollutants (POPs) as they 

have a greater surface area. Other characteristics used to identify synthetic 

fibres include identifying the presence of delusterant, colour, birefringence 

and fluorescence (Buzzini & Massonnet, 2015). All these attributes allow the 

fibre to be characterised further than polymer type, potentially allowing for 

trends and potential sources to be identified; for instance, in a forensic case, 

the ‘Atlanta child murders’ a green trilobal fibre could be linked back to a 

particular carpet manufacturer, these fibres were then linked to a carpet in 

the suspect's parents' house (Palenik, 1999). This case demonstrates how 

valuable the information that can be gained from fibre evidence is. Applying 

the same techniques to microplastic research will allow for greater 

characterisation of the samples, meaning more trends and possible sources 

of the plastics can be identified.  Forensic fibre work also provides methods 

of retrieving fibres from surfaces, mainly through tape lifting (Robertson & 

Roux, 2018). A method of recovery implemented in this research study is the 

use of Easylift®; Easylift® was developed at the University of Staffordshire as 

a new method of retrieving fibre evidence from crime scenes and allowing 

the fibre's optical properties to be recorded without the need to dissect the 

tape as it is non-birefringent and so does not interfere with analysis using a 

polarised light microscope (Gwinnett & Jackson, 2013). ‘Easylift®’ has been 

used by Staffordshire police to retrieve fibres from places such as seat belts 

and windows (Jackson & Gwinnett, 2013). In this instance, it will be used to 

extract microplastics from filter papers once the samples have been filtered 

see Chapter 2 for more information.  

Forensic fibre analysis often has large quantities of samples that need 

processing, which costs a lot in terms of both time and money (Robertson & 

Roux, 2018).  Large-scale data needs to be collected to fully understand the 

effects of microplastics on the environment and their prevalence. This also 

has large implications regarding time and cost, as collecting, processing, and 
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analysing samples is very time-consuming. To overcome this, an automated 

system of detecting and characterising microplastics and forensic fibres is 

needed, as it will allow the time taken to analyse samples to be greatly 

reduced, thus decreasing the cost and time required to fully process 

samples, allowing more research to be done in a shorter period of time.  

Another potential issue with microfibres is contamination prevention, as 

fibres are commonly found in laboratory conditions and in clothes (Woodall et 

al., 2015). Due to this, it is beneficial to apply forensic approaches to fibre 

analysis and contamination prevention to microplastic research to ensure 

accurate quantification of microplastics in the environment. A process that 

automatically detects and categorises fibres would be very beneficial to 

forensic fibre analysts as it would reduce the time required to fully process 

the fibre, increase consistency, and remove any potential human errors that 

may arise (Langdon et al., 2003). 

1.7 Machine Learning 

Machine learning has many applications, especially when used in 

conjunction with image processing. Artificial intelligence allows computers to 

understand observations, as computer vision works from a mathematical and 

logistical standpoint, and image processing is seen as mapping.  This means 

that if the algorithm knows the domain in which the observed data is 

constrained, the analysis can become automated (Sonka, Hlavac & Boyle, 

2014). Machine learning and image processing have been used to detect oil 

spills from satellite radar images by training it to recognise oil spills and 

disregard natural occurrences such as rain and algae, which can appear 

similar on the satellite image (Kubat, Holte & Matwin, 1998).  This approach 

could be applied to microplastic analysis, allowing the automatic detection 

and characterisation of microplastics, speeding up the analysis time.   

Machine learning systems can come in various categories that are based on 

whether they are using supervised, unsupervised, semi-supervised or 

reinforcement learning; this can be further categorised into whether they are 

using an online or batch learning process and whether they have an 

instance-based or model-based approach (Géron, 2019). In unsupervised 
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learning, the machine is given the input but not the output, so it has to find 

hidden trends from the data provided (Zanero & Savaresi, 2004); some 

common unsupervised algorithms include K-means, Hierarchical cluster 

analysis, Isolation Forest, anomaly and novelty detection and Principal 

component analysis (Géron, 2019). Whereas in supervised learning, the 

machine is given both the input and the output, allowing it to learn from the 

training sets provided; it will then be able to identify objects included in the 

training without them being labelled (Lloyd, Mohseni & Rebentrost, 2013) 

some common supervised learning algorithms include: K-Nearest Neighbour, 

Decision Trees and Random Forest, neural networks and linear regression 

(Géron., 2019). Supervised learning has been implemented in the 

determination of sex from skeletal remains, which had an overall accuracy of 

95% (Bewes et al., 2019), demonstrating the wide applications of supervised 

learning to classify objects. Both approaches have benefits and limitations, 

for instance, unsupervised learning can produce some unpredictable outputs 

(Woźniak, Wyrzykowski & Belokurov, 2012); this would mean that the 

classifications would need to be checked by a human operative to verify the 

classifications, whereas supervised learning is only able to identify objects 

that it has been taught in its training sets if something new appears it will not 

know how to classify it (Dakka, Ipeirotis & Sacco, 2009). Although, this can 

be overcome with a comprehensive training set. Semi-supervised algorithms 

use partially labelled data, and an example of this is photo-hosting systems 

where the user will upload their photo, and the system will cluster the photos 

it believes are of the same person; this part is unsupervised. The user can 

then provide a label for one image, which will be applied throughout the 

dataset; these processes tend to use both supervised and unsupervised 

algorithms (Géron, 2019).  In reinforcement learning, the system observes 

the environment and makes decisions as to what actions to perform; if it 

performs well, it gets a reward, and if it does not, it receives a negative 

reward; from this, it is able to identify the best strategy to solve the problem. 

Reinforcement algorithms include Proximal policy optimisation, Trust region 

policy optimisation and Deep deterministic policy gradients (Henderson et al., 

2017).  
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Random Forest is a commonly used algorithm for image classification that 

produces multiple decision trees where the different classifiers are produced 

using a random vector sampled independently from the object being 

identified. Every decision tree’s outcome will then ‘cast a vote’ to identify the 

input vector with the identification with the most votes being used to identify 

the object (Pal, 2005). Decision Trees classify objects from a starting root 

node down to a leaf node which provides the identification of the object. 

Each decision tree generated contains one or more leaf nodes and internal 

nodes; the internal nodes will have at least one child node that corresponds 

to one of the possible values for each classification; these nodes lead to a 

leaf node that provides the classification for the decision tree (Raileanu & 

Stoffel, 2004). The Random Forest classifiers measure the impurity of an 

identification using the Gini index; this allows the chance of a 

misclassification to be determined (Davidson, 2009). The more trees there 

are in a random forest, the more robust the classification systems are. This 

will, however, result in a reduction in speed, which will slow down any real-

time prediction and classifications, meaning it would be unsuitable for 

applications such as traffic predictions (Ahmad et al., 2018).  

K-Nearest Neighbour is another algorithm used for classification and 

regression, it is based upon a distance function to determine the difference 

or similarity between two inputs, with an unknown input being classified using 

the classification of its nearest neighbour if there are several neighbours 

close to the input then it will classify the input with the most ‘votes’ 

(Rajagopalan & Lall, 1999). K-Nearest Neighbour has the advantage of being 

simple to implement, and the training is fast; it is also a robust technique to 

use when there is noisy training data or a large training set; however, it can 

become biased by the value of K, it has computation complexity, memory 

limitation issues and can be led astray by irrelevant attributes leading to an 

inaccurate classification (Bhatia & Vandana, 2010). 

You Only Look Once (YOLO) is a single-stage object detection framework 

that is faster compared to two-stage approaches (Koirala et al., 2022). The 

algorithm is able to detect and classify objects in real-time by using a 

convolutional neural network (CNN) (Naseri & Ali, 2022). The algorithm has 
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been frequently used due to its ability to have a high accuracy whilst having 

a small model size and being able to be trained on a single Graphic 

processing unit (GPU) (Solawetz. & Francesco, 2024). The algorithm works 

by splitting the image into a grid; the grid cell that the centre of an object 

being detected falls into is responsible for detecting that object, each grid 

square will calculate a confidence score for each bounding box that indicates 

how confident the model is that a correct prediction has been made (Redmon 

et al., 2016). 

Support Vector Machine is also used for classification and regression; it 

separates clusters and classifies unknown objects by separating the 

hyperplane; the unknown object is then classified depending on which side of 

the hyperplane it falls. Several potential hyperplanes will be tested to find the 

maximum margin separating the hyperplane, by selecting this hyperplane it 

will maximise the classifiers’ ability to predict the classification of unseen 

examples. The Support Vector Machine can still deal with outliers and 

anomalies through the use of a soft margin, that allows some data points to 

be classified despite being on the other side of the hyperplane (Noble, 2006). 

Support vector machines are good with unstructured and semi-structured 

data such as images and text, it is also possible to add additional dimensions 

to the data through the use of the kernel function allowing the generation of 

two-dimensional classifications from one-dimensional data (Noi & Kappas, 

2017).  

Background subtraction (BGS) models are used to detect moving objects by 

labelling pixels that are significantly different from the background (Benezeth 

et al., 2010). For BGS algorithms to be successful, they need to be able to 

cope with variations in illumination conditions, be able to disregard the 

movement of small elements in the background and be capable of adding 

additional elements to the background model (Parks & Fels, 2008).  Parks & 

Fels (2008) compared seven different background subtraction algorithms 

including both recursive methods; Running Gaussian Average (RGA), 

Gaussian mixture model (GMM), GMM with an adaptive number of 

Gaussians (AGMM), approximated median filtering (AMF); and non-recursive 
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methods; Median filtering, Mediod filtering and EigenBackgrounds (EigBG), 

using seven outdoor and six indoor video sequences. They found that all the 

algorithms tested had a performance difference of less than 10%. The 

Mediod filtering algorithm outperformed the others investigated when the 

recall was >0.85, but when the recall was <0.85 GMM and AGMM algorithms 

performed the most successfully. None of the algorithms were able to 

consistently create a high-quality foreground mask. The authors recommend 

the AMF if computational efficiency or memory requirements are a priority, 

but if a more theoretically sound BGS is required, then Mediod filtering or 

AGMM would be the more appropriate algorithm to implement.  

Lorenzo-Navarro et al. (2018) tested several algorithms (K-Nearest 

Neighbour (K-NN), C4.5, Random Forest (RF), Support Vector Machine 

(SVM), and adaptive boosting (AdaBoost)) ability to detect microplastic 

particulates, They found that RF with ReliefF used prior to training to 

maximise the separation of the classes had the best overall, accuracy 

(96.6%), precision (96.6%) and recall (96.6), however, when comparing the 

ability of the algorithms used on their own, RF still outperforms the other 

algorithms investigated with accuracy (96.4%), precision (96.5%) and recall 

(96.4%). However, this study was only interested in producing a microplastic 

count and classifying it into broad categories: fragment, line, pellet, and tar. 

The study did not attempt to classify the microplastic further than this; they 

also predominantly used microplastics in the larger size fraction, meaning 

that it may not be as accurate with smaller microplastics. In another study 

comparing the RF, KNN and SVM algorithms for land coverage classification, 

they found that overall classification results ranged from 90-95% successful 

identification with the support vector machine classifier generating the most 

accurate results with the least sensitivity to training sample size. RF was the 

second most accurate followed by KNN. The difference between the 

accuracy of classification results of KNN compared to RF increased as the 

training sample size increased (Noi & Kappas, 2017). Khan & Ahmed (2019) 

also compared the use of these three algorithms to detect snow conditions; 

they found that SVM produced the most accurate results (95.9%), followed 

by RF (94%) and then KNN (93.1%). KNN also performed the worst on all 
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the image classification weather conditions and had the most false 

negatives. 

1.8 Automated Detection  

The field of forensic science has been trying to develop a system of 

automating fibre detection for several years, for instance, the Foster and 

Freeman Fx5 fibre finder system and the Cox analytical Maxcan fibre finder 

(Langdon et al., 2003). Paulsson & Stocklassa (1999) produced a system to 

identify fibres based on their colour using image processing. However, this 

system struggled with debris contamination, pale fibre colours and fibre 

aggregation. More recently, Wetzer and Lohninger (2018) have attempted to 

develop an automated method of identifying forensic fibres using image 

processing and were able to produce a system that is able to optically match 

fibres and cope with contamination by dirt, air bubbles and changes in focus, 

although some fibres were not fully detected as it only detected some of the 

fibre and not its full length leading to an overcount. Sermier et al. (2006) 

conducted a study to compare the Maxcan fibre finder system to manual 

analysis, they found that the automatic system tended to be more efficient 

than the analyst, although when an experienced examiner was used and 

allowed sufficient time they were just as efficient as the Maxcan system. 

However, the system itself had several issues; for instance, the system 

struggled to detect pale and very dark fibres as it struggled to differentiate 

strong colours and pale colours from Newton's rings. One of the benefits of 

this system is that it is not influenced by the diameter of the fibre which the 

analysist was influenced by, in particular by the presence of microfibres. This 

provides support for the production of an automated system for microplastics 

as it is not affected by the presence of microfibres, which are one of the most 

abundant microplastics. The SHUTTLE project has developed a SMMART 

microscope capable of hyperspectral, fluorescence and polarimetry (Balas et 

al., 2023) to automatically locate and identify trace evidence from crime 

scenes using a range of microscope techniques including, polarised light, 

transmitted light, fluorescence and absorption microscopy (Bijker, 2023). A 

study into the use of the SMMART microscope found that it was able to 

speed up trace evidence analysis on tape lifts containing hairs, textile fibres, 
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sand, pollen, glass, skin and blood up by a factor of 178.6 (Balas et al., 

2023). The microscope uses images of the tape lift, and the trace evidence 

undergoes colour and spectroscopic analysis. The images produced are 

processed by artificial intelligence. This data is then compared to the internal 

databases to search for the identification of the different types of evidence 

present in the sample. (SHUTTLE, 2022).  

Microplastic research is going through the process of becoming automated. 

Primpke et al. (2017) used focal plane array (FPA) FTIR microscopy and 

image analysis to create an automated method of polymer detection for 

microplastics. The system developed was able to identify size, count and 

polymer type with a good level of reliability and accuracy, however, the time 

taken to complete the analysis was still high compared to manual methods 

meaning that it is not saving time for analysts. Although it was able to detect 

and identify more of the smaller particles than the manual methods, 

demonstrating that it is still a useful tool for identification of analysis. Jia et al. 

(2022) used a laser direct infrared (LDIR) imaging system (8700 LDIR) and 

FTIR to automate the identification of microplastics in soil samples after 

extraction and acid digestion of the soils. The software scans the selected 

area and identifies non-particle areas as background; it would then perform a 

morphological identification and collect an infrared spectrum to identify the 

particulate. Giardino et al. (2023) used Nile red staining, and a Python script 

called ‘MicroplasticsLab’ that segments the image to quantify and measure 

microplastics on the filter membrane. The method implemented had an 

average image processing time of 10 seconds and was able to identify 

microplastics with a deviation of 8% compared to the manual count. This 

approach was able to solve the ‘halo’ effect that can be observed with 

fluorescent samples, leading to fewer errors and misattribution of 

microplastic shapes. Tang et al. (2024) used a digital slide scanner VS120 

and the image processing software ‘MPs-Counter’ to semi-automate the 

quantification of spherical microplastics. It was able to detect microplastics 

down to 1µm with an error rate below 0.6%. The samples used in this study 

were clean fluorescent polystyrene microbeads stored in ultra-pure water, 

meaning it is not a representation of environmental samples and so the 
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performance is likely to vary when it is exposed to a sample with background 

debris and various shapes and sizes of microplastics.  

 Lorenzo-Navarro et al. (2018) have attempted to produce a system to count 

and classify microplastics 1-5mm using machine learning and computer 

vision. They used a variety of different classifiers (KNN, C4.5, RF, and SVM) 

to determine which was the most accurate. They found that the RF classifier 

was the most accurate, with an overall accuracy of 96.6%. In the more recent 

study, they used the previously tested algorithms and a three-level cascade 

classifier, SVM, to classify lines, then RF to classify pellets, followed by 

Principal component analysis with RF to classify organic, tar and fragments. 

They found that all the algorithms tested had comparable performance, but 

SVM had the highest accuracy at 88.3%, and the cascade classifier had an 

accuracy of 91.1% (Loranzo-Navaro et al., 2020). While it is able to identify 

microplastics with high accuracy, it does not fully classify the microplastics 

beyond type and colour, leaving a potential for natural microfibres to be 

identified as synthetic. This demonstrates that there is still room for 

improvement in automated methods of characterising microplastics and 

fibres. Wang et al. (2024) used flow cytometry and machine learning to 

differentiate microplastics from natural particulates in aqueous suspensions. 

They tested both supervised (Random Forest) and unsupervised approaches 

(viSNE maps) (see Section 1.7). They found that they were able to 

accurately measure microplastics in the suspension with both machine 

learning methods, with accuracies of over 93% achieved. They were, 

however, unable to differentiate between different size fractions and polymer 

types. viSNE was able to identify microplastics when the microplastic content 

was less than 20%; when samples contained a microplastic content higher 

than 20%, there was a slight over-estimation, which could then be further 

exacerbated by the presence of diatoms and suspended biofilms. Random 

Forest also struggled with samples with a suspended biofilm but performed 

well when microplastic content was less than 40% (1.6% absolute deviation 

compared to theoretical content). If microplastic content was above 40% 

Random Forest performance decreased. While this method provides no 

characterisation of the microplastics detected it can be used as a rapid 
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screening method to give indications of the level of microplastic 

contamination within a sample in a time-effective method. 

1.9. Knowledge gaps 
 

The field of microplastics research has evolved considerably in the last few 

years, with more sample types being analysed and new techniques applied 

to detect and characterise the samples. As of yet there is not a method that 

facilitates extraction from filter paper in the field, allowing the samples to be 

stored without risk of loss or contamination. This also means that the bulk 

samples either have to be taken back to the laboratory for filtration (Haque, 

Holsen & Baki, 2024 & Yang et al., 2023c), or the filter papers are stored in a 

container until analysis (Cunningham et al., 2022 & Soininen et al., 2024). 

This potentially limits the quantity of samples being taken or reducing the 

amount of data obtained from the samples due to time constraints and 

allowing the potential for loss and contamination of samples. In addition, at 

the time of writing there has been no published research into the potential for 

stored samples to become contaminated or for sample loss to occur. A 

method of extraction from filter papers that allows the samples to be stored 

long term without risk of loss or contamination would be beneficial to the field 

of microplastic research. It could also then facilitate inter-laboratory studies, 

by allowing the samples to be easily sent to different facilities allowing results 

to be validated by other researchers, creating more reliable data and 

allowing for samples to be re-analysed as new techniques emerge. 

There is also no research into the potential rates of loss of microplastics 

during filtration, by knowing what is likely to be lost during filtration it allows 

for the final count to be adjusted if necessary. It also means that the most 

appropriate filter and funnel combinations can be chosen depending on what 

equipment is available to maximise the microplastics’ recovery, resulting in 

more accurate reporting of pollution levels.  

The most common method of searching for microplastics after filtration is 

stereomicroscopy (Ding et al. 2025., Mutlu et al, 2025., Vithatabandhu, et al, 

2025. & Zhang et al, 2025), see table 1.1 for more examples of studies and 
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the methods that they use. Stereomicroscopes typically have a magnification 

in the range of 40-160x (Laji et al, 2022. & Wang et al, 2017). This level of 

magnification may not be high enough to be able to reliably detect all 

microplastics present in the samples. In addition, it is not a high enough 

magnification to be able to fully observe the detected microplastics to 

characterise features such as cross-sectional shape, presence of inclusions 

and internal and surface features that aid in the identification of synthetic and 

anthropogenic materials. Being able to identify these features and rule out 

natural material at the microscopy stage will also save time during 

confirmatory testing e.g. FTIR or Raman as less time will be spend on 

obtaining spectra from non-anthropogenic materials that look similar to some 

microplastics, for example some species of diatoms look visually similar to 

microbeads and at lower magnifications if can be hard to conclusively identify 

them as natural.   

Polarised light microscopy (PLM) has been used in a few studies as the 

primary method of detection; Zhang et al. (2024) used PLM to detect 

microplastics in nasal lavage fluid using a treated filter membrane to allow 

the samples to be viewed under crossed polars: Dam et al. (2024) used 

compared the used of Nile red and fluorescence microscopy with PLM in the 

identification of microplastics in black soldier fly larvae. They found that PLM 

was a simple high throughput method of analysis PET and LDPE 

microplastics. They also note that plastic, plant material and cuticle all had 

strongly distinguishing features under crossed polars, which allowed for their 

quick identification. Due to these advantages PLM was found to be the 

preferred method of analysis in this study. Sierra et al. (2019) used PLM as 

the primary method of detection of isolated particulates in a glass petri dish 

to examine them under crossed polars. Any optically active particles were 

manually removed with tweezers and mounted on a slide for confocal Raman 

analysis. All of these studies use PLM as a method of detection instead of 

stereomicroscopy, demonstrating that PLM is a useful method of detection 

due to its ability to observe the sample under crossed polars, which 

increases the contrast between the particulates and the background, this is a 

particularly useful approach for synthetic materials as their interference 



34 
 

colours under crossed polars allows them to be easily detected. There is 

currently no research comparing the use of stereomicroscopy to the use of 

PLM as a method of detection, to determine if PLM results in more 

microplastics being detected due to the increased magnification, control over 

illumination and use of crossed polars. All of these studies also do not 

implement an additional technique possible with the use of PLM, which is 

calculating the birefringence of the microfibres present in the samples. By 

calculating the birefringence, more information is gained about the fibre 

including an indicative polymer identification.  

Most studies report what quality control and contamination preventions steps 

they have taken, but do not state if/how contamination is identified and 

removed from the final count (Mia et al, 2024., Muhtadi et al, 2025. & Wu et 

al, 2024). Another approach taken is to blank correct by removing any 

microplastics that have the same size, colour and type category as found in 

the blanks taken (Alava et al., 2021. & Miller et al, 2017). In addition, most 

research reports colour, polymer type, size and microplastic types (See table 

1.1.) being able to characterise the microplastics beyond these features such 

as cross-sectional shape and presence of delusterant allows greater 

discrimination between legitimate microplastics and contamination, as more 

features are being observed to inform this identification. The greater level of 

characterisation of samples will allow for the possibility of potential sources 

to be identified, e.g. trilobal fibres are used very often for carpets, if there is a 

large quantity of trilobal fibres in a sample, looking in the vicinity for carpet 

manufacturers may allow the source to be identified.  

In order for microplastics research to advance, the speed of research needs 

to increase, one possible way of achieving this is the use of machine learning 

to automate the detection of microplastics. As of yet there is no fully robust 

automated method of achieving this trained on large quantity of real sample 

images. Being able to quickly detect the microplastics allows real time 

indication of plastic pollution providing faster insights into levels of 

contamination. It will also save the researchers 1000’s of man hours that can 

now be spent characterising the microplastics and developing strategies to 
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help eliminate microplastic pollution, and a greater understanding of the 

impact of its presence in the environment and on human health.  

 

1.10 Thesis Rationale 

Microplastic pollution is becoming a growing area of concern as the long-

term effects of plastic pollution on the environment and human health is still 

relatively unknown. In order to fully understand its potential effects, research 

on microplastic pollution needs to be accelerated and standardised.  

 One potential way to speed up research is to automate the detection and 

analysis of microplastics, as this would mean that a large number of samples 

could be analysed in a shorter time frame than it would take a human 

analyst. An automated method of analysis would also potentially reduce the 

number of microplastics that were missed or misidentified due to human 

error. 

In order for an automated system to work the microplastic samples have to 

be presented in a consistent and standardised way, such as mounted on a 

glass microscope slide. The use of Easylift®, a forensic tape developed at 

Staffordshire University, is a potential method of presenting microplastic 

samples to an automated system as it is non-birefringent and allows the 

samples to be seen against a clear background.  

In microplastic research, there is also an issue with inconsistent methods 

being used for analysis and different features being observed; this thesis 

proposes to use a forensic fibres analysis approach, such as identifying its 

cross-sectional shape to categorising microplastics that would allow more 

information to be observed and potential sources and contamination to be 

determined. Through the use of a standardised method of processing 

samples it would allow an easier comparison of results from different studies 

allowing a greater understanding of microplastic pollution.  

1.11 Thesis Aims 

The aims of this thesis are as follows: 
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1. To investigate the application of Easylift® as a new method of 

extracting microplastics from filter papers and what explore 

techniques its use is compatible with.  

2. To generate an extensive and representative training data set to 

automatically detect microplastics and investigate its efficacy.  

3. To investigate the use of Polarised light microscopy as a method of 

microplastic screening and analysis.  

4. To test the use of the machine learning algorithm YOLO as an 

automated method of detecting microplastics.  

1.12 Thesis Structure 

Chapter 2 will examine the use of Easylift® as a method of retrieving 

microplastics from filter papers and what the percentage recovery of 

microplastic is when it is used. This chapter will also examine potential 

methods of analysis that are used in microplastic research and if they are 

compatible with the use of Easylift®. 

Chapter 3 will focus on the findings of the Rozalia project 2019 Hudson River 

expedition. This study was used as a field trial of Easylift® its use as a 

method in the field will also be evaluated in this chapter. The samples taken 

during this expedition were used to generate the images for the training data 

set. It will also investigate the use of polarised light microscopy as a method 

of searching for and analysing microplastics. This chapter will investigate if 

PLM and stereomicroscopy are comparable methods or if one is potentially 

able to find or locate more microplastics. It will also investigate the 

characteristics of the microplastics found by each method to determine if 

certain characteristics are more easily identified with one method over the 

other.  

Chapter 4 will examine the generation of an extensive training dataset and 

the efficacy of the YOLOv5, YOLOv7, and YOLOv8 algorithms as a method 

of automating microplastic analysis using the training data. 

Chapter 5 will summarise the overall conclusions reached throughout this 

thesis and discuss what further work could be completed to further advance 

the research competed in this thesis.     
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Chapter 2 Improved Method for the Retrieval of Microplastics 

from Water Samples Using a Forensic Fibre Recovery Approach  

The findings of this chapter have been published in Environmental 

Advances. (Gwinnett, Osborne & Jackson., 2021). 

2.1. Introduction 

2.1.1 Microplastics and Extraction of Water Samples  

 

Microplastics have been found in several different environments and 

ecosystems (Blettler et al., 2018); the effects of the presence of microplastics 

in the environment are still relatively unknown (Carbery, O’Connor & 

Thavamani, 2018). See Section 1.2 for more information on what is known 

about the effects of microplastics. To better understand how prevalent 

microplastics are in the environment, accurate and reliable data is required. 

There is potential for microplastics to be lost at every stage of collection and 

analysis. However, there is very little research into how much of the sample 

is potentially being lost at each stage, so understanding where and how 

these losses occur is important to maximise the recovery of microplastics. 

During the collection of the sample stage, several methods have been used 

previously, including the neuston net, which involves dragging a net behind a 

boat to collect samples from either the surface water or the water column 

(Hidalgo-Ruz et al., 2012) see Section 1.5 for more information on methods 

of collection. The use of mesh does mean that it is likely that microplastics 

that are smaller than the diameter of the mesh will not be retained and, as 

such, lead to a misrepresentation of the microplastic population (Barrows et 

al., 2017).  
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The larger the mesh size used, the more microplastics are likely to be lost. 

Dris et al. (2015) used two different mesh sizes when they were investigating 

the microplastic concentration in the Seine River: 80µm and 330µm. When 

the 330µm net was used, a concentration of between 0.00028 to 0.00045 

particles/l-1 was recorded, whereas when the 80µm was used, a 

concentration of between 0.003 to 0.106 particles/l-1 was found. This 

demonstrates that there is a difference in the quantity of microplastic being 

retained by each net, with the smaller mesh showing a higher microplastic 

concentration than the larger mesh. Table 2.1 demonstrates the range of 

different mesh sizes used in 33 different microplastic studies taken from 

Hidalgo-Ruz et al. (2012). It shows that there is a large array of mesh sizes 

used ranging from 50-3000µm this potentially can lead to a large disparity 

between results, making comparisons between studies difficult. From Table 

2.1, it is evident that most studies use neuston nets with relatively large 

mesh sizes, with 15 out of 33 studies using a mesh over 600µm, meaning 

that it is likely that most studies that used a neuston net are reporting 

inaccurate microplastic concentrations. Barrows et al. (2017) compared the 

concentrations found when using a neuston net with a mesh size of 335 µm, 

to taking 1-litre grab samples. They found that the grab samples recovered 

three orders of magnitude more microplastics than the neuston net, finding 

5.9 ±4.4 microplastics per litre, whereas the neuston net found 0.005 ± 0.004 

per litre. This demonstrates how large the potential for microplastic loss is 

when using the neuston net to collect samples. In a study by Kapp and 

Yeatman (2018), grab and neuston net samples (100µm mesh size) were 

Table 2.1 A table to show the proportion of different neuston net mesh sizes used in 33 
microplastic studies taken from Hidalgo-Ruz et al. (2012). 
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compared they found that a larger proportion of the samples taken with the 

neuston net contained microplastics (92%) compared to the grab sample 

(75%). This is likely due to the neuston net sampling a larger volume of water 

than the grab sample. They also found a higher concentration of fibres in the 

grab samples (58%) than those recovered by the neuston net (48%). In 

addition to this, the grab samples contained a higher proportion of 

microplastics between 100-333µm (76%) than the neuston net (51.3%); 

these findings highlight the potential disadvantages of using either method. 

As the grab sample collects a smaller sample, there is a higher potential for 

variability between repeat samples. Although it allows greater uniformity in 

the amount of samples taken and can help to reduce contamination of 

samples (Miller et al., 2017). 

While there is some research into the effectiveness of some methods of 

extracting microplastics during sampling, there is no research into the 

potential loss rate during the filtering process, and in some cases, papers do 

not state what method of filtration is used.  

Table 2.2 A table to show what equipment is used in different microplastic studies to filter water 

samples. 

Reference  Method of filtration  Filter paper  

Stanton et al. (2019) Filtered under vacuum  Mixed cellulose 

membrane filter  

Leslie et al. (2017) Filtered under vacuum  Glass filter paper  

Miller et al. (2017) Filtered under vacuum Mixed cellulose 

membrane filter 

Dyachenko, Mitchell & 

Arsem (2017) 

Buchner filtration  Membrane  

Barrows et al. (2017)  Glass frit  Mixed cellulose 

membrane filter 

Lahens et al. (2018) Glass frit  Glass filter paper  

Lusher et al. (2015) Bucher filter  Glass filter paper  

Wang et al. (2017) Filtered under vacuum Glass filter paper  

Lusher et al. (2014) Buchner funnel Glass filter paper  



40 
 

Cordova, Hadi & 

Prayudhu (2018) 

Filtered under vacuum Cellulose filter paper 

Ebere et al. (2019) Not filtered under 

vacuum 

Cellulose filter paper  

Woodall et al. (2014) Filtered Glass filter paper 

Kanhai et al. (2018) Buchner filtration  Glass filter paper  

Dris et al. (2016) Filtered  Quartz-fibre GF/A 

 

Table 2.2 Shows what different methods for extracting microplastics from 

water samples have been used in different studies several of the studies did 

not specify what kind of filtration mechanism they used, only stating that the 

sample was filtered under vacuum. This is of significance as if there is a 

difference in the ability of different methods to successfully retrieve 

microplastics, then it would be difficult to compare studies where it is not 

stated what method was used.  Most studies used a glass filter paper to filter 

the water. Other filter papers used are cellulose filter papers and mixed 

cellulose membrane filters; it is also unknown if the filter type will affect the 

recovery rate of microplastics.  

2.1.2 The Use of Tape Lifting in Forensic Science Fibre Recovery and its Links to 

Microplastic Work 

There is an overlap between the fields of microplastic research and forensic 

science in terms of forensic fibre analysis, as fibres can be of evidential value 

(Grieve et al., 2018).  Due to the varying nature of the surface’s fibre 

evidence needs to be retrieved from, there are several approaches to 

collecting fibre evidence including, tweezers, vacuuming, taping, combing 

and sweeping (Robertson & Roux, 2018). One of the most common 

techniques applied to retrieve fibres in forensic science is a tape lift (De 

Wael, Gason & Baes, 2008), which involves adhering a colourless 

transparent plastic film with an adhesive on one side to a surface and 

removing it to collect any fibres on the surface, this tape would then be 

secured to a suitable backing such as an acetate sheet (Robertson and 

Roux, 2018). Tape lifting is often the preferred method because it fixes the 

fibres in place, preventing loss and any potential further contamination of the 



41 
 

sample, allows the sample to be stored for a long period of time, is easy to 

apply and has a high recovery rate (De Wael, Gason & Baes, 2008). These 

benefits could be transferred to microplastic research.   

Once collected, the tapes are searched using a low-power stereomicroscope 

to find any fibres of interest and compare them to control fibres taken, for 

instance, from a suspect's clothing (Sermier et al., 2006). After identification 

of a target fibre, it would be retrieved from the tape lift via a tape dissection 

and remounted on a glass microscope slide so that optical properties can be 

observed (Jones & Coyle, 2011). See Figure 2.5 for more information on 

tape dissection. Once removed from the tape lift the fibre will be examined 

with polarised light microscopy (PLM) as it allows the determination of the 

optical properties of the fibre (Buzzini & Massonnet, 2015). A forensic fibres 

expert will typically categorise the fibres according to colour, cross-sectional 

shape, dimensions, presence of delusterant and birefringence (Wiggins., 

2018). The most significant of these is the birefringence, as it allows the 

polymer type of the fibre to be indicatively determined (Grieve, 1983). 

Birefringence is the difference between the perpendicular and parallel 

refractive index of the fibre; the birefringence value provides insight into the 

polymer type of the fibre being investigated (Nayak, Padhye & Fergusson, 

2012). For more information on birefringence, see Section 2.2.1.1. One issue 

with tape lifting is the need for dissection; this is because the acetate and the 

tape are birefringent and so would interfere with polarised light microscopy, 

leading to an inaccurate birefringence value being calculated (Robertson & 

Roux, 2016).  

Typically, in microplastic research, researchers will leave the microplastics in 

situ on the filter paper (Barrows et al., 2017. & Miller et al., 2017) or manually 

retrieve the fibre with tweezers (Talvitie et al., 2017). In doing this, there is 

the potential for fibres to be lost, move and become contaminated. 

Therefore, the application of tape lifting to microplastic research should be 

investigated as it could help to prevent the loss of microplastics and prevent 

contamination.  
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2.1.3 Aims and Objectives of the Study  

The aim of the study is to investigate the retrieval rate of different filter and 

filter paper combinations and how effective Easylift® is as a method of 

recovery. 

The objectives of this study are as follows:  

1) To investigate and evaluate the different properties of Easylift® to 

facilitate the analysis of microplastics. 

2) Determine if microfibres are being lost during the filtration of water 

samples. 

3) If so, determine if the filter paper type or funnel used impacts the 

amount of microfibres lost through filtration.  

4) Determine the efficacy of Easylift® as a method for retrieving 

microfibres from the surface of two different filter papers (Cellulose 

and glass fibre) after two different filtration techniques (Buchner and 

glass frit). 

2.2 Easylift®  

 

 

Figure 2.1 demonstrates a diagram of a piece of Easylift® tape. Each tape 

has blue tabs (a) for easy use and sample collection and a transparent 

adhesive tape that is 75 mm by 25 mm (b) for adhering to a microscope 

slide.   

Figure 2.1 A diagram demonstrating a piece of Easylift® tape: a is 25 mm, b is 75 mm and c is 
25mm. 
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Easylift® is a tape lift developed for retrieval of fibres from crime scenes; 

what sets Easylift® apart from other commonly used tapes such as J-Lar is 

that it is essentially non-birefringent, allowing for the microplastics to be 

characterised by polarised light microscopy in situ. The ability to analyse 

microplastics in a sealed environment offers many benefits including the 

ability to store samples for long periods of time, prevent loss of samples and 

prevent further contamination of the samples from the point of tape lifting. 

This will prevent the potential loss of evidence and save time and expense 

(Jackson & Gwinnett, 2006). The ability to store samples also allows for the 

sample to be analysed by multiple examiners, meaning results could be 

verified. As stated in Section 1.9 the ability to affix samples to a secure slide 

in the field means that more time can be spend in the field gathering samples 

rather than having to analyse in the field or bring all samples back to the 

laboratory this also means that findings can be ratified and validated. Other 

methods of tape lifting could be implemented that provide the storage benefit 

including, J-lar, gelatine lifters etc these methods do not however allow the 

characterisation of the samples in situ as easily as Easylift® does, as it would 

require the samples to be dissected from the tape to undergo further analysis 

reintroducing the potential for contamination and loss. These methods may 

be beneficial if the researcher is only interested in being able to visually 

observe the samples, but as this thesis aims to investigate the use of PLM 

alongside Easylift®, it was the only method tested.  

Figure 2.2 shows A decision tree showing the how the use of Easylift® as a 

method of recovery was decided upon 
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J-Lar lifting tape 

Microplastics easily dissected 

from slide? 

Not considered as a 

method 

Gelatine lifter Yes 

Yes 

No 

Compatible with polarised light 

microscopy in situ analysis? No 
Not considered as a 

method 

Yes 

Easylift® 

Not considered 

as a method 

Microplastics easily located on 

slide? 

Compatible with use on a filter 

paper? 

Which tape lift is the most appropriate for microplastic retrieval? 

Not considered 

as a method 

Not considered 

as a method 

Able to be used in the 

field and easily stored 

for analysis? 

Figure 2.2 A decision tree showing the how the use of Easylift® as a method of recovery was 

decided upon. 
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2.2.1 The Properties of Easylift®  

This investigation aims to establish the compatibility of Easylift® with in situ 

microplastic analysis using a variety of analytical techniques.  

2.2.1.1 Easylift® and Polarised Light Microscopy 

Polarised light microscopy (PLM) is a method of analysis commonly used in 

forensic fibre analysis that allows observations to be made with the human 

eye to allow the birefringence and sign of elongation of the fibre to be 

established, which can be highly discriminating when used in conjunction as 

it allows the fibres polymer type to be determined (Brinsko, Sparenga & King, 

2016). The majority of microplastics will exhibit birefringence, meaning PLM 

can be used as a method to characterise microplastics. 

As discussed in Section 2.1.2. the tapes and backing material used to 

retrieve fibres are birefringent, meaning that it will interfere with the 

examiners' ability to characterise any fibres contained within the tape lift 

using PLM. The solution to counteract this in forensic science is to dissect 

and remove the fibre from the tape lift and then remount on a glass slide 

(Robertson & Roux, 2018), as the glass from the slide is essentially non-

birefringent; however, this process is time-consuming and there is the 

potential for sample loss to occur (Paulsson & Stocklassa, 1999).  Whereas 

Easylift® is by design essentially non-birefringent, as a result, any 

particulates held within the Easylift® tape lift, and a glass microscope slide 

can be analysed using PLM without the need to dissect the tape and remove 

the particulate of interest.  

As synthetic fibres vary in chemical composition and optical properties, their 

refractive indices vary. Synthetic fibres split light into two beams. These two 

light beams have different refractive indices, one being n-perpendicular and 

the other n-parallel. The difference between these two refractive indices is 

the fibres’ birefringence value, which indicates the fibres' polymer type. A list 

of birefringence values can be seen in Table 2.3. 
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When the n-parallel is greater than n-perpendicular, they are said to have a 

positive sign of elongation, and if the opposite were true, it would have a 

negative sign of elongation (Gorski & McCrone, 1998). The birefringence of 

the fibre can be calculated when the fibre is in the diagonal North-West 

South-East position with the fibre between two pieces of crossed polaroid 

this causes the fibres’ interference colours to become visible (Reffner, 

Kammrath & Kaplan., 2020). Figure 2.3 shows a trilobal nylon fibre in-plane 

light and under crossed polars demonstrating the fibres interference colours. 

 

 

 

 

 

 

 

 

 

It is possible to determine the optical path difference of the fibre with a quartz 

wedge with a varying optical path difference that is pushed through the 

accessory slot of the PLM; as the wedge is moved through the accessory 

slot the interference colours will change at the point where the quartz wedge 

and the fibre have the same optical path difference the fibre will become 

black, this is known as ‘compensation black’ the optical path difference can 

then be determined using the Michel-levy chart (Gorski & McCrone, 1998). 

This value, in conjunction with the thickness of the fibre, can be used to 

calculate the birefringence of the fibre in the calculation: 

 

𝑏𝑖𝑟𝑒𝑓𝑟𝑖𝑛𝑔𝑒𝑛𝑐𝑒 =
𝑂𝑝𝑡𝑖𝑐𝑎𝑙 𝑝𝑎𝑡ℎ 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

(𝑡ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠 𝑜𝑓 𝑓𝑖𝑏𝑟𝑒 (µ𝑚)𝑥1000)
 

Figure 2.3 A colourless trilobal Nylon fibre under plane light (left) and under crossed polars (right) taken x200 
magnification on a Nikon eclipse E400 polarised light microscope. 



47 
 

Table 2.3 Typical sign of elongation and birefringence ranges for different fibres derived from Heuse 

and Adolf's Standort diagram (Palenik, 1992). 

Fibre type Birefringence range Sign of elongation 

Acetate: Diactetate 0.002-0.005 Positive 

Actetate:Triacetate 0.000-0.001 Positive/Negative  

Acrylic 0.001-0.005 Negative 

Modacrylic: Verel® 0.000-0.001 Negative 

Modacrylic: Dynel® 0.002-0.005 Positive 

Aramid: Kevlar® 0.200-0.710 Positive 

Aramid: Nomex® 0.120-0.230 Positive 

Rayon (Viscose) 0.020-0.028 Positive  

HT Viscose 0.035-0.039 Positive  

Cupro 0.021-0.037 Positive 

Lyocell 0.044 Positive 

Flurocarbon 0.039 Positive 

Nylon: Nylon 6 0.049-0.061 Positive 

Nylon: Nylon 6,6 0.056-0.063 Positive 

Polyolefin: Polyethylene 0.050-0.052 Positive 

Polyolefin: 

Polypropylene 

0.028-0.034 Positive 

Polyester: PET 0.147-0.175 Positive 

Polyester: PBT 0.148-0.150 Positive 

Polyester: PCDT 0.098-0.102 Positive 

Polyester: PEN 0.273 Positive 

Saran 0.008 Negative 

Spandex  0.010 Positive  
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Sulfar 0.111 Positive 

Vinal 0.025-0.030 Positive 

Vinyon (Cholorfibre) 0.002-0.005 Positive  

 

Without Easylift® With Easylift® 

(a) 

  

(b) 

 

Figure 2.4 Interference colours seen in a colourless (i.e. white) nylon fibre when viewed between 
crossed polars. The scale bar is 100µm long in each image. 

The fibre used in Figure 2.4 was examined and imaged under crossed polars 

using a Microtec polarised light microscope, and the camera used was a 

Nikon D80 DSLR with a Nikkor 35mm 1:1 lens (settings were F stop of 1.8, a 

shutter speed of 1/20s, ISO of 1600, auto white balance with no zoom 

applied).  The fibre was orientated with its long axis positioned in the 

Northwest to Southeast position so that its interference colours are visible. In 

image (a) of Figure 2.4, there was no Easylift® in the light path, and the fibre 

was mounted in DPX on a glass microscope slide. To produce image (b) of 

Figure 2.4, Easylift® was adhered to the underside of the microscope slide, 

after which the fibre was re-examined and imaged in the same manner 

described above. This was undertaken to allow the same fibre to be viewed 

with and without Easylift® without the need to extract the fibre from the DPX 

mountant, which can result in loss or damage to the sample. 

Figure 2.4 shows a colourless cylindrical nylon fibre between crossed polars 

with and without the presence of Easylift®. The fibre's maximum optical path 

difference will vary at any given thickness along its length. Its maximum 

thickness and cross-sectional shape contribute to its interference colours, 
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which are visible when the fibre is placed under crossed polars in Northwest 

to Southeast diagonal position. As the fibre in Figure 2.3 exhibits clear bands 

of colour, it is a good example to demonstrate that the addition of Easylift® 

into the light path did not impact upon the interference colours exhibited. In 

addition, the background colour in image b remained uniformly black as far 

as the human eye can detect when Easylift® was placed into the light path. 

This, in addition to the lack of a change in interference colour between the 

two images, demonstrates that Easylift® is essentially non-birefringent and 

provides support that the birefringence and sign of elongation of the MP 

particles can be determined by PLM using a first-order red tint plate and/or 

quartz wedge as it is unaffected by the presence of Easylift® in the light path.  

Some fibres exhibit pleochroism under plane polarised light, where the fibre 

will exhibit different colourations when observed in different orientations due 

to the preferential transmission and absorbance of different wavelengths of 

light along the different vibration directions within the fibre (Brinsko, 

Sparenga & King, 2016). Figure 2.5 demonstrates a fibre that exhibits 

dichroism (a form of pleochroism) in-plane polarise light; the colour change 

that results from the rotation of the fibre can be seen unaltered in the 

presence of Easylift®. From the images in Figure 2.5, it can be seen that the 

presence of Easylift® in the light path has no impact on the ability to observe 

the fibres dichroism, further displaying Easylift®’s compatibility with 

characterising particulates with PLM. It is recommended in forensic casework 

to check fibres for dichroism as a further characteristic to compare fibres to 

control fibres (De Wael., 2021) 
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Without Easylift® With Easylift® 

   

   

Figure 2.5 A red fibre in transmitted plane-polarized light demonstrating a colour change due to the 

fibre’s dichroism, the fibre can be seen unaltered and with the addition of Easylift®.  

The images shown in Figure 2.5 were taken in plane-polarised light, not 

under crossed polars. The fibre was first positioned on its long axis in the 

East-West position without the addition of Easylift® being placed on the light 

path. A Glass coverslip with Easylift® adhered to it was carefully placed on 

top of the slide coverslip so that the fibre could be imaged with the addition of 

Easylift® in the same place. The fibre was then rotated to the North-South 

position, and the process was repeated first without the presence of Easylift® 
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and then with the addition of Easylift® in the light path. All four images were 

taken using a Samsung SM-G973F (Samsung Galaxy S10) camera that was 

held approximately 1 cm away from the eyepiece. The Camera settings 

were: F2.4, 1/90s. 4.32 mm, ISO 125, auto white balance, and no flash. 

2.2.1.2. Easylift® and FTIR 

Fourier Transform Infrared (FTIR) spectroscopy is commonly utilised in 

microplastic research as a method for polymer type identification (Bayo, 

Olmos & López-Castellanos, 2020., Miller et al. 2017. & Nelms et al. 2018) 

See Table 1.1 for more information on the methods frequently used in 

microplastic research. FTIR uses infrared radiation to promote the vibrational 

energy levels of the molecule to an excited state. The absorption of infrared 

radiation occurs when a photon transfers to a molecule, promoting it to a 

higher energy state, resulting in the vibrations of the molecular bonds within 

the molecule caused by bending, wagging, deformation and stretching of the 

bonds at different wavenumbers in the infrared region of a light spectrum. 

The wavenumber that each absorbance peak is a result of different 

properties within the molecule, meaning that it creates an identifying 

‘fingerprint’ allowing the molecule to be identified (Chen et al., 2015). Plastic 

polymers have very individualising infrared spectra with distinct band 

patterns, meaning it is an effective method of identification of microplastics 

(Hidalgo-Ruz et al., 2012). FTIR can identify microplastics down to around 

10-20 µm in size in its smallest dimension (Araujo et al., 2018).   

The purpose of the experimental work described in this section is to explore: 

• The ease with which a microplastic particle can be extracted from an 

Easylift® tape lift by dissection. 

• Whether once removed from the tape lift the microplastic particle can 

be successfully characterised by Fourier Transform Infrared (FTIR) 

spectroscopy.  

In order to meet these aims, a control FTIR spectrum of a 2x2 mm piece of 

blue polypropylene film that would serve as the microplastic of interest was 

created. After the spectrum was obtained, the film was mounted on a glass 

microscope slide using Easylift®. It was then dissected and removed from the 
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tape lift; the process for this can be seen in Figure 2.6. Once extracted from 

the tape another FTIR spectrum of the film was obtained, along with a 

spectrum of the adhesive and non-adhesive side of Easylift®, so that the 

effect of being in a tape lift could be established.  

(a) 

 

(b) 

 

(c) 

 

(d) 

 

Figure 2.6 The dissection procedure used for the removal of microplastic particles from an Easylift® 
tape lift. (a) Using a scalpel, the tape is cut through to the microscope slide, creating a ‘V’-shaped flap 
over the particulate of interest. (b) a drop of TissueClear® solvent is placed over the incision and left for 
3-5 seconds. (c) using metal jeweller’s tweezers, the V-shaped flap is lifted. (d) the particle of interest 

is removed from underneath the tape. 

All FTIR spectra were obtained using the same instrumental settings in 

Figure 2.7. They were all obtained using Attenuated Total Reflectance (ATR) 

FTIR spectroscopy, using a Thermo Nicolet, Avatar 370 spectrometer which 

uses OMNIC software. The FTIR was set up to average over 32 scans with a 

resolution of 4 cm-1. The FTIR was equipped with a Specac Golden gate 

single reflection diamond ATR accessory with a ZnSe focusing element. 

All self-adhesive tapes, Easylift® included, have several strong absorption 

bands in the infrared region, meaning that in situ analysis is unlikely to 
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produce productive results. However, it is possible to extract the 

microplastics from the tape lift. This process is shown in Figure 2.5; once 

extracted from the tape lift, it is then possible to characterise the microplastic 

with FTIR.  Figure 2.7 demonstrates the FTIR spectra for the microplastic of 

interest before and after being encased in Easylift®, the spectra remain 

virtually unchanged after being mounted in Easylift® demonstrating the 

compatibility of Easylift® and FTIR, once any particulates of interest have 

been extracted. 

 

Figure 2.7 FTIR spectra of the Easylift® tape (pink) and its adhesive (pale blue), plus those of a 
fragment of blue-coloured plastic film taken before it was tape lifted with Easylift® (dark blue) and after 
dissection from the lift so created (red). Produced by Professor Claire Gwinnett. 

2.2.1.3 Easylift® and Confocal Raman 

 

Raman spectroscopy has also been used in microplastic research to classify 

the polymer types of the suspected microplastics (Lenz et al. 2015., Saeed et 

al. 2020. & Wolff et al. 2019). As with FTIR, Raman is a form of vibrational 

spectroscopy. The frequency shifts that occur when the light is scattered by 

the molecules can either be positive or negative; the magnitude of the 

scattering is known as the Raman frequency. The resulting Raman 

frequencies for the molecule make up the Raman spectrum (Woodward, 

1967). Raman uses the inelastic scattering of light, also called ‘Raman 

scattering’, to provide information on the molecule's structure through 

molecular vibrations (Araujo et al., 2018). If the photon produced by the 

inelastic light scattering has a lower frequency than the original photon, it 

produces Stokes Raman scattering, and if the photon has a higher frequency 
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than the original, it produces anti-Stokes Raman scattering. The technique 

measures the shift produced to generate the spectrum. The resulting shift in 

wavelength will depend on the chemical composition of the molecule being 

analysed (Rostron, Gaber & Gaber, 2016). Raman spectroscopy is also able 

to analyse microplastics down to 1 µm, meaning that it is able to characterise 

microplastics that would be too small for FTIR analysis (Fu et al., 2020).  

Figure 2.8 shows the spectra obtained from a plastic fibre contained within 

an Easylift® tape lift using confocal Raman microspectroscopy. 

 

Figure 2.8 Raman spectra demonstrating the profile produced by a synthetic fibre contained in an 
Easylift® tape lift created using confocal Raman microspectroscopy. Produced by Professor Claire 
Gwinnett 

Table 2.4 Salient peaks of the Raman spectra shown in Figure 2.7 

Peak 

position 

/cm-1 

[(s) = sharp 

(b) =broad] 

Easylift® Fibre 123 in 

Easylift® 

Fibre 123 

between 

glass slide 

and coverslip 

Glass slide 

and coverslip 

808(s) No Yes Yes No 

840(s) No Yes Yes No 

971(s) No ? Yes No 

997(s) No Yes Yes No 

1035(s) No Yes Yes No 
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~ 1095(b) No No Yes Yes 

~ 1155(b) No Yes Yes No 

1218(s) No Yes Yes No 

1255(s) ? ? Yes No 

1296(s) ? ? Yes No 

1328(s) No Yes Yes No 

1360(s) No Yes Yes No 

~1455(b) Yes Yes Yes No 

1738(b) Yes Yes Yes No 

 

Figure 2.8 shows four spectra obtained by confocal Raman spectroscopy, 

two of these spectra are from a colourless polyolefin fibre (taken from sample 

number 123 of the Microtrace Forensic Fibre Reference Collection) held 

between Easylift® and a glass microscope slide or a glass coverslip and 

microscope slide. Two blank spectra were also obtained, which are visible in 

Figure 2.8. One blank was taken off the Easylift® tape, and the second blank 

was taken off the glass coverslip on a microscope slide. The salient peaks of 

all four spectra are summarised in Table 2.4. Of the 14 peaks listed, two 

peaks (1455 and 1738 cm-1) are present in the spectra for Easylift®, and one 

peak (1095 cm-1) is present in the spectra of the glass coverslip. The 

remaining 11 peaks can be unambiguously assigned to have originated from 

the fibre used, with seven peaks appearing in both spectra for the fibre, 

demonstrating the compatibility of Easylift® and Confocal Raman 

spectroscopy.  

The spectra exhibited in Figure 2.8 were obtained using a method adapted 

from Lepot et al. (2008). The results were obtained using a Renishaw inViva 

Raman Microscope with a Leica microscope, using a ×20 objective lens for 

simultaneous illumination and data collection. An excitation wavelength of 

514nm was used, laser intensity was 50 mW, and the integration time used 

was 4 seconds. Once the spectra were obtained, the results were imported 

into R version 3.6.3 (R Core Team, 2020) as x, y coordinate data using 

RSTUDIO Desktop Open-source Edition version 1.2.5033 (RStudio, n.d.). 

The spectra were then processed using the hyperSpec package version 
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0.99-20200213 (Beleites & Sergo, 2020) to correct baseline drift and 

enhance the signal-to-noise ratio using LOESS smoothing. 

The two central spectra in Figure 2.8 were created by analysing a colourless 

cylindrical polyolefin fibre (number 123 of the Microtrace Forensic Fibre 

Reference collection) by the method described above. A spectrum was first 

obtained from the fibre mounted in between a coverslip and a glass 

microscope slide; a spectrum was also taken of the coverslip and the 

microscope slide without the fibre being present. The same fibre was then 

mounted onto a glass microscope slide using Easylift®, and a spectrum was 

recorded of the fibre within the tape lift; a spectrum was also recorded for the 

Easylift® tape for comparison purposes.  

The instrumental setup used in this investigation was based on the results of 

the initial optimisation trials, wherein the laser intensity and integration times 

were varied.  A noteworthy result of this investigation found that when the 

laser intensity was set to 100mW and integration time was set to 1 second 

the fibre used was visibly damaged whilst no deformation or melting of the 

Easylift® was observed.   

A Study by Poli, Littli & Lavagnolo (2024) used Easylift® to a method of 

extraction as described in Section 2.3 of this thesis, as part of the study they 

conducted a validation study to assess Easylift®’s compatibility with Raman. 

They mapped the surface of the microscope slide with an inViva Renishaw 

micro-Raman. They were able to conclude that the background signals 

displayed a Pearson’s correlation below their chosen threshold, indicating 

that the glass slide and Easylift® tape could not be mistaken for 

microplastics. While the Pearson’s correlation for microplastics within the 

sample were significantly higher than the threshold value often over 0.75, 

demonstrating Easylift®’s compatibility with Raman analysis.  
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2.2.1.4 Easylift®’s Interaction with Unpolarised Ultraviolet and Visible Light 

 

As demonstrated in Figure 2.9, Easylift® is essentially transparent to visible 

light (Wavelengths of light 400 to 700 nm), and it shows a transmission rate 

of >80% to ultraviolet light that is within the wavelength range of 300-400 nm. 

Figure 2.10 also demonstrates Easylift®’s compatibility with 

microspectrophotometry. Due to Easylift®‘s transparency within the ultraviolet 

range, there is a potential that Easylift® may be compatible with dyes 

commonly used in microplastic research including, Nile red, fluorescein 

isophosphate and Safranine T (Lv et al., 2019b. & Shahi et al., 2020). 

 

Figure 2.9 Ultraviolet-visible transmission spectra (redrawn from spectra provided by Jaap van der 
Weerd and Linda Alewijnse of the Netherlands Forensic Institute). Produced by Professor Andrew 
Jackson. 
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Figure 2.10 Visible spectra obtained by Microspectralphotometry from a red nylon fibre.  The spectral 
data were recorded by Chris Hunter of SMCS Ltd. 

 

As demonstrated by Figure 2.11 the transparency of Easylift® discussed 

above means that Easylift® is compatible with fluorescence microscopy. The 

images shown in Figure 2.11 were captured using a LUMNIA-FLHS modular 

microscope with a hyperspectral camera, thus also illustrating the potential 

for microplastics held under Easylift® to be characterised using hyperspectral 

microscopy.   

Illuminated with white light from 

below 

Fluorescence consequent on oblique 

laser excitation from above 

(a) 

  

(b) 

  

Figure 2.11 Images of fibres held in Easylift® demonstrating Easylift®’s compatibility with fluorescence 
microscopy and hyperspectral imaging.  Images taken by Nathanail Kortsalioudakis, courtesy of 

Costas Ballas and Nathanail Kortsalioudakis of SPECTRICON. 
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The original transmission spectra used to create Figure 2.9 were recorded at 

the Netherlands Forensic Institute by Linda Alewijnse during a research 

project led by Jaap van der Weerd. The spectra were recorded in the 200-

700 nm wavelength, and a spectrum of Easylift®, a glass slide and a quartz 

slide were recorded. These spectra have been recreated in Figure 2.8. The 

spectra were recorded using a Perkin Elmer Lambda 35 spectrometer; for 

the glass and quartz slide, the sample was placed over the instrument 

measuring beam. To record the spectra for Easylift®, the tape was held by its 

adhesive tape in a cardboard frame. This frame was then placed in the 

instrument to allow the spectra for Easylift® to be recorded. The research 

mentioned above only required a subset of the spectra that were recorded, 

so the spectra that were of interest were replotted using R version 3.6.3 (R 

Core Team, 2020) through RStudio Desktop Open Source Edition version 

1.1.447 (RStudio, n.d.), using functions from the packages; jpeg version 0.1-

8.1 (Urbanek, 2019), countcolors version 0.9.1 (Weller, 2019a), colordistance 

version 1.1.0 (Weller., 2019b) and imager version 0.42.1 (Barthelme., 2020). 

The spectra shown in Figure 2.10 were recorded by Chris Hunter of SMCS 

Ltd (http://www.smcs.co.uk/) using an SMCS mspt MicroSpec with 0.8 nm 

wavelength accuracy taken across the visible spectrum.  Both spectra 

displayed were taken using a red nylon trilobal fibre (number 87 in the 

Microtrace Forensic Fiber Reference Collection manufactured by BASF 

USA) that has been mounted in DPX on a glass microscope slide with a 

glass coverslip. An Easylift® tape was placed on top of the slide before the 

spectra titled ‘With Easylift®’ were recorded.  

The images shown in Figure 2.11 were taken using a LUMNIA-PLHS 

modular scientific microscope developed and distributed by SPECTRICON 

http://www.spectricon.com/spectral-imaging-products/lumnia-flhs/.  Both 

images were taken by Nathanail Kortsalioudakis using the microscope’s 

MuSES-HS hyperspectral camera using both of its sensors. Image (a) shows 

the specimen was illuminated with white LED (wavelength 400-720 nm), and 

image (b) the specimen was illuminated with fluorescent light with the 

wavelengths 445, 500 and 600 nm (Full width and half maximum (FWHM) ± 

40nm) excited by light wavelengths of 405, 473 and 532 nm. The excitation 

http://www.smcs.co.uk/
http://www.spectricon.com/spectral-imaging-products/lumnia-flhs/
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radiation was provided from above using the microscope’s ring-shaped 

Polyline diode laser array that surrounds its objective lens. The instrument’s 

notched filtering system, located in the light path between the sample and 

the camera, was used to effectively eliminate a wavelength band 4 nm wide 

that includes the wavelength of the laser light.  This filtering system, coupled 

with the oblique illumination geometry, allows this microscope to achieve a 

high signal-to-noise ratio in fluorescence imaging. The fibres shown in Figure 

2.11 are fibres from a red wool jumper, yellow polyester from a high visibility 

vest and peach-pink and white acrylic from a jumper.  These were held on a 

glass microscope slide by a piece of Easylift®.  

2.2.1.5 Easylift® and Mounting Mediums 

 

Easylift® removes the need to dissect the tape lift before Polarised light 

microscopy (See section 2.2.1.1), saving the examiner time and preventing 

loss or contamination of the sample. When making traditional microscope 

slides, a mounting medium that at least initially is a liquid is placed between 

the microscope slide and coverslip; the mounting medium serves a number 

of purposes. 

1. It adheres the coverslip to the slide, trapping the specimen between 

them. 

2. If the specimen is thin enough, it restricts it to lie in what is essentially 

a single plane. 

3. It controls the refractive index (RI) of the specimen’s environment. 

Easylift®’s adhesive performs the first two of these functions and so can be 

used successfully without the requirement for a mounting medium; it is, 

however, compatible with both aqueous and non-aqueous mounting 

mediums including, DPX, Entellan®, Fluromount™ and CC/Mount™. This 

means that a mounting medium can be used when control over the refractive 

index of the sample’s environment is required, see appendix A.2 for more 

information.  
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2.3 Investigation into the recovery rates of microfibres from water using 

different filtering systems and Easylift® tape 

2.3.1 Pilot Study 

2.3.1.1 Method  

The pilot study was conducted to investigate whether Easylift® was an 

appropriate method to retrieve microplastics from filter paper and if 

microplastics are lost during filtration and retrieval. During the study, 25 

fluorescent polyester fibres taken from a high visibility jacket were manually 

retrieved using jewellers’ tweezers and seeded into one litre of tap water. 

This sample was then filtered under vacuum using a ceramic Buchner funnel 

and a Whatman® 70 mm cellulose filter paper catalogue number 1003 070. 

Once filtration of the sample was finished, the glass bottle used to contain 

the sample was rinsed with 10ml of water and filtered to retrieve any 

microplastics that may have become adhered to the side of the glass bottle, 

the Buchner funnel was also rinsed.  

The filter paper was then removed with the jewellers’ tweezers and, placed in 

a glass petri dish and covered with an acetate sheet with a grid drawn on so 

that the fibres retrieved by the filtration process could be counted with a UV 

torch that emitted a light of 395 nm, to determine how many were retrieved or 

lost. Once determined, the microfibres were retrieved with Easylift® whilst the 

filter paper was still damp, ensuring the whole surface of the filter paper was 

tape lifted; the full Easylift® procedure can be found in Appendix A.2. The 

tape was then adhered to a glass microscope slide and the UV torch was 

used to count the number of microfibres retrieved by Easylift® from the filter 

paper. This procedure was repeated 15 times. 
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2.3.1.2 Results and Discussion  

Table 2.5 The results of the pilot study seeding 1 litre of water with 25 fluorescent fibres to test the 

efficacy of Easylift®. 

Sample 

 

 

Percentage of 

fibres recovered 

by the filter paper 

Percentage of 

fibres recovered 

from the filter 

paper with 

Easylift® 

Overall 

percentage 

recovered  

1 
 

93 / 

2 96 96 96 

3 54 93 50 

4 100 100 100 

5 84 100 84 

6 68 100 68 

7 100 96 96 

8 88 100 88 

9 80 100 80 

10 84 100 84 

11 68 100 68 

12 68 100 68 

13 100 100 100 

14 76 100 76 

15 100 100 100 

Mean 78 99 76 

Range 46 7 50 

Standard 

deviation  

14.5 2.6 14.8 

Table 2.5 shows the results of the pilot study; the percentage recovered by 

the filter paper for sample one is missing due to an error in the number of 

fibres added to the sample; full results can be found in Appendix A.3 Table 

A.1.  From the results, it is apparent that microfibres are being lost during 

filtration with between 54-100% of microfibres being retrieved. There are a 

few potential areas for this loss, one being that the fibres remained in the 

glass bottle, became stuck in the small gap between the Buchner funnel 
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walls and the filter paper or on the funnel walls or the fibre was not retained 

by the filter paper and so passed through the filtration system without being 

retained.  

The results also show that Easylift® was successful in collecting microfibres 

from the filter paper with between 93-100% with an overall 99% success rate 

of microfibres being collected via tape lifting.  

During this experiment, only one filter paper type and funnel type were 

investigated. As other methods are used in microplastic analysis, more 

methods need to be investigated to determine if one method is able to retain 

more microplastics than others.  

One issue that needs to be considered with this data is the small sample size 

could produce inaccurate data as one fibre would be the equivalent of 4% of 

the sample, meaning the loss of one fibre could skew the results and 

produce inaccurate results, for instance, if two fibres are not retained by the 

filter paper that translates to an 8% loss. To combat this, the sample size will 

be increased to help prevent data skews.  

2.3.2 Main Study  

2.3.2.1 Experimental Design and Materials 

 

During the simulation experiment, target microfibres were suspended in tap 

water, and the seeded water was filtered under vacuum using a 

Vacuubrand® PC 3012 VARIO by Buchner filtration, and then the microfibres 

were recovered from the filter paper via tape lifting (see Section 2.1.2). The 

target microfibres that were used were fluorescent polyester fibres from a 

high visibility jacket; these microfibres were chosen due to the fluorescent 

properties of the fibres that allowed them to visibly fluoresce when exposed 

to a UV torch that emits light at 395 nm. Illumination of the fibres by a UV 

torch was conducted in a darkened room whenever a count of target 

microfibres was undertaken. The tape used in this experiment was Easylift® 

(see Section 2.2); Easylift® is manufactured by Tecman Ltd.  
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The experiment has a balanced 2 x 2 factorial design, in which the 

dependent variables are the recovery rate of target microfibres retrieved from 

the filter paper by Easylift® and the recovery rate of the filtration apparatus 

used to filter the microfibres from water. The independent variables were the 

filter type and Buchner funnel used, with each independent variable having 

two levels. The two levels for the filter type used are cellulose filter paper 

(Whatman catalogue number 1003 070 pore size 6 µm) or glass microfibre 

filter papers (Whatman catalogue number 1820 070 pore size 0.7 µm), both 

of which are 70mm in diameter. The two levels for the funnel type are a 

ceramic Buchner filter (available from Fisher Scientific catalogue number 

10771752), or a glass frit (available from RESTEK catalogue number 

KT953825-0000).  These methods were chosen as they are methods of 

filtration often used in microplastic research (see Table 2.2).  

An A&D Company Ltd HR-250A analytical balance was used to weigh all 

samples to determine the mass of water present in each filter at the point 

that tape lifting occurred. This was conducted in duplicate so that the mass 

could be included as a covariate during hypothesis testing; the results are 

available in Appendix A.3 Table A.2 

2.3.2.2 Experimental Procedure   

 

During experimentation, there were three repeats undertaken for each of the 

four unique combinations of the independent variables. For each procedure 

investigated, the following method was followed: 

Between 121 and 394 (inclusive) target microfibres were removed from a 

high visibility jacket using sandpaper and collected into a pre-weighted, 

clean, dry ceramic evaporating basin, and the exact number of microfibres 

was determined (c1). The basin was reweighed to determine the mass of the 

fibres used (f) (Average weight 0.0028 g). the fibres were then transferred by 

washing into 10 L of tap water that was distributed into ten clean 1 L glass 

bottles so that the microplastic sample was not as concentrated and to make 

it more realistic to water samples taken of environmental samples.  
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An unused air-dry filter of one of the two types being investigated (see 

Section 2.3.2.1) was placed in a clean petri dish, and the mass of this 

combination was determined (p1) by weighing on an analytical balance. The 

filter was then placed into one of the two funnel types being investigated; the 

funnel and filter paper were then observed using a UV torch to ensure that 

the set-up was free from any contamination from fluorescent fibres. The 

water in each bottle was then vacuum filtered through the assembled filter 

set-up, and the inside of each bottle was rinsed with 100 ml of tap water; this 

water was then also filtered through the same filter. After all the water from 

the bottles and rinse water had been filtered, the inner sides of the filter used 

were rinsed with 50 ml of water. 3-7 seconds after the last of the water had 

passed through the filter, the vacuum was broken.  

The filter was then immediately removed from the funnel and placed back 

into the petri dish, which was then re-weighed, allowing the combined mass 

of the dish, the damp filter, and the target microfibres to be determined (p2). 

The number of target microfibres on the filter paper was then counted (c2).  

For each filter, an unused piece of Easylift® was removed from its backing, 

and its adhesive-coated side was then applied and removed from the surface 

of the filter, the same piece of Easylift® was then reapplied until the whole 

surface of the filter paper had been in contact with the tape, this process is 

visualised in Figure 2.12. The number of target microfibres present on the 

tape was then counted (c3) with the aid of the 395 nm UV torch.  

 

Figure 2.12 A diagram to demonstrate how Easylift® is used to retrieve microplastics from a filter 

paper. 
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When tape lifting, it is best that the filter paper is slightly damp. This is 

because when the filter is dry, the tape will collect more fibres from the filter, 

which may overload the sample and make identification of microplastics 

difficult to find and identify. If the filter is too wet, the tape may lose some of 

its tackiness, preventing it from collecting potential microplastics and may 

mean that the tape loses some of its ability to protect the sample from 

contamination, Figure 2.13 demonstrates six images demonstrating an 

Easylift® tape lift after it had been used in either a dry, damp or wet cellulose 

or glass filter paper. For each image, the adhesive side of the Easylift® tape 

was brought into repeated contact with the filter paper in the manner shown 

in Figure 2.12. In each case, the tape was then adhered to an unused glass 

microscope slide. For each of the two images labelled ‘air-dry filter’ there was 

no pre-treatment of the filter paper before it was tape lifted. The images 

labelled ‘damp filter’ each of the filters was separately pre-treated by placing 

it within a ceramic Buchner filter and filtering 1 litre of tap water through the 

system under vacuum. The Vacuum was broken approximately 5 seconds 

after the last traces of water had passed through the filter.  For the images 

labelled ‘wet filter’, each filter was separately pre-treated by saturating it with 

distilled water over the whole surface of the filter paper. All images were 

taken with a Nikon AF-S Nikkor 10-70 mm camera under identical 

illumination conditions using the ambient light present within the room, with 

each glass slide placed on a dark card with the Easylift® tape facing the 

camera.  

 

Filter 
type 

Air-dry filter Damp filter Wet filter 

Cellulose 

 

  
 

Glass 
fibre 

 
 

 
 

 
 

Figure 2.13 Images of Easylift® tapes that had been used to tape lift clean filters of varying water 
content. 
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The mass of water present in the filter at tape lifting (w) could not be 

determined by oven drying the filter to a constant mass, as when tape lifting 

the filter, the tape will also collect fibres that originate from the filter paper. To 

estimate the total mass of water in each filter at the point of tape lifting, 20 of 

each of the cellulose and glass filter paper were weighed whilst air dry, these 

filters were then placed in an oven at 105 ⁰C for 16 hours and then re-

weighed (Results are in appendix A.3 Table A.2). The mean mass difference 

for each filter (d) was then used in the calculation of w: 

w = (p2 - p1 - f) + d 

The target microfibre count allowed the percentage of fibres present on the 

filter that was recovered on the tape ((c3/c2) x 100%) to be determined for 

each repeat. The percentage of fibres present in the water that was extracted 

by filtration before tape lifting was also calculated (c2/c1) x 100%).  

A blank sample of 10 L of tap water was also filtered using the same method 

as described above, using a cellulose filter paper and the ceramic funnel. 

This blank was found to contain one fibre that was indistinguishable from the 

target microfibres. This was considered to be within the likely margin of error 

in the count data, and so the data was not adjusted to account for 

contamination. 

 

2.3.2.3. Statistical Analysis   

 

The analysis of the data from the seeded experiment described above was 

conducted by four linear models: 

• Model 1: A balanced 2x2 factorial ANOVA The dependent variable 

was the percentage of target microfibre particles present on the filter 

paper that was recovered by the tape, and the independent variable 

was the filter paper and funnel type used. 

• Model 2: An ANCOVA The dependent variable was the percentage of 

target microfibre particles present on the filter that was recovered by 

the tape, and the independent variable was the filter paper and funnel 
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type. With the mass of the total water content on the filter paper at the 

point of tape lifting is included as a covariate. 

• Model 3: an ANOVA conducted to find whether models 1 and 2 have a 

statistically significant difference.  

• Model 4:  A balanced 2x2 factorial ANOVA with interaction conducted 

to test the effect of filter type and funnel type on the percentage of 

target microfibres present in the water that were extracted onto the 

filter before tape lifting.  

For all tests conducted, the significance threshold used was 0.05 (95% 

confidence). In Models 1, 2 and 4, a Shapiro Wilk test and a Levene’s test 

were conducted to test the data for deviation from the assumptions that 

underpin the accuracy of the models concerned and no deviation was found 

(Jackson, Osborne & Gwinnett, 2020). The results of these tests can be 

found in Appendix A.3 Figures A.6 and A.7. 

Two sets of simple effects tests were carried out after Model 1 was 

undertaken. One tested the effect of funnel type with fixed levels of filter type, 

and the other tested the effect of filter type at fixed levels of funnel type. 

Within these two sets, a Bonferroni adjustment was made to the p values to 

control the familywise error rate. It was also recognised that the two sets of 

simple effects could constitute a family. To allow for this, two values of alpha 

were used one without the Bonferroni correction (0.05) and one with the 

Bonferroni correction (0.025). The following significance categories were 

created: if the adjusted p-value is > 0.05, then it is not significant. If it is less 

than or equal to 0.05 adjusted p-value but >0.025, then the significance is 

discussable. If the adjusted p-value ≤0.025 then the result is significant. Any 

discussable p values would be those that have demonstrated significance 

and had only one set of simple effects tests undertaken. 

The effect size measures implemented for models 1, 2 and 4 were eta 

squared and omega squared, and Pearson r was used for the tests of the 

simple effects. The threshold values used as cut points to categorise effect 

sizes are: 
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• For partial eta squared, small = 0.0099, medium = 0.0588 and large = 

0.1379 (Richardson, 2011, citing Cohen, 1969 pp. 278-280). 

• For omega squared, small = 0.01, medium = 0.06, and large = 0.14 

(Field, Miles & Field, 2012 p 455). 

• For Pearson r, small = 0.10, medium = 0.30 and large = 0.50 (Cohen, 

1988 pp. 79-81). 

 

The analysis was performed using RStudio Desktop Open-Source Edition 

version 1.2.5033 (RStudio, n.d.), running R version 3.5.1 (R Core Team, 

2018), with the following packages loaded for use in statistical testing: gvlma 

version 1.0.0.3 (Pena and Slate, 2019), effects version 4.1-1 (Fox & 

Weisberg, 2019), car version 2.1-5 (Fox & Weisberg, 2011) and phia version 

0.2-1 (De Rosario-Martinez, 2015). 

All of the raw data, the code that was used to analyse it and the output from 

that code have been published as a data set (Jackson, Osborne & Gwinnett., 

2020). 

2.3.2.4 Results and Discussion  

2.3.2.4.1 The Recovery of Microfibres in the Seeded Study  

 

The seeded study described in Section 2.3.3.1 aimed to investigate the effect 

of filter type and funnel type on the rate of recovery for target microfibres 

from the filter papers using Easylift® as a method of recovery. The 

percentage recovery rate at each instance can be seen in Table 2.6. Figure 

2.14 shows the rate of recovery of target microfibres grouped by funnel and 

filter type. Part (a) of Figure 2.15 shows the mean values for the rate of 

recovery with 95% confidence intervals grouped by filter and funnel type, 

while part (b) shows the rate of recovery with 95% confidence intervals 

grouped by filter and funnel type adjusted to control for the effect of the total 

mass of water on the filter paper at the point of tape lifting.  Full results are 

available in Appendix A.3 Table A.3.  
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Table 2.6 A table to show the results of the seeded study when microfibres were seeded into 10 litres 

of water with both a glass frit or ceramic Buchner funnel or a cellulose filter paper or a glass microfibre 

filter paper. 

Sample % Recovered 

on the filter 

% Recovered 

by Easylift® 

% Recovered 

overall 

Condition Cellulose filter paper and Buchner filtration 

1 91.14 97.14 88.54 

2 92.47 99.55 92.05 

3 94.95 98.94 93.94 

Mean 92.85 98.54 91.51 

Range 3.81 2.41 5.4 

Standard 

deviation 

1.93 1.25 2.74 

Condition Glass filter paper with Buchner filtration 

1 91.87 88.95 81.73 

2 80.99 91.84 74.38 

3 89.21 92.86 82.84 

Mean 87.36 91.21 79.65 

Range 10.88 3.91 8.46 

Standard 

deviation 

5.67 2.03 4.60 

Condition Cellulose filter paper with Glass frit 

1 92.98 98.11 91.22 

2 95.73 99.36 95.12 

3 93.37 100 93.37 

Mean 94.03 99.16 93.24 

Range 2.75 1.89 3.90 

Standard 

deviation 

1.49 0.96 1.95 

Condition Glass filter paper with Glass frit 

1 90.11 95.12 85.71 

2 95.54 98.45 94.06 

3 96.23 96.08 92.45 
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Mean 93.9 96.55 90.74 

Range 6.12 3.33 8.35 

Standard 

deviation 

3.35 1.71 4.43 

 

 

Figure 2.14 Mean target MP fibre recovery rates from filters by tape lifting with Easylift®, grouped by 
funnel type and filter type, with mean values and raw data points shown. Produced by Professor 

Andrew Jackson. 
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Figure 2.15 Interaction plots showing means and 95% confidence intervals for the target MP fibre 
recovery rate from filters by tape lifting with Easylift®, grouped by funnel type and filter type.  Part (a) 
shows the means and 95% confidence intervals as revealed by ANOVA. Part (b) shows the same as 
(a) except in this case the statistics shown have been adjusted by ANCOVA to control for the effect of 

the total mass of water in the filter at the point of tape lifting. Produced by Professor Andrew Jackson. 

As outlined in Section 2.3.3.3 both an ANOVA (model 1) and an ANCOVA 

(model 2) were used to test the effect of filter type and funnel type on the rate 

of target microfibres recovery from filters using Easylift®. Table 2.7 Shows 

the summary of the ANOVA (a) and the ANCOVA (b) which reveal the main 

effect of the independent variables (filter type and funnel type) is significant, 

as is the effect of the interaction between them. Partial eta squared: 

(
𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚 𝑥 𝐹 𝑚𝑜𝑑𝑒𝑙

𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚 𝑥 𝐹 𝑚𝑜𝑑𝑒𝑙 +𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚 𝑒𝑟𝑟𝑜𝑟
) Measures the proportion of 

variation explained by an independent variable after removing variance from 

other predictor variables, allowing the determination of how large an effect 

the independent variables have on the dependent variables (Richardson, 

2011). Partial eta squared can provide a positive bias in the calculation of the 

effect size as it explains sample variance and not population variance 

(Mordkoff, 2019). In this case, all the combinations have a large effect size in 

Table 2.7 a, and in Table 2.7 b, all but the covariate have a large effect size, 

with the covariate having a medium to large effect size indicating that the 

independent variables (the funnel type in Table 2.7a or the filter type in Table 

2.7 b) had a large effect on the dependant variable (percentage of target 

microfibre particles present on the filter that was recovered by the tape). 



73 
 

Omega squared: 

𝑆𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑔𝑟𝑜𝑢𝑝𝑠−(𝑑𝑒𝑔𝑟𝑒𝑒𝑠 𝑜𝑓 𝑓𝑟𝑒𝑒𝑑𝑜𝑚 𝑏𝑒𝑡𝑤𝑒𝑒𝑛 𝑔𝑟𝑜𝑢𝑝𝑠)𝑥 𝑚𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒 𝑤𝑖𝑡ℎ𝑖𝑛 𝑔𝑟𝑜𝑢𝑝𝑠

𝑆𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 𝑡𝑜𝑡𝑎𝑙+𝑚𝑒𝑎𝑛 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 𝑤𝑖𝑡ℎ𝑖𝑛 𝑔𝑟𝑜𝑢𝑝𝑠

Is an effect size used to measure the analysis of variance in ANOVAs to 

show how much of the variance in the dependent variable can be explained 

by the independent variable (Kroes & Finley, 2023). It is recommended as it 

is a less biased alternative to partial eta squared (Mordkoff, 2019). All but the 

funnel category in Table 2.7 b have a small effect size with omega squared; 

this indicates that a small amount of the variance of the dependent variables 

can be explained by the independent variables.  

 

Table 2.7 ANOVA summary for Model 1 (a) and ANCOVA summary for Model 2 (b).  The cut points 

(i.e. benchmark or threshold values) of partial eta squared and omega squared used to categorise the 

effect size magnitude are given in Section 2.3.3.3. The covariate in (b) is the absolute water content (in 

grams) of the filter at the point of tape lifting. Produced by Professor Andrew Jackson. 

(a) 

 

(b) 
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This interaction effect, shown by these tests in Figure 2.13 and Figure 2.14, 

shows that for each funnel type, changing the filter type from cellulose to 

glass fibre was typically accompanied by a reduction in the number of 

microfibres recovered, and this effect was more visible when the ceramic 

filter was used. In addition, when cellulose filters were used, the rate appears 

largely unaffected by funnel type, this was not the case for the glass filters as 

the rate of retrieval decreased when switching from the glass frit to the 

ceramic funnel. To test the significance of these interactions, simple effects 

analysis was carried out based on model 1, the results of which are 

displayed in Table 2.8.  

 

Table 2.8 The results of simple effects analysis of each of the effect of funnel type at fixed levels of 

filter type (a) and the effect of filter type at fixed levels of funnel type (b). Produced by Professor 

Andrew Jackson. 

(a) 

 

(b) 
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These tests revealed that tape lifting resulted in a higher mean target 

microfibre recovery rate from the filters when used with the: 

1) Cellulose filter paper and glass frit funnel combination (m = 99.16%, 

sn-1 = 0.96 % points) to when the cellulose filter paper was used with 

the ceramic funnel (m = 98.54%, sn-1 = 1.25% points), however, this 

difference is not statistically significant.  

2) Glass filter paper and glass frit funnel combination (m = 96.55%, sn-1 = 

1.71 % points) to when the glass filter paper was used with the 

ceramic funnel (m = 91.21%, sn-1 = 2.03 % points) and this is a 

statistically significant difference.  

3) Ceramic funnel and cellulose filter combination (m = 98.54%, sn-1 = 

1.25% points) to when the ceramic funnel was used with glass filter 

paper (m = 91.21%, sn-1 = 2.03 % points), and this was a statistically 

significant difference.  

4) Glass frit funnel and cellulose filter combination (m = 99.16%, %, sn-1 

= 0.96% points) to when the glass frit funnel was used with the glass 

filter paper (m = 96.55%, sn-1 = 1.71 % points), but this is not a 

statistically significant difference.  

5) The Pearson r effect sizes for Table 2.8 a, show a small-medium 

effect size for the funnel types when a cellulose filter paper was used 

and a large effect size for the type of funnel used when the glass filter 

paper was used. 

6) The Pearson r effect size for Table 2.8 b shows a large effect size for 

both filter combinations when used with either a ceramic filter or the 

glass frit.  

The interaction effect displayed in Figure 2.15 and Table 2.8 could be 

explained by an observation made during the experimentation. This is 

because when the glass filter paper was used in combination with the 

ceramic funnel, the glass filter was pliable, and so when under vacuum, 

would form visible dimples where the holes of the ceramic funnel were 

located, which did not occur when the cellulose filter was used with the 

ceramic funnel. Microfibres that settled into those dimples were less likely to 

be retrieved by the Easylift® tape. This dimpling of the glass filter paper did 
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not occur when the glass filter paper was used in conjunction with the glass 

frit, as it provides even support across the surface of the filter paper. It was 

also noted that when the ceramic funnel was used, after filtration, a few 

target microfibres were found outside the filter’s edge at the base of the 

ceramic funnel. These microfibres were, therefore, not recovered by the filter 

paper. Furthermore, as shown in Figure 2.13, the tape lift will remove fibres 

that originate from the filter paper, but the degree to which this happens can 

be decreased by increasing the filter's water content. Whilst these fibres are 

distinguishable from any microplastics, their presence can increase sample 

processing time by masking and hiding potential microplastics. Also, if using 

the cellulose filters, then there is a possibility that the examiner will be unable 

to differentiate between cellulose fibres and white cotton fibres, which is 

detrimental to studies such as Stanton et al. (2019) as they were looking for 

anthropogenic materials, including cotton. As previously discussed, 

increasing the water content of the filter decreases the amount of filter paper 

fibres lifted during tape lifting. In the experiment, the vacuum was stopped 

between 3-7 seconds after the last visible traces of water had passed 

through the filter paper. Meaning the filter was damp at the point of tape 

lifting. However, some issues may arise if the water content of the filter is too 

high, as it impairs the tapes’ ability to recover microplastics. This provides 

prima facie reason to hypothesise that the water content of the filter at the 

point of tape lifting will have an impact upon the recovery rate of 

microplastics.  

This hypothesis was tested by adding the total mass of water in the filter at 

the point of tape lifting as a covariate to model 1 to produce the ANCOVA in 

model 2. The outcome of the F tests performed using model 2 is shown in 

part (b) of Table 2.7. As discussed above, like model 1 this shows both of the 

main effects and the effect of the interaction between them to be significant.  

However, from part (b) of Table 2.7, the effect of the covariate was not found 

to be significant. Table 2.9 shows that the qualitative examination of the 

proportion of the dependent variables’ variance explained by models 1 and 2 

shows the inclusion of the covariate to create model 2 provides very little 

improvement compared to model 1. Furthermore, the ANOVA in model 3 
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was used to compare these nested models quantitatively, and this did not 

demonstrate any statistically significant differences between them [F = 

0.6907, p = 0.4334]. 

Table 2.9  Model 3 (a) Measures of variance explained by each of Model 1 (ANOVA) and Model 2 

(ANCOVA) when they are treated as multiple linear regressions.  Each of these models was built with 

the percentage target MP particle recovery rate from the filter with the tape as the dependent variable 

(DV) (see Table 2.7 for the independent variables and the covariate).  Multiple R2 measures the 

proportion of the DV’s variance that the model explains.  Shrinkage provides an estimate of how that 

proportion would diminish if the model were applied to the population and adjusted R2 is multiple R2 – 

shrinkage. (b) shows the results of an ANOVA to test for variance between the two models.  Produced 

by Professor Andrew Jackson.  

(a) 

 

(b) 

 

 

 

In this experiment, the absolute water content of the filter papers at the point 

of tape lifting ranged from 0.432 g to 0.790 g (m = 0.622 g and sn-1 = 0.117 

g). Based on the observations discussed above, it can be concluded that 

within the range displayed and with the experimental set-up used, the data 

does not support the hypothesis that change in the water content affects the 

rate at which tape lifting can recover microfibres from the filter used. There is 

also no observable evidence that variation in the time at which the vacuum is 

disconnected from the Buckner flask has a visible impact on the recovery 

rate of tape lifting.  

However, it cannot be completely ruled out that the water content of the 

filters that were tape lifted may have suppressed the microfibre recovery rate 
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compared to that that would have been obtained on dry filter papers. This 

was, however, not viewed to be an issue in this study as: 

1) There were combinations of filter and funnel type used in the study in 

which the recovery rate was observed to have been reliably high. 

2) Tweezers can be used to manually retrieve any unrecovered 

microfibres from the surface of the filter paper.  

The data also allowed the calculation of the percentage of target microfibres 

recovered on the filter paper prior to tape lifting. The effect of each filter type 

and funnel type on microfibres recovered by the filter was tested by ANOVA 

model 4, the results of which are shown in Table 2.10, this revealed no 

significant effects of filter and funnel type on the recovery of microfibres by 

the filter paper. This is not unsurprising as: 

• The target microfibres used were much larger than the pores in both 

filter types. 

• There was nothing about the design of either funnel that would 

suggest that one would extract microfibres at a better rate than the 

other.  

Table 2.10 ANOVA summary for Model 4 was built to test the effect of filter type and funnel type on the 

percentage recovery of the target MP particles from the water by filtration. Produced by Professor 

Andrew Jackson. 

 

Table 2.10 shows a large effect size for all categories with partial eta 

squared and a small effect size when omega squared is used. Partial eta 

squared contains a positive bias when compared to omega squared 

(Mordkoff, 2019). The effect of the effect size for the effect of filter type and 

funnel type on the percentage recovery of the target MP particles from the 

water by filtration is likely to be small.  
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2.3.2.4.2 The Optical Properties of Filter Paper Fibres  

 

As previously discussed, the use of Easylift® to recover microplastic 

pollutants from filter papers offers several potential benefits, including the 

compatibility with highly discriminating optical techniques, allowing 

characterisation in situ on the tape lift. However, as noted in Section 

2.3.3.4.1, the process of tape lifting the filter’s surface also recovers fibres 

that originate from the filter paper itself. This means fibres from the filter will 

be present during any in situ characterisation of microplastics found on the 

tape. For this characterisation to be successful, it has to be possible to 

discriminate between the microplastics and any fibres that originate from the 

filter paper. As microplastics come in many colours, shapes and sizes it 

would be unlikely for a microplastic to be sufficiently similar to the filter fibres 

to cause confusion between the two. To further differentiate between filter 

fibres and microplastics their optical properties can be examined. Figure 2.16 

shows a colourless nylon fibre surrounded by fibres from either the glass 

filter paper or the cellulose filter paper the fibres are mounted on a glass 

microscope slide with Easylift®. Images (a) and (c) are images taken using 

plane-polarised light, allowing the optical properties of the fibres to be 

observed, the optical properties will differ based on the polymer type and 

thickness of the fibre. These images show that there is a degree of similarity 

between the nylon fibre and the fibres that originate from the filter papers, 

this is particularly evident in image (a). Although there are some similarities 

the fibres originating from the filter are easily discernible from the nylon fibre. 

Images (b) and (d) show the same field of view as images (a) and (c), but the 

images are taken whilst the specimens were between crossed polars, 

allowing for there to be more of a contrast between the filter fibres and the 

nylon fibre, this is especially noticeable in image (b) as unlike the cellulose 

filter fibres glass is essentially non-birefringent meaning that it is virtually 

invisible when under crossed polars (Yang et al., 2012) while as cellulose is 

birefringent (Uetant, Koga & Nogi, 2019) it does not have this benefit.  
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 In plane-polarised light Between crossed polars 

A colourless 

nylon fibre with 

glass filter paper 

fibres. 

(a) 

 

(b) 

 

A colourless 

nylon fibre with 

cellulose filter 

paper fibres. 

(c) 

 

(d) 

 

Figure 2.16 Images of two nylon fibres from the same source.  One of these is with glass filter paper 
fibres, the other with cellulose filter paper fibres and are both shown as observed in each of transmitted 
plane-polarised light and between crossed polars. For each image of this figure, the specimen is held 
between Easylift® and a glass microscope slide. Scale bar is 50 µm. 

As the vast majority of plastic fibres are birefringent (Palenik, 2018) and so 

combined with the invisibility of the glass filter fibres between crossed polars 

can be used to provide a high degree of visibility for a large number of 

microplastic particulates, that may happen to be morphologically similar. 

As demonstrated in Figure 2.17, which demonstrates cotton fibres with either 

glass or cellulose filter paper fibres. It is easy to discern the difference 

between glass filter fibres and the colourless cotton used. However, cotton is 

cellulosic (De Wael & Lepot, 2012), meaning that it can be difficult to 

distinguish between the cotton fibres and the cellulose fibres from the filter 

paper (see parts (c) and (e) of Figure 2.17). This is important for studies on 

microplastic pollution, which is also interested in the prevalence of 

anthropogenic cotton fibres in the natural environment.  
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 Without silicone oil With silicone oil 

A white cotton 

fibre with glass 

filter paper fibres  

(a) 

 

(b) 

 

A white cotton 

fibre with 

cellulose filter 

paper fibres 

(c) 

 

(d) 

 

A blue cotton 

fibre with 

cellulose filter 

paper 

(e) 

 

(f) 

 

Figure 2.17 Images of cotton fibres with either glass or cellulose filter paper fibres, each taken with and 
without a mountant.  In these images, the mountant is a silicone oil with a refractive index of 1.5280 
and the light used to illuminate the specimens is not polarised.  For each image of this figure, the 
specimen is held between Easylift® and a glass microscope slide.   

For studies interested in the presence of materials like cotton, the glass filter 

fibres have a secondary property that can be utilised to help further 

differentiate between fibres of interest and glass filter fibres. This is because 

glass has one refractive index; the fibres are also colourless and have a low 

opacity. This means that in the presence of a mountant with a suitable 

refractive index, the glass fibres can be made to effectively disappear from 

view whilst the cotton fibres are still visible. This is illustrated in Figure 2.17 

images (a) and (b), with image (a) being of a colourless cotton fibre 

surrounded by glass filter paper fibres encased in Easylift®, whereas image 

(b) shows the same location but a small v was cut in the Easylift® tape 

around the cotton fibre and silicone oil with a refractive index of 1.5280 was 
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placed over the cut and allowed to seep under the tape immersing the fibres, 

and rendering the glass fibres virtually invisible. This also means that any 

microplastic particles present on the slide that are either coloured or possess 

a noticeably different refractive index to that of the mountant will also be 

visible. As the glass fibres are essentially non-birefringent, the invisibility of 

those fibres will be maintained when viewed under crossed polars, allowing 

birefringent microplastics to be even more clearly visible when viewed under 

such illumination conditions.  

Images (d) and (f) of Figure 2.17 were produced in the same manner as 

image (b), using cellulose filter paper fibres rather than glass fibres; as can 

be seen in these images, the cellulose fibres remain visible when a mounting 

agent is used. This is because cellulose fibres have internal structures which 

cause a difference in the fibre's refractive index, meaning that the boundaries 

between these structures show relief, making them visible, and so the fibres 

will not disappear as the glass fibres will do when a suitable mounting agent 

is used. This means that the difficulty in differentiating the cellulose fibres 

from the cotton fibres remains difficult, as shown in images (c) and (d), where 

the cotton fibre cannot be easily distinguished from the surrounding cellulose 

fibres. Images (e) and (f) show the same principle displayed in images (c) 

and (d), but a blue cotton fibre was used instead of a colourless cotton fibre 

to make the contrast between the cellulose fibres and the cotton fibres more 

apparent.   

Easylift® is compatible with a range of mounting materials including both 

temporary and permanent mounts (Stuer, 2016), as displayed in Figure 2.16 

and Appendix A.2. However, the use of an additional mountant can also 

have negative effects; for instance, there is a potential that it would render 

any colourless, transparent, non-birefringent microplastic, that happens to 

have a sufficiently similar refractive index invisible. However, this would be 

incredibly unlikely given the wide range of such properties in microplastic 

particulates. Another disadvantage is that the mountant may leave a residue 

on the microplastic that is dissected from the tape lift for further analysis. 

Although, any such residues can be removed by washing with a suitable 

solvent (Kirkbride and Tungol, 1999).  
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2.3.2.5 Limitations 

 

1) As discussed in section 2.3.3.4.1, it was not found that tape lifting 

removed all microfibre particulates present on the filter papers. As a 

whole, it was found that tape lifting recovery rates ranged from 89-100% 

across all combinations investigated, with a mean and standard deviation 

of 96.4% and 3.5% respectively. For model 1, the adjusted R2 value is 

0.808 (see Table 2.10); this suggests that within the experimental set-up 

used, approximately 81% of the variance seen in the recovery rates is 

controlled by the choice of filter and funnel type. From this and the data 

presented in Figure 2.14 and Figure 2.15, it can be determined that 

optimisation of the filter and funnel type can be expected to produce a 

recovery rate greater than 96.4% with a standard deviation of less than 

3.5% points. It is, however, unlikely that any optimisation would lead to a 

100% recovery rate with a standard deviation of 0% points. As discussed 

in 2.3.3.4.1, some of the losses of target microfibres were observed to be 

caused by the fibres settling on the inner surface of the funnel but not the 

filter paper, these were therefore not extracted as only the surface of the 

filter was tape lifted, it is, however, possible to also tape lift the inside of 

the funnel to collect any such microfibres. When tape lifting the surface of 

the funnel care must be taken not to tear the tape when removing it from 

the surface of the funnel as Easylift® can be prone to tearing or sticking to 

itself when used on smooth curved surfaces.  

2) The simulation experiment had three repeats for each of the four unique 

combinations of its factor level. This sample was sufficient to detect any 

significant interactions in models 1 and 2. Therefore, this experiment is fit 

for purpose despite the small sample size. However, the results of this 

study are contingent upon the specific experimental set-up used in this 

study. With this knowledge and the findings of the seeded study, it can be 

concluded that pretesting prior to the adaption of tape lifting into any 

microplastic sampling protocol is highly advisable.  

3) The seeded experiment did not detect an effect of the absolute water 

content on the filter paper at the point of tape lifting on the recovery rate 
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of microfibres. This does not, however, mean that no such effects 

occurred, for example, it is possible that no effects were detected as the 

range of water contents used in this experiment was too small to be 

significant. This holds out the possibility, as noted in section 2.3.3.4.1, 

that the presence of water on the filter paper at the point of tape lifting 

suppressed the rate of microfibre recovered using Easylift®. Although, it is 

noteworthy that the best combination of filter and funnel type (cellulose 

filter and glass frit) produced a recovery rate of 99.16% with a standard 

deviation of 0.96% points. This suggests that if the effect was present, the 

effect of the suppression was very small in this experiment set up.  

4) It is evident from the seeded study that tape lifting of the damp filter 

papers not only recovered the target microfibres present but also 

collected fibres that originate from the filter paper used. While this effect 

is not desirable, it is ultimately not an issue as polarised light microscopy 

can be used to easily distinguish between sample microplastics and filter 

fibres. Also, as outlined in section 2.3.3.4.2, the use of a mountant with a 

refractive index suitable similar to that of the glass fibres can be used to 

make those fibres effectively disappear.  

5) As part of contamination control measures, it has been recommended 

that studies investigating microplastic pollution use triple-distilled water 

(Stanton et al., 2019) or Millipore water (Nelms et al., 2018. & Woodall et 

al., 2015) to rinse equipment before it is used.  Tap water was used in 

this study as the amount of water required in this study excluded the use 

of triple-distilled or Millipore water for reasons of practicality. The use of 

tap water may have introduced contaminant fibres into the study. 

However, the blank procedure performed indicates that this is unlikely to 

be an issue.  

6) The effects of biofilms on the microplastics have not been investigated in 

this study. In addition, in the seeded study, only the target fibres were 

suspended in the water, which may limit the generalisability of the results 

to real-world samples. The presence of a biofilm and or suspended 

materials might have an impact on the tape-lifting process. It is also 

possible that the presence of any biofilms of suspended material may 

interfere with any subsequent in situ analysis whilst on the tape lift.  
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7) As outlined in section 2.2.1.1, polarised light microscopy is an effective 

means of characterising anthropogenic textile fibres whilst they are held 

in situ in an Easylift® tape lift. To a large degree, this is because: 

1) The range of birefringence values of these fibres and their range of 

thicknesses are such that the measurable optical path difference is 

frequently seen.  

2) Birefringence values can be an effective means of distinguishing 

between anthropogenic synthetic fibres of different polymer types.   

For instance, Palenik, (2018) states that polypropylene tends to 

exhibit birefringence in the range of 0.028-0.034 whilst 

polyethylene is in the range of 0.050-0.052. Unfortunately, such a 

clear distinction between polymer types is not always possible, for 

instance, nylon 6 has a range of 0.049-0.061, which encompasses 

the birefringence range for polyethylene (see Table 2.3 for a full list 

of birefringence ranges). It should be noted, however, that when 

the birefringence does not provide sufficient discriminating power 

for microplastic characterisation, there are other characteristics 

that could be examined to do so, such as cross-sectional shape, 

fluorescence, colour, presence of inclusions such as delusterant, 

all of which can be readily determined in situ on Easylift® tapes.  

8) As outlined in sections 2.2 and 2.3.3.4.1 Easylift® is designed to enable 

the characterisation of microscopic particulates using a range of optical 

techniques without the need to dissect from the tape lift. There are, 

however, several techniques that cannot be undertaken in situ, for 

instance, the analysis of colour and colourants. In the forensic science 

context, colour is determined using microspectrophotometry (MSP) as it 

can be used to discriminate between fibres from different sources 

(Biermann & Wiggins, 2018. & Palenik, Beckert & Palenik, 2016). As 

shown in section 2.2 Easylift® is compatible with microspectrophotometry. 

However, if the aim is the identification of colourants present rather than 

colour then microspectrophotometry is not sufficient and further testing is 

needed, for instance, thin-layer chromatography (Biermann & Wiggins, 

2018). Thin-layer chromatography cannot be used in situ on the Easylift® 

tape, however, thin layer chromatography and other techniques such as 
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infrared spectroscopy can be conducted once the particulate has been 

dissected from the tape lift.  

2.3.2.6 Conclusions  

 

The seeded study described in this chapter provides evidence of the 

potential of tape lifting as a method of post-filtration microplastic recovery 

during the analysis of water samples. As it allows for the rapid preparation of 

samples for subsequent examination with a wide range of optical techniques 

including polarised light microscopy. Easylift® also offers a secure storage 

environment for microplastics preventing contamination and loss of the 

samples which as discussed in Section 1.9 would greatly benefit the field of 

microplastic research by facilitating inter laboratory research and validation 

of findings by independent researchers.   

In the seeded experiment, filter type and funnel type were found to produce a 

significant interaction effect on the rate of microfibre recovery post-filtration. 

Under the conditions outlined in section 2.3.3.1 and with the optimal choice 

of filter and funnel type, tape lifting can be used to reliably collect all but a 

small percentage of microfibres.  The best funnel and filter combination was 

found to be cellulose filter paper with the glass frit as it had a mean recovery 

rate of 99.16% with a standard deviation of 0.96% points. The water content 

of the filter paper was also not found to affect the rate at which tape lifting 

can recover microfibres from the filters used when looking at the range of 

water contents observed in this study before tape lifting.  

A statistically significant difference was only found when comparing the glass 

filter paper and glass frit funnel combination (m = 96.55%, sn-1 = 1.71) with 

the glass filter paper with the ceramic funnel (m = 91.21%, sn-1 = 2.03) P 

value = 0.006. A statistically significant difference was also found when 

comparing the ceramic funnel and cellulose filter combination was used (m = 

98.54%, sn-1 = 1.25) with the ceramic funnel with the glass filter paper (m = 

91.21%, sn-1 = 2.03) P = 0.001. 

The glass filter paper with the Buchner filter combination resulted in the 

lowest retrieval rate (91.21% with a standard deviation of 2.03%), This could 
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be explained through an observation made during the experiment. As the 

glass filter paper is very pliable when under vacuum, the filter will form 

dimples on the surface where the holes on the Buchner funnel are. These 

holes tended to trap smaller microfibres, making them less likely to be 

retrieved by the Easylift® tape lift, as mentioned in Section 1.9 knowing the 

potential loss rates of each filter funnel combination allows the most 

appropriate method to be implemented to maximise the microplastics’ 

recovery, resulting in more accurate reporting of pollution levels. In addition, 

by knowing what is likely to be lost during filtration it allows for the final count 

to be adjusted if necessary. 

It was found that the tape lifting of the damp filter papers not only recovered 

the target microfibres present but also collected fibres that originate from the 

filter paper used. While this effect is not desirable, it is ultimately not an issue 

as polarised light microscopy can be used to easily distinguish between 

sample microplastics and filter fibres. In addition, if the filter was slightly 

damp, fewer fibres would be retrieved than if the filter was dry. Meaning that 

it is best to extract the microfibres from the filter paper soon after filtration 

rather than allowing the filter paper to dry before tape lifting.  

Easylift® was also demonstrated to be compatible with a number of 

techniques that can be used in situ such as polarised light microscopy which 

allows the polymer type of the microplastic to be determined via calculation 

of its birefringence. Easylift® is also compatible with confocal Raman 

spectroscopy allowing for a confirmatory technique to be used without the 

need to dissect the microplastic in question from the tape lift. If, however, the 

microplastic needs to be removed for the tape lift so that it can undergo 

further analysis such as FTIR, as the microplastic is readily dissected from 

the tape lift.  
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Chapter 3 Development of an improved method of processing 

microplastic samples – Easylift® field trial and the addition of 

polarised light microscopy for the detection of microplastics 

3.1 Introduction 

3.1.1 Microplastic Detection 
 

The identification of microplastics can be challenging due to a number of 

features, including size, shape, colour, and the presence of background and 

natural materials obscuring the sample. Due to these factors, it can make 

their accurate detection challenging so a variety of techniques are often 

implemented (Shim, Hong & Eo Eo, 2017). The most commonly used first 

step is to use stereomicroscopy to locate and identify potential microplastics 

see Table 1.1(Dris et al., 2016., Norén, 2007. & Prata et al., 2020a). Even an 

experienced microplastic researcher can make errors in the identification of 

microplastics in the presence of natural materials such as diatoms and chitin 

(Viršek et al., 2016). Dyachenko, Mitchell & Arsem, (2017) tested the use of 

stereomicroscopy as a screening method with a spiked sample containing a 

known number of 200 µm polystyrene beads, and they found that 87% of the 

microbeads were confirmed microscopically. However, as they only 

investigated one size of ‘clean’ microbeads, this may not be comparable to 

environmental samples. For instance, another study using environmental 

samples from the sea surface and beach sand found that using 

stereomicroscopy to screen microplastics led to a significant underestimation 

of fragmented microplastics and microfibres were significantly overestimated 

in both sample types (Song et al., 2015). Viršek et al, (2016) found an error 

rate of misidentification ranging from 20-70%, with the error rate increasing 

as the size of microplastics decreases. In such instances where the use of 

stereomicroscopy alone is not enough to identify microplastics, there are 

some techniques used to aid the differentiation of natural and synthetic 

particles, such as using Nile red to stain microplastics, causing them to 

fluoresce under certain wavelengths of light (Prata et al., 2020b). Some 
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stereomicroscopes will also have a fluorescent attachment, meaning that 

they can be used in conjunction with Nile red (Wang et al., 2019).  

The dye in Nile red absorbs onto the surface of the microplastics using van 

der Waals interactions and dipole interactions in polar polymer types, 

allowing them to become visible when exposed to blue light (450-510 nm) 

(Maes et al., 2017). The affinity of the dye and the microplastics can be 

increased with heat during the dyeing phase as this loosens the polymer 

chain; when the sample is then allowed to cool to room temperature, the dye 

becomes encapsulated in the polymer matrix. This means that there is 

improved stability and extending the lifetime of the effects of the Nile Red 

dye (Shruti et al., 2022). The technique is fast and easy to use as it requires 

minimal training to be implemented effectively. It is also time-saving in 

studies with a large number of samples that require quantification (Sturm et 

al., 2023). A study that tested the recovery rate of Nile Red with a sand 

sample spiked with Polyethylene, found a recovery rate of 98 ± 3% (Shim et 

al., 2016). Its use has also resulted in an increase in the detection of 

microplastics from smaller size fractions <1mm (Erni-Cassola et al., 2017). 

This method does, however, have some drawbacks, such as the presence of 

the Nile Red dye can make the determination of the original colour of the 

microplastics challenging; in addition to this there are instances where Nile 

Red is unable to stain some coloured microplastics due to the presence of 

the dye used in their production meaning that the method will not stain all 

microplastics that may be present in a sample (Shruti et al., 2022). Both 

synthetic fibres and natural fibres will also fluoresce with this method, 

meaning that other methods are still needed to differentiate and identify the 

synthetic microplastics from other materials within the sample (Galvão et al., 

2023).  Research has also been done to try to automate the detection of 

microplastics to eliminate human error in their detection and speed up 

analysis (Primpke et al., 2020). PerkinElmer has developed the Spotlight 

400, an FTIR microscope to rapidly image and analyse large sample areas 

(PerkinElmer, 2023); this technique has been applied to microplastic 

samples and has been found to be able to identify microplastics down to 6.25 

µm in three minutes per sample (Liu et al., 2021a). When the spotlight was 
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combined with Nile Red, it was able to identify 78% of the luminescent 

particles assumed to be microplastics, later confirmed with FTIR, while the 

remaining 22% were either organic in nature or solidified oil components 

(Kang et al., 2020). Principal component analysis has been used with Raman 

spectrometry image mapping, where the sample was scanned with the x20 

or x100 objective. The synthetic material was able to be separated from the 

organic material through the use of the generated Raman spectra (Luo et al., 

2022).  

Polarised light microscopy (PLM) is a widely used technique in Forensic 

science as a method of fibre examination, as it is able to provide information 

about the polymer type through the determination of its birefringence value. 

In addition to this PLM can provide other characterising information such as 

surface characteristics such as the fibre’s diameter, cross-sectional shape, 

and presence of delusterant (Farah et al., 2015). PLM is also used to detect 

microplastics, although less commonly used, Sierra et al., (2019) used PLM 

to identify optically active particulates in their sample as an initial 

identification approach, although they did not use PLM to determine the 

fibre's birefringence and provide an initial polymer identification nor did they 

investigate any other features present such as the cross-sectional shape to 

help further identify synthetic materials before any further techniques are 

implemented. PLM has recently been used to classify microplastics from 

Antarctic samples (Cunningham et al., 2022) and the Long Island Sound, 

USA (Miller et al., 2024). In these studies, PLM was used to provide polymer 

type and allow a greater level of classification such as cross-sectional shape 

to group microplastics into those that may be from a similar source this also 

helped to identify and remove contamination from the final microplastic 

count. The analysis used in these studies was informed by the findings of 

this thesis.  

Examiners tend to use strict criteria to identify and classify microplastic 

particles, Norén, (2007) outlined some stipulations the particulates have to 

follow to be considered a microplastic, such as having no cellular or organic 

structures visible within the particulate, fibres need to be equally thick along 

their entire length, the microplastic needs to exhibit a homogenous colour 
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throughout, and if particulates are colourless, they are examined under high 

magnification and with a fluorescence microscope to determine if it may have 

an organic origin. However, these criteria may eliminate potential 

microplastics as it has not taken into account that not all synthetic fibres will 

be equally thick along its entire length due to factors such as its cross-

sectional shape and damage caused during or after manufacture. The colour 

is also not always homogenous throughout the fibre; examples of these 

exceptions can be seen in Figure 3.1. In addition, this enumeration alone is 

not enough to fully comprehend the extent of microplastic pollution (Rivers, 

Gwinnett & Woodall, 2019), as there needs to be a holistic approach taken to 

understand microplastic pollution, including investigating potential sources of 

the pollution and the processes involved in their journey into the 

environment.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.1 A series of synthetic fibres found in environmental samples taken from the Hudson River (top left and 
right) demonstrating an uneven thickness along the fibres length and, images demonstrating a fibre without 

homogenous colouration (bottom left and right). 
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3.1.2 Properties of Synthetic and Textile Fibres 
 

There are several different methods of producing synthetic fibres depending 

on the polymer being used. Melt spun fibres are commonly made of nylon, 

polyesters and polyolefins (Ziabicki, 1976); this is because for melt spinning 

to be successful, the polymer needs to become fusible below the 

degradation temperature, have a high enough molecular weight to prevent 

filament breakdown when under strain but low enough to not have too high a 

viscosity that hinders the ability to process the polymer, and have small 

polydispersity to allow the melt flow to be constant (Misra et al., 1995). The 

molecular chains need to have enough mobility that they are able to orient in 

the direction of the fibre when put under strain and have a high purity and 

uniformity (Hufenus et al., 2020 & Qin et al., 2018). When melt spinning 

polymers the polymer pellets run through a screw extruder to melt and 

pressurise the polymer, a melt pump is used to ensure that there is a 

constant throughput rate. The liquid polymer is extruded through spinneret 

holes that form the cross-sectional shape of the resulting fibre; after leaving 

the spinneret, the fibres are spun into the quenching chamber or a water 

bath to cool and solidify the fibre (Hufenus et al., 2020). If a polymer does not 

meet the criteria for melt spinning such as acrylics, there are alternative 

production processes that can be used. Two further techniques are wet and 

dry spinning in these techniques, the polymer is dissolved in a solvent and 

extruded through a spinneret hole, in wet spinning the fibre then goes into a 

coagulant bath that removes the solvent from the fibre and in dry spinning 

the solvent is left to evaporate leaving the fibre behind (Craig, Knudsen & 

Holland, 1962). Depending on which method is used, the cross-sectional 

shape of the fibre will be altered; variations in the solvent and temperature 

used will also impact the shape, with lower temperatures producing less 

cylindrical cross sections (Bell & Dumbleton, 1971). 

The cross-section of synthetic fibres is chosen depending upon their 

intended purpose, for example trilobal fibres are often used for carpet fibres 

as they have an increased durability (Chadhuri, 2018), or some fibres are 

made hollow to increase the insulation properties of the fibre (Grieve, 
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Biermann & Schaub, 2005). Table 3.1 shows a selection of commonly 

encountered cross-sectional shapes used for synthetic fibres. Cylindrical 

fibres are a very commonly used cross-sectional shape for garments (Jones 

& Coyle, 2011). Under the microscope, they look like a tube that will have a 

relatively consistent width along its length. Bilobal fibres are produced using 

two spinneret holes that creates a fibre with the appearance of two cylindrical 

fibres ‘stuck together’, when being observed with a microscope the central 

cleft should be observable twisting along the length of the fibre at some 

points only one lobe may be observable.  A trilobal fibre is composed of three 

lobes in a pyramid formation. When observed with a microscope, it will look 

like a larger lobe with a smaller lobe meandering from side to side along the 

length of the fibre; it may also twist so the lobe that runs along the top will 

change. The ratio of the three lobes can vary, with some lobes being longer 

and more apparent than others. Delta fibres are extruded through a 

triangular spinneret hole rather than a circular one, giving it a triangular 

cross-sectional shape. Some delta fibres are more exaggerated and may 

appear similar to a trilobal fibre, and some are more rounded, and the shape 

may be more difficult to observe as it appears similar to a cylindrical fibre. In 

both instances, employing microsectioning on the microscope to observe the 

whole fibre will aid in the identification of the cross-sectional shape. Square 

fibres are extruded through a square-shaped spinneret hole; they can appear 

similar to delta fibres, but as the fibre twists, the square cross-sectional 

shape should be identifiable by the number of corners that run along the 

fibre. Flat fibres look like a squashed cylindrical fibre, they can be identified 

by how the fibre twists when the whole length is observed as the thinner side 

of the fibre will become visible.  
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Table 3.1 Commonly found synthetic cross-sectional shape. 

Cross-

sectional 

shape 

Transverse 

view 

Longitudinal 

view 

Example image 

Cylindrical   

 

Bilobal     

 

 

Trilobal    

 

Delta   
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Square  

 

  

 

 

Flat   

 

 

Many textile fibres are comprised of naturally occurring materials such as 

cotton, viscose, and wool (Muthu et al., 2012). Natural fibres can be split into 

three broad categories depending on their origin: vegetable, animal, and 

mineral (Chandramohan & Marimuthu, 2011). Vegetable fibres, also known 

as cellulosic fibres, are fibres that are comprised of cellulose; they are mainly 

sourced from seeds (cotton), bast (flax & hemp), and leaf (abaca) (Carr et 

al., 2008). Animal fibres are mainly comprised of proteins, they are sourced 

from animal hair (wool, cashmere, and mohair), silk fibres from the dried 

saliva of bugs and insects when they are creating cocoons (silk) and avian 

fibres taken from birds (feathers) (Chandramohan & Marimuthu, 2011).  

Mineral fibres are fibres that have been sourced from minerals and altered to 

fulfil a purpose. They are asbestos, the only naturally occurring mineral fibre, 

ceramic fibres (glass fibres) and metal fibres (aluminium fibres) 

(Chandramohan & Marimuthu, 2011). Cotton is the most commonly used 

seed fibre as it is responsible for roughly half of all textile fibres produced 

annually (Nayak et al., 2020). Cotton fibres can be readily identified with a 

microscope by its ‘kidney shaped’ cross sectional shape, the presence of a 

lumen and convulsions along the length of the fibres, PLM is also able to 

observe changes in the transmitted interference colours due to the reversals 
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in the direction of the spirals (fibril) when a first order red tint plate is used 

(Gordon, 2009). Flax fibres also have characteristic features that aid in their 

identification, it has a polygonal cross-section with clockwise twists, thick cell 

walls with a small lumina. There are some features that are common in all 

bast fibres for instance dark dislocations in the formation of an ‘X’ that run 

perpendicular along the length of the fibres (Nayak et al., 2020). Hemp and 

jute also both have a polygonal cross-sectional shape but they both have 

counterclockwise twists, and hemp has closely packed transverse striations 

and the fibre ends rounded, blunt or forked tips while jute has a lumen of 

irregular width and the fibre ends in pointed tips (Carr et al., 2008).  Textile 

silk fibres are comprised of filaments that are joined together in pairs covered 

in sericin, silk fibres have a smooth, uniform surface and a delta cross-

sectional shape, while natural silk has a ribbon cross-sectional shape and 

fine longitudinal lines (Nayak et al., 2020).  

3.1.4 Identifying Anthropogenic Materials - Recommended Features to Observe 
 

This study has a strong reliance on the ability to correctly identify and tell the 

difference between natural and anthropogenic particulates, this section will 

give a brief guide on the factors that indicate an anthropogenic particulate 

and features that indicate natural material. A number of features will be 

discussed below; none should be used in isolation but rather a combination 

of the following features can help to identify if a particulate is natural or 

anthropogenic.   

3.1.4.1 Colour 
 

The colour of the particulate is a good indicator as to whether it is 

anthropogenic or not, particularly when it is exhibiting vibrant colours that are 

unlikely to occur naturally, for instance, blue, purple and red. These colours 

are a result of pigments and dyes. As stated above, the presence of colour 

alone should not be used to determine the classification as there will be 

exemptions such as brightly coloured natural materials like coral particulates, 

feathers and some flower materials, e.g., brightly coloured petals. In addition 
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to this not all textile fibres are dyed and coloured so other features need to 

be considered (Grieve, 1983).  

3.1.4.2 Internal Features 
 

Another feature that is important to observe and consider is the presence of 

any internal features as it can provide information on the structure of the 

particulate and indicate if there are any additives. Plant-based particulates 

will exhibit features such as the presence of a lumen (Berghjord & Holst, 

2010) and specialised cells like chloroplasts (Cox et al., 1987). Different 

natural fibres may exhibit different internal structures and features which 

allows an identification to be made and a determination of whether the 

particulate is anthropogenic in nature, see resources such as Summerscales 

& Gwinnett (2017) for information on what features to look for when 

identifying anthropogenic textile fibres.  

Synthetic fibres can also have internal features known as additives or 

inclusions that are added into the polymer mix during production, the 

presence of these features is a good indicator that the particulate is synthetic 

(Palenik, 2018). These inclusions can be produced accidentally during 

production such as air bubbles and stress marks produced during the 

extrusion process of a polymer fibre (Robertson and Grieve, 1999). Or 

deliberately added during manufacture to serve a purpose. For instance, 

delusterant (titanium dioxide) is added to synthetic fibres to remove some of 

the lustre of the fibre, making it less bright (Brinsko, Sparenga & King, 2016). 

The presence and absence of delusterant is an important feature to observe 

in synthetic fibres (De Wael, 2021).  

3.1.4.3 External Surface Features  
 

The outer surface of the particulates will also have features that can indicate 

whether the particulate is anthropogenic in origin or natural. Natural fauna 

such as diatoms (microscopic algae with a silica shell) are commonly found 

in water samples and some can be confused with microbeads when there is 

not adequate magnification to observe them due to their uniform circular 

appearance (Brownlee et al., 2022, & Carson et al., 2013). But when viewed 
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under a high enough magnification, the external features are observable, 

including pitting and regular mosaic patterns (See figure 3.2, two diatoms at 

x400 magnification where the surface features are observable). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Pollen grains can also be readily mistaken due to their round shape, but 

surface features, including dimpling, spikes and cleavages, are observable 

and allow for its identification (Radja et al., 2019). When examining fibres, 

the surface may appear to be covered in scales of varying shapes and sizes, 

these scales indicate the presence of hair. Hair could be either natural or 

anthropogenic, the former from animals in the environment and the latter 

from textile materials. Sheep, rabbit, alpaca and other animals’ hair are 

regularly used in textiles (Kerkhoff et al., 2009), but a large majority are dyed 

to colour the material. This dye is a useful indicator that it is a textile fibre 

rather than a naturally occurring hair fibre. 

 

 

Figure 3.2 an image of diatoms (In the Stephanodiscus genus) at x400 magnification. 
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3.1.4.4 Cross-Sectional Shape 

Synthetic fibres can be produced with different cross-sectional shapes (the 

shape when the fibre is observed in the transverse position); this feature is a 

useful indicator that the fibre is anthropogenic and also synthetic (Xu, 

Pourdeyhimi & Sobus, 1993), meaning it is a useful feature to look for when 

only looking for synthetic materials. Originally, synthetic fibres were produced 

by extruding a liquid polymer through a spinneret hole. This would create a 

fibre with a cylindrical cross-sectional shape (Taylor, 1990). However, non-

cylindrical cross-sectional shapes are being produced more commonly 

through changes in the spinneret conditions and altering the shape of the 

spinneret holes (Holme, 1999). For instance, acrylic fibres can be either wet 

spun or dry spun but depending on the method used the cross-sectional 

shape will be different (Craig, Knudsen & Holland, 1962 & Holme, 1999). In 

the manufacture of melt-spun fibres such as nylon, polyester, and 

polypropylene the cross-sectional shape is changed by altering the shape of 

the spinneret holes to create shapes including bilobal, trilobal and delta 

(Hufenus et al., 2020), fibres with these cross-sectional shapes are easily 

differentiated from natural fibres as they do not occur naturally, see table 3.1 

for examples of cross-sectional shapes.   

Natural anthropogenic fibres can also have distinctive cross-sectional shapes 

that can aid in identification. For example, cotton fibres have longitudinal 

twists giving it a ribbon shape, while ribbon shape synthetic fibres do exist, 

other features including a non-uniform thickness along the length and a 

collapsed lumen identify the fibre as being cotton (Tedesco & Browne, 2021).  

3.1.4.5 Optical Properties 

All synthetic fibres, with the exception of glass fibres and Vinyon HH (Johri, 

1979), are anisotropic, meaning that they possess two refractive indices. The 

two refractive indices are at 90° to each other; the difference between these 

two indices is the fibres birefringence value, which gives an indicative 

identification of the polymer type. The calculation of the birefringence (see 

Section 2.2.1.1) is helpful in the identification of anthropogenic natural fibres 

and synthetic fibres. Some natural materials, such as quartz, also have a 

birefringence value and exhibit interference colours, so this feature should be 
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used in combination with the previously discussed features to make an 

identification.  

3.1.5 Aims and Objectives of the Study 

The aim of the study is to investigate whether the addition of PLM to the 

search process is beneficial for the detection of anthropogenic materials in 

addition to stereomicroscopy.  

The objectives of this study are as follows:  

1) To build on the evaluation of the use of Easylift® from Chapter 2 

during a field trial  

2) To determine if there is a benefit to adding PLM to the process of 

searching for microplastics with stereomicroscopy, or as a standalone 

technique.  

3) To investigate whether certain characteristics, e.g. colour, microplastic 

type or size, influence whether they are found with stereomicroscopy 

or PLM. 

3.2 Method 

3.2.1 Sample Collection 

Between 25/06/2019 and 12/07/19, the Rozalia project ran an expedition to 

investigate microplastic pollution in the Hudson River Entitled “The Hudson 

River Mountains to the Sea, Seafloor to the Sky Microplastic Sampling and 

Technology Expedition”. This expedition was funded by the National 

Geographic Society, Kilroy Realty Corporation and Schmidt Marine 

Technology Partners. The expedition conducted a range of different studies 

and collected a total of 447 samples: 227 water, 163 air and 57 soil samples. 

Samples were taken from the headwaters of the Hudson River, Lake Tear of 

the Clouds (44.17°N, −73.96°W) to Ambrose Light (40.74°N, −73.96°W), 

where the Hudson River meets the Atlantic Ocean. In the main Hudson River 

study, the whole of the river (315 miles) was sampled every three miles; 

samples were taken aboard the American Promise, white water rafting, by 

dingy and taken from the shore see Figure 3.3 to see the location of each 

sample site. The Hudson River was investigated in this study as it was 

building on research by the Rozalia project 3 years prior (Miller et al., 2017), 
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where the same sample sites were used, but only surface water samples 

were taken allowing for some temporal comparisons to be made. The project 

aimed at creating a 4D heatmap of the Hudson River by sampling the full 

water and air column. The river also encompasses a variety of different 

environments and population types producing more representative samples 

that can be used to train an automated method of detecting microplastics, 

see Chapter 4 for more information.  

 

Figure 3.3 A map to show sample locations along the Hudson River colour-coded by collection 
platform: American Promise (red), dinghy (black), shoreline (blue), and white-water raft (purple), 
produced by Brooke Winslow. 

During the expedition, a separate study into the microplastic pollution 

surrounding wastewater treatment plants (WWTP) was completed, in this 

study, three WWTP’s were investigated: Hudson River WWTP, Yonkers 

WWTP and East River WWTP; the location of each can be seen in Figure 
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3.4. Each WWTP was sampled in 27 locations: every half mile from 2 miles 

north to 2 miles south.  

 

Figure 3.4 A Map to show the locations of the three wastewater treatment plants investigated: Hudson 
(blue), Yonkers (Red) and East River (Green).  

3.2.1.1 Water Samples 

In the Hudson study 227, 1 litre water samples were taken: 107 surface 

water samples, 58 samples from the middle of the water column and 62 

samples from 1 meter off the riverbed.  

In the WWTP study 27, 1 litre water samples were taken during this study at 

three wastewater treatment plants: Hudson River WWTP, East River WWTP 

and Yonkers WWTP, with 81 samples total. For each WWTP Surface, middle 

and bottom water samples were taken every half mile from 2 miles north of 

the WWTP to 2 miles South of the WWTP.  

The surface samples were obtained using a galvanized steel bucket (size = 

4.73 L) attached to a polypropylene rope that was thrown off the side of the 

boat to collect a sample of the surface water. This water was then used to 

triple rinse a clean 1 litre glass jar to avoid potential contamination. The jar 

was then filled, and the lid secured, until the sample was filtered. 
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Samples taken from the middle and bottom of the water column were 

collected using a 5 L General Oceanics Niskin bottle with a 4.39 mm 

aperture opening. A 4.54 kg weight was attached to the bottom of the Niskin 

bottle to ensure that the Niskin bottle remained vertical. The Niskin bottle 

was supported by a polypropylene safety line and lowered into the water by 

the side of the boat. Once the correct depth had been reached, either the 

mid-point in the water column or 1 meter from the bottom, the messenger 

was released to trigger the closure of the Niskin bottle. The Niskin bottle was 

then raised back onto the boat ensuring that it remained upright. Once 

aboard a 1 litre glass jar was triple rinsed with the water collected by the 

Niskin bottle and then filled to the top and sealed until filtration.  

Filtration of the samples was undertaken in the galley on the boat. During 

filtration, contamination was prevented using the protocols outlined in Miller 

& Gwinnett (2021) including turning off all fans and reducing the number of 

crew allowed in the sample processing area. The water samples were filtered 

under vacuum using a portable vacuum pump, with a ceramic Buchner filter 

and Whatman number 3 cellulose filter paper (Whatman catalogue number 

1003 070, pore size of 6 µm). Once all the samples had gone through 

filtration the glass jar was rinsed with triple distilled water which was also 

filtered. Once filtration was complete, the filter, whilst still damp, was tape 

lifted with an Easylift® tape. See section 2.2 for more information on Easylift® 

and Figure 2.11 for a diagram of how the Easylift® was used to retrieve 

microplastics from the surface of the filter paper. One piece of Easylift® was 

used per filter paper. The Buchner funnel was also tape lifted near the 

seams, where microplastics could have been trapped and not collected by 

the filter paper. Once tape lifted the Easylift® tape was adhered to a glass 

microscope slide and labelled with an indelible pen on one of Easylift® tapes’ 

two blue tabs. The filter paper would then be observed at x30 on a 

stereomicroscope to see if any potential microplastics had not been 

retrieved, if a potential microplastic was located it was retrieved with 

jewellers’ tweezers and a small corner of the Easylift® tape would be pulled 

up so that it could be sealed within the tape lift.  
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3.2.1.2 Air Samples 

During the expedition 163 air samples;108 low and 54 high air samples were 

taken during this study. The air samples were taken using a Leland legacy 

air filter pump set at 8 litres/hour left for thirty minutes to filter the particulates 

onto a 70 mm 0.7 µm pore size Whatman glass filter GF/A (Catalogue 

number 1820 070). The low water samples were taken from 15 m above the 

water’s surface, and the high air samples were taken from 9 m above the 

water’s surface. Once sampling was complete the filter was placed in a metal 

container to transport it to the sample processing area. The filter was 

extracted from the metal container with metal jewellers’ tweezers and placed 

on a ceramic plate with a drop of triple distilled water on it to moisten the filter 

paper whilst ensuring any potential contamination from the water would not 

be present on the surface of the filter paper. Whilst the filter was still damp, it 

was tape lifted with an Easylift® tape. See Figure 2.11 for a diagram of how 

the Easylift® was used to retrieve microplastics from the surface of the filter 

paper. One piece of Easylift® was used per filter paper. Once tape lifted 

Easylift® was adhered to a glass microscope slide and labelled with an 

indelible pen on one of Easylift® tapes’ two blue tabs. The filter paper would 

then be observed at x30 on a stereomicroscope to see if any potential 

microplastics had not been retrieved, if a potential microplastic was located it 

was retrieved with jewellers’ tweezers and a small corner of the Easylift® 

tape would be pulled up so that it could be sealed within the tape lift. 

3.2.2 Analysis  

For all samples taken from the Hudson River in conjunction with the Rozalia 

project 2019 expedition, a two-stage examination procedure was 

implemented. The first stage of examination involved observing each sample 

mounted with Easylift® on a glass microscope slide with a Nikon 

Stereomicroscope at x30 magnification; the entire surface of the slide is 

searched systematically 1 cm x1 cm square at a time. Any materials of 

anthropogenic origin, including textile fibres, fragments and microbeads, 

were marked with an indelible pen on the surface of the Easylift® tape so that 

it could be relocated and further analysed. The stereomicroscope was also 

chosen for the first stage of analysis as it is often used in microplastic 
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research to find and classify microplastics (Barrows et al., 2017., Dris et al., 

2016. & Prata et al., 2020a).  

After stereomicroscopy, the samples underwent another level of searching 

using a Microtec Polarised light microscope (PLM) firstly the locations 

marked during stereomicroscopy were observed to determine if they were 

potentially of anthropogenic origin (see section 3.1.4. for information on how 

the particulates were identified). If the particulate was determined to be 

anthropogenic then its features would be characterised and recorded in a 

spreadsheet, the particulate would then be circled and numbered on the 

slide. If it was determined to not be anthropogenic then no further analysis 

took place. The entire slide was then searched at x40 under crossed polars; 

this allows any interference colours to be observed, making plastic materials 

more visible; see Section 2.2.1.1 and Section 3.1.4.4 for more information 

about polarised light microscopy. The slide was then searched again under 

plane polarised light at x100 to search for smaller microplastics that may be 

missed. Any materials of interest found during these stages would undergo 

characterisation with the PLM, including noting its; colour, type (e.g., fibre or 

fragment), cross-sectional shape, presence of inclusions such as 

delusterant, width, length where applicable, sign of elongation and 

birefringence to give an indication of polymer type. Each item of interest had 

been observed it was then imaged with the Nikon DS-L3 camera attachment, 

to create a training data set to produce an automated method of detecting 

microplastics (See Section 1.7, 4.1.6 and 4.1.7 for more information). Each 

item of interest was imaged at x40, x100, x200 and x400 under plane 

polarised light multiple images of each item were taken at different 

orientations and if the item displayed birefringence it was imaged under 

crossed polars at x400 magnification. Images of the background of the slide 

were also taken at varying magnifications, and images of items such as 

diatoms and natural materials were taken to ensure that there was a wide 

variety of materials represented in the training data used in Chapter 4.  
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Figure 3.5 A flow diagram to demonstrate how the slides were searched after extraction with Easylift®. 

Accepted as 

particulate 

of interest. 

Rejected as 

particulate of 

interest. 

Raman analysis 

Rejected as 

particulate of 

interest. 

Accepted as 

particulate 

of interest. 

Remains 

potential 

particulate of 

interest. 

Slide searched with stereomicroscopy x40 magnification. 

Detection of potential particulates of interest. 
Rejected as 

particulate of 

interest. 

Accepted as a potential particulate of interest and location marked on slide. 

Polarised light microscopy. 

Particulates of interest 

examined and 

characterised by 

polarised light 

microscopy. 

Slide searched at x 40 

with crossed polars. 
Slide searched at x100 in plane 

polarised light. 

Detection of new potential particulates of 

interest. 

Particulates of interest 

examined and 

characterised by 

polarised light 

microscopy. 

Rejected as 

particulate of 

interest. 

Accepted as 

particulate 

of interest. 

Remains 

potential 

particulate of 

interest. 



107 
 

For those samples where it was not possible to obtain a polymer 

identification using the PLM, and for a sub-selection of samples (54 sample 

slides), all items identified as being synthetic underwent Raman analysis 

using a Renishaw inViva Raman Microscope with a Leica microscope to 

confirm polymer type. Using a ×20 objective lens for simultaneous 

illumination and data collection. An excitation wavelength of 514 nm was 

used, laser intensity ranged from 1-50 mW, and the integration time used 

ranged from 5-10 seconds. The resulting spectra were then compared to a 

collection of known Polymer spectra generated using the Microtrace Forensic 

Fibre Reference collection to identify the polymer type. See Figure 3.5 for a 

flow diagram to demonstrate the search process used in this study. 

Once all analysis was complete, each microplastic was compared to the 

controls taken. Easylift® was used to create ambient controls to assess 

potential contamination to the samples by affixing them sticky side up to 

surfaces in the laboratory station. Reference control samples were taken 

during the expedition, including the crew's clothing and any ropes present on 

the boat, to identify and eliminate potential contamination. These samples 

were taken by either collecting a sample of fibres from the garments and 

cutting a piece of the rope off and packaging them into a paper wrap to be 

mounted in DEPEX after the expedition has finished. Another approach used 

was that the garment was tape lifted with Easylift® and adhered to a glass 

microscope slide for analysis. These samples included the ‘white main lines’ 

of the boat, ‘blue rope’ from the air sampler, ‘yellow and black safety line’ for 

the Niskin bottle and air support’, the ‘Niskin puller line’, ‘gally line controls’, 

‘orange and silver bucket line’, ‘Bounty paper towel’, ‘yellow cotton t-shirt’, 

‘denim 71% cotton 29% polyester shorts’, ‘nylon bird print shorts’, ‘blue and 

black ‘Everlast’ shoes’, ‘grey and khaki pants 91% nylon 3% elastin’, ‘blue 

face buff polyester’, ‘black sandals’, ‘grey and black gloves polyester’, ‘blue 

cotton expedition t-shirt’, ‘pink shoes’, ‘black shoes’, ‘yellow bandana cotton’, 

‘red and blue bandana’, ‘grey shorts’, ‘blue polyester 1’, ‘blue polyester 2’, 

‘grey shorts polyester and spandex’, ‘denim shorts’, ‘green silk shorts’, ‘ 

Patagonia trousers polyester’, ‘blue sun shirt’, ‘beige shorts’, ‘blue shorts 

polyester cotton and elastane’, ‘grey shorts polyester’, ‘87% polyester top’, 
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‘black fleece’, ‘blue Patagonia fleece’, ‘blue skort’, ‘pink skort’, ‘blue polyester 

shorts’, ‘billabong inner fabric’, ‘billabong seam and fabric’, ‘dark blue 

expedition t-shirt polycotton blend’, ‘white American magic shirt’, ‘red jacket 

100% Nylon’, ‘ black Patagonia buff vest 100% polyester’, ‘pink leggings 90% 

nylon 10% spandex’, ‘navy jacket polyester’, ‘blue leggings 82% polyamide 

18% elastin’, ‘bright blue Rozalia shirt polycotton blend’, ‘navy blue Rozalia 

fleece 100% polyester’, ‘grey shorts pink trim 100% polyester’, ‘grey Rozalia 

shirt polycotton blend’, ‘floral shorts cotton’, ‘blue & green trek pants 63% 

polyamide 26% polyester 11% elastin’ and ‘red shorts 100% cotton’. 

The research design was completed by Rachael Miller at the Rozalia project 

with method development fed in from Claire Gwinnett at the University of 

Staffordshire informed from the findings of Chapter 2. During sampling, all 

crew were responsible for aiding the collection of samples from the river. The 

3 members of the crew from the University of Staffordshire also filtered the 

water samples and tape lifted both water and air samples in the galley of the 

boat and searched the slides using stereomicroscopy. Analysis of all sample 

slides by polarised light microscopy and Raman spectroscopy was 

completed at the University of Staffordshire by Amy Osborne. 

3.3 Results and Discussion  

3.3.1 Field Trial of Easylift® 
 

This was the first time Easylift® had been used in the field as a method of 

retrieving and storing microplastic samples from the filter papers, and so is a 

valuable indicator as to how successful its use would be in large scale 

microplastic field studies. In this study the water samples were filtered in the 

boats’ galley and then immediately tape lifted with Easylift® to retrieve and 

preserve the sample. 

This section will discuss and evaluate the performance of Easylift® during the 

2019 Rozalia project field trial.  
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3.3.1.1 Retrieval  
 

From the findings of Gwinnett, Osborne & Jackson (2021) (See Chapter 2) 

Easylift® was found to have a retrieval rate of 98.54% when retrieving 

microfibres from a cellulose filter paper when a Buchner funnel was used, so 

it could be expected that the recovery rate should be at a similar level in the 

field trial. Once a filter paper had been tape lifted with Easylift®, the filter 

paper would then be searched at x30 magnification with the 

stereomicroscope to look for any potential anthropogenic materials that may 

not have been collected by the tape lift. If any such material was found 

remaining on the filter paper, they were collected with jeweller tweezers and 

the corner of the Easylift® tape was lifted, and the material was deposited 

underneath it, and the tape lift was stuck back down onto the microscope 

slide. Over all the samples taken on the course of the expedition, there were 

only a handful of occasions (an estimate of under 20 occasions) where 

something was found left on the filter paper. However, a precise number of 

instances is not able to be provided as it was not recorded at the time of the 

expedition. This would suggest that Easylift® was successful in its role of 

retrieving the majority of potential anthropogenic materials. It is possible that 

there were anthropogenic materials left on the filter paper that were not 

found during the search with the stereomicroscope. This is due to several 

factors as the filter only had a quick search with the stereomicroscope at a 

x30 magnification smaller particulates are less likely to be observed 

especially as the filter paper does not provide the best background for 

successfully observing potential microplastics as it is not transparent (Sun et 

al., 2019). The presence of debris on the filter paper is also likely to be a 

factor in whether any remaining particulates are observed, as it can mask 

and obscure them from sight. The filter paper was also not exhaustively 

searched due to time constraints while aboard the research vessel. Easylift® 

was successful in retrieving the particulates from the filter papers, but the 

level of particulates that may have remained on the filter paper is likely to be 

underestimated. While the laboratory study results in Chapter 2 demonstrate 

that Easylift® can achieve a retrieval rate of 98.54%, this study was done 

using clean water samples, meaning that there would be no debris on the 
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filter paper that could prevent any microplastics being collected, it would also 

mean that all the microplastics on the slide could be viewed unobscured 

allowing them to be quantified more easily. The laboratory study also used 

only fluorescent yellow fibres that were easily visible both under UV light and 

reflected light from the stereomicroscope, whereas the environmental 

samples contained various colours, sizes and shapes of microplastics, some 

of which may not be as visible and easy to identify as yellow fibres. Due to 

these factors the retrieval rate could be lower than the 98.54% reported in 

the laboratory trial. In the dataset, there was an underrepresentation of some 

microplastic types, namely microbeads and films; this could be because they 

were not present in the sample to be retrieved by Easylift®. It cannot be ruled 

out, however, that Easylift® may not have been successful in their retrieval, 

as microbeads and films have not been investigated in a laboratory trial in 

the same way that microfibres have been and their morphology and potential 

difference in size may impact their retrieval rate. After the filtering was 

complete, the filter funnel would also be tape lifted to collect any 

microplastics that may have become trapped between the filter paper and 

the funnel. When filtering the non-porous surface of the funnel, Easylift® 

would occasionally tear. The tape was still useable, but care would need to 

be taken when adhering the two halves onto the microscope slide. In order to 

prevent tearing this tape lifting should be done with care should be taken 

when using the tape lift on the hard curved surface of a filter funnel.   

3.3.1.2 Debris 
 

In Gwinnett, Osborne & Jackson (2021) clean water was used, meaning that 

this is the first time the effect of debris and biological materials found in 

natural aquatic environments on Easylift®’s ability to collect microplastics.  In 

particularly debris-heavy samples, such as those taken from the bottom of 

the water column, the tape lift could become saturated with the debris; if too 

much was adhered to the tape lift, it can lose its tacticity, impairing Easylift®’s 

ability to seal onto the slide. If this happened it could cause the tape to peel 

of the microscope slide this leaves room for contamination of the sample to 

occur or loss of microplastics from the tape lift. To combat this effect, if there 
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was an excess of debris on the filter paper, then multiple strips of Easylift® 

were used to prevent this loss of tacticity.  

3.3.1.3 Moisture  
 

While discussed in Section 2.3.2.4.1, the effect of water content was not 

found to have a significant impact on the retrieval of microfibres, the moisture 

level of the filter paper was observed to affect the retrieval rate of 

background fibres with Easylift® in Gwinnett, Osborne & Jackson (2021) as 

seen in Figure 2.12. This effect was continued to be observed during the field 

trial. If the filter paper was not left under vacuum for an extra few seconds 

after the last traces of visible water passes through it would be too damp 

when tape lifting and potentially leave behind more microplastics. If the filter 

is too damp, the tape will also lose its tacticity, impairing Easylift®’s ability to 

seal onto the slide. As the air samples did not involve water, they were dry 

when it came to tape lift them. But as it was found that dry filter papers 

release more filter fibres than slightly damp ones. During the field trial, the 

filter paper would be slightly moistened by pipetting 1 ml of triple distilled 

water underneath the filter paper. By adding the water under the filter paper 

rather than on top, it prevented any potential contamination that may have 

been present in the triple distilled water.  

3.3.1.4 Controls 

During the field trial Easylift® was used to create ambient controls to assess 

potential contamination to the samples by affixing them sticky side up to 

surfaces in the laboratory station. Using Easylift® rather than a damp filter 

allowed for the presence of airborne cotton to be observed, which may have 

been obscured by a cellulose filter paper. Using Easylift® also meant that all 

contamination that adheres to the tape is permanently trapped on its surface. 

In contrast, the damp filter papers may not retain all contamination that lands 

on them, and all contamination may not be successfully retrieved from the 

surface of the filter. 
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3.3.1.5 Integrity and Storage 

 

An advantage of using Easylift® in the field is that it allows for easy storage 

and preservation of samples. As the filters are tape lifted immediately after 

filtration, the potential for loss of microplastics and contamination of airborne 

microplastics is reduced. The microscope slides can then be securely stored 

in microscope slide boxes indefinitely, awaiting analysis, allowing for greater 

sample generation as time does not need to be spent on the analysis of 

samples during the field experiment. The samples taken in 2019 are still 

intact and maintain their integrity six years after their extraction. It is 

expected that they will retain their integrity for many years if stored in a 

microscope slide box out of direct sunlight.  This could also allow for 

confirmation of results produced, as the samples can easily be sent to other 

laboratories for ratification of results or further analysis with further 

techniques that may not be available to the original laboratory. This could 

facilitate a laboratory network to enable microplastic studies to be conducted 

regardless of the infrastructure and equipment available at the sampling 

location. As infrastructure is often a limiting factor to microplastic research, 

the ability to collaborate between different laboratories is very important 

(Bakir et al., 2024).   

3.3.1.6 Analysis 
 

The samples were analysed whilst still mounted to the slide with Easylift®. A 

first search was done with a stereomicroscope, followed by a second search 

using a Polarised light microscope. As Easylift® is effectively non-

birefringent, it allows for the analysis of the samples under crossed polars 

within the same focal plane without the need to remove the sample from the 

tape lift. This allowed for the successful identification of birefringence for the 

majority of microfibres; the birefringence value was used to identify the 

polymer type. Introducing PLM into the searching and analysis process, 

allows for a quick and cost-effective polymer identification of fibres. This 

technique is not, however, useful for the polymer identification of fragments 

and films as the thickness is not possible to measure in the same way it can 
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be measured with fibres. Fragments, films and fibres that were unable to be 

identified with the PLM underwent further analysis with a confocal Raman 

microscope. The confocal Raman microscope is able to provide a polymer 

type in situ without the need to dissect the material out of the tape lift. The 

use of PLM allows for rich information about the microplastics to be 

observed, including colour, cross-sectional shape, delusterant and 

inclusions, sign of elongation and polymer type. All these features allow for 

more accurate elimination of crew clothing contamination rather than 

excluding all blue polyester, it can be narrowed down further to a blue 

polyester with delusterant and a similar width, meaning that there will be a 

more accurate estimation of the level of microplastic pollution, and 

information about potential sources of microplastic contamination can be 

achieved.  

 

3.3.1.7 Recommendations  

Easylift® was successfully used as a method of retrieving anthropogenic 

particulates from filter papers during this field trial. The samples were then 

successfully stored without degradation to the samples so they could be 

analysed after the field element of the expedition was finished. The ability to 

store the samples long-term also allows for the facilitation of multiple 

laboratories to analyse the samples and validate findings, which is not 

currently undertaken due to the risk of loss and contamination. There were, 

however, some challenges in its use for instance if the filter paper was tape 

lifted whilst it was still damp the tape may struggle to lift all the particulates 

from the surface of the filter paper. As such, there are some 

recommendations for the optimisation of the use of Easylift® in the field;  

1. It is recommended that the sample is filtered under vacuum to remove 

excess water from the surface of the filter paper, whilst still leaving the 

filter sufficiently damp that it does not extract too many filter paper 

fibres.  In instances where it is not possible to use vacuum filtration 

the filter paper should be left for a longer period of time to try and 

mitigate the effect of excess water on Easylift®’s tacticity.  
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2. For optimum extraction, the filter paper should be tape lifted while still 

slightly damp, 3-5 seconds after the last traces of water have passed 

through the filter paper when using a vacuum filter. 

3. If an air sample is being collected dampen the filter paper with 1 ml of 

triple distilled water from behind.  

4. Carefully tape lift the inside of the Buchner filter to collect any 

particulates that were trapped between the filter and the funnel. 

5. If the filter paper contains a lot of background debris, then multiple 

tape lifts should be used.  

6. When filtering, a cover should be placed over the Buchner funnel to 

prevent atmospheric contamination.  

7. After tape lifting check the filter paper with a stereomicroscope to look 

for any particulates of interest that may not have been retrieved.  

8. Store the tape lifts in a microscope slide box out of direct sunlight and 

high temperatures.  

9. An upturned Easylift can be affixed to a surface to collect atmospheric 

controls during filtration.  

3.3.2 The use of PLM as a Method of Detection 
Table 3.2 A table to show the comparisons between stereomicroscopy and polarised light microscopy. 

 Stereomicroscopy Polarised light 
microscopy 

Maximum 
magnification 

x160 x1000 

Average magnification x20-100 x400 

Light setting options -Reflected light 
-Transmitted light 
-Bulb brightness 

-Transmitted light 
-Plane polarised light 

-Polarised light 
-Condenser settings 

-Bulb brightness 
-Iris settings 

-Köhler illumination 

Approximate cost of 
equipment (£) 

500-2500 1000-8000 

Required accessories   - Quartz wedge 
- 530nm first 

order red tint 
plate 

- Stage 
micrometre  

- Eye piece scale 
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Optional accessories  -Camera 
- Software to measure 

items 

-Rotating stage 
-XY stage 

-Tilting compensator 
-Camera 

Average time per slide 
(experienced 

examiner) 

10 minutes 30-60 minutes 

Observable features -Colour 
-Microplastic type 

-Approximate width 
and length 

-Colour 
-Microplastic type 
-Width and length 

-Cross-sectional shape 
-Presence of 

delusterant and other 
inclusions 

-Sign of elongation 
-Birefringence  
-Polymer type 

-Indication if it is 
natural or synthetic.  

 

The use of PLM has several benefits over using standard stereomicroscopy, 

firstly, as shown in Table 3.2, being that the PLM offers a greater level of 

magnification and control over the lighting conditions that are illuminating the 

sample (McCrone, 1994) for instance, the PLM allows the sample to be 

observed under Köhler illumination and has a greater level of control over the 

amount of light the sample is being exposed to. These features allow the 

enhanced ability to observe the anthropogenic particulates by increasing or 

decreasing the contrast, these features also allow for greater detail about the 

particulate of interest to be observed, such as cross-sectional shape, 

presence of delusterant or the presence of surface scales which all help to 

gain an accurate identification of the particulate of interest and whether it is 

from an anthropogenic source or not. Another benefit of the PLM is the ability 

to observe the particulates in both plane polarised light and under crossed 

polars. The ability to observe the particulates under crossed polars allows 

the interference colours of any birefringent particulates to become visible 

(Stoeffler, 1996). An example of a fibre under plane polarised light and under 

crossed polars can be seen in Figure 3.6. The ability to see the fibres against 

a black background with the interference colours visible allows for increased 

contrast, which helps to detect anthropogenic materials that exhibit 

birefringence, especially colourless particulates that may be easily missed 
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without appropriate contrast being provided. As nearly all particles will exhibit 

birefringence the use of PLM is a valuable addition as a technique to detect 

anthropogenic particulates. 

 

 

 

 

 

 

 

 

 

In addition to being able to observe the optical properties of a particulate, it is 

possible to calculate its birefringence value, which can be used to provide a 

preliminary polymer identification (Reffner, Kammrath & Kaplan., 2020). 

Based upon these advantages, it can be expected that the use of 

stereomicroscopy followed by the use of PLM is likely to result in the 

detection of further anthropogenic particulates that were not detected by the 

initial search with the stereomicroscope. Further to this, the expectation is 

that there will be a difference in the ability to detect colourless particulates 

between the two methods. In this study over the 244 sample slides analysed, 

stereomicroscopy identified 1331 particulates in the first stage search, and 

PLM found an additional 549 in the second stage search. Of the subsection 

of samples where all suspected synthetic materials underwent analysis with 

Raman microscopy, only one particulate was found to have an incorrect 

polymer identification as PLM identified it as polyester and Raman indicated 

it was Nylon. This is likely as the microfibre was dark blue and thin, making 

determining its optical path difference more complicated, making it likely that 

it was an order out. No particulates identified as synthetic by PLM were 

found to not be synthetic after Raman analysis was conducted. A large 

Figure 3.6 a colourless microfibre mounted with Easylift® under plane polarised light (left) and the same fibre 
under crossed polars x400. 
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number of particulates, however, were not able to gain an identification by 

Raman analysis, either due to their colour or the presence of a biofilm, 

meaning the rate of misidentification by PLM could be higher.  

Figure 3.7 shows the amount of each colour detected using the 

stereomicroscope and the polarised light microscope, respectively, and 

Figure 3.8 shows the percentage proportion of each colour detected using 

the stereomicroscope and the polarised light microscope, respectively. 

Colourless microplastics make up a significant portion of those detected 

using PLM (67%) compared to stereomicroscopy (21%). The number of 

colourless microplastics found with the stereomicroscope found in this study 

is consistent with those found in literature; Wang et al. (2017) found a 

concentration of 24.7% of colourless microplastics found in the Hanjiang 

River and Yangtze River. This is likely because brighter colours are more 

easily detected compared to colourless particulates (Hartman et al., 2019). 

These results would indicate that a large proportion of colourless 

microplastics are not being detected when stereomicroscopy is being used 

as the primary method of detection; this is particularly apparent in Figure 3.6 

where the number of colourless particulates found with the PLM is higher 

than those found with the stereomicroscope. 
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Figure 3.7 A Bar chart to show the number of each colour found with stereomicroscopy and PLM. 

 

Figure 3.8 A bar chart to show the percentage proportion of colours found with the stereomicroscope 
and PLM. 

 

This could be due to several factors, including lighting, magnification, the 

inability to observe interference colours on the stereomicroscope, and the 
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contrast to the background. As the stereomicroscope only has limited lighting 

settings, as seen in Table 3.2, it may not be possible to adjust the settings so 

that appropriate contrast is produced to adequately detect colourless 

microplastics from the colourless background. This is one aspect that the use 

of a PLM is beneficial as it is possible to adjust the amount of light 

illuminating the sample to a greater degree than the stereomicroscope. In 

addition to this, the PLM’s ability to observe the sample under crossed polars 

making the interference colours of any microplastics present observable 

(McCrone, 1994) would further allow for the detection of microplastics that 

may not be easily observed with the stereomicroscope, see Figure 2.2 to see 

an example of a colourless fibre under plane polarised light and under 

crossed polars. These results do not account for the size or the type of 

microplastic being observed so it is possible that there are more confounding 

factors as to why some microplastics were not detected using the 

stereomicroscope. It is also possible that it was not the use of the PLM that 

was solely responsible for the detection of these missed microplastics but 

rather the action of a second search that located these microplastics and that 

many of them may have been detected in a secondary search of the slide 

with the stereomicroscope. However, it is likely that the colour of the 

microplastic is indeed playing a role in whether it was detected with the 

stereomicroscope and that the use of PLM may be an appropriate method to 

locate microplastics due to its increased ability to observe colourless 

microplastics. These samples also encompass both water and air samples 

so there could be a difference in the colours detected in the water samples 

opposed to the air samples due to a difference in background materials 

between these two sample types.  

Figure 3.9 shows two pie charts that display the number of each microplastic 

type found with either stereomicroscopy. From these graphs, it is apparent 

that the distribution between the two categories appears very even, with 

fibres accounting for 86% and 90% and fragments accounting for 14% and 

10% in the stereomicroscope and PLM categories, respectively. This 

indicates that the microplastic shape has no effect on the likelihood of it 

being found with either the stereomicroscope or the PLM, but rather it is the 
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combination of other feature such as colour or size that may determine how 

likely it is to be detected. However, there is an overrepresentation of 

microfibres and fragments in the data, with only one microbead and film 

found in each category, so it is possible that there could be an observable 

difference in the types of microplastics being detected in one method over 

the other if they were more represented in the data set.  
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Figure 3.9 Pie charts to show the number of each microplastic type found with either the 
Stereomicroscope or the PLM. 
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Figure 3.10 demonstrates a boxplot displaying the ranges of widths µm found 

with either the stereomicroscope or the PLM. From this graph, it is evident 

that there is no substantial difference between the two categories; there are, 

however, more large outliers in the stereomicroscope category. Width is also 

not the longest measurement for the microplastics and so not the best 

indicator of whether the size of the microplastic is a factor in whether it is 

located with the stereomicroscope in the first search or PLM in the second. 

The length of the microplastic would be the best measurement to take to 

investigate this; however, in this study, it was not possible to take a length 

measurement for each microplastic in the same way that the width was 

taken. This is because when measuring the fibres, they could turn back on 

themselves and knot, making it impossible to gain an accurate 

measurement. This means that the length measurements recorded in this 

study would have a skew towards the smaller length microplastics, and so 

would not provide an accurate insight into the role length has on the ability to 

detect a microplastic. However, it is to be expected that smaller microplastics 

are going to be more easily located when a higher magnification is used.  
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Figure 3.10 A boxplot to show the distribution of widths µm found with either the Stereomicroscope or 

the PLM 

 A logistic regression was undertaken to determine if characteristics of the 

anthropogenic materials can be used to determine the likelihood of being 

located with a stereomicroscope, the results can be seen in Table 3.3. From 

the results, colour seems to be the biggest predictor of whether or not it 

would be detected by stereomicroscopy.  With colourless being the biggest 

predictor as it has a value of β estimate of -4.03724, meaning the 

stereomicroscope is less likely to detect it, it also has a p-value (8.88x10-8) 

under 0.05 meaning that these results are significant and being colourless is 

a good predictor of whether stereomicroscopy will locate the particulate. 

Some of the other colours looked at includes purple, green and grey. The p-

values for each of these categories are all >0.05 meaning that there is not a 

significant relationship between these colours and their use as predictors as 

to if they will be detected by stereomicroscopy or not, although this could be 

because they have a relatively small sample population which could explain 

the non-significant results. Blue, orange, pink and red have a p-value <0.05 

meaning they are significant predictors of whether they will be detected by 

stereomicroscopy. Microplastic type is not a good predictor of whether it will 
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be detected by stereomicroscopy as all p-values are >0.05, meaning that 

there is not a significant relationship between microplastic type and which 

method detects them, which is backed up by the findings in Table 3.3. The 

cross-sectional shape does not appear to be a good predictor of 

stereomicroscopes ability to detect a particulate as all the β estimates are 

small, and the p-values do not indicate a significant relationship between 

cross-sectional shape and whether it was detected using stereomicroscopy 

or PLM. The presence of delusterant is also not a useful predictor, although 

there is a small difference between low to no delusterant and a medium level 

of delusterant that indicates the more delusterant present, the more likely it is 

to be found with the stereomicroscope, which would be expected as 

delusterant would make a microfibre more visible, however, this is not a 

statistically significant predictor of whether the level of delusterant will affect 

whether it is found with stereomicroscopy or not. The identification of the 

particulate also does not seem to be a useful predictor, polyvinyl chloride has 

a β estimate of -16.95 which means that stereomicroscopy would be unlikely 

to locate it, however, there is only one PVC particulate in this dataset and so 

this is not a reliable indicator. Hair is the only identification with a p-value 

<0.05 indicating a significant relationship it also has a positive β estimate, 

meaning that the identification being hair is a significant indicator that it is 

likely to be detected with stereomicroscopy, this could be because hairs on 

average have a large width and features like a medulla that make them 

easier to detect (Deedrick & Koch, 2004). The logistic regression carried out 

has a calculated McFadden’s pseudo R2 value of 0.1950978. A McFadden 

pseudo R2 value between 0.2-0.4 represents an excellent fit for the 

produced model (Zhou, Kuttal & Ahmed, 2018); as the calculated pseudo R2 

value is close to 0.2, it can be interpreted as a good fitting model. A p-value 

for the R2 of 0 was also calculated, which indicates that the calculated R2 

value is not due to chance. Figure 3.11 shows the results of a logistic 

regression to calculate the predicted probability of each particulate being 

detected with stereomicroscopy based on their characteristics including what 

sample type it was, sample location, microplastic shape, colour, cross-

sectional shape, presence of delusterant and identification, plotted on a 

scatter plot. Most of the blue marks denoting stereomicroscopy are clustered 
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around 1, this indicates that the model has correctly predicted the probability 

of being detected with stereomicroscopy as high. In addition, most of the red 

marks denoting PLM are nearer to 0, indicating that the model correctly 

predicted that there was a low probability of being detected by 

stereomicroscopy and a higher chance of being detected by PLM. There are 

some points of uncertainty around 0.5, this means that the model was less 

confident at predicting the probability of these particulates being detected 

with stereomicroscopy, this could however, be because there may be 

particulates with overlapping characteristics and features. This graph shows 

that a large quantity of particulates that were given a low predicted 

probability of being detected were located using the PLM. This demonstrates 

that the stereomicroscope is consistently missing anthropogenic materials 

with certain characteristics mainly those that are colourless. But it is sufficient 

for locating a large majority of anthropogenic particles; 70.7% of the 

particulates in this study, this does, however, constitute 29.3% being missed 

if the stereomicroscope was used as the only method of searching. It also 

has not been investigated whether the PLM would be able to find all of the 

anthropogenic materials identified by the stereomicroscope if it had been 

used as the primary method of detection, this would be beneficial to 

investigate as it is possible that there are some characteristics that the PLM 

may have struggled to find if they had not already been identified by the 

stereomicroscope. It does, however, suggest that the particulates found with 

PLM were not found only due to a second search being undertaken but that 

PLM provides benefits that allow the detection of particulates that are easily 

missed by stereomicroscopy.  
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Table 3.3 A logistic regression was performed to investigate what factors affect which method the 
particulate was found with. Intercept = Found with Stereomicroscopy 
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Figure 3.11 A logistic regression scatter plot to show the predicted probability of being detected with stereomicroscopy 
and which method was responsible for detecting it. 
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Another element that is important to examine when comparing the two 

methods is how many additional particulates were found in each sample 

slide. Figure 3.12 shows a scatter plot with the number of particulates found 

by stereomicroscopy plotted against the number of additional particulates 

found with PLM, and Figure 3.13 shows a Bland-Altman plot of the mean 

number of particulates found plotted against the difference between the two 

methods (the number of additional particulates found by PLM) for each 

sample slide. In figure 3.13 the positive mean difference (bias) line is above 

0 this indicates that PLM consistently found more particulates than 

stereomicroscopy. 

 The darker the plot point, the more values fall at that data point. In most 

instances PLM found at least one additional particulate with the average 

being an additional 2.3 more particulates being found with the PLM after a 

search with stereomicroscopy. The most extreme difference observed is one 

particulate being found with stereomicroscopy and an additional 12 found 

with PLM, the majority of these additional particulates being colourless, 

which may indicate why certain samples will have a higher proportion of 

particulates found by PLM. The more particulates found by stereomicroscopy 

the less particulates are found with PLM, this could be due to the random 

distribution of particulates, or the ones found in these samples happen to 

have characteristics that are more easily discernible with the 

stereomicroscope. One possible explanation is the presence of 

contamination; if a sample slide had a high concentration of contamination 

from the blue cotton t-shirts worn during the expedition, then a higher 

proportion of the particulates are likely to be found with the stereomicroscope 

as the blue fibres are easy to locate with the stereomicroscope. The effect of 

which is explored in Figure 3.14 and Figure 3.15, which shows the 

percentage of contamination and blue particulates, respectively, against the 

total number of particulates found per slide. They both seem to demonstrate 

the same pattern: as the number of particulates increases, so does the level 

of contamination and particulates that were identified as being blue, as they 

both have a very similar mean of around 50% of particulates. Both graphs 

show a positive trend line although the presence of contamination has a 

stronger trend line (R2 = 0.5314) than presence of blue (R2 = 0.3238). This is 
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likely due to the inclusion of the air samples where fewer blue particulates 

were identified, and a large proportion was identified as contamination due to 

the ability to identify white cotton. However, the high number of 

contamination/ blue particulates per slide would indicate why the number of 

particulates found by PLM does not increase with the number of particulates 

on the slide, as the contamination tends to have characteristics that make it 

easy to find particulates with the stereomicroscope such as bright colours. 

 

 

 

 

Figure 3.12 A scatter plot showing the number of particulates located using stereomicroscopy against 

the addition number found by PLM for each sample. 
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Figure 3.14 A scatter plot to show the total number of blue particulates compared to the total number 
on each sample slide. 
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total number on each sample slide. 
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3.3.2.1 Application of data from the Hudson River. 
 

The increased characterisation of the microplastics found in the samples has 

the potential to identify a potential source and as discussed in Section 1.9 

being able to characterise the microplastics beyond these features such as 

cross-sectional shape and presence of delusterant allows greater 

discrimination between legitimate microplastics and contamination, as more 

features are being observed to inform this identification. Figure 3.16 shows a 

map of the Hudson River with the magnitude of microplastic pollution found 

in orange. Potential sources of industrial microplastic pollution including ferry 

ports and wastewater treatment plants have been marked on the map with 

black circles.  If samples could be obtained from these, and any other 

potential source identified, comparisons could be made to determine if the 

microplastics may have originated from these areas. In addition, the 

increased level of detail recorded allows for greater discrimination when 

identifying any potential contamination from crew clothing in the samples. 

Figure 3.17 shows a map of the Hudson River showing a subsection of the 

microplastic pollution (blue) and particulates that were identified as 

contamination (green). From the data displayed in figure 3.17, contamination 

was successfully identified in every sample, in some samples the total 

identified as contamination was far higher than those identified as 

microplastic pollution. Had it not been possible to characterise the 

microfibres to the extent that they were characterised in this study it would 

have been more difficult to identify contamination from actual microplastic 

pollution, leading either to the levels of microplastic pollution being 

overestimated or more microplastics being excluded as contamination than 

needs to be resulting in an underestimation. Both outcomes would provide 

an inaccurate indication of the levels of microplastic pollution in the river.      
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Figure 3.16 A Map of the Hudson River showing a subsection of the magnitude of microplastic 
pollution (Orange) found during the Rozalia project Hudson River expedition. Potential sources of 
pollution have been marked with Black circles.  
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Figure 3.17 A Map of the Hudson River showing a subsection of the microplastic pollution (Blue) and 
particulates that were identified as contamination (Green) found during the Rozalia project Hudson 
River expedition 
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3.3.2.2 Evaluations and Limitations. 

 

In this investigation of the sample slides, the primary focus was not the 

investigation of the use of PLM in the search process but rather the 

microplastic pollution along the entire Hudson River. Due to this, the method 

was focused on characterising the large volume of sample slides whilst trying 

not to slow down analysis times. Size dimensions were not taken for all 

identified particulates particularly fibres, due to difficulty accurately being 

able to measure the length of long and twisting fibres, in some cases the 

particulate may also have been partially obscured by background debris and 

so gaining an accurate measurement of dimension is not possible. 

Furthermore, no measurements were taken for items such as cotton to save 

time during the analysis process. This means that the effect of size on the 

ability of the two different techniques to locate them cannot be conclusively 

determined. This would be valuable to investigate in future studies to 

determine how size may play a role in the ease of detection between the two 

investigated methods.  

During the analysis of the sample slide when there was a misidentification 

found by stereomicroscopy but deemed by PLM to not be anthropogenic in 

origin, these particulates were not characterised. It may be beneficial to know 

the characteristics of the items that were misidentified by stereomicroscopy 

to determine if there are any trends that may indicate what is potentially 

causing false positives when the stereomicroscope is used.  

This study was not designed to investigate whether searching the slide with 

PLM followed by stereomicroscopy yields similar results. This would be 

valuable to investigate as it would conclusively demonstrate that either the 

act of second searching the slide is the main cause for finding more 

anthropogenic particulates or the use of PLM facilitates the detection of 

anthropogenic particulates that are potentially easily missed by 

stereomicroscopy. 

All the sample slides used in this study were analysed by the same 

researcher, meaning there should be no differences between what is 
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identified as an anthropogenic particulate and what is excluded, ensuring 

consistency in the results. This, however, is not guaranteed as it is possible 

that, over time, the decision-making process is altered and evolves as more 

samples are observed. In addition, as only one analyst was examined it is 

possible that another analyst would have found different particulates with the 

stereomicroscope, so it would be beneficial to repeat this experiment with 

different analysts to determine if the same results are obtained.  

 A further benefit of using PLM is that it enhances the ability to identify 

contamination with a greater level of confidence and exclusion criteria. By 

fully characterising a sample of fibres from each crew member's clothing, any 

corresponding fibres found with the same characteristics (colour, width, 

presence of delusterant, cross-sectional shape and birefringence id) would 

be removed from the final count of anthropogenic materials. Using this many 

characteristics in the exclusion criteria ensures that fibres that are similar but 

do not share all the required characteristics are not incorrectly removed; for 

instance, a colourless cylindrical nylon fibre is unlikely to have originated 

from the same source as a cylindrical colourless nylon fibre with delusterant 

present, and such eliminating it as contamination would not be accurate. 

3.4 Conclusion 

The aim of this chapter is to assess an improved method of processing 

microplastic samples by assessing the use of Easylift® in a field study and 

investigating whether including Polarised light microscopy is a beneficial 

addition to the analysis workflow. This was completed by evaluating 

Easylift®’s performance in the 2019 Rozalia project Hudson River field trial to 

determine if it is logistically appropriate to employ in the field and to see how 

it handles. The use of PLM was also employed on these samples after a 

search with stereomicroscopy to see if PLM is able to find any trends in what 

microplastics are potentially often missed when only searching with a 

stereomicroscope.  

Easylift® was found to be an effective method to retrieve microplastics from 

filter papers in a field study, as it was successfully used on over 500 samples 

that encompass air, water, and soil samples. During the searches of the filter 
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paper post tape lift there was only a small number of particulates that were 

not retrieved across all samples. The sample slides were able to be stored 

after extraction and there were no visible signs of degradation five years after 

extraction, meaning that they can be left to be analysed after the field trial is 

over. The level of moisture on the filter paper affects the tacticity of 

Easylift®’s adhesive which can affect the recovery of any particulates on the 

filter paper and cause the tape to not securely adhere to the microscope 

slide meaning that the sample is open to loss and contamination, due to this 

it is best to filter the sample under vacuum so that the excess water will be 

removed from the surface of the filter paper.  

The use of PLM as an additional method of analysis was investigated by 

searching each slide with a stereomicroscope followed by the PLM. The 

addition of PLM found a further 549 particulates over the 244 sample slides 

subsection used in this study.  The PLM found a significant number of 

colourless particulates that were missed by the stereomicroscope search 

finding 371 (67% of those found by PLM) more colourless particulates 

compared to the 285 (21% of those found by stereomicroscopy) of colourless 

particulates found with the stereomicroscope. This demonstrates that the 

PLM is able to identify a large number of colourless particulates of interest 

that would have been missed, had only the stereomicroscope been used to 

locate potential anthropogenic particulates. In addition, a logistic regression 

found a statistically significant relationship between the effect of the method 

used and the particulate being colourless (P-value = 8.88x10-8).  

The width does not seem to have an effect on which method the particulates 

are found with. This could be because it is the other features, such as the 

colour, that are more of an indicator of how easy it may be to locate. It could 

also be that neither method was better at finding smaller methods or neither 

method found them at all, meaning that the effect of size is present, but the 

methods used were not appropriate for their detection. The smaller size 

fractions could also simply not be present in the sample either due to their 

absence in the environment, or because they are not retained by the filter 

paper or not successfully lifted by Easylift®. In addition, the size data 

produced in this study is skewed as the length was only taken for a handful 
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of samples and width was not taken for certain materials, for instance, 

cotton, to save time as the results in this study were not optimised for this 

purpose but rather to generate the data for the Hudson River expedition. Due 

to this, it is not possible to conclusively determine how much of a role size 

has an impact on its detection with either stereomicroscopy or PLM.  

As the number of particulates on the slide increases the number detected by 

PLM does not increase as would be expected. This could be because the 

contamination was not removed from the data analysis as this study was 

investigating to see if there was a difference in the particulates found with 

stereomicroscopy and PLM. The crew wore blue cotton t-shirts while 

sampling, these fibres tended to be easily found with the stereomicroscope, 

so if samples had high levels of contamination, it is likely that most of it would 

have been found with the stereomicroscope, which could explain why as 

particulates on the slide increases the proportion found with the PLM does 

not also increase. The addition of PLM also allowed a greater level of 

characterisation of the microplastics found by allowing the determination of 

birefringence, sign of elongation, presence of delusterant and cross-sectional 

shape of fibres. By collecting this information, a more accurate assessment 

of sources of contamination can be made, and information on potential 

sources to be investigated. As discussed in Section 1.9 knowing if a 

particular type of microplastic is likely to be missed, alternative approaches 

such as the inclusion of PLM can be adopted to maximise detection and gain 

the most accurate population of microplastic levels in the environment. 

3.5 Further Work 
 

Due to the findings of this study, several areas have been identified that 

need further investigation and improvement to understand the data within 

this study further. Firstly, the study should be repeated using PLM as the first 

method of searching. This would conclusively determine whether the use of 

PLM was beneficial or whether the action of a second search is what is 

responsible for finding further particulates. A double-blind study could also be 

conducted so that it is known exactly what is on each slide, and a separate 

examiner searches and records microplastics on the slide. This would allow 
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the determination of how accurate the two methods are and if there is a 

common particulate type that is missed by both methods.  

Further investigations also need to be made into the effect of size on 

detection as it was not possible to accurately ascertain from the data used in 

this study. The length and width data could also be taken for more 

particulates in the data used in this study to improve the dataset used. An 

investigation also needs to be carried out to determine if Easylift® has a limit 

of extraction by testing it with a smaller size fraction; this would allow the 

determination of whether Easylift® is able to extract small particulates, which 

would explain their absence in the sample slide if this was found to be the 

case.   
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Chapter 4 Investigating the use of YOLO software to create an 

automated method of detection of microplastics and 

anthropogenic materials. 

4.1 Introduction 

4.1.1 Machine Learning and its Uses 
 

Machine learning is the application of programming computers so that they 

learn from supplied data (Géron, 2019). Broadly speaking, it is a 

classification of algorithms that is capable of automatically producing 

predictive models by detecting patterns in data (Christin, Hervet & Lecomte, 

2019). The use of machine learning has progressed rapidly in the last few 

decades due to the development of new algorithms, availability of online data 

and low-cost computation (Jordan & Mitchell, 2015). Machine learning has 

been used for a number of different applications, including for the 

interpretation of genomic data sets (Libbrecht & Noble, 2015), comparison of 

handwriting evidence (Neupane et al., 2024), in cancer prognosis and 

prediction (Kourou et al., 2015), finding child sexual abuse texts on the dark 

web forums (Ngo, Mckeever & Thorpe, 2023) and predicting weather 

forecast uncertainty (Scher & Messori, 2018). A large number of algorithms 

have been used and developed in machine learning to encompass a wide 

variety of different types of data and problems that may be encountered 

(Jordan & Mitchell, 2015). A branch of machine learning is deep learning, 

which is capable of learning without supervision from unlabelled data by 

finding patterns; it is commonly used as an exploratory tool to group similar 

data together. Deep learning is also capable of learning from supervised 

data, where in traditional machine learning the algorithm additionally needs 

information on what to search for in the form of colour, size etc, to be stated 

in terms of patterns in pixels through the use of bounding boxes, deep 

learning is capable of detecting and obtaining features from the data just by 

being told that an item is present in the image and it will figure out what it 

looks like itself (Christin, Hervet & Lecomte, 2019). 
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Supervised learning is one of the most common forms of machine learning 

that involves giving the algorithm labels to train it how to classify data 

(Géron, 2019). In machine learning, the algorithm learns how to classify 

objects by repeatedly testing the different search parameters against the 

training data set (LeCun, Bengio & Hinton, 2015).  

Unsupervised learning is an alternative technique where the data is supplied 

to the algorithm unlabelled, and the algorithm will learn from the data without 

being taught what anything is. It will then attempt to group and cluster the 

data based on hidden structures in the data (Géron, 2019). This approach is 

useful in anomaly detection to find outliers in a set of data, for example, 

fraudulent transactions on credit cards (Zanero & Savaresi, 2004). One of 

the common types of unsupervised learning is hierarchical cluster analysis in 

which the algorithm will cluster similar data points in the context of the of the 

issue being investigated (Dell’Anna et al., 2009).  

4.1.2 Image Classification Techniques 
 

Image classification is a technique in computer vision that classifies images 

using segmentation, key feature extraction and matching identification 

(Bharadiya, 2023). Object detection in image classification is one of the most 

difficult problems in machine learning, as it aims to localise and detect 

different objects within an image or video and assign a label to the bounding 

box (Shaifee et al., 2017). Datasets provides the framework for training and 

evaluating supervised learning machine learning models for object detection 

(Long et al., 2021. & Paullada et al., 2021). In order to create an accurate 

method of automated detection a large and representative dataset is 

required (Xu & Goodacre, 2018). All datasets are prone to limitations and 

biases such as the use of an analyst with subjective judgements and biases 

during the dataset production that can impact the algorithms accuracy, 

although a rigorous error analysis can be employed to assess how useful the 

dataset is in practice (Paullada, et al., 2021). The most difficult part of 

creating a dataset is not generating the images but annotating the data, this 

is due to the fact that the labels have to be generated by a human annotator. 

This is an extremely time-consuming effort (Gauen et al., 2017). The 
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annotation can also lead to issues where subjective values, judgments and 

biases of the annotator may generate a data set bias, as annotating the 

dataset is a form of ‘interpretive work’ and can result in the amalgamation of 

target labels (Paullada et al., 2021).  

Image segmentation is the process in which the image is split into significant 

non-overlapping areas (Egmont-Peterson, Ridder & Handels, 2002). Classic 

segmentation was presented for use in greyscale images, where the division 

of the images is based on grey-level similarities and the edge is detected 

with grey-level discontinuity as the areas where there is a large change in the 

level of grey is likely to be the boundary of a different region or object (Yu et 

al., 2023). This technique is also capable of colour image segmentation by 

clustering pixels by their colour and using the mean colour of a cluster to 

reduce the number of different colours in the image to make it simpler to 

detect the contour of each object present in the image (Géron, 2019). 

Another technique is collaborative or co-segmentation, which extracts 

common regions from multiple images rather than one image as with 

classical segmentation. This method does require prior training with classic 

segmentation so that this knowledge can be used to segment similar objects 

(Yu et al., 2023). 

Machine learning has developed to include biologically inspired 

computational models called artificial neural networks (ANN), the most 

common ANN is a convolutional neural network (CNN) these CNNs are often 

used to resolve image-driven and pattern recognition tasks (Géron, 2019). 

CNNs are ‘translation invariant’ which means that they are able to locate and 

recognise patterns regardless of where in the image it is located, this is due 

to the number of convolutional layers (Bharadiya, 2023). These neural 

networks have a large number of connected computational nodes (neurons) 

that work together to learn from the provided input, these models also use 

multiple hidden layers (deep learning) that make decisions based upon the 

previous layer to improve the final output (O’Shea & Nash, 2022). CNNs are 

also capable of hierarchical feature extraction, which is made up of several 

layers of convolutional and pooling layers that will progressively extract 

features from the image at differing levels of abstraction. This technique 
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allows the CNN to identify complex patterns and structures in the data, 

producing more accurate identifications (Bharadiya, 2023). A CNN has been 

used to screen for microplastic contamination in soil samples; the CNN used 

seven layers (four convolutional and three fully connected). There were 32 

filters used in the first convolutional layer, which was increased by a factor of 

two for each convolutional layer, this system generated an accuracy of 

78.5%. This model was able to differentiate between low and high levels of 

contamination in the samples, it did, however, suffer from overfitting where 

the model memorised irrelevant background information resulting in a lower 

accuracy, this could be counteracted by supplying the model with more 

training samples (Ng, Minasny & Mcbratney, 2020). Other studies have 

found that using a one-dimensional CNN significantly outperforms other 

more traditional machine learning algorithms (Huang et al, 2022).   

4.1.3. Uses of the Software ‘You Only Look Once’ (YOLO) in Automated Detection  

 

You only look once (YOLO) is a real time single stage object detection 

framework that is faster compared to two stage approaches (Koirala et al., 

2022). The algorithm is able to detect and classify objects in real-time by 

using a convolutional neural network (CNN) (Naseri & Ali, 2022). The models 

have been frequently used due to its ability to have a high accuracy whilst 

having a small model size and being able to be trained on a single Graphic 

processing unit (GPU) (Solawetz. & Francesco, 2024). The algorithms work 

by splitting the image into a grid, the grid cell that the centre of an object 

being detected falls into is responsible for detecting that object, each grid 

square will calculate a confidence score for each bounding box that indicates 

how confident the model is that a correct prediction has been made (Redmon 

et al., 2016). 
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YOLO has several advantages over other traditional algorithms; including 

that it is very fast as it runs at 45 frames per second (with a Nvidia Titan-X 

GPU) (Shafiee et al., 2017), YOLO also produced an average level of 

precision more than twice the size of other comparable image detection 

algorithms (Redmon et al, 2016). As YOLO reasons each image globally to 

create its predictions, meaning it will see the image in its entirety during the 

training and test phases, it makes half the amount of background errors as 

the comparable algorithm Fast R-CNN. The algorithm does, however, 

struggle to localise some objects precisely, particularly those that are very 

small (Redmon et al., 2016).  

YOLO has been used in a number of different applications, it has been used 

in conjunction with the algorithms CAD3 and CNN to detect and classify 

leukocytes in leukaemia with 3060 microscope images (80-20% test train 

split), they were able to achieve an accuracy of 94.3% (Abas, Abdulazeez & 

Zeebaree, 2022). YOLO v4 has also been used to detect drones, by training 

with images of drones at different distances and with different environmental 

conditions, they also trained the model to detect birds and planes as these 

may be confused with drones, the model was able to identify drones with 

98.3% accuracy, with the main issue with the detection model being the 

ability to detect similar small objects at varying distances (Naseri & Ali, 

2022). There has been various versions of YOLO released over time; YOLO, 

Figure 4.1 An image to demonstrate how YOLO’s model works to produce predictions taken from 
Redmon et al (2016).  
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YOLO2, YOLOv3, YOLOv4, YOLOv5, YOLOv6, YOLOv7, YOLOv8, 

YOLOv8, YOLO-NAS, YOLO-World and YOLOv9 (Nelson., 2021). This study 

is investigating the use of YOLOv5, YOLOv7 and YOLOv8 for microplastic 

detection.  

4.1.3.1 YOLOv5 

 

YOLOv5 is a fairly recent version of YOLO that uses a lightweight network 

architecture, that has had a state-of-the-art performance on several object 

detection benchmarks (Talaat & ZainEldin, 2023). It was the first of the 

YOLO models to connect predicting bounding boxes with the class labels for 

an end-to-end differentiable network (Solawetz, 2020). YOLOv5’s structure 

consists of a ‘backbone’, that isolates important features from the image 

(Fang et al., 2021). The ‘neck’ which produces feature pyramids that help 

with generalising object scaling allowing the algorithm to cope with the same 

object with different sizes and scales. The ‘neck’ uses a Path Aggregation 

Network (PANet) to facilitate the flow of information. The PANet pools to 

connect feature grids to all feature layers allowing any useful information 

obtained from each layer to be communicated directly to the subnetwork 

(Cheng & Zhang, 2020). The final stage is the ‘head’, which produces anchor 

bounding boxes and generates the final output vectors and class 

probabilities and bounding boxes for the detected objects (Fang et al., 2021). 

YOLOv5 trains very quickly meaning that it cuts down on training time and 

costs (Nelson, 2021).  

 

4.1.3.2 YOLOv7 
 

YOLOv7 has a higher accuracy and detection speed when compared with 

other algorithms, allowing for real time detection (Sun et al., 2023). YOLOv7 

uses group convolution (using multiple kernels per layer leading to multiple 

channel outputs for each layer) to expand the channel used and the number 

of elements of the computational blocks. The same group convolution and 

channel multiplier is applied to all computational blocks in the computational 
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layer. This then produces the feature map, which is calculated by shuffling 

the computational blocks into groups according to a chosen group 

parameter; all groups are then concatenated together. After this, the groups 

are added to the feature maps to perform a merge cardinality (Wang, 

Bochkovski & Liao, 2022). 

4.1.3.3 YOLOv8 

 

YOLOv8 is a ‘single pass’ object detection model, meaning it is capable of 

identifying objects in a single pass, as a result it is very quick and efficient 

(Abdulla., 2023). It has a measured high level of accuracy (Solawetz. & 

Francesco, 2024). YOLOv8 has a similar structure to YOLOv5 with a 

backbone to extract characteristics from the images, a neck that merges the 

features created by the backbone to create feature pyramids that combine 

lower-level features into high level representations. And the head that 

predicts the target category (Yang et al., 2023a). But has had several 

architectural changes in comparison to YOLOv5 (Solawetz. & Francesco, 

2024). YOLOv8 does not use any anchors, meaning that it implies rather 

than predicting distance from a known anchor box, and it estimates the 

centre of the object (Nelson, 2021). Employing anchor-free predictions will 

lower the number of box predictions, making post-processing less 

challenging as it expedites the non-maximum suppression (NMS), which 

sorts through potential detections following interference (Talaat & ZainEldin, 

2023). 

4.1.4 Creating a Training Dataset 
 

To produce an accurate method for detecting anthropogenic particulates and 

microplastics it needs to be trained to detect the wide range of different 

characteristics such as colour, shape and internal features that can be 

present. These features can also be affected by the presence of background 

materials, various lighting conditions and orientations of the microplastics on 

the slide. The larger the dataset the more accurate and transferable to 

different microplastic samples the model will be (Cubaynes & Fretwell, 2022).  
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Creating a comprehensive training dataset is an important step in producing 

a model that is able to accurately identify microplastics. It is important that 

there is a balanced dataset with good representations of all classifications 

used, as it will create a bias towards the more represented classes, and the 

training for the smaller classes will not be sufficient (Susan & Kumar, 2021). 

When there is an imbalance, using accuracy as a metric to evaluate the 

model is unreliable as it will provide an over-optimistic estimation of the 

model’s ability to classify minority classes (Chicco & Jurman, 2020). One 

method of increasing the data set and its robustness is to augment the 

images being used, which involves altering the image (Yang et al, 2023a). 

Some types of augmentation include rotation, blurring, mirroring, cropping, 

scale, greyscale, colour saturation and altering the brightness and exposure 

(Xu et al., 2023). Including augmented images in the dataset can improve the 

model’s performance, although it is unable to overcome all biases that may 

be present in the dataset (Shorten & Khoshgoftaar, 2019).  

4.1.5 Uses of Machine Learning with Microscope Images 
 

Machine learning has been used to identify other particulates. For instance, 

Gonçalves et al. (2016) used image processing to classify and identify 23 

different types of pollen with four different algorithms: K-nearest neighbour 

(KNN), J48, C-support vector classification (C-SVC) and Sequential minimal 

optimisation (SMO). They found no statistically significant difference between 

the human (67% accurate) and computer classification (66% accurate), but 

the computer tended to produce more consistent classifications. Machine 

learning has also been used in conjunction with FTIR to identify different 

pollens, this combination of FTIR and KNN produced an accuracy of 84% 

(Dell’Anna et al., 2009). Different types of microscopy images have been 

used to train datasets, for instance, Anderson, Vega & Kovscek (2020) used 

images of shale taken with Transmission X-ray Microscopy and Focused ion 

beam-scanning electron microscopy to characterise the shale and enhance 

the image quality using machine learning techniques. Das et al. (2013) used 

light microscope images to detect the presence of the malaria parasite by 

combining a statistical learning technique, Bayesian statistics, with the 
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Support vector machine (SVM) for a high classification accuracy, they found 

that when 19 discriminating features were used the Bayesian approach had 

a higher accuracy of 81%, while if only nine discriminating features were 

used SVM had the highest accuracy of 83.5%. Other projects have tried to 

automate the assessment of damage to hairs using images from a Scanning 

electron microscope, using K-nearest neighbour, achieving an 87% accuracy 

in its classifications (Chu et al., 2020).  

 

4.1.6 Machine Learning for Fibre and Microplastic Identification. 
 

Machine learning has been used to automate the detection of fibre analysis, 

Wetzer & Lohninger (2018) used the algorithm Otsu’s method that 

automatically finds the optimal threshold based on pixel distribution to detect 

fibres on a tape lift. In a test with 77 images of tape lifts on a light 

microscope, the system was able to identify all the fibres that manual 

searching was able to locate, although some fibres were not fully detected 

along its whole length due to background debris and fibres twisting. Machine 

learning was used to detect asbestos on SEM images by training on 100 

images using U-Net Semantic Segmentation model, they were able to 

achieve a 95% success rate (Biswas & Biswas, 2021).  Lorenzo-Navarro et 

al. (2021) looked into using deep learning to automate the classification and 

detection of microplastics between 1-5mm. They used U-net for particle 

segmentation and VGG16 for classification; an average accuracy of 98.11% 

was found. In another study by Lorenzo-Navaro et al. (2020), they tested a 

three-level cascade classifier using SVM, RF and Principal component 

analysis with RF to identify fragments lines, pellets, organic and tar in images 

of microplastics ranging from 1-5 mm. The resulting model produced an 

accuracy of 91.1%, a precision of 91.35, and a recall of 91.1%; the metric 

produced from this model shows that it is performing well in the identification 

of microplastics. This model does, however, concentrate on the larger size 

fraction of microplastics that are visible to the naked eye and so would not be 

appropriate for microscopic samples. The microplastics were also presented 

to the model cleaned and laid out with no overlapping, meaning that sample 
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pretreatment is required before it can be used to quantify the microplastics. 

Other attempts have combined hyperspectral imaging with a one-

dimensional convolutional neural network to detect and classify forensic 

fibres in comparison to four traditional machine learning models, K-NN, SMV, 

RF and partial least squares-discriminant analysis (PLS-DA); they found that 

the one-dimensional convolutional neural network consistently outperformed 

the four traditional methods with RF having the highest accuracy of the four 

methods at 91.4%, whilst the one-dimensional convolutional neural network 

generated an accuracy of 98.6% (Huang et al., 2022). Machine learning 

methods have been used on environmental samples collected with a neuston 

net from a freshwater environment; these samples were then visually sorted 

with a x40 microscope and distributed over separate filters based on their 

colour. A 12-mega pixel smartphone camera was then used to acquire 

images of the filters. The samples were classified using K-Nearest Neighbour 

(supervised) and K-Means Clustering (unsupervised) to classify them as 

either pellets, lines, fragments, or fibres. K-nearest neighbour was able to 

classify the microplastics with an accuracy over 0.9, and K-Means Clustering 

indicated that there was a probable undercount of some microplastic shapes 

due to the methodology used as the neuston net was unlikely to sample 

microfibres adequately (Massarelli, Campanale & Uricchio, 2021). While 

these samples were obtained from environmental samples, the microplastics 

being laid out on filter papers so that there is no overlap adds a time-

consuming step into the process meaning that the models produced may not 

be able to identify microplastics that have not been separated from each 

other. YOLOv8 has been used to identify four types of microplastics on 

aluminium oxide filters and glass slides, with 755 images using an 80-20 

split. The model produced had a high mAP of 94.6%. This model only had 

the classification ‘particle’; this means that the model generated is unable to 

distinguish between different microplastic shapes as it was only focused on 

detection for further analysis with FTIR (Xie, Gowen & Xu, 2024). YOLOv5 

was used to differentiate plastics and microorganisms from the marine 

environment on filter papers, 300 images of plastics and microorganisms on 

a filter paper were used to produce this model in a 50-25-25 split, and the 

classifications plastic and worm were used. They found that at 30 epochs, all 
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plastics and microorganisms were correctly identified, but there were also a 

high number of false positives and duplicate identifications (Shishkin & 

Grekov., 2023).   

As discussed in Section 1.9, as of yet there is no robust, infallible method of 

automated detection for microplastics using machine learning that has been 

effectively applied to and trained on a large number of different 

environmental samples. As the background material in different 

environments varies greatly depending on where the sample is taken. For 

instance, the diatom's shape and size can be vastly different if samples at 

the source of the river compared to those found in saltwater environments 

(Pellondo’u, Toya & Novelyn, 2023). there is a need for a system that is able 

to successfully identify and classify microplastics to speed up research, in 

both fibres and microplastic research, the current automated numeration 

methods for fibres seems to be an issue as they are long, thin and tend to 

overlap themselves meaning that often the fibre will be counted as multiple 

microfibres (Paulsson & Stocklassa, 1999. & Wetzer & Lohninger, 2018).  

 

4.1.7 Other Forms of Automated Detection for Fibres and Microplastics 
 

There have been other approaches to automating the analysis of 

microplastics and forensic fibres that are using different methods of 

automating microplastic analysis. For example, the Foster and Freeman Fx5 

fibre finder was developed to automatically search forensic tape lifts for 

coloured fibres using a high-resolution colour scanner with ten narrow band 

filters ranging from 390-750 nm (Wiggins, Turner & Miles, 1999). This system 

could differentiate between similar fibres in most instances when the control 

sample was adequately represented. This system was not tested on samples 

with high levels of background noise and was unable to detect fibres that 

were completely perpendicular to the tape in the same orientation as the 

scanning beam (Sermier et al., 2006). The ‘Maxcan fibre finder’ was another 

attempt to automate the analysis of forensic tape lifts; this system used the 

hue, saturation, and luminance model to determine the colour of the fibres 

(Langdon et al., 2003). This system performed at least as well as manual 
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searches, where the Maxcan had a detection rate between 98-100% and the 

manual search had a detection rate of between 61-100%. The system would 

however, struggle to identify pale pink fibres where the detection would fall to 

67%, this was considered to be due to the systems inability to differentiate 

the fibres from newton rings present in the tape lifts. The system was not 

affected by the fibres’ diameter, whereas the manual searching was affected 

by the fibres’ diameter (Sermier et al., 2006).  

There has also been movement towards automation within microplastic 

analysis. A semi-automated approach has been trialled using a LabRAM 

HR800 Raman micro-spectrometer with a Horiba Scientific Particle Finder 

module for LabSpec6 attachment to locate and characterise microplastics. 

This system had an identification rate of 75%, but the success of particulate 

identification would decrease with particle size (Frère et al., 2016). Primpke 

et al. (2017) has used FTIR microscopy and image analysis using Python ad 

Simple ITK image processing modules to automate the detection of 

microplastics. They were able to map the presence of synthetic and natural 

material on a membrane filter paper and determine the polymer type by 

comparing it to reference samples. They also found that the automated 

method was able to detect microplastics smaller than 30 µm that manual 

searching was not able to detect. The automated approach also found seven 

times as many polymer particulates as the manual method, demonstrating 

how beneficial applying an automated approach may be for microplastic 

detection.  

The SHUTTLE project has developed a SMMART microscope capable of 

hyperspectral, fluorescence and polarimetry (Balas et al., 2023) to 

automatically locate and identify trace evidence from crime scenes using a 

range of microscope techniques including, polarised light, transmitted light, 

fluorescence and absorption microscopy (Bijker, 2023). The microscope 

uses samples mounted on a tape lift, which are then imaged, and the trace 

evidence undergoes colour and spectroscopic analysis. The images 

produced in the previous step are processed by artificial intelligence. This 

data is then compared to the internal databases to search for the 

identification of the different types of evidence present in the sample. The 
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smart microscope has been successfully used to quantify textile fibre shed 

and identify blood and skin cells (SHUTTLE., 2022). A recent study found 

that the SMMART microscope was able to speed up trace evidence analysis 

containing hairs, textile fibres, sand, pollen, glass, skin and blood by a factor 

of 178.6 (Balas et al., 2023).  

 

4.1.8 Evaluating Machine Learning Prediction Models 
 

There are several different performance metrics that can be used to evaluate 

the performance of a prediction model, including accuracy, F-Score, Area 

under the ROC curve, average precision and squared error (Caruana & 

Niculescu-Mizil, 2006).  See Table 4.1 for examples of how different 

performance metrics are calculated.  

 

 

 

 

 

 

The F1 score is the measure of the model’s accuracy; it is the harmonic 

mean of precision and recall (Padmanaban & Parthiban, 2016). The closer 

the F-score is to 1, the better the model is at classifying objects (Tomar & 

Agarwal, 2014). An area under the curve-Receiver Operating Characteristic 

curve (AUC-ROC curve) is a performance metric used to evaluate 

classification models; the ROC is a probability curve, whilst the AUC is the 

measure of separability that demonstrates how competent the model is at 

distinguishing between different classes. The higher the AUC value is, the 

better the model is at predicting classifications (Narakhede, 2018). To create 

a ROC (Receiver Operating Characteristic) curve performance metric the 

number of successful identifications and unsuccessful identifications 

True predictive rate/Precision = 
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

Accuracy = 
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑐𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

True positive rate/Recall/sensitivity = 
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

F-score = 2 𝑥
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑋 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
  

True negative rate/Specificity = 
𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 

𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 
 

 

Table 4.1 Equations commonly used as performance metrics. 
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produced by the classification scheme is displayed in a confusion matrix 

(Bradley, 1997) an example of a confusion matrix can be seen in Table 4.2. 

A ROC graph is made by plotting the true positive rate on the y-axis and 

false positive rate on the x-axis an example of a ROC curve can be seen in 

Figure 4.2. On a ROC curve graph, the closer the curve is to 100% on the y-

axis, the better the model is at accurately classifying the objects with a curve 

at 100%, meaning that the model produced a perfect classification system 

(Fawcett, 2006). 

Table 4.2 An example of a confusion matrix. 

 Predicted 

Positive Negative 

Actual Positive True Positive (TP) False negative 

(FN) type II error 

Negative False positive 

(FP) Type I error 

True Negative 

(TN) 

 

 

Figure 4.2 An example an ROC curve with the area under the ROC curve shown taken from 
Rodríguez-Hernández, Pruneda & Rodríguez-Díaz (2021).  
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4.1.9 Aims  

1) To generate a comprehensive dataset of images using samples taken 

from the Hudson River. 

2) To create an annotation system to classify objects in the dataset.  

3) To train and test the dataset with the algorithms YOLOv5, YOLOv7 and 

YOLOv8 to determine the most appropriate algorithm for detecting 

microplastics by comparing the identification rates and metrics. 

 

4.2 Method 

4.2.1 Creation of the Dataset 

The dataset was created using samples from the 2019 Hudson River 

expedition. See Section 3.2 for details on how the samples were collected. 

The samples were mounted on an Easylift® tape lift placed on a glass 

microscope slide. The images were taken on a Nikon Eclipse E400 POL 

polarised light microscope with a DS-L3 Nikon camera attachment.  Each 

particulate of interest was photographed at each magnification (x40, x100, 

x200 and x400) under plane polarised light, and known synthetic microfibres 

were photographed twice at each magnification and under crossed polars at 

x400 magnification to observe their interference colours. A total of 13,992 

images were taken these comprised of 8927 images from water samples 

from a saltwater environment to the freshwater source of the Hudson River. 

3989 images taken from air samples; 330 images taken from soil samples. A 

further 746 images were taken of known textile fibres mounted with Easylift® 

a selection of these samples also used DEPEX as a mounting agent.  

4.2.2 Annotation of the Dataset 

Of the 13992 images taken 3102 images were annotated using the 

Computer Vision Annotation Tool (CVAT) (Sekachev et al., 2020). There are 

many different objects that need to be accurately annotated to produce a 

comprehensive training data set. In this study, the objects were split into 21 

classes. 
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4.2.2.1 Microfibre 

Microfibres are microplastics that have longer length than width (Miller et al., 

2017) they are often shed from clothing. Microfibres tend to make up a large 

majority of the microplastics found within research (Kapp & Yeatman, 2018, 

Napper. et al, 2021 & Zaki et al., 2021). They need a large representation in 

the data set due to this and the fact that there is a large variation in possbile 

fibre characteristics that need to be accounted for such as cross sectional 

shape and the presence of delusterant. See Figure 4.3 for examples of 

images of microfibres 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 
Figure 4.3 A selection of fibres, top left green Bilobal fibre x400, top right purple trilobal fibre x400, 
middle left blue square fibre x40, middle right long blue cylindrical fibre x100, bottom left colourless 
cylindrical fibre with delusterant x400, bottom right colourless cylindrical fibre x400. 
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4.2.2.2 Fragment 
 

Fragments are produced through the degradation of larger items of plastic 

and often have an irregular shape and jagged edges (Hidalgo-Ruz et al., 

2012). They are often found in microplastic studies and are the second most 

abundant type of microplastic behind fibres (Leads & Weinstein, 2019 & Zaki 

et al., 2021). A large number of blue fragments were found during this study, 

so there may be an overrepresentation of blue fragments within the data set. 

See Figure 4.4 for examples of images of fragments.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.4 A selection of fragments, top left blue fragment x400, top right red fragment x200, middle 
left blue fragment x400, middle right blue fragment x400, bottom left orange fragment x200 bottom 
right blue fragment x400. 
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4.2.2.3 Microbead 

Microbeads are small spherical microplastics that are manufactured for facial 

scrubs (Ziajahromi et al., 2017); their concentrations are relatively low 

compared to the other microplastic types at 5% (Liu et al., 2019) or not at all 

(Free et al., 2014 & Lv et al., 2019a). Very few microbeads were found in this 

study, meaning that there will be an underrepresentation of microbeads in 

the training data set. See Figure 4.5 for examples of images of microbeads. 

 

 

 

 

 

 

 

 

 

4.2.2.4 Film 

 

Films are thin pieces of plastic created from the breakdown of larger items of 

plastic, such as plastic bags (Free et al., 2014). Their concentrations can 

vary depending on the medium being investigated, with 12-18% having been 

found in WWTPs (Blair, Waldron & Gauchotte-Lindsay, 2019 & Lv et al., 

2019a) to very low levels in river sediment (Horton et al., 2017). Very few 

films were found in this study, meaning that there will be an 

underrepresentation of films in the training data set. See Figure 4.6 for an 

example of a film.  

 

 

 

Figure 4.5 Left a blue microbead x400, right a colourless microbead x100. 
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4.2.2.5 Background Material 

Background material encompasses all the sediment, silt and debris that will 

be present in any natural sample that is taken. The levels and types of 

background material vary depending on the sample type, with air samples 

containing less background material and soil samples the most. The levels 

also vary depending on where the sample was taken, with samples taken at 

the bottom of the water column tending to contain more debris than those at 

the surface. Figure 4.7 shows examples of images of background material. 

However, there can still be a large number of background material tags in 

images that are not overwhelmed with background material. This is 

demonstrated in Figure 4.8, which shows the number of background material 

tags that are still needed in images where there appears to be very little 

background material and debris.  

 

 

Figure 4.6 A colourless film x400. 
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Figure 4.7 a selection of images to show the different levels of background materials that could be 
present in the images. Top left an image of a soil sample showing a microfibre being masked by 
background material x100, top right an air sample showing a piece of cotton with minimal background 
material x100, middle left a water sample from the middle of the water column x40, middle right a water 
sample from the bottom of the water column x40, bottom left a soil sample x40, bottom right an air 
sample x40. 
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Figure 4.8 An image of a blue microfibre from an air sample without tags (top) and with tags (bottom) 
images to demonstrate the number of background material tags needed in an image that appears 
relatively clean. 
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4.2.2.6 Cellulose Filter Fibre 

 

Cellulose filter fibres were used for the water samples and are frequently 

collected by the Easylift® tape. As the filter paper is cellulosic, it is difficult to 

differentiate colourless cotton fibres from cellulose filter fibres (Gwinnett, 

Osborne & Jackson, 2021). Examples of cellulose filter fibres can be seen in 

Figure 4.9, with some examples annotated in red boxes.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.9 Two images showing examples of images with cellulose filter fibre present x200. 
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4.2.2.7 Glass Filter Fibre 

 

Glass filter fibre paper was used for the air samples during this study. These 

thin cylindrical fibres do not exhibit any birefringence. They sometimes fold 

over and resemble the eye of a needle. Figure 4.10 shows some examples 

of images with glass filter fibres; some examples have been highlighted with 

red boxes.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.10 A selection of images displaying glass filter fibres. Top left a high-density collection of glass 
filter fibres x100, top right a colourless cotton fibre surrounded by glass filter paper x400, middle left red 
microfibre surrounded by glass filter fibres x400, middle right a collection of glass filter fibres x400, bottom 
left blue cotton fibre surrounded by glass filter fibre x400, bottom right yellow microfibre surrounded by 

glass filter fibres x200. 
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4.2.2.8 Diatom 
 

Diatoms are eukaryotic phytoplankton that occur in all the world’s oceans 

rivers and lakes. Their appearance depends on the aquatic environment in 

which they are located (Zhou et al., 2020). Some diatoms can appear similar 

to microplastics, for instance, microbeads. Examples of the different diatoms 

found can be seen in Figure 4.11. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.11 A selection of some of the different types of diatoms encountered along the Hudson River. 
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4.2.2.9 Cotton 
 

Cotton fibres were often encountered in the samples taken as the crew wore 

blue cotton t-shirts. Being able to identify cotton fibres is of interests as while 

they are not synthetic, they are anthropogenic in nature and have often been 

dyed which may also be harmful to the environment. Examples of cotton 

fibres can be seen in Figure 4.12. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.12 Top left a colourless cotton fibre x100, top right red cotton fibre x200, bottom left blue 

cotton fibre x400, bottom right blue cotton fibre x400. 
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4.2.2.10 Hair 
 

This tag includes all hair that cannot be attributed to textile use this includes 

human hair and some animal hair that has made its way into the sample. 

Hair can appear very similar to microfibres. Examples of hairs can be seen in 

Figure 4.13. 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

Figure 4.13 A selection of different hairs, top left brown hair x400, top right brown hair x200, middle left 
colourless hair x400, middle right x400, bottom the same brown hair x 400 (left) x 100 (right). 
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4.2.2.11 Hair Textile 
 

Textile hairs include items such as wool and hairs that are processed or 

dyed, making them anthropogenic in origin. The most common feature of 

these fibres is the presence of dye. Examples of textile hairs can be seen in 

Figure 4.14. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.14 A selection of blue textile hairs x400. 
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4.2.2.12 Air Bubble 
 

Air bubbles can form on the tape lift as the excess water evaporates of the 

slide, some of the air bubbles can appear visually similar to dark fibres. 

Examples of images containing air bubbles can be seen in Figure 4.15. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.15 A selection of images of air bubbles, top left a colourless microfibre surrounded by air bubbles 
x100, top right a red microfibre within an air bubble x40, middle left blue microfibre surrounded by air 
bubble x200, middle right blue microfibre surrounded by air bubbles x100, bottom left colourless microfibre 

surrounded by air bubbles x40, bottom right small colourless microfibre within an air bubble x40. 
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4.2.2.13 Pen 
 

Pen was used to mark the slide during the searching stage to indicate where 

a potential anthropogenic particulate was on the slide; as such, it appears in 

several photos. Examples of images containing pen can be seen in Figure 

4.16. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.16 A selection of images demonstrating the use of pen to mark areas of interest in the slide x40. 
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4.2.2.14 Natural Material  
 

This tag encompasses any natural material that may be present on the slide 

this includes plant matter, minerals and natural fibres that are not of 

anthropogenic origin. Examples of natural materials present in the samples 

can be seen in Figure 4.17. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.17 Three images demonstrating natural material. 
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4.2.2.15 Insect Matter 
 

As the samples are from a natural environment, there will be a level of insect 

matter found in the sample. This includes aquatic insects and terrestrial 

insects that have made their way into the water samples. Some examples of 

the insect matter found in the samples can be seen in Figure 4.18. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.18 Top left an aquatic insect x40, top right an ant x 400, bottom left a spider leg x400, 
bottom right an aquatic insect x40. 
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4.2.2.16 Salt 
 

Salt naturally occurs in aquatic systems in different concentrations; as the 

water evaporates, it will leave behind salt crystals that may crystalise onto an 

anthropogenic particulate. Examples of salt crystals can be seen in Figure 

4.19. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4.19 Examples of salt crystals. 
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4.2.2.17 Edge of Slide 

 

Some of the anthropogenic particulates are located near the edge of the 

microscope slide meaning that it will appear in some of the images and so 

needs to be included in the annotations. Examples of images showing the 

edge of the slide can be seen in Figure 4.20.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.20 Two images showing the edge of the microscope slide x40. 
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4.2.2.18 Easylift® Tab 
 

In the same way that the edge of the slide can be in some of the images the 

blue tab of the Easylift® tape also appears in some of the images when items 

of interest are positioned near to it. Examples of images showing the 

Easylift® tab can be seen in Figure 4.21. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 4.21 Two images that shows Easylift®’s blue tab in the image x40. 
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4.2.2.19 Sand 
 

Sand was present in the soil samples, and some of the bottom of the water 

column samples were particularly murky. An example of an image with sand 

can be seen in Figure 4.22. 

 

Figure 4.22 An image of a sample slide that contains sand x100. 

 

4.2.2.20 Anthropogenic  
 

Some items cannot be conclusively identified but are known to be of 

anthropogenic origin either through the presence of dye or internal 

characteristics for example cotton fibres can identified by its kidney shaped 

cross sectional shape, the presence of a lumen and convulsions along the 

length of the fibres (Gordon, 2009). Type of anthropogenic fibres include 

materials such as cupro, viscose, and other cellulosic fibres. Some examples 

of anthropogenic fibres can be seen in Figure 4.23. 
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4.2.2.21 Unknown 
 

Some material found during analysis could not be definitively identified and 

so were given the identification of unknown. An example of something with 

an unknown classification can be seen in Figure 4.24. 

 

 

 

 

 

 

 

 

 

 
 

Figure 4.23 Two examples of fibres that were identified as anthropogenic x400. 

Figure 4.24 An Image of something that was given the unknown classification x200. 
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4.2.3. Training the Dataset 
 

The 3102 images and annotations were uploaded to Roboflow (Dwyer & 

Nelson, 2022) and split into training, validation, and test set with a 70% 

(2171), 20% (621), 10% (310) split as this split has previously been used in 

literature (Xi et al., 2020, Revi et al., 2021, Effendi, Ramadhan & Hidayat, 

2023. & Himami, Bustamam & Anki, 2021).  Table 4.3 shows the breakdown 

of the populations of the different classifications used.  

A second dataset was created by randomly augmenting the training images 

using Roboflow. The augmentations used were flipped horizontally and 

vertically, rotated 90 ° clockwise, counterclockwise, and upside down, and a 

4% blur was applied. This increased the number of training images to 6504. 

Table 4.3 A table to show the number of each class represented in the 3102 images in the dataset.  

Class Total Train  Validation Test  

All 260818 180012 55121 25685 

Air bubble 14323 10101 2796 1426 

Anthropogenic 39 30 6 3 

Background material 224347 155060 47202 22085 

Sand 0 0 0 0 

Cellulose filter paper 4023 2719 917 387 

Cotton 1081 709 248 124 

Diatom 10144 6695 2434 1015 

Easylift® tab 11 7 4 0 

Film 0 0 0 0 

Edge of slide 55 37 13 5 

Fragment 281 257 89 35 

Glass filter fibre 3384 2267 823 294 

Hair textile 74 56 11 7 

Hair 75 58 11 6 

Insect matter 11 8 3 0 

Microbead 4 3 1 0 

Microfibre 2075 1480 387 208 

Natural material 182 121 38 23 

Pen 524 347 116 61 

Salt 72 48 18 6 

Unknown 13 9 4 0 
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Training was undertaken with YOLOv5 (Jocher et al., 2022), YOLOv7 

(Wang, Bochkovski & Liao, 2022) and YOLOv8 (Jocher, Chaurasia & Qiu, 

2023) three times each to test if different settings would help improve the 

models performance. They were trained once with 25 epochs (the number of 

times the whole dataset is passed through the algorithm) (Li et al., 2021, & 

Ghosal & Sarkar, 2020), once with 100 epochs (Li et al., 2021., Chen, Yoo & 

Fang, 2022. & Ieamsaard, Charoensook & Yammen, 2021), and once with 

the augmented training set with 100 epochs. The training was conducted 

using public Google Collaborate notebooks using the V100 GPU by following 

the open-source code provided in each notebook.  

4.3 Results and Discussion 

 

The images taken on the Hudson River were used in this study as they 

encompass a wide range of environmental conditions, from freshwater to salt 

water. Meaning that they would generate a comprehensive data set that 

would contain a wide range of different materials as the environment 

changed, e.g. the levels of salt or the population of diatoms changes along 

the course of the river. The images were also from environmental samples 

meaning that they would be representative of the type of samples being 

taken in microplastic research and so the resulting models should be able to 

cope with any environmental microplastic sample. Controlled laboratory 

images were also included in the dataset to increase the representation of 

microfibres in the dataset and to include some fibre types that were not well 

represented in the dataset such as bilobal fibres and green fibres.  

The Classes laid out in Section 4.2.2 were chosen to account for anything 

that was likely to appear in the sample images was able to be placed into 

one of the classifications. A large number of classes were chosen as 

opposed to ‘microplastic’ or ‘not microplastic’ so that information could be 

gleaned about what classifications are being confused for others, meaning 

that the dataset can be better evaluated. It also meant that the classification 

of anthropogenic materials that would have fallen into ‘not microplastic’, such 
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as cotton, could also be identified by the resulting model, allowing for greater 

detail to be gained from the samples being investigated.  

A 70:20:10 split was used as it is a commonly used breakdown of data in 

machine learning (Xi et al., 2020. Revi et al., 2021. Effendi, Ramadhan & 

Hidayat, 2023. & Himami, Bustamam & Anki, 2021). Himami, Bustamam & 

Anki (2021) trialled a 70:20:10 split and a 60:20:20 split to detect pathologic 

myopia; they found that the 70:20:10 split overall performed the best in the 

majority of models produced.  

YOLO was selected as the algorithm being investigated as it is one of the 

faster single-stage detectors available, being able to identify and classify 

objects in a single pass-through of the network (Nelson, 2021). It is also 

frequently used in research (Yang et al., 2023a, Talaat & ZainEldin, 2023, 

Jung & Choi, 2022. & Naseri & Ali, 2022). As it has the advantage of speed it 

lends itself to detecting and classifying the microplastics in real time (Naseri 

& Ali., 2022). The ability to detect in real time would be invaluable to 

microplastic research and greatly speed up the analysis process allowing 

research to be completed in shorter periods of time. In addition YOLO has 

several other advantages over other traditional algorithms such as Random 

Forest or R-CNN including that it uses a global context awareness when 

analysing the images, meaning that the algorithm looks at the entire image 

and uses context from that background to help inform identifications reducing 

the number of false positives when there are complex backgrounds (Redmon 

et al., 2016). YOLO is also able to maintain a high accuracy when dealing 

with images that contain overlapping objects and multiple object 

classification by applying techniques such as non-maximum suppression 

(Buhl, 2024) both of which are features very commonly seen in images of 

microplastic samples.YOLOv5 was selected as one of the versions of YOLO 

to test as it was the first of the YOLO models to connect predicting bounding 

boxes with the class labels for an end-to-end differentiable network and 

performed better and was faster than the previous iterations of YOLO 

(Solawetz., 2020). It also has the benefit of a small memory requirement and 

the ability to be used in real-time with a better background area distinction in 

comparison to other models (Shishkin & Grekov, 2023). In addition YOLOv5 
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can very easily be scaled and applied on mobile devices allowing in field 

analysis to be undertaken (Solawetz, 2020).YOLOv7 was also chosen as it 

had a different structure to YOLOv5 through the addition of the extended 

efficient layer aggregation and adding model scaling techniques and has 

been shown to have a faster and more accurate performance (Solawetz, 

2024). YOLOv8 was selected as, at the time of training it was the latest 

version of YOLO available.  In addition, it has a measured high level of 

accuracy (Solawetz. & Francesco, 2024). YOLOv8 also has have several 

architectural changes in comparison to YOLOv5 (Solawetz. & Francesco, 

2024). YOLOv8 does not use any anchors, meaning that it implies rather 

than predicting distance from a known anchor box, and it estimates the 

centre of the object (Nelson, 2021). 

4.3.1 YOLOv5 

4.3.1.1 YOLOv5 Training with 25 Epochs 

 

Table 4.4 shows the metrics produced for each classification when trained 

with YOLOv5 for 25 epochs. The precision (Also known as positive predictive 

value) was fairly high at 0.68 compared to some of the single classes in this 

model, the precision measures the proportion of positive identification that 

were correct, meaning in this instance 68% of positive identifications were 

true positives. Whereas the recall (also known as the true positive rate) 

measures the proportion of actual positives that were identified correctly for 

this model. The recall was low at 0.108, this means that the model correctly 

identified 10.8% of objects, a successful algorithm will have a high precision 

that remains high as the recall increases (Padilla, Netto & da Silva, 2020) 

indicating that it is consistently correctly identifying the classification of the 

objects. There are various metrics to help evaluate precision and recall 

together including the F1 score, which is the harmonic mean of precision and 

recall with a score of 1 meaning the model has perfect precision and recall 

and 0 meaning either the precision and or recall are 0. The F1 score for this 

model was 0.186, which is very low and indicates that the model is not 

performing well in correct identifications. The overall results for mAP50 and 

mAP50-95 were also low; these metrics show how much overlap there is 
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between the ground truth data and predicted data, which helps to 

demonstrate both an identification was successful and if the predicted 

bounding box was placed in the correct location. Meaning for mAP50 if the 

predicted bounding box has an overlap of 50% or more with the ground truth 

bounding box, the identification is considered successful, and in mAP50-95, 

which looks at the range of overlap between 50-95% between the predicted 

bounding box and the ground truth bounding box in 0.5 increments and 

averages them for the overall mAP50-95 value (Géron, 2019). As the results 

for both of these metrics were low, this means that the algorithm was not 

accurately placing the predicted bounding box. There are several 

classifications that have a precision of 1 but a recall, mAP50 and mAP50-95 

of 0, this means that for this classification there were not successful 

identifications. Overall, this model was most successful at identifying air 

bubbles and background material. 

Table 4.4 A table to show the overall precision, recall, F1 score,  mAP50 (a metric to evaluate how 
successful an identification is when the Intersection Over Union (IOU) or the overlap between the 
predicted and actual bounding box is 50%) and mAP50-95 a metric to evaluate how successful an 
identification is when the IOU is 50-95%) when the images are trained with YOLOv5 and 25 epochs. 

Class Precision Recall F1 score mAP50 mAP50-95 

All  0.68 0.108 0.186 0.0895 0.0414 

Air bubble 0.31 0.405 0.351 0.312 0.158 

Anthropogenic 1 0 0 0 0 

Background 

material 

0.263 0.436 0.328 0.351 0.134 

Cellulose filter 

fibre 

0.196 0.0414 0.068 0.0461 0.0174 

Cotton 0.351 0.19 0.247 0.151 0.0591 

Diatom 0.281 0.121 0.169 0.129 0.0748 

Easylift tab 1 0 0 0 0 

Edge of slide 1 0 0 0 0 

Fragment 0.441 0.221 0.294 0.145 0.0647 

Glass filter fibre 0.271 0.00365 0.007 0.0293 0.0101 

Hair textile 1 0 0 0 0 

Hair 1 0 0 0.0912 0.0476 
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Insect matter 1 0 0 0 0 

Microbead 1 0 0 0 0 

Microfibre 0.24 0.336 0.28 0.161 0.053 

Natural material 1 0 0 0 0 

Pen 0.563 0.293 0.385 0.284 0.168 

Salt 1 0 0 0 0 

Unknown 1 0 0 0 0 

 

The dataset trained with YOLOv5 with 25 epochs did not yield satisfactory 

results. Figure 4.25 shows the confusion matrix for plotting the actual 

identification provided to the algorithm against the predicted identification, 

with the true positives being those in which the actual identification and 

predicted identification are the same. The confusion matrix shows that the 

algorithm could not correctly identify the different classes with a good level of 

accuracy. Air bubbles were correctly identified in 25% of cases (699 

identifications, the misidentifications for air bubbles were, background 

material 16% (447 identifications) and diatoms 5% (140 identifications). 

Anthropogenic material had no correct identifications, there were however, 

17% (1 identification) identified as cotton. Background material had a true 

positive identification rate 41% (19353 identifications). Cellulose filter fibres 

were correctly identified 1% of the time (9 identifications). The 

misidentifications for cellulose filter fibres were air bubble 5% (46 

identifications) and background material 9% (83 identifications). Cotton was 

correctly identified in 1% of cases (3 identifications). The misidentifications 

for cotton were background material 1% (3 identifications) and microfibres 

12% (30 identifications). Diatoms were correctly identified correctly 4% of the 

time (97 identifications). The incorrect identifications for diatoms were air 

bubbles 7% (170 identifications) and background material 19% (463 

identifications). Easylift® tab had no correct identifications, but there were 

misidentifications, background material and microfibre were both 8% (2 

identifications). The edge of the slide also had no correct identification, with a 

misidentification for background material of 12% (1 identification). Both the 

Easylift® tab and the edge of the slide are underrepresented in the dataset, 
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so to improve the identification of these classes, their representation should 

be increased. Fragments were correctly identified 8% of the time (7 

identifications). The misidentifications for fragments were air bubbles 1% (1 

identification), background material 31% (28 identifications), microfibre 3% (3 

identifications) and pen 4% (4 identifications). Glass filter fibres had no 

correct identifications. The misidentifications for glass filter fibres were air 

bubbles 2% (16 identifications) and background materials 12% (99 

identifications).  Hair textile and hair both had no correct identifications, and 

the only misidentification for both classes was microfibre. This 

misidentification is easily explainable as hairs and microfibres can have a 

similar appearance to each other. To resolve this problem and improve the 

overall performance of the algorithm, there are a number of steps that can be 

taken, including changing the number of epochs used when training the 

model, as the more times the training data is passed through the algorithm, 

the prediction errors will decrease (Géron, 2019). However, there will be a 

point where the errors will start to increase again, which indicates that the 

model is overfitting the training data set; this means there is an optimum 

number of epochs before the accuracy of the model starts to decrease (Lee 

& Lee, 2018). Another way to solve the problem would be to increase the 

representation of each class in the training data set either by adding more 

images or by adding an augmentation to the existing images because, 

naturally the representation of each class increases with the number of 

images used to train the more data the algorithm has to learn the better its 

performance metrics will be (Shahinfar, Meek & Falzon, 2020). Insect matter 

and microbeads both had no correct identifications or misidentifications, this 

is likely because they are underrepresented in the dataset. The model was 

able to correctly identify a microfibre in 16% of instances (61 correct 

identifications); the misidentifications were air bubbles and background 

materials 1% (3 identifications). Natural material had no correct 

identifications; the misidentifications for this class were background material 

16% (6 identifications), cellulose filter fibres and cotton 3% (1 identification). 

Pen was correctly identified 17% of the time (20 identifications), the 

misidentifications were air bubble 3% (3 identifications), background material 

25% (29 identifications) and fragments 7% (8 identifications). Salt was not 
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correctly identified by this model but there were misidentifications for air 

bubble 6% (1 identification) and background material 50% (9 identifications).   

 

 

Figure 4.25 A confusion matrix to show how successful the algorithm was at correctly predicting each 
class when trained with YOLOv5 for 25 epochs. 

Figures 4.26 and 4.27 show a precision-confidence and a recall-confidence 

curve respectively for the model produced by training the dataset with 

YOLOv5 with 25 epochs. From these graphs, it is apparent that the model 

does not have a good recall as all classes are 0.15 at a 0.0 confidence 

threshold, meaning that the model produces the best recall when there is a 

low confidence threshold used, which leaves the model open to false 

positives (Nurmaini et al., 2023). Conversely the precision of the model is 

shown to be high with all classes were 1.0 at a 0.902 confidence threshold. 
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However, in order to fully evaluate the model’s ability to classify objects, 

precision and recall need to be considered together. 

 

Figure 4.26 A precision-confidence curve to evaluate the model YOLOv5 when trained for 25 epochs. 

 

Figure 4.27 A recall-confidence curve to evaluate the model YOLOv5 when trained for 25 epochs. 
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Figure 4.28 shows the F1-confidence curve produced when that dataset was 

trained with YOLOv5 for 25 epochs. This figure helps to visualise the balance 

between the algorithm’s precision and recall, against various confidence 

thresholds to allow the selection of a confidence threshold that balances 

precision and recall or prioritises on over the over depending on what is 

required of the algorithm (if the score is under the minimum threshold the 

algorithm will ignore the prediction) if the confidence threshold is too low 

there will be more false positives and it if is too high there will be more false 

negatives (Nurmaini et al., 2023). As the confidence threshold decreases the 

F1 score has decreased, all classes had an F1 score of 0.11 at a confidence 

threshold of 0.130 which is very low and indicates a poorly performing model.     

 

 

Figure 4.28 An F1-confidence curve to evaluate the model produced using YOLOv5 when trained for 

25 epochs.  

Figure 4.29 shows the precision-recall curve produced when training the 

dataset with YOLOv5 for 25 epochs. A high area under the curve means that 

there is a high recall and precision (Géron, 2019). From the graph we can 
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see that the model is most successful at identifying air bubbles, background 

material and pen, while all classes have an area under the curve of 0.089, 

this is a very low metric that indicates that the model is not performing well 

and would not be a good model to implement in its current form for the 

identification of microplastics.   

 

 

Figure 4.29 A Precision-Recall curve to evaluate the model YOLOv5 when trained for 25 epochs. 

 

4.3.1.2 YOLOv5 Training with 100 Epochs 

 

Table 4.5 shows the metrics produced for each classification when trained 

with YOLOv5 for 100 epochs. The precision for all classes is 0.787, meaning 

that 78.7% of positive identifications were true positives. The recall is 0.196, 

meaning 19.6% of objects were correctly detected. The overall F1 score is 

0.314, which is still low and indicates a poorly performing model. These 

metrics are an improvement from YOLOv5 being run with 25 epochs, but as 

the recall is still fairly low the model will potentially have more false positives. 

The mAP50 and mAP50-95 also increased, showing that the model is better 
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at placing bounding boxes after 100 epochs than 25. The algorithm is most 

successful at identifying air bubbles, background material, fragments, 

microfibres and pen. There are still some classes that are not successfully 

being identified, namely anthropogenic, Easylift® tab, edge of slide, hair 

textile, hair, insect matter, microbead, natural material and salt, but this could 

be due to an underrepresentation of those classifications in the dataset.  

Table 4.5 A table to show the overall precision, recall, F1 Score, mAP50 (a metric to evaluate how 
successful an identification is when the Intersection Over Union (IOU) or the overlap between the 
predicted and actual bounding box is over 50% the identification is successful) and mAP50-95 a metric 
to evaluate how successful an identification is when the IOU is 50%-95%) when the images are trained 

with YOLOv5 and 100 epochs. 

Class Precision Recall F1 Score mAP50 mAP50-95 

All  0.787 0.196 0.314 0.213 0.122 

Air bubble 0.547 0.588 0.567 0.586 0.333 

Anthropogenic 1 0 0 0 0 

Background 

material 

0.441 0.489 0.464 0.451 0.188 

Cellulose filter 

fibre 

0.473 0.292 0.361 0.269 0.134 

Cotton 0.571 0.371 0.450 0.381 0.217 

Diatom 0.631 0.362 0.460 0.442 0.258 

Easylift tab 1 0 0 0 0 

Edge of slide 1 0 0 0 0 

Fragment 0.701 0.337 0.455 0.423 0.284 

Glass filter fibre 0.336 0.239 0.279 0.2 0.0769 

Hair textile 1 0 0 0.0266 0.0213 

Hair 1 0 0 0.183 0.119 

Insect matter 1 0 0 0 0 

Microbead 1 0 0 0 0 

Microfibre 0.574 0.471 0.517 0.467 0.26 

Natural material 1 0 0 0.0329 0.0178 

Pen 0.683 0.576 0.625 0.593 0.415 

Salt 1 0 0 0 0 

Unknown 1 0 0 0 0 
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Figure 4.30 shows the confusion matrix produced when the dataset was 

trained with YOLOv5 for 100 epochs. Air bubbles were successfully identified 

in 54% of instances (1510 identifications), and the model confused air 

bubbles for background material in 9% of cases (252 identifications) with 

cellulose filter paper in 1% of cases (28 identifications). The remaining 

identifications were predicted as being ‘background’ (1006 identifications) 

and so were not detected by the model.  No objects that were supplied to the 

model as anthropogenic were correctly identified, but 17% (1 identification) 

were identified as cotton and microfibres, respectively, as these are both 

forms of anthropogenic fibres (Gordon., 2009) these identifications are not 

necessarily incorrect. A conclusive identification beyond that they were 

anthropogenic in origin was not able to be obtained manually. 49% (23129 

identifications) of background material was identified correctly with the 

remainder of those that were not correctly identified being predicted as 

background (false negative). Cellulose filter fibres were correctly identified in 

24% of instances (220 identifications); the model did have some false 

negatives, including 5% (46 identifications) identified as air bubbles, 10% (92 

identifications) identified as background material and 60 % (550 

identifications) categorised as ‘background’. The predictions of air bubbles 

could be due to the fact that the filter fibres are colourless and so an edge of 

a cellulose filter fibre may appear similar to the edge of an air bubble; there is 

also likely to be instances where air bubbles and cellulose filter fibres are in 

close proximity and may be present within each other’s bounding boxes, 

which could lead to the errors in predictions. Object overcrowding is a 

common issue with microscope images used in machine learning as the 

images often contain a large number of items of interest overlapping each 

other. This is very true with microplastic samples, particularly microfibres. 

This overcrowding can cause a barrier to automatic detection and 

segmentation of individual objects (Zinchuk, Grossenbacher-Zinchuk, 2020). 

This issue would also be difficult to overcome as the model would need to be 

trained with realistic examples of images that it might encounter, and if it was 

trained with images made to have no overlap, it might then struggle to 

identify objects from environmental samples which is the goal of the model 

being tested in this project. Cotton was successfully identified in 29% (72 
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identifications) of predictions, misidentifications were 1% (3 identifications) 

identified as air bubbles, 1% (3 identifications) identified as background 

material, 6% (15 identifications) identified as cellulose filter paper, 10% (25 

identifications) identified as a microfibre and 52% (550 identifications) were 

identified as ‘background’. The misidentification of cellulose filter paper can 

be attributed to the fact that cotton and the filter paper fibres are visually 

similar to each other, as both are cellulosic in nature (Sczostak, 2009).  

Diatoms were successfully identified in 30% (730 predictions) of predictions, 

misidentifications were 2% (49 identifications) air bubbles, 15% (365 

predictions) background material, and 53% (1290 predictions) were identified 

as background as so were not located by the model. As diatoms are small 

and come in a variety of different shapes (Carson, 2013), the model may 

struggle with their identification, especially as some of them are perfectly 

spherical and can look similar to a microbead. No diatoms were misidentified 

as microbeads in this model. However, there is a lack of representation of 

microbeads in the dataset, so both diatoms and microbeads would need to 

be better represented in the dataset to counteract potential misidentifications 

on unknown environmental samples.  The Easylift® tab was not successfully 

identified in this model, misidentifications were 25% (1 identification) and 

background material 25% (1 identification), although this class was only 

represented in the validation set 4 times, meaning that the representation of 

this class in the dataset needs to be increased. The edge of slide also did not 

have any correct identifications, 15% (2 identifications) were incorrectly 

identified as cotton, and 8% (1 identification) were identified as cellulose filter 

paper, this could be because all of the cellulose filter fibres and a large 

number of cotton fibres were colourless, and so may have appeared similar 

to the edge of the microscope slide, to counter act this the representation of 

the edge of slide class could be increased. Fragments were correctly 

identified 24 % of the time (21 identifications); as this is a microplastic, the 

level of identification is not satisfactory to be used as a method of 

identification. Misidentifications were background material 30% (27 

identifications), diatoms 2% (2 identifications) and pen 4% (4 identifications). 

Glass filter paper was correctly identified in 20% (165) of identifications, with 

misidentifications including background material for 8% (66 identifications) 
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and air bubbles for 3% (25 identifications). It is possible that the glass filter 

paper was mistaken for air bubbles as the edge of an air bubble would 

appear very similar in appearance to a glass filter fibre. The background 

material misidentification could be explained as there was a lot of glass filter 

fibres it was impossible to separate the background material and the glass 

filter fibres in the bounding boxes. Both textile hair fibres and hair were not 

correctly identified; textile hair was misidentified as fragments in 9% of 

identifications (1 identification). This could be due to the hair being dyed a 

synthetic colour such as blue, which was a common colour for fragments to 

be. The textile hair was also mistaken for cotton in 18% of identifications (2 

identifications). Hair was misidentified as a microfibre in 82% of 

identifications (9 identifications). This is likely as hair can appear visually 

similar to a cylindrical synthetic fibre, especially when there are no 

observable features such as the medulla or the scale pattern visible in the 

image. Hair was also misidentified as cotton in 9% of identifications (1 

identification). Both hair and textile hair only have 11 images each in the 

validation set so there may not be enough representation in the data set to 

accurately identify these two classes. Insect matter appeared one time in the 

validation set and was misidentified as ‘background’ this would be because it 

is severely underrepresented in the and because the class would cover a 

wide variety of materials that may appear for example, across the whole 

dataset a spider’s leg, an ant and several aquatic organisms were classified 

as insect material. Microbeads were also only represented once in the 

validation set, it was incorrectly identified as background material, this class 

needs to be better represented in the data set in order to produce a robust 

method of microplastic identification. Microfibres were correctly identified in 

44% of identifications (170 identifications), this is an improvement from 16% 

when run for 25 epochs, but as the rate of identification is less than 50% it is 

not a reliable method for correctly identifying the presence of microfibres. 

Misidentifications include 5% cotton (19 identifications), 1% cellulose filter 

fibre (4 misidentifications), and 2% air bubbles (8 identifications). Natural 

material was not correctly identified in this model, misidentifications of natural 

material were 18 % background material (7 identifications), 3% cellulose filter 

fibre (1 misidentification) and 5% cotton (2 identifications). Pen was correctly 
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identified in 49% (57 identifications), the most common misidentification was 

background material 14% (17 identifications). Other misidentifications were 

air bubble and cellulose filter fibre (3%) (3 identifications) and fragments and 

microfibre 1% (1identification). Salt was not correctly identified by this model; 

this is likely because that images used to train and test the model were from 

the upper Hudson River where salt levels were low compared to saltwater 

samples. The most common misidentification was background material at 

72% of identifications (13 identifications), salt was misidentified as an air 

bubble in 6% of identifications (1 identification).   

 

 

Figure 4.30 A confusion matrix to show how successful the algorithm was at correctly predicting each 

class when trained with YOLOv5 for 100 epochs. 
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 Figure 4.31 shows a precision-confidence curve, and Figure 4.32 shows a 

recall-confidence curve when the dataset was trained with YOLOv5 for 100 

epochs. From these two graphs, the model’s precision is high, with all 

classes having a precision of 1.00 at a confidence level of 0.902, whereas 

the recall is very low for this model, with all classes having a recall of 0.29 at 

a confidence of 0.0. These two metrics together show how well the model 

performs at correctly identifying the different classes; a good model will have 

a high precision and recall.  

 

Figure 4.31 A precision-confidence curve to evaluate the model YOLOv5 when trained for 100 epochs. 
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Figure 4.32 A recall-confidence curve to evaluate the model YOLOv5 when trained for 100 epochs. 

 

Figure 4.33 shows an F1-confidence curve to evaluate the model by taking 

both precision and recall into consideration. All classes are at 0.22 at a 

confidence of 0.197, after this point the F1 score begins to decrease. The 

model overall performs best in the identification of pen, followed by air 

bubble and background material. 
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Figure 4.33 An F1-confidence curve to evaluate the model produced using YOLOv5 when trained for 
100 epochs. 

Figure 4.34 shows a precision-recall curve for the model produced by 

training with YOLOv5 for 100 epochs, the higher the area under the curve 

and the closer to the top right-hand corner, the better the model was at 

correctly identifying that class. The model was most successful at identifying 

pen with and area under the curve of 0.586, followed by microfibres with an 

area under the curve of 0.467. The model was least successful at identifying 

salt, unknown, microbeads, edge of slide and Easylift® tab with an area 

under the curve of 0.0 meaning no correct identifications were made for 

these classes. Overall, the model had an area under the curve of 0.213, 

indicating that the model has not performed well in the identification of 

microplastics.  
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Figure 4.34 A Precision-Recall curve to evaluate the model YOLOv5 when trained for 100 epochs. 

 

4.3.1.3 YOLOv5 Training with Augmented Data and 100 Epochs 

Table 4.6 shows the metrics produced for each classification when trained 

with YOLOv5 for 100 epochs with augmented images used in the training 

data see Section 2.2.3 for more information on the augmented images. The 

precision for all classes is 0.728, meaning that 72.8% of positive 

identifications were true positives. The recall is 0.217, meaning 21.7% of 

objects were correctly detected.  The recall metric is still low compared to the 

precision, meaning there is a higher chance of false positives. The Overall 

F1 score was 0.334, which is low and means that the model is not 

performing well overall. From the metric shown in Table 4.6 the model is 

most successful at identifying air bubbles, pen and microfibres. The most 

accurate bounding boxes were made for air bubbles, pen, microfibres and 

fragments.  
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Table 4.6 A table to show the overall precision, recall, F1 Score, mAP50 (a metric to evaluate how 

successful an identification is when the Intersection Over Union (IOU) or the overlap between the 

predicted and actual bounding box is over 50% identification is successful) and mAP50-95 a metric to 

evaluate how successful an identification is when the IOU is 50-95%) when the augmented images are 

trained with YOLOv5 and 100 epochs. 

Class Precision Recall F1 Score mAP50 mAP50-95 

All  0.728 0.217 0.334 0.269 0.162 

Air bubble 0.708 0.626 0.665 0.673 0.399 

Anthropogenic 1 0 0 0.0099 0.00396 

Background 

material 

0.564 0.466 0.510 0.475 0.203 

Cellulose filter 

fibre 

0.606 0.335 0.431 0.375 0.208 

Cotton 0.566 0.3 0.392 0.395 0.222 

Diatom 0.706 0.431 0.574 0.496 0.285 

Easylift tab 0 0 0 0 0 

Edge of slide 1 0 0 0.127 0.0927 

Fragment 0.742 0.483 0.585 0.542 0.375 

Glass filter fibre 0.49 0.318 0.386 0.315 0.138 

Hair textile 1 0 0 0.076 0.046 

Hair 1 0 0 0.263 0.197 

Insect matter 1 0 0 0 0 

Microbead 0 0 0 0 0 

Microfibre 0.678 0.509 0.581 0.6 0.345 

Natural material 1 0 0 0.0715 0.0312 

Pen 0.781 0.664 0.718 0.689 0.536 

Salt 1 0 0 0 0 

Unknown 1 0 0 0 0 

 

Figure 4.35 shows the confusion matrix produced when the dataset was 

trained with YOLOv5 for 100 epochs with an augmented training dataset. Air 

bubbles were correctly identified in 62% of cases (1734 identifications), this 

is an improved identification compared to the model produced without 

augmented images, with 224 more correct identifications. However, there are 

still 29% (811) of air bubbles not being detected by this model. This may be 
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due to the location of these air bubbles within the image if they are near 

other materials the model may not be able to distinguish between the two 

objects. Air bubbles were misidentified as background material 7% of the 

time (196 identifications) and as cellulose filter paper 1% of the time (28 

identifications). There were no correct identifications for anthropogenic 

materials, however 33% (2 identifications) were identified as microfibres 

which they would appear visually similar to, as anthropogenic materials is a 

class for items with no confirmed identifications such as cotton etc, there will 

be a large variety of features present in this class, and these features are 

likely to overlap with other classes that could be classed as anthropogenic 

but have known identifications. As such this will be a challenging class to 

correctly predict, and it may be that while the analysist was not able to 

correctly assign an identification further than anthropogenic it does not mean 

that the algorithm was necessarily wrong if it classifies an item as a 

microfibre or cotton. In addition to this there is an under representation of this 

class as it only occurs if a conclusive identification further than anthropogenic 

in origin cannot be reached. The background material classification was 

correctly identified in 51% of predictions (24073 identifications), the 

remaining background material classifications were not detected by the 

algorithm. Cellulose filter fibres were correctly predicted 33% of the time (303 

identifications). Only 1% (9 identifications) were misidentified as cotton which 

is surprising as they are visually very similar when the cotton is colourless, 

and colourless cotton is represented in the data set. Other misidentifications 

for cellulose filter fibres were air bubbles 3% (27 identifications) and 

background material 13% (119 identifications). Cotton was correctly 

predicted in 33% of identifications (82 identifications). Like with cellulose filter 

fibre cotton was only misidentified as cellulose filter paper in 6% of 

identifications (15 identifications), this implies that the model may be able to 

accurately distinguish between the two classes. Other misidentifications for 

cotton are air bubbles 1% (3 identifications), background material 1% (3 

identifications) and microfibres 11% (27 identifications). Diatoms were 

correctly predicted in 40% of identifications (974 identifications), 

misidentifications for the diatom class were background material 13 % (316 

identifications) this is likely as diatoms were very small and would be very 
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close to background material and debris and so would not be easily excluded 

from each other’s respective bounding box; and air bubble 1% (27 

identifications). Easylift® tab was not correctly identified in this model, 

misidentifications for Easylift® tab were, background material 25% (1 

identification) and microfibres 50% (2 identifications). As this is an 

underrepresented class it is not a surprise that it has not been accurately 

predicted by the model, the presence of the classification within the data set 

should be increased in order to improve the correct classification rate. The 

edge of the slide was also not correctly predicted in this model, the 

misidentifications produced were, background material 8% (1 identification), 

cellulose filter fibre 8% (1 identification), cotton 8% (1 identification) and pen 

15% (2 identifications). Fragments were correctly predicted by this model 

38% of identifications (34 identifications). The misidentifications for 

fragments were, air bubble 2% (2 identifications), background material 29% 

(26 identifications) and pen 2% (2 identifications). A large number of 

fragments (28% or 25 fragments) were not detected by the algorithms this is 

a high number of microplastics be to be missed by the model and this would 

need to be improved before it could be used to classify samples. The glass 

filter fibre classification was correctly identified in 34% of identifications (280 

identifications). The misidentification for this class were air bubble 1% (8 

identifications) and background material 7% (58 identifications). Textile hair 

fibres were not detected by this model, but a misidentification of microfibre 

was predicted in 36% (4 identifications) of identifications, this is a reasonable 

misidentification as they will both look very similar to each other especially if 

the textile fibre presents no features such as the medulla or a cuticle pattern 

in the images. Hair textile also had a 27% (3 identifications) misidentification 

rate for cotton.  Hair also was not successfully identified by the model and 

had an 82% (9 identifications) microfibre misidentification rate, and 9% (1 

identification) for cotton.  Insect matter was not detected by the model and 

there were no misidentifications for this classification.  Microbeads were also 

not detected by the model, and the one instance of microbeads was 

misidentified as background material. Microfibres were correctly identified in 

52% of classifications (201 identifications) this is a higher level of accuracy 

than some other classes but as the primary purpose of this algorithm is to 
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identify microplastics the error rate is still too high to be used reliably. 

Misidentifications for microfibres were air bubble 2% (8 identifications), 

cellulose filter fibre 2% (8 identifications) and cotton 7% (27 identifications). 

Natural material was not correctly identified by this model, the 

misidentifications were, air bubble 3% (1 identification), background material 

24% (9 identifications), cellulose filter fibres 3% (1 identification), cotton 5% 

(2 identifications), glass filter fibres 3% (1 identification) and microfibre 8% (3 

identifications). There is a large variation in the misidentifications for this 

classification, this is likely due to the large variation of visual appearance in 

this class and overcrowding in the images. Pen was correctly identified in 

62% of identifications (72 identifications), the misidentifications for this class 

were air bubble 3% (3 identifications), background material 11% (9 

identifications), cellulose filter fibre 1% (1 identification) and fragment 1% (1 

identification). Salt was not correctly identified by the algorithm, and 78% of 

the salt objects were misidentified as background material. Overall, this 

model is most successful at identifying pen, microfibres, background material 

and air bubbles. The most common misidentifications were air bubble, 

background material, cellulose filter fibres, glass filter fibres and microfibres.  
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Figure 4.35 A confusion matrix to show how successful the algorithm was at correctly predicting each 
class when trained with augmented images using YOLOv5 for 100 epochs. 

Figure 4.36 shows a precision-confidence curve, and Figure 4.37 shows a 

recall-confidence curve when the dataset was trained with YOLOv5 for 100 

epochs and augmented images were used in the training dataset. From 

these two graphs, it can be seen that the model’s precision is high, with all 

classes having a precision of 0.89 at a confidence level of 0.916, whereas 

the recall is very low for this model, with all classes having a recall of 0.38 at 

a confidence of 0.0. Pen, air bubbles and fragments had the best recall in 

this model.  
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Figure 4.36 A precision-confidence curve to evaluate the model when trained with augmented images 

using YOLOv5 for 100 epochs. 

 

Figure 4.37 A recall-confidence curve to evaluate the model when trained with augmented images 

using YOLOv5 for 100 epochs. 
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Figure 4.38 show a F1-confidence curve when the dataset was trained with 

YOLOv5 for 100 epochs and augmented images used in the training dataset. 

All classes are at 0.25 at a confidence of 0.292, after this point the F1 score 

begins to decrease. The model overall performs best in the identification of 

pen, followed by air bubble, fragments and microfibres.  

 

Figure 4.38 An F1-confidence curve to evaluate the model produced when trained with augmented 

images using YOLOv5 for 100 epochs. 

Figure 4.39 shows a precision-recall curve for the model produced by 

training with YOLOv5 for 100 epochs and augmented images used in the 

training dataset. The model was most successful at identifying pen with and 

area under the curve of 0.689, followed by air bubble with an area under the 

curve of 0.673 and microfibres with an area under the curve of 0.600. The 

model was least successful at identifying salt, unknown, microbeads, edge of 

slide and Easylift® tab with an area under the curve of 0.0 meaning no 

correct identifications were made for these classes. Overall, the model had 

an area under the curve of 0.269, indicating that the model has not 
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performed well in the overall classification of objects commonly found in 

microplastic samples.  

 

 

Figure 4.39 A Precision-Recall curve to evaluate the model when trained with augmented images 
using YOLOv5 for 100 epochs. 

4.3.2 YOLOv7 

4.3.2.1 YOLOv7 Training with 25 Epochs 
 

Table 4.7 shows the metrics produced for each classification when trained 

with YOLOv7 for 25 epochs. The precision for all classes is 0.843, meaning 

that 84.3% of positive identifications were true positives. The recall is 0.332, 

meaning 33.2% of objects were correctly detected.  The recall metric is still 

low in comparison to the precision meaning that there is a higher chance of 

false positives. The Overall F1 score was 0.476, which is low and means that 

the model is not performing well overall in the identification of all 

classifications. From the metric shown in Table 4.7 the model is most 

successful at identifying air bubbles, pen, fragments, and microfibres. The 

most accurate bounding boxes were made for air bubbles, pen, microfibres, 

air bubble and fragments.  
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Table 4.7 A table to show the overall precision, recall, F1 Score, mAP50 (a metric to evaluate how 

successful an identification is when the Intersection Over Union (IOU) or the overlap between the 

predicted and actual bounding box is over 50% identification is successful) and mAP50-95 a metric to 

evaluate how successful an identification is when the IOU is 50-95%) when the images are trained with 

YOLOv7 and 25 epochs. 

Class Precision Recall F1 Score mAP50 mAP50-95 

All  0.843 0.332 0.476 0.354 0.244 

Air bubble 0.795 0.809 0.802 0.834 0.543 

Anthropogenic 1 0 0 0.0231 0.0195 

Background 

material 

0.663 0.529 0.588 0.556 0.241 

Cellulose filter 

fibre 

0.596 0.7 0.644 0.647 0.403 

Cotton 0.71 0.552 0.621 0.63 0.451 

Diatom 0.775 0.665 0.716 0.688 0.423 

Easylift tab 1 0 0 0 0 

Edge of slide 1 0 0 0 0 

Fragment 0.898 0.685 0.777 0.719 0.558 

Glass filter fibre 0.593 0.601 0.597 0.602 0.344 

Hair textile 0.999 0.0909 0.166 0.194 0.188 

Hair 1 0 0 0.065 0.0623 

Insect matter 1 0 0 0 0 

Microbead 1 0 0 0 0 

Microfibre 0.756 0.705 0.730 0.781 0.586 

Natural material 0.313 0.105 0.157 0.101 0.0824 

Pen 0.919 0.871 0.894 0.878 0.727 

Salt 1 0 0 0.000688 0.00055 

Unknown 1 0 0 0 0 
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Figure 4.40 shows a confusion matrix produced when the dataset was 

trained with YOLOv7 for 25 epochs. Air bubbles were correctly identified in 

82% of cases (2293 identifications), this is a good level of positive 

identification, air bubbles were misidentified as background material in 3% of 

identifications (84 identifications). There is still a false negative rate of 14% 

(391 air bubbles) for the air bubble classification. Anthropogenic and salt 

were not detected and had no misidentifications, this may be due to low 

representation in the dataset and overcrowding in the images that the class 

is present in this may improve if the model is run for more epochs. 

Background material was correctly identified 56% of the time (26433 

identifications), there were no misidentifications for background material, but 

a large false negative rate of 43%. Cellulose filter fibre had a correct 

prediction rate of 63% (578 identifications). The misidentifications for 

cellulose filter fibres were, air bubble 1% (9 identifications), background 

material 11% (101 identifications), cotton 2% (18 identifications), diatoms 1% 

(9 identifications) and microfibre 1% (9 identifications). Cotton had a correct 

prediction rate of 57% (141 identifications). The misidentifications for cotton 

were background material (2 identifications), cellulose filter fibres 2% (5 

identifications), diatom 1% (2 identifications), microfibres 9% (22 

identifications) and natural material 1% (2 identifications). Both cotton and 

cellulose filter fibres have a very low rate of misidentifications for each other, 

which is a good outcome for this model as both cotton and cellulose filter 

paper are cellulosic and so will look very visually similar to each other. 

Diatom has a correct prediction rate of 70%, the only misidentification was 

4% (97 identifications) as background material. This misidentification is not 

unexpected as the diatoms were ubiquitous over the sample slides and there 

are occasions where a diatom could not be excluded from a background 

material bounding box. Easylift® tab, edge of slide, hair, insect material and 

salt were not detected by the model, all occurrences of these classes were 

not classified by the model and so were false negatives. Fragments had a 

positive identification rate of 81% (72 identifications), the only 

misidentification was for microfibre 1% (1 identification). The remaining 

fragments were classified as false negatives. The correct identification rate 

for fragments is good for this model but could still be improved as the more 
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accurate the positive identification rates the better the model will be at 

detecting the microplastics. Glass filter fibres have a correct prediction rate of 

61% (502 predictions). The misidentification for glass filter fibres were 

background material 5% (41 identifications) and air bubble 1% (8 

identifications). Hair textile only had a correct prediction rate of 17% (2 

identifications) and no misidentifications all remaining hair textile objects 

were false negatives. Microfibres had a correct prediction rate of 68% (263 

identifications) but a wide variety of misidentifications; air bubble 1% (4 

identifications), anthropogenic 1% (4 identifications), cotton 6% (23 

identifications), hair textile 1% (4 identifications), hair 2% (8 identifications) 

and natural material 1% (4 identifications). While microfibres had a bigger 

variety of misidentifications the actual level of misidentification was fairly low 

for each of the classifications misidentified. Natural material had a correct 

prediction rate of 19% (7 identifications). The incorrect identifications for 

natural material were cotton 5% (2 identifications), microfibre 5% (2 

identifications) and unknown 10% (4 identifications). It is interesting that 10% 

were classified as unknown when the model made no identification for 

unknown, this could be because there is likely to be some visual similarities 

between those classified as unknown and natural materials as both do not 

have a conclusive identification and so there will be lots of characteristics 

shared between both classes. Pen had a correct prediction rate of 90% (104 

identifications) this is a very high correct prediction rate for this model. Pen 

had a misidentification rate of 1% (1 identification) for air bubble, background 

material, diatom, Easylift® tab, edge of slide and fragment. Overall, this 

model is most successful at identifying pen, microfibres, fragments, diatoms, 

background material and air bubbles. The most common misidentifications 

were air bubble, background material and microfibres.  
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Figure 4.40 A confusion matrix to show how successful the algorithm was at correctly predicting each 
class when trained using YOLOv7 for 25 epochs. 

 

Figure 4.41 shows a precision-confidence curve and figure 4.42 shows a 

recall-confidence curve when the dataset was trained with YOLOv7 for 25 

epochs. From these two graphs it can be seen that the model’s overall 

precision is high with all classes being having a precision of 1 at a 

confidence level of 0.941, whereas the overall recall is relatively low for this 

model with all classes having a recall of 0.53 at a confidence of 0.0. 

However, some of the classes are performing far better than others which is 

bringing the average down. For instance, pen, air bubble and fragments have 

a good recall level for this model.  
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Figure 4.41 A precision-confidence curve to evaluate the model when trained using YOLOv7 for 25 

epochs.  

 

 

Figure 4.42 A recall-confidence curve to evaluate the model when trained using YOLOv7 for 25 

epochs. 
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Figure 4.43 shows an F1-confidence curve when the dataset was trained 

with YOLOv7 for 25 epochs. All classes are at 0.35 at a confidence of 0.261, 

after this point the F1 score begins to decrease. This average is being 

lowered by the underperforming classes namely, natural material, hair, 

anthropogenic and hair textile. All the other classes are performing well 

above the average for all classes. The model overall performs best in the 

identification of pen, followed by air bubble, fragments, diatoms and 

microfibres.  

 

 

Figure 4.43 An F1-confidence curve to evaluate the model produced when trained using YOLOv7 for 

25 epochs. 

 

Figure 4.44 shows a precision-recall curve for the model produced by 

training with YOLOv7 for 25 epochs. The model was most successful at 

identifying pen with and area under the curve of 0.878, followed by air bubble 

with an area under the curve of 0.834, microfibres with an area under the 

curve of 0.781 and fragments with an area under the curve of 0.719. The 
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model was least successful at identifying unknown, microbeads, edge of 

slide and Easylift® tab with an area under the curve of 0.0 meaning no 

correct identifications were made for these classes. Overall, the model had 

an area under the curve of 0.354 indicating that the model has not performed 

well in the overall classification of objects commonly found in microplastic 

samples, but it has performed well in the detection of microplastic microfibres 

and fragments which is the main goal of this model.  

 

 

Figure 4.44 A Precision-Recall curve to evaluate the model when trained using YOLOv7 for 25 epochs. 

 

4.3.2.2 YOLOv7 training with 100 epochs 

Table 4.8 shows the metrics produced for each classification when trained 

with YOLOv7 for 100 epochs. The precision for all classes is 0.715 meaning 

that 71.5% of positive identifications were true positives. The recall is 0.463, 

meaning 46.3% of objects were correctly detected.  The recall metric is still 

low in comparison to the precision meaning that there is a higher chance of 

false positives. The Overall F1 score was 0.562, which is still fairly low but an 

improvement from previous models discussed. From the metric shown in 
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Table 4.8 the model is most successful at identifying air bubbles (F1 score 

0.796), pen (F1 score 0.901), fragments (F1 score 0.742), and microfibres 

(F1 score 0.755). The most accurate bounding boxes were made for air 

bubbles, pen, microfibres, air bubble and fragments. The precision for this 

model is lower than the model produced for 25 epochs, this could be 

because the model has begun to reach the point of over fitting where the 

model is no longer improving with each epoch (Géron, 2019). However, the 

recall, F1 score, and mAP metrics are higher than the 25-epoch algorithm, 

meaning this is unlikely to be the case. Another possible explanation for this 

decrease, is that the classes, edge of slide, hair and anthropogenic are now 

being detected which has brought their precision down from 1 reducing the 

models overall precision but actually means that the model is performing 

better as can be seen in the increased recall value.  

Table 4.8 A table to show the overall precision, recall, F1 score, mAP50 (a metric to evaluate how 

successful an identification is when the Intersection Over Union (IOU) or the overlap between the 

predicted and actual bounding box is over 50% identification is successful) and mAP50-95 a metric to 

evaluate how successful an identification is when the IOU is 50-95%) when the images are trained with 

YOLOv7 and 100 epochs. 

Class Precision Recall F1 score mAP50 mAP50-95 

All  0.715 0.463 0.562 0.455 0.319 

Air bubble 0.765 0.83 0.796 0.819 0.538 

Anthropogenic 0.495 0.167 0.250 0.207 0.177 

Background 

material 

0.616 0.586 0.601 0.55 0.238 

Cellulose filter 

fibre 

0.596 0.712 0.649 0.683 0.397 

Cotton 0.731 0.645 0.685 0.683 0.467 

Diatom 0.755 0.716 0.735 0.708 0.446 

Easylift tab 1 0 0 0 0 

Edge of slide 0.538 0.538 0.538 0.538 0.357 

Fragment 0.702 0.787 0.742 0.802 0.609 

Glass filter fibre 0.54 0.647 0.589 0.593 0.334 

Hair textile 0.512 0.545 0.528 0.485 0.446 

Hair 0.369 0.586 0.453 0.369 0.326 

Insect matter 1 0 0 0 0 
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Microbead 1 0 0 0 0 

Microfibre 0.689 0.834 0.755 0.814 0.592 

Natural material 0.365 0.316 0.339 0.305 0.223 

Pen 0.906 0.897 0.901 0.9 0.722 

Salt 1 0 0 0.115 0.0746 

Unknown 1 0 0 0.123 0.11 

 

Figure 4.45 shows a confusion matrix produced when the dataset was 

trained with YOLOv7 for 100 epochs. Air bubbles had a true positive 

identification rate of 82% (2293 identifications), 4% (112 identifications) were 

misidentified as background materials. The model has a low rate of 

misidentification for the air bubble class. Anthropogenic material had a true 

positive identification rate of 50% (3 identifications), the remaining 50% were 

false negatives and not detected by the model. Background material had a 

true positive rate of 62% (29265 identifications), there were no 

misidentifications for background material and the remaining objects were 

not detected by the algorithm; the false negative rate for background material 

is likely to always be a bit higher than the other classifications as it was so 

ubiquitous within each image, and it was a subjective opinion as to what was 

within each bounding box. Some bounding boxes contained many small bits 

of background material that the algorithm could identify individually. 

Conversely, the algorithm could be grouping background materials that had 

their own individual bounding box. Cellulose filter fibres had a true positive 

identification rate of 67% (614 identifications). Misidentifications for cellulose 

filter fibre were air bubble 1% (9 identifications), background material 10% 

(92 identifications) and cotton 2% (18 identifications).  Cotton had a true 

positive rate of 73% (181 identifications), misidentifications for cotton were, 

background material 2% (5 identifications), cellulose filter fibre 3% (7 

identifications), diatoms 1% (2 identifications), microfibre 3% (7 

identifications) and natural material 2% (5 identifications). Diatoms had a true 

positive identification rate of 73% (1777 identifications), with the only 

misidentification being background material 4% (97 identifications), this is a 

good rate of detection for the diatom classification, as with other 
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classifications they suffer from image overcrowding and could be easily 

missed or misclassified, particularly on images with a lower magnification. 

Easylift® tab, insect matter, salt and unknown all had no positive 

identifications and were not detected by the model. The edge of the slide had 

a true positive identification rate of 64% (8 identification); the only 

misidentification was for the Easylift® tab at 9% (1 identification); this is likely 

because the Easylift® tab is on the edge of a slide is often going to be 

present in the same image. Fragments have a true positive identification rate 

of 80% (71 identifications), misidentifications for fragments were, background 

material 9% (8 identifications), and microbead and microfibre were both 1% 

(1 identification). This is a good identification rate for fragments in addition 

only 10 fragments were wrongly classified and a further 8 missed meaning 

that this model is able to identify the majority of fragments. Glass filter fibre 

had a true positive identification rate of 64% (527 identifications), the 

misidentifications for glass filter fibres were, background material 6% (49 

identifications) and cellulose filter fibres 1% (8 identifications). Hair textile 

had a true positive identification rate of 67% (8 identifications) the only 

misidentification was for microfibres at 22% (2 identifications). Hair had a 

true positive identification rate of 50% (5 identifications), with the remaining 

50% (5 identifications) being identified as microfibres. It is unsurprising that 

both hair and hair textile have misidentifications for microfibres as they will 

both be visually similar to microfibres as they fit the definition for a fibre. 

Microbeads were not detected and had no misidentifications; this may be 

due to low representation in the dataset and overcrowding in the images that 

the class is present in this may improve if the model is run for more epochs. 

Microfibres had a true positive detection rate of 74% (286 identifications), the 

misidentifications for microfibre were, anthropogenic 1% (4 identifications), 

background material 2% (8 identifications), cellulose filter fibre 1% (4 

identifications), cotton 8% (31 identifications), and natural material 1% (4 

identifications). This model has a good correct prediction rate for microfibres, 

but there are still some misidentifications being made and microfibres being 

missed by the model. Natural material had a true positive prediction rate of 

43% (16 identifications). The misidentifications for natural material were, 

background material 4% (2 identifications), cellulose filter paper 11% (4 
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identifications), cotton 18% (6 identifications), diatoms 4% (2 identifications) 

and glass filter fibres 4% (2 identifications). Pen had a true positive detection 

rate of 94% (109 identifications), the misidentifications for pen were, 

background material 2% (2 identifications) and diatoms 1% (1 identification). 

On the whole, this model has performed well the majority of classes have a 

positive identification rate over 60%, there is still room for improvement, 

however, as there are still regular misidentifications.  

 

Figure 4.45 A confusion matrix to show how successful the algorithm was at correctly predicting each 

class when trained using YOLOv7 for 100 epochs. 
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Figure 4.46 shows a precision-confidence curve and Figure 4.47 shows a 

recall-confidence curve when the dataset was trained with YOLOv7 for 100 

epochs. From these two graphs the model’s precision is high with all classes 

being having a precision of 1.0 at a confidence level of 0.961. The recall is 

lower than precision with all classes having a recall of 0.61 at a confidence of 

0.0. This on the surface does not seem like the model has performed well for 

recall, but this is because the average is being brought down by a few 

underperforming classes, like unknown and salt that had no correct 

identifications. Other classifications are performing very well for recall with 

pen, air bubble, microfibre and fragments having the best recall in this model.  

 

 

Figure 4.46 A precision-confidence curve to evaluate the model when trained using YOLOv7 for 100 
epochs. 
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Figure 4.47 A recall-confidence curve to evaluate the model when trained using YOLOv7 for 100 

epochs. 

Figure 4.48 shows a F1-confidence curve when the dataset was trained with 

YOLOv7 for 100 epochs. All classes are at 0.45 at a confidence of 0.260, 

after this point the F1 score begins to decrease. This average is, however, 

being brough down a few underperforming classes including, natural 

material, hair, anthropogenic, salt, unknown and hair textile. All the other 

classes are performing well above the average for all classes. The model 

overall performs best in the identification of pen, followed by air bubble, 

fragments, microfibres and diatoms. 
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Figure 4.48 An F1-confidence curve to evaluate the model produced when trained using YOLOv7 for 

100 epochs. 

 

Figure 4.49 shows a precision-recall curve for the model produced by 

training with YOLOv7 for 100 epochs. The model was most successful at 

identifying pen with an area under the curve of 0.900, followed by air bubble 

with an area under the curve of 0.819, microfibres with an area under the 

curve of 0.814 and fragments with an area under the curve of 0.802. The 

model was least successful at identifying microbeads, insect matter and 

Easylift® tab with an area under the curve of 0.0 meaning no correct 

identifications were made for these classes. Overall, the model had an area 

under the curve of 0.455, indicating that the model has not performed well in 

the overall classification of objects commonly found in microplastic samples.  
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Figure 4.49 A Precision-Recall curve to evaluate the model when trained using YOLOv7 for 100 
epochs. 

4.3.2.3 YOLOv7 Training with Augmented Data and 100 Epochs 

 

Table 4.9 shows the metrics produced for each classification when trained 

with YOLOv7 for 100 epochs with augmented images used in the training 

data. The precision for all classes is 0.611, meaning that 61.1% of positive 

identifications were true positives. The recall is 0.56, meaning 56% of objects 

were correctly detected. For this model the precision and recall are closer to 

each other. The F1 score for all classes is 0.584, which is still a low F1 

score. Some classifications performed very well in this model with pen 

performing the best with a F1 score of 0.878, which is a very good result. 

Microfibres and fragments also performed well in this model with both having 

an F1 score over 0.750 which would be considered successful, meaning that 

this model is able to correctly identify microplastics with a good level of 

success and reliability. According to Table 4.9 the model also had some 

success with microbeads as it had a precision of 0.997 and a recall of 1, 

meaning that it had a 100% success rate for identifying microbeads, but as 

this is a very underrepresented class in the data set (only one instance) this 
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does not fully demonstrate how well the model may or may not be able to 

identify microbeads. The dataset would need to be expanded to include more 

microbeads to be able to say with confidence how successful it was at 

identifying microbeads.  

 

Table 4.9 A table to show the overall precision, recall, F1 Score, mAP50 (a metric to evaluate how 

successful an identification is when the Intersection Over Union (IOU) or the overlap between the 

predicted and actual bounding box is over 50% identification is successful) and mAP50-95 a metric to 

evaluate how successful an identification is when the IOU is 50-95%) when the augmented images are 

trained with YOLOv7 and 100 epochs. 

Class Precision Recall F1 Score mAP50 mAP50-95 

All  0.611 0.56 0.584 0.542 0.394 

Air bubble 0.754 0.832 0.791 0.815 0.532 

Anthropogenic 0.407 0.5 0.449 0.495 0.424 

Background 

material 

0.58 0.584 0.582 0.522 0.223 

Cellulose filter 

fibre 

0.544 0.71 0.622 0.611 0.387 

Cotton 0.657 0.748 0.700 0.712 0.491 

Diatom 0.721 0.68 0.700 0.658 0.404 

Easylift tab 1 0 0 0.249 0.174 

Edge of slide 0.486 0.692 0.571 0.541 0.412 

Fragment 0.812 0.779 0.795 0.791 0.609 

Glass filter fibre 0.505 0.525 0.515 0.462 0.262 

Hair textile 0.492 0.636 0.555 0.553 0.459 

Hair 0.323 0.608 0.422 0.39 0.348 

Insect matter 0 0 0 0 0 

Microbead 0.997 1 0.998 0.995 0.796 

Microfibre 0.706 0.832 0.764 0.83 0.634 

Natural material 0.462 0.368 0.410 0.314 0.226 

Pen 0.868 0.888 0.878 0.889 0.738 

Salt 1 0 0 0.0908 0.0574 

Unknown 0.296 0.25 0.271 0.383 0.311 
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Figure 4.50 shows a confusion matrix produced when the dataset was 

trained with YOLOv7 for 100 epochs and augmented images were used in 

the training dataset. Air bubble had a true positive detection rate of 81% 

(2265 identifications), the only misidentification was background material 4% 

(112 identifications). Anthropogenic material had a true positive identification 

rate of 40% (4 identifications), the misidentifications for anthropogenic 

material were, background material 20% (2 identifications) and microfibres 

20% (2 identifications). The misidentifications for anthropogenic are 

understandable as it is a small, underrepresented class, that is a result of 

being unable to provide a conclusive identification further than it being 

anthropogenic in origin, and so the features of this class are going to be very 

varied. Background material had a true positive identification rate of 57% 

(26905 identifications), there were no misidentifications for this classification 

only false negatives. Cellulose filter fibres had a true positive identification 

rate of 66% (605 identifications). There were some misidentifications for 

cellulose filter fibres, they were, air bubble 1% (9 identifications), background 

material 9% (84 identifications), cotton 2% (18 identifications), diatoms 1% (9 

identifications) and microfibre 1% (9 identifications). Cotton has a true 

positive identification rate of 70% (174 identifications), the misidentifications 

for cotton were, background material 3% (7 identifications), cellulose filter 

fibres 3% (7 identifications), diatoms 1% (2 identifications), glass filter fibre 

1% (2 identifications), microfibres 5% (12 identifications) and natural material 

2% (5 identifications). Both cotton and cellulose filter fibres have several 

different classification misidentifications, but the level of misidentification for 

each other is low. This is good as cotton would be counted in studies that are 

looking at all anthropogenic pollution such as Stanton et al. (2019) whereas 

cellulose filter fibres would not as they have originated from the filter paper 

used. Diatoms had a true positive detection rate of 67% (1631 

identifications), the only misidentification was for background material 4% (97 

identifications). Easylift® tab, insect matter, microbead and salt all had no 

correct positive identifications, and so were not detected by this model, this is 

likely due to the underrepresentation of these classes in the dataset. The 
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edge of the slide had a true positive identification rate of 64% (8 

identifications), the misidentifications for this classification were, air bubble 

7% (1 identification) and Easylift® tab 14% (2 identifications), as the number 

of instances for this classification are low the representation of the class 

needs to be increased to have a more accurate indication of the level of 

success of identification.  Fragments had a true positive identification rate of 

81% (72 identifications) this is a good identification rate for fragments. The 

misidentifications were background material 4% (3 identifications), cotton 1% 

(1 identification), microbead 1% (1 identification) and microfibre 1% (1 

identification). It is interesting that there was a misidentification for 

microbeads as they had such a low representation within the dataset, but 

they can appear very similar to fragments in an image where microsectioning 

to see the 3D shape is not possible.  Glass filter fibre had a true positive 

identification rate of 50% (412 identifications) the only misidentifications was 

background material 5% (41 identifications), this is likely due to the 

overcrowding of the microscope images and the fact that the glass filter 

fibres are long and thin meaning they are likely to be close to other objects 

and appear within their bounding box. Hair textile had a true positive 

identification rate of 50% (6 identifications), the misidentification for textile 

hair was microfibres 40% (4 identifications), this is likely due to the fact that 

they both fit the definition of fibres and the natural features of hair are not 

visible in every image. Hair had a true positive identification rate of 42% (5 

Identifications) and the misidentifications were for microfibres 58% (6 

identifications), as with hair textile the classification hair will appear very 

visually similar to microfibres and as microfibres make up a larger proportion 

of the data set it is not unsurprising that the misidentifications for both hair 

and hair textile were microfibres. Microfibres had a true positive identification 

rate of 79% (306 identifications). The misidentifications for microfibres were 

cotton 5% (19 identifications) and, air bubble, anthropogenic, background 

material, cellulose filter fibre, fragment, hair and natural material 1% (3 

identifications respectively). The level of correct identification for microfibres 

is good with the majority being correctly detected. Natural material had a true 

positive identification rate of 46% (17 identifications). The misidentifications 

were background material, cotton and unknown 4% (1 identification 
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respectively) and fragments and microfibres 8% (3 identifications).  Pen had 

a true positive identification rate of 94% (109 identifications), the 

misidentifications were, background material and diatoms 1% (1 identification 

respectively). This is a very good performance for the identification of this 

classification, with the vast majority being correctly identified. Overall, the 

model has performed very well in the detection of microplastics, and most 

classes having a correct detection rate of over 50%.  

 

 

Figure 4.50 A confusion matrix to show how successful the algorithm was at correctly predicting each 

class when trained with augmented images using YOLOv7 for 100 epochs. 
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Figure 4.51 shows a precision-confidence curve and Figure 4.52 shows a 

recall-confidence curve when the dataset was trained with YOLOv7 for 100 

epochs with augmented images used in the training dataset. From these two 

graphs the model’s precision is high with all classes being having a precision 

of 1.0 at a confidence level of 0.961. The recall is lower than precision with 

all classes having a recall of 0.70 at a confidence of 0.0. This on the surface 

does not seem like the model has performed well for recall, but this is 

because the average is being brought down by a few underperforming 

classes, like unknown and salt that had no correct identifications. Other 

classifications are performing very well for recall with pen, air bubble, 

microfibre and fragments having the best recall in this model.  

 

 

Figure 4.51 A precision-confidence curve to evaluate the model when trained with augmented images 
using YOLOv7 for 100 epochs. 
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Figure 4.52 A recall-confidence curve to evaluate the model when trained with augmented images 

using YOLOv7 for 100 epochs. 

 

Figure 4.53 shows a F1-confidence curve when the dataset was trained with 

YOLOv7 for 100 epochs and augmented images used in the training dataset. 

All classes are at 0.53 at a confidence of 0.167, after this point the F1 score 

begins to decrease. The model overall performs best in the identification of 

pen, followed by air bubble, fragments and microfibres.  
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Figure 4.53 An F1-confidence curve to evaluate the model produced when trained with augmented 
images using YOLOv7 for 100 epochs. 

Figure 4.54 shows a precision-recall curve for the model produced by 

training with YOLOv7 for 100 epochs with augmented images used in the 

training dataset. From this table it appears that the model was most 

successful at identifying microbeads with an area under the curve of 0.995, 

but as this is a very underrepresented class in the data set (only one 

instance) this does not fully demonstrate how well the model may or may not 

be able to identify microbeads. The dataset would need to be expanded to 

include more microbeads to be able to say with confidence how successful it 

was at identifying microbeads, as only one correct identification would be a 

100% detection rate.  Pen is then the next most successful identification with 

an area under the curve of 0.889 followed by microfibres with an area under 

the curve of 0.830, air bubbles with an area under the curve of 0.815 and 

fragments with an area under the curve of 0.791. The model was least 

successful at identifying insect matter with an area under the curve of 0.0, 

meaning no correct identifications were made for these classes. Overall, the 

model had an area under the curve of 0.542 indicating that the model has 

performed average in the overall classification of objects commonly found in 
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microplastic samples. But some classes are being correctly classified more 

than others.  

 

 

Figure 4.54 A Precision-Recall curve to evaluate the model when trained with augmented images 

using YOLOv7 for 100 epochs. 

4.3.3. YOLOv8 

4.3.3.1 YOLOv8 Training With 25 Epochs 

 

Table 4.10 shows the metrics produced for each classification when trained 

with YOLOv8 for 25 epochs. The precision for all classes is 0.719 meaning 

that 71.9% of positive identifications were true positives. The recall is 0.376, 

meaning 37.6% of objects were correctly detected. For this model the 

precision and recall are closer to each other. The F1 Score for all classes is 

0.494 this is a low overall F1 score. Microfibres and fragments have done 

well in this model with both having and F1 score over 0.700. Easylift® tab, 

insect matter, microbead, salt and unknown all have a recall of 0 meaning 

that this model was not able to identify any occurrence of these classes 

correctly. From the data in Table 4.10 the model is most successful at 
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identifying pen, air bubbles, microfibres and fragments. The most accurate 

bounding boxes were produced by pen, microfibres and fragments. 

Table 4.10 A table to show the overall precision, recall, F1 Score, mAP50 (a metric to evaluate how 

successful an identification is when the Intersection Over Union (IOU) or the overlap between the 

predicted and actual bounding box is over 50% identification is successful) and mAP50-95 a metric to 

evaluate how successful an identification is when the IOU is 50-95%) when trained with YOLOv8 and 

25 epochs. 

Class Precision Recall F1 Score mAP50 mAP50-95 

All  0.719 0.376 0.494 0.414 0.301 

Air bubble 0.821 0.698 0.755 0.783 0.517 

Anthropogenic 0.718 0.167 0.271 0.193 0.156 

Background material 0.699 0.434 0.536 0.542 0.247 

Cellulose filter fibre 0.636 0.498 0.559 0.553 0.355 

Cotton 0.591 0.624 0.607 0.634 0.526 

Diatom 0.791 0.539 0.641 0.653 0.403 

Easylift tab 1 0 0 0 0 

Edge of slide 0.498 0.385 0.434 0.478 0.298 

Fragment 0.704 0.723 0.713 0.776 0.61 

Glass filter fibre 0.606 0.42 0.496 0.472 0.277 

Hair textile 0.383 0.273 0.319 0.327 0.301 

Hair 0.374 0.727 0.494 0.521 0.428 

Insect matter 1 0 0 0 0 

Microbead 1 0 0 0 0 

Microfibre 0.711 0.724 0.717 0.786 0.651 

Natural material 0.228 0.105 0.122 0.123 0.104 

Pen 0.901 0.828 0.863 0.885 0.739 

Salt 1 0 0 0.0887 0.0627 

Unknown 1 0 0 0.0515 0.0412 

 

Figure 4.55 shows a confusion matrix produced when the dataset was 

trained with YOLOv8 for 25 epochs. Air bubble has a true positive 

identification rate of 73% (2041 identifications). The misidentifications for air 

bubble were, background material 6% (168 identifications) and cellulose filter 

fibre 1% (28 identifications). The model has a good reliability identifying air 

bubbles and those that were not identified (false negatives) could be due to 
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the fact that some air bubbles were very large or had part that were 

interrupted by other objects that may mean that the human manually tagging 

may have provided bounding boxes that the model would classify differently 

for example one large air bubble may have been given two boxes by the 

examiner and only one by the model or vice versa. There were no correct 

identifications for anthropogenic, the misidentifications for anthropogenic 

were cotton 17% (1 identification) and microfibre 50% (6 identifications), the 

misidentifications are understandable as both cotton and microfibres fall 

under the definition of anthropogenic as they are artificial. Background 

material had a true positive detection rate of 54% (25489 identifications) 

there were no misidentifications for this classification the remaining objects in 

the classification were not detected by the model. Cellulose filter fibres had a 

true positive detection rate of 56% (514 identifications). The 

misidentifications for cellulose filter fibres were air bubble 2% (18 

identifications, background material 10% (92 identifications) and cotton 2% 

(18 identifications). Cotton had a true positive identification rate of 60% (149 

identifications). The misidentifications for cotton were air bubble 1% (2 

identifications), background material 2% (5 identifications), cellulose filter 

fibres 8% (20 identifications), hair 1% (2 identifications), microfibre 10% (25 

identifications) and natural material 3% (7 identifications). Diatom had a true 

positive identification rate of 58% (1412 identifications) the only 

misidentifications for diatoms were background material 10% (243 

identifications). This is likely because diatoms were often mixed in with the 

background material and would be difficult to separate in the bounding 

boxes. The diatoms were also quite easy to miss in samples with a high level 

of background material as the debris could obscure the diatoms.  Easylift® 

tab had no correct identifications the misidentifications for this classification 

were background material and edge of slide 25% (2 identifications 

respectively). Both incorrect classifications are likely to appear in the vicinity 

of the Easylift® tab, indicating that the Easylift® tab classification needed 

better representation in the dataset to help avoid these misidentifications. 

The edge of slide classification had a true positive identification rate of 38% 

(5 identifications). The misidentifications were background material 8% (1 

identification), cellulose filter fibre 15% (2 identifications), cotton 8% (1 
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identification) and pen 8% (identification). As with Easylift® tab, edge of slide 

is and underrepresented class and so to increase the model’s ability to 

correctly identify this class its representation in the dataset should be 

increased. Fragments had a true positive identification rate of 69% (61 

identifications). The misidentifications for fragments were, background 

material 15% (13 identifications), cotton, diatoms and pen are misclassified 

in 1% of cases (1 identification respectively). Overall, the model had done 

fairly well at identifying fragments, but the performance could be improved by 

increasing training time or increasing the number of fragments in the dataset. 

Glass filter fibres had a true positive identification rate of 49% (404 

identifications). The misidentifications for glass filter fibres were air bubble 

1% (8 identifications and cotton 18% (49 identifications). The 

misidentification for cotton is unexpected as they have different features 

being that one is a natural fibre, and one is synthetic. The only commonality 

between the two is that the cotton can be colourless which is why it may 

have been identified as glass filter fibres. The colourless cotton and glass 

filter fibres are also likely to appear in the same images as glass filter papers 

were predominantly used with the air samples which allowed the colourless 

cotton to be detected whereas when the cellulose filter fibres were used the 

colourless cotton could not be differentiated between the cellulose filter 

fibres. Hair textile had a true positive identification rate of 27% (3 

identifications). The misidentifications for this classification were air bubble 

9% (1 identification), cotton 18% (2 identifications) and microfibres 36% (4 

identifications). The fact that more textile hairs are being identified as 

microfibres that hairs is an issue as it might falsely inflate the number of 

microplastics counted in a sample. Hair had a true positive identification rate 

of 55% (6 identifications). The misidentifications for this classification were 

cotton 9% (1 identification) and microfibres 36% (4 identifications). The fact 

that hair and hair textile were not confused for each other is a good sign, but 

as they are very small classes, if the representation were to increase, it is 

likely that the level of misidentification for each other would also increase. 

But this would potentially resolve the issue of being misidentified as a 

microfibre. Insect matter had no correct identifications, but there were 

misidentifications, cellulose filter fibre, cotton and pen were all identified in 
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33% of insect matter instances (1 identification respectively). However, as 

the class is so small and underrepresented the chance of a successful 

identification is low, and this classification needs to be increased. 

Microbeads also had no correct identifications 100% of microbeads were 

identified as fragments (1 identification), but, as this equates to only one 

identification this is not a reliable predictor in how the model will perform, 

although it is not likely to be able to identify microbeads well until their 

representation has been increased. Microfibres had a true positive 

identification rate of 74% (286 identifications). Microfibres were misidentified 

as air bubbles, background material, hair textile, hair and natural material 1% 

of the time (4 identifications respectively) and cotton 9% (35 identifications).  

Overall, the model has performed well in the identification of microfibres but 

there is still room for improvement. Natural material had a true positive 

identification rate of 13% (5 identifications). The misidentifications were, 

background material 24% (9 identifications), cotton 18% (7 identifications), 

diatom 5% (2 identifications and microfibres 8% (3 identifications). Pen had a 

true positive identification rate of 83% (96 identifications). The 

misidentifications for pen were air bubble 2% (2 identifications) and 

background material 10% (12 identifications). Salt had no correct 

identifications, salt had a 67% misidentification rate for background material 

(12 identifications), to resolve this more samples with high levels of salt need 

to be included in the dataset. Overall, the model has not performed well in 

the classification in all objects that may be present in samples. It has, 

however, performed fairly well in the identification of microplastics, with both 

fragments and microfibres correctly identified in nearly 70% of cases.  
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Figure 4.55 A confusion matrix to show how successful the algorithm was at correctly predicting each 

class when trained using YOLOv8 for 25 epochs. 

 

Figure 4.56 shows a precision-confidence curve and Figure 4.57 shows a 

recall-confidence curve when the dataset was trained with YOLOv8 for 25 

epochs. From these two graphs it can be seen that the model’s overall 

precision is high with all classes being having a precision of 1 at a 

confidence level of 0.968, whereas the overall recall is relatively low for this 

model with all classes having a recall of 0.54 at a confidence of 0.0. 

However, some of the classes are performing far better than others which is 

bringing the average down. For instance, pen, air bubble and fragments have 

a good recall level for this model.  
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Figure 4.56 A precision-confidence curve to evaluate the model when trained using YOLOv8 for 25 
epochs. 

 

Figure 4.57 A recall-confidence curve to evaluate the model when trained using YOLOv8 for 25 

epochs. 
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Figure 4.58 show a F1-confidence curve when the dataset was trained with 

YOLOv8 for 25 epochs. All classes are at 0.40 at a confidence of 0.337, after 

this point the F1 score begins to decrease. This average is, however, being 

brough down a few underperforming classes namely, natural material, hair, 

anthropogenic, unknown and hair textile. All the other classes are performing 

well above the average for all classes. The model overall performs best in 

the identification of pen, followed by air bubble, fragments, diatoms and 

microfibres.  

 

 

Figure 4.58 A F1-confidence curve to evaluate the model produced when trained using YOLOv8 for 25 

epochs. 
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Figure 4.59 shows a precision-recall curve for the model produced by 

training with YOLOv8 for 25 epochs. The model was most successful at 

identifying pen with and area under the curve of 0.885, followed by 

microfibres with an area under the curve of 0.786, air bubbles with an area 

under the curve of 0.781 and fragments with an area under the curve of 

0.776. The model was least successful at identifying, microbeads, and 

Easylift® tab with an area under the curve of 0.0 meaning no correct 

identifications were made for these classes. Overall, the model had an area 

under the curve of 0.414 indicating that the model has not performed well in 

the overall classification of objects commonly found in microplastic samples, 

but it has performed well in the detection of microplastic microfibres and 

fragments which is the main goal of this model.  

 

 

Figure 4.59 A Precision-Recall curve to evaluate the model when trained using YOLOv8 for 25 epochs. 
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4.3.3.2 YOLOv8 Training With 100 Epochs 

 

Table 4.11 shows the metrics produced for each classification when trained 

with YOLOv8 for 100. The precision for all classes is 0.65 meaning that 65% 

of positive identifications were true positives. The recall is 0.528, meaning 

52.8% of objects were correctly detected. For this model the precision and 

recall are closer to each other. The F1 Score for all classes is 0.583 this is 

still a low F1 score. Some classifications performed very well in this model 

with pen performing the best with a F1 score of 0.854, which is a very good 

result. Microfibres and fragments also performed fairly well in this model with 

both having an F1 score over 0.675. Pen, microfibre and fragments also 

produced the most accurate bounding boxes.  

 

Table 4.11 A table to show the overall precision, recall, F1 Score, mAP50 (a metric to evaluate how 

successful an identification is when the Intersection Over Union (IOU) or the overlap between the 

predicted and actual bounding box is over 50% identification is successful) and mAP50-95 a metric to 

evaluate how successful an identification is when the IOU is 50-95%) when trained with YOLOv8 and 

100 epochs. 

Class Precision Recall F1 Score mAP50 mAP50-95 

All  0.65 0.528 0.583 0.537 0.401 

Air bubble 0.734 0.779 0.756 0.798 0.532 

Anthropogenic 0.374 0.5 0.529 0.328 0.328 

Background 

material 

0.561 0.562 0.561 0.542 0.246 

Cellulose filter 

fibre 

0.458 0.667 0.543 0.559 0.353 

Cotton 0.593 0.669 0.629 0.645 0.51 

Diatom 0.71 0.63 0.668 0.668 0.419 

Easylift tab 1 0 0 0.539 0.485 

Edge of slide 0.581 0.615 0.598 0.642 0.486 

Fragment 0.706 0.685 0.695 0.759 0.607 

Glass filter fibre 0.47 0.588 0.522 0.516 0.294 

Hair textile 0.527 0.455 0.488 0.374 0.32 

Hair 0.463 0.727 0.566 0.495 0.443 

Insect matter 1 0 0 0 0 
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Microbead 0.837 1 0.911 0.995 0.697 

Microfibre 0.595 0.809 0.686 0.784 0.638 

Natural material 0.262 0.234 0.247 0.21 0.145 

Pen 0.847 0.862 0.854 0.907 0.76 

Salt 1 0 0 0.15 0.086 

Unknown 0.624 0.25 0.357 0.292 0.263 

 

Figure 4.60 shows a confusion matrix produced when the dataset was 

trained with YOLOv8 for 100 epochs. Air bubble had a true positive 

identification rate of 76% (2125 identifications). The misidentifications for this 

classification are background material 7% (196 identifications) and cellulose 

filter paper 1% (28 identifications). The model has performed very well in 

detection of air bubbles. Anthropogenic had a true positive identification rate 

of 33% (2 identifications). The misidentifications were cotton 17% (1 

identification) and microfibres 33% (2 identifications). The misidentifications 

could technically be classed as anthropogenic in origin as the anthropogenic 

class is any object that doesn’t have a conclusive identification such as 

cotton but is thought to be anthropogenic in origin due to certain features 

such as the colour. Background material had a true positive identification rate 

of 56% (26433 identifications) there were no misidentifications for this 

classification. The false negative rate for background material is likely to 

always be a bit higher than the other classifications as it was so ubiquitous 

within each image, and it was a subjective opinion as to what was within 

each bounding box. Some bounding boxes contained many small bits of 

background material that the algorithm could identify individually, conversely 

the algorithm could be grouping background materials that had their own 

individual bounding box. Cellulose filter fibre had a true positive identification 

rate of 64% (587 identifications). The misidentifications for cellulose filter 

fibres were, air bubble 1% (9 identifications), background material 7% (64% 

identifications), cotton 1% (9 identifications) and microfibre 1% (9 

identifications). Cotton has a true positive identification rate of 59% (146 

identifications). The misidentifications were, background material 2% (5 

identifications), cellulose filter fibre 13% (32 identifications), microfibre 11% 
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(27 identifications) and natural material 1% (2 identifications). Diatoms had a 

true positive identification rate of 61% (1485 identifications). The 

misidentification for this class was background material 11% (267 

identifications). This misidentification is not surprising as background 

material and diatoms were both commonly occurring in the same spaces and 

so difficult to separate from each other when creating bounding boxes. 

Easylift® tab had no correct identifications, the misidentifications for this 

classification were background material and edge of slide 25% each (1 

identification respectively). Both incorrect classifications are likely to appear 

in the vicinity of the Easylift® tab, indicating that the Easylift® tab 

classification needed better representation in the dataset to help avoid these 

misidentifications. Edge of slide had a true positive rate of 38% (5 

identifications). The misidentifications were, background material 8% (1 

identification), cellulose filter fibre 31% (4 identifications) and cotton 8% (1 

identification). As with Easylift® tab, edge of slide is and underrepresented 

class and so to increase the model’s ability to correctly identify this class its 

representation in the dataset should be increased. Fragments had a true 

positive rate of 64% (57 identifications). The misidentifications for this class 

were, background material 16% (14 identifications), cotton 1% (1 

identification), diatom 2% (2 identifications), microfibre 1% (1 identification) 

and natural material 1% (1 identification). Glass filter fibres had a true 

positive identification rate of 57% (469 identifications), the only 

misidentification for this classification was background material 5% (41 

identifications). This is likely because the glass filter fibres would be mixed in 

with the background material and difficult to separate from each other. Hair 

textile had a true positive rate of 27% (3 identifications). The 

misidentifications were air bubble 9% (1 identification), cotton 9% (1 

identification) and microfibre 55% (6 identifications). Hair had a true positive 

identification rate of 55% (6 identifications). The misidentifications were 

cotton 18% (2 identifications) and microfibres 27% (3 identifications). As hair 

textile is being misidentified as a microfibre more frequently than hair, it 

demonstrates that they may share feature in common that makes the fibre 

look less like a hair, for instance the presence of dye. Insect matter had no 

correct identifications and was misidentified as background material and 
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cellulose filter fibres in 33% of instances (1 identification respectively). 

Microbeads had no correct identifications, 100% of microbeads were 

identified as fragments (1 identification), but, as this equates to only one 

identification this is not a reliable predictor in how the model will perform, 

although it is not likely to be able to identify microbeads well until their 

representation has been increased. Microfibres had a true positive 

identification rate of 76% (293 identifications). The misidentifications for this 

class were, air bubble, anthropogenic, background material, fragment and 

natural material 1% (3 identifications respectively), cellulose filter fibre 3% 

(11 identifications), cotton 6% (22 identifications) and hair 2% (7 

identifications). The model has done well at identifying microfibres, however, 

there is still a lot of misclassifications both false positives and false negatives 

for the classification that would need to be improved. The issue could be 

resolved by increasing the representation of the underrepresented classes 

that are being misclassified as microfibres such as hair. Natural material had 

a true positive rate of 16% (6 identifications). The misidentifications for this 

classification were background material 18% (7 identifications), cellulose 

filter fibres 13% (5 identifications), cotton 11% (4 identifications), diatoms 8% 

(3 identifications) and natural material 5% (1 identification).  Pen had a true 

positive identification rate of 85% (99 identifications). The misidentifications 

were, air bubble 2% (2 identifications), background material 8% (9 

identifications) and natural material 1% (1 identification). The model has 

performed well in the identification of this classification. Salt has no correct 

identifications; the misidentification was background material 78% (14 

identifications. To resolve this more samples with high levels of salt need to 

be included in the dataset. Overall, the model has not performed well in the 

classification in all objects that may be present in samples. It has, however, 

performed fairly well in the identification of microplastics, with both fragments 

and microfibres correctly identified in nearly 60% of cases.  
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Figure 4.60 A confusion matrix to show how successful the algorithm was at correctly predicting each 

class when trained using YOLOv8 for 100 epochs. 

 

Figure 4.61 shows a precision-confidence curve and Figure 4.62 shows a 

recall-confidence curve when the dataset was trained with YOLOv8 for 100 

epochs. From these two graphs it can be seen that the model’s overall 

precision is high with all classes having a precision of 1 at a confidence level 

of 0.993, whereas the overall recall is relatively low for this model with all 

classes having a recall of 0.63 at a confidence of 0.0. However, some of the 

classes are performing far better than others which is bringing the average 

down. For instance, pen, air bubble, microfibre and fragments have a good 

recall level for this model.  

  



241 
 

 

Figure 4.61 A precision-confidence curve to evaluate the model when trained using YOLOv8 for 100 
epochs. 

 

Figure 4.62 A recall-confidence curve to evaluate the model when trained using YOLOv8 for 100 

epochs. 
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Figure 4.63 shows an F1-confidence curve when the dataset was trained 

with YOLOv8 for 100 epochs. All classes are at 0.51 at a confidence of 

0.181, after this point the F1 score begins to decrease. This average is, 

however, being brought down a few underperforming classes, namely, 

natural material, hair, anthropogenic, unknown and hair textile. Most other 

classes are performing well above the average for all classes. The model 

overall performs best in the identification of pen, followed by air bubble, 

fragments, diatoms and microfibres. 

 

 

Figure 4.63 An F1-confidence curve to evaluate the model produced when trained using YOLOv8 for 

100 epochs. 

Figure 4.64 shows a precision-recall curve for the model produced by 

training with YOLOv8 for 100 epochs. From this table, it appears that the 

model was most successful at identifying microbeads with an area under the 

curve of 0.995, but as this is a very underrepresented class in the data set 

(only one instance), this does not fully demonstrate how well the model may 

or may not be able to identify microbeads. The dataset would need to be 

expanded to include more microbeads to be able to say with confidence how 
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successful it was at identifying microbeads, as only one correct identification 

would be a 100% detection rate.  Pen is then the next most successful 

identification with an area under the curve of 0.907, followed by air bubbles 

with an area under the curve of 0.798, microfibres with an area under the 

curve of 0.784 and fragments with an area under the curve of 0.759. The 

model was least successful at identifying insect matter with an area under 

the curve of 0.0 meaning no correct identifications were made for these 

classes. Overall, the model had an area under the curve of 0.537 indicating 

that the model has not performed well in the overall classification of objects 

commonly found in microplastic samples, but it has performed well in the 

detection of microplastic microfibres and fragments which is the main goal of 

this model.  

 

 

Figure 4.64 A Precision-Recall curve to evaluate the model when trained using YOLOv8 for 100 

epochs. 
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4.3.3.3 YOLOv8 Training with Augmented Data and 100 Epochs 

 

Table 4.12 shows the metrics produced for each classification when trained 

with YOLOv8 for 100 with augmented images in the training dataset. The 

precision for all classes is 0.675 meaning that 67.5% of positive 

identifications were true positives. The recall is 0.492, meaning 49.2% of 

objects were correctly detected. For this model the precision and recall are 

closer to each other. The F1 Score for all classes is 0.569 this is still a low F1 

score. Some classifications performed very well in this model with pen 

performing the best with a F1 score of 0.867, which is a very good result. 

Microfibres and fragments also performed fairly well in this model with both 

having an F1 score over 0.7. Pen, microfibre and fragments also produced 

the most accurate bounding boxes. 

 
Table 4.12 A table to show the overall precision, recall, F1 Score, mAP50 (a metric to evaluate how 

successful an identification is when the Intersection Over Union (IOU) or the overlap between the 

predicted and actual bounding box is over 50% identification is successful) and mAP50-95 a metric to 

evaluate how successful an identification is when the IOU is 50-95%) when trained with augmented 

images using YOLOv8 for 100 epochs. 

Class Precision Recall F1 Score mAP50 mAP50-95 

All  0.675 0.492 0.569 0.564 0.424 

Air bubble 0.807 0.726 0.764 0.8 0.533 

Anthropogenic 0.364 0.667 0.471 0.597 0.519 

Background 

material 

0.729 0.403 0.519 0.53 0.239 

Cellulose filter 

fibre 

0.62 0.559 0.588 0.572 0.363 

Cotton 0.618 0.613 0.615 0.633 0.502 

Diatom 0.18 0.517 0.267 0.647 0.4 

Easylift tab 1 0 0 0.75 0.549 

Edge of slide 0.656 0.589 0.621 0.571 0.388 

Fragment 0.966 0.742 0.839 0.839 0.661 

Glass filter fibre 0.634 0.396 0.488 0.435 0.252 

Hair textile 0.496 0.364 0.420 0.424 0.407 

Hair 0.529 0.636 0.578 0.617 0.569 
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Insect matter 0 0 0 0.0523 0.0157 

Microbead 0.914 1 0.955 0.995 0.763 

Microfibre 0.694 0.76 0.726 0.778 0.639 

Natural material 0.451 0.259 0.329 0.241 0.181 

Pen 0.87 0.864 0.867 0.899 0.763 

Salt 1 0 0 0.0471 0.0291 

Unknown 0.671 0.25 0.364 0.287 0.259 

  

Figure 4.65 shows a confusion matrix produced when the dataset was 

trained with YOLOv8 for 100 epochs with augmented images used in the 

training dataset. Air bubbles had a true positive identification rate of 78% 

(2181 identifications). The misidentifications for this class were background 

material 4% (112 identifications) and cellulose filter fibres 1% (28 

identifications). Anthropogenic had a true positive identification rate of 67% 

(3 identifications). The misidentifications were cotton 17% (1 identification) 

and microfibres 17% (1 identification). The misidentifications could 

technically be classed as anthropogenic in origin as the anthropogenic class 

is any object that doesn’t have a conclusive identification such as cotton, but 

is thought to be anthropogenic in origin due to certain features such as the 

colour. Background material had a true positive identification rate of 53% 

(25017 identifications) there were no misidentifications for this classification. 

The false negative rate for background material is likely to always be higher 

than the other classifications as it was so ubiquitous within each image, and 

it was a subjective opinion as to what was within each bounding box. Some 

bounding boxes contained many small bits of background material that the 

algorithm could identify individually, conversely the algorithm could be 

grouping background materials that had their own individual bounding box. 

Cellulose filter fibre had a true positive identification rate of 62% (569 

identifications). The misidentifications for cellulose filter fibres were, air 

bubble 1% (9 identifications), background material 8% (74% identifications), 

cotton 2% (18 identifications) and microfibre 1% (9 identifications). Cotton 

has a true positive identification rate of 65% (161 identifications). The 

misidentifications were, anthropogenic 1% (3 identifications), background 
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material 2% (5 identifications), cellulose filter fibre 8% (20 identifications), 

microfibre 10% (25 identifications) and natural material 2% (5 identifications). 

Diatoms had a true positive identification rate of 57% (1387 identifications), 

The misidentification for this classification was background material 9% (219 

identifications). This misidentification is not surprising as background 

material and diatoms were both commonly occurring in the same spaces and 

so difficult to separate from each other when creating bounding boxes. 

Easylift® tab had no correct identifications, the misidentifications for this 

classification were background material 25% (1 identification) and edge of 

slide 50% (2 identifications). Both incorrect classifications are likely to appear 

in the vicinity of the Easylift® tab, indicating that the Easylift® tab 

classification needed better representation in the dataset to help avoid these 

misidentifications. Edge of slide had a true positive identification rate of 54% 

(7 identifications), the misidentifications for this class were background 

material and microfibre at 8% (1 identification respectively). As with Easylift® 

tab, edge of slide is and underrepresented class and so to increase the 

model’s ability to correctly identify this class its representation in the dataset 

should be increased. Fragments had a true positive identification rate of 69% 

(61 identifications). The misidentifications for this class were, background 

material 16% (14 identifications), diatom 1% (1 identification), and microfibre 

3% (3 identification). Glass filter fibres had a true positive identification rate 

of 47% (387 identifications). The misidentifications were background material 

8% (33 identifications). This is likely because the glass filter fibres would be 

mixed in with the background material and difficult to separate from each 

other. Hair textile had a true positive rate of 36% (4 identifications). The 

misidentifications were air bubble 9% (1 identification), background material 

9% (1 identification), microfibre 18% (2 identifications) and natural material 

9% (1 identification). Hair had a true positive identification rate of 55% (6 

identifications). The misidentifications were cotton 9% (1 identification) and 

microfibres 36% (4 identifications). As hair textile is being misidentified as a 

microfibre more frequently than hair, it demonstrates that they may share 

feature in common that makes the fibre look less like a hair, for instance the 

presence of dye. Insect matter had no correct identifications and was 

misidentified as insect matter and pen in 33% of instances (1 identification 
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respectively). Microbeads had a true positive identification rate of 100% (1 

identification) but, as this equates to only one identification this is not a 

reliable predictor in how the model will perform, although it is not likely to be 

able to identify microbeads well until their representation has been 

increased. Microfibres had a true positive identification rate of 76% (294 

identifications). The misidentifications for this classification were, 

anthropogenic, background material, diatoms, hair textile, hair, and natural 

material 1% (3 identifications respectively), cellulose filter fibre 2% (7 

identifications), and cotton 7% (26 identifications). The model has done well 

at identifying microfibres, however, there is still a lot of misclassifications 

both false positives and false negatives for the classification that would need 

to be improved. The issue could be resolved by increasing the representation 

of the underrepresented classes that are being misclassified as microfibres 

such as hair. Natural material has a true positive identification rate of 26% 

(10 identifications). The misidentifications were background material 16% (6 

identifications), cellulose filter fibres 8% (3 identifications), cotton 5% (2 

identifications), diatom 11% (4 identifications), glass filter fibre 3% (1 

identification) and microfibre 11 % (4 identifications). Pen had a true positive 

identification rate of 88% (102 identifications). The misidentifications were, 

air bubble 2% (2 identifications), background material 6% (7 identifications) 

and cellulose filter fibre 1% (1 identification). The model has performed well 

in the identification of this classification. Salt has no correct identifications; 

the misidentification was background material 61% (11 identifications). To 

resolve this more samples with high levels of salt need to be included in the 

dataset. Overall, the model has not performed well in the classification in all 

objects that may be present in samples. It has, however, performed fairly 

well in the identification of microplastics, with both fragments and microfibres 

correctly identified in nearly 70% of cases.  
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Figure 4.65 A confusion matrix to show how successful the algorithm was at correctly predicting each 

class when trained with augmented images using YOLOv8 for 100 epochs. 

 

Figure 4.66 shows a precision-confidence curve and Figure 4.67 shows a 

recall-confidence curve when the dataset was trained with YOLOv8 for 100 

epochs when augmented images were used in the training dataset. From 

these two graphs it can be seen that the model’s overall precision is high 

with all classes being having a precision of 1 at a confidence level of 1.00, 

whereas the overall recall is relatively low for this model with all classes 

having a recall of 0.67 at a confidence of 0.0. However, some of the classes 

are performing far better than others which is bringing the average down. For 

instance, pen, air bubble, microfibre and fragments have a good recall level 

for this model.  
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Figure 4.65 A precision-confidence curve to evaluate the model when trained with augmented images 

using YOLOv8 for 100 epochs. 

 

Figure 4.66 A recall-confidence curve to evaluate the model when trained with augmented images 

using YOLOv8 for 100 epochs. 
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Figure 4.68 show a F1-confidence curve when the dataset was trained with 

YOLOv8 for 100 epochs and augmented images used in the training dataset. 

All classes are at 0.51 at a confidence of 0.381, after this point the F1 score 

begins to decrease. This average is, however, being brough down a few 

underperforming classes namely, natural material and insect matter. Most 

other classes are performing well above the average for all classes. The 

model overall performs best in the identification of pen, followed by 

fragments, air bubble, diatoms and microfibres.  

 

 

Figure 4.67 An F1-confidence curve to evaluate the model produced when trained with augmented 
images using YOLOv8 for 100 epochs. 
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Figure 4.69 shows a precision-recall curve for the model produced by 

training with YOLOv8 for 100 epochs and augmented images used in the 

training dataset. From this table it appears that the model was most 

successful at identifying microbeads with an area under the curve of 0.995, 

but as this is a very underrepresented class in the data set (only one 

instance) this does not fully demonstrate how well the model may or may not 

be able to identify microbeads. The dataset would need to be expanded to 

include more microbeads to be able to say with confidence how successful it 

was at identifying microbeads, as only one correct identification would be a 

100% detection rate.  Pen is then the next most successful identification with 

and area under the curve of 0.899, followed by fragments with an area under 

the curve of 0.839, air bubbles with an area under the curve of 0.800, 

microfibres with an area under the curve of 0.778. The model was least 

successful at identifying salt with an area under the curve of 0.047 and insect 

matter with an area under the curve of 0.052. Overall, the model had an area 

under the curve of 0.564, indicating that the model has not performed well in 

the overall classification of objects commonly found in microplastic samples, 

but it has performed well in the detection of microplastic microfibres and 

fragments, which is the main goal of this model.  
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Figure 4.68 A Precision-Recall curve to evaluate the model when trained with augmented images 

using YOLOv8 for 100 epochs. 

 

 

4.3.4 Comparison of The Different Models 

 

Table 4.13 shows a series of metrics for all of the models produced in this 

chapter. From the results displayed, YOLOv5 performed the worst out of 

each of the three algorithms used, with YOLOv5 and 25 epochs producing 

the worst all-round results as the training can be seen to improve with the 

increased number of epochs. The high false negative rate indicates that the 

model is missing a lot of detections. This could be because YOLOv5 can 

struggle to detect small object or objects that have a complex shape (Talaat 

& ZainEldin, 2023). YOLOv7 with augmentation then appears to have 

performed the best with the highest recall and F1 score and is the strongest 

performer across all the metrics. It does, however, have a false discovery 

rate of 0.389, meaning 38.9% of discoveries are incorrect, which is quite high 

and is the largest false discovery rate of all the models tested. YOLOv8 has 
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the best mAP scores of all the algorithms tested this indicates that YOLOv8 

may be better at generalising to unseen data compared to the other 

algorithms tested. From these metrics the best overall performer was 

YOLOv8 100 epochs with augmentation as it has a good balance between 

precision and recall, while YOLOv7 100 epochs with augmentation is the 

best model produced for detection as it has the highest recall at 0.56 and the 

best F1 score 

Table 4.13 A table to compare each algorithms precision (positive predictive value), recall (True 
positive rate), F1 score, mAP50, mAP50-95, False discovery rate and false negative rate with the best 

algorithm for each metric highlighted green and the worst metric highlighted red.  

Model YOLOv5 YOLOv7 YOLOv8 

Epoch 25 100 100 25 100 100 25 100 100 
Aug No No Yes No No Yes No No Yes 

Precision 0.68 0.787 0.728 0.843 0.715 0.611 0.715 0.65 0.675 

Recall  0.108 0.196 0.217 0.332 0.463 0.56 0.376 0.528 0.492 

F1 score 0.186 0.314 0.334 0.475 0.562 0.584 0.494 0.583 0.569 

mAP50 0.0895 0.213 0.269 0.354 0.455 0.542 0.414 0.537 0.564 

mAP50-95 0.0414 0.122 0.162 0.244 0.319 0.394 0.301 0.401 0.424 

False 
discovery 

rate 

0.32 0.213 0.272 0.157 0.285 0.389 0.285 0.35 0.325 

False 
negative 

rate 

0.892 0.804 0.783 0.668 0.537 0.44 0.624 0.472 0.508 

 

In order to fully evaluate the model, it would need to be evaluated whether 

false positives were more detrimental that false negatives. For example, in 

cases of mammogram screenings a false negative would mean that cancer 

is missed, so it may be more beneficial to have a higher false positive rate to 

ensure that no cancer is missed, but this leaves the potential of exposing 

patients to harmful unnecessary treatments if the false positive is not 

detected (Bagchi et al., 2019). In the case of this model the effects would not 

be as detrimental, but nonetheless needs to be considered, as a false 

negative would mean that microplastics are potentially being missed 

providing an under representation of the population of microplastics in a 

given environment. But a false positive could over inflate the microplastic 

population, however if results have to be examined by a researcher through 

confirmatory analysis such as Raman or FTIR false positives should be 

detected and can then be removed from the total of microplastics found. 

Across all three algorithms the models with only 25 epochs performed the 
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worst as most metric tended to improve for the 100 epoch models, this 

demonstrates that for this data training for 25 epochs is not enough training 

time to produce a successful model.  Some of the metrics have decreased 

going from 100 epoch to 100 epoch and augmented images, this could be 

due to the fact that augmentation can cause overfitting (Wong, Gatt & 

Stamatescu, 2016) where after a certain point robust training will adversely 

affect the model’s performance due to overfitting leading to the model’s 

accuracy decreasing (Rebuffi et al., 2021). Overfitting, however, can also be 

caused by the presence of ‘noise’ in the dataset, limited training data size 

and complex classifiers (Ying, 2019). There are ways to resolve this issue, 

such as early stopping, where accuracy is observed at the end of every 

epoch find the perfect balance between overfitting and underfitting at the 

point accuracy starts to decrease training is stopped (Büttner et al., 2023). 

Network-reduction/noise reduction, reducing the number of final classifiers 

can help to reduce noise and classifier complexity, increasing the dataset 

particularly underrepresented classes can also help to prevent overfitting 

(Ying, 2019). Augmenting images can provide a benefit to the models’ 

performance as it is a useful method for reducing errors by creating a more 

comprehensive dataset (Shorten & Khoshgoftaar, 2019). For instance, 

Jaipuria et al. (2020) found that synthetic augmented images in the training 

dataset over three different computer vision tasks provided a significant 

improvement in cross-dataset generalisation performance. Another potential 

explanation for the augmented models performing slightly worse than the 

non-augmented models is that using augmented images has the potential to 

distort the training images, leading to a discrepancy between the training 

images and the testing images (Merchant, Zoph & Cubuk, 2020). 

Table 4.14 shows the true positive rate for each model for each class, 

YOLOv7 with 100 epochs despite not having any of the best performing 

metrics in Table 4.13, demonstrates the best overall correct identifications 

over multiple classes. However, this does not include microfibres and 

fragments which was successfully identified the most by YOLOv7 with 100 

epochs and augmented images. Although, YOLOv7 100 epochs is only a 

little bit lower than YOLOv7 with augmented images. Once again YOLOv5 
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has performed the worse across all the models tested, with some instances it 

is performing far worse than the other algorithms, for example YOLOv5 25 

epochs had a correct identification rate of 17% for pen while YOLOv7 25 

epoch had a correct identification rate of 90%. YOLOv5 also performed 

poorly in the identification of microfibres and fragments indicating that it is not 

the most appropriate algorithm to apply to microplastic identification. 

YOLOv8 has performed fairly well in the identification of microplastics and 

materials likely to appear in environmental samples and has performed the 

best in the identification of anthropogenic material, hair and microbeads, but, 

as this equates to only one identification this is not a reliable predictor in how 

the model will perform, although it is not likely to be able to identify 

microbeads well until their representation has been increased. This is backed 

up by literature as in a study detecting plastic bottles in a recycling plant, 

YOLOv8 despite having more parameters and needing a longer computation 

time outperformed YOLOv5 in accurate identifications (Matta et al., 2024). 

Pen has been successfully identified in both YOLOv7 and YOLOv8, this 

means that analysts are safe to annotate the samples without much risk that 

it will result in misidentification of microplastics, this is a very useful ability, as 

it means that potential microplastics can be marked and numbered without 

consequence for identifications. All algorithms were unable to identify, 

Easylift® tab, insect matter and salt, this indicates that these classes need to 

have more representation within the dataset. For example, the images used 

in this chapter were all from the upper Hudson where salt levels were lower 

and so not as present in the images generated, adding more images to the 

dataset from the lower Hudson River could improve the detection rate of salt.  
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Table 4.14 A table to show the true positive rate for each model for each class with 1.00 being 100% 
and 0 being no correct identifications (0 is represented with -). 

Model YOLOv5 YOLOv7 YOLOv8 

Epoch 25 100 100 25 100 100 25 100 100 

Aug No No Yes No No Yes No No Yes 

Air bubble 0.25 0.54 0.62 0.82 0.82 0.81 0.73 0.76 0.78 

Anthropogenic - - - - 0.50 0.40 - 0.33 0.67 

Background 

material 

0.41 0.49 0.51 0.56 0.62 0.57 0.54 0.56 0.53 

Cellulose filter 

paper 

0.01 0.24 0.33 0.63 0.67 0.66 0.56 0.64 0.62 

Cotton 0.01 0.29 0.33 0.57 0.73 0.70 0.60 0.59 0.65 

Diatom 0.04 0.30 0.40 0.70 0.73 0.67 0.58 0.61 0.57 

Easylift® tab - - - - - - - - - 

Edge of slide - - - - 0.64 0.64 0.38 0.38 0.54 

Fragment 0.08 0.24 0.38 0.81 0.80 0.81 0.69 0.64 0.69 

Glass filter 

fibre 

- 0.20 0.34 0.61 0.64 0.50 0.49 0.57 0.47 

Hair textile - - - 0.17 0.67 0.50 0.27 0.27 0.36 

Hair - - - - 0.50 0.42 0.55 0.55 0.55 

Insect matter - - - - - - - - - 

Microbead - - - - - - - - 1.00 

Microfibre 0.16 0.44 0.52 0.68 0.74 0.79 0.74 0.76 0.76 

Natural 

material 

- - - 0.19 0.43 0.46 0.13 0.16 0.26 

Pen 0.17 0.49 0.62 0.90 0.94 0.94 0.83 0.85 0.88 

Salt - - - - - - - - - 

Unknown - - - - - 0.50 - 0.25 - 

 

Figures 4.70 and 4.71 show heatmaps for the distribution of false positives 

and false negatives for microfibres and fragments across all models. In 

Figure 4.79, the classification that is most often confused with microfibres is 
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cotton, with a high number of cotton being identified as microfibres (false 

positives) and microfibres being identified as cotton (false negatives). 

YOLOv7 had the fewest number of false positives for cotton compared to the 

other algorithms, with YOLOv5 having the highest number of false positives. 

However, YOLOv7 had a higher level of false negatives and YOLOv5 having 

the lowest level of false negatives. This means that the model is more likely 

to falsely identify microfibres as something else but more likely to falsely 

identify other classes as microfibres. Overall, there are several different false 

positives and false negatives for microfibres with varying degrees of 

occurrence. Fragments had very few false positives across all models with 

the most common false positive being pen, but this false positive of pen only 

occurs in YOLOv5 and not the other two algorithms investigated. Fragments 

had a higher number of false negatives than false positives, with the most 

common false negatives being background material. YOLOv7 had the fewest 

number of false negatives than the other algorithms, with YOLOv5 having the 

most false negatives. Fragments have a few false negatives that would not 

normally be considered visually similar, namely microfibres and cotton. 

These false negatives are likely to have occurred due to their colouration as 

the majority of fragments in the dataset are blue, which is a common colour 

for both microfibres and cotton.  
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Figure 4.69 Heat maps to show the distribution of false positives (left) and false negatives (right) for 
microfibres across all models. 

 

Figure 4.70 Heat maps to show the distribution of false positives (left) and false negatives (right) for 
fragments across all models. 
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4.3.4.1 Evaluating the Dataset 
 

The 3102 images and annotations were split into training, validation, and test 

set with a 70% (2171), 20% (621), 10% (310) split. A second dataset was 

created by randomly augmenting the training images, the augmentations 

used were flipped horizontal and vertical, 90° rotate clockwise, 

counterclockwise and upside down and an up to 4% blur was applied this 

bought the number of training images to 6504. While the number of images 

could be considered fairly large, there is an imbalance between the different 

classifications used to annotate the dataset, as some classes are far more 

common than others. When a model has unbalanced data, using accuracy 

as a metric to evaluate the model is unreliable as it will provide and 

overoptimistic estimation of the model’s ability to classify minority classes 

(Chicco & Jurman, 2020). Some of the imbalances in the dataset could be 

improved by increasing the number of images used in the dataset. For 

example, the images used in this dataset were all predominantly from the 

upper Hudson where salt levels were lower and so not as present in the 

images generated, adding more images to the dataset from the lower 

Hudson River could improve the detection rate of salt as there will be a 

natural increase in the presence of salt in the images. For other classes 

increasing the representation is not as simple, for example the presence of 

insect matter and microbeads is a random addition to the samples that is not 

more likely to be found in certain samples more than others. Due to this, it is 

difficult to add more representation to the dataset with genuine 

environmental samples; it could be increased by manufacturing images. This 

would potentially mean the images used are not representative 

environmental samples, which could mean they are not appropriate for the 

training dataset as environmental samples would have natural weathering 

and debris that could mean that they would not be correctly identified. 

Another potential solution would be to consolidate some classes together, for 

example, into microplastic or not microplastic or classifying diatoms, insect 

material, etc., into natural material. Doing this would increase the 

representation in each class and reduce the number of potential different 

classification outcomes. It would then mean, however, that it becomes 
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difficult to see what the potential misidentifications are allowing the dataset to 

be altered to try and resolve the misidentifications. Augmentation could be 

further applied to these images to increase the representation of these 

classes, but this would also come with potential drawbacks for the dataset. 

For instance, as there are only a small number of microbeads in the dataset 

augmentation could be used to increase its representation, but these new 

images would potentially still not be fully representative of any microbead 

that the model could encounter as it will not be representative in terms of the 

potential, size, colour and degree of weathering and biofouling that could be 

encountered. A lot of the images in the dataset are also overcrowded. Object 

overcrowding is a common issue with microscope images used in machine 

learning as the images often contain a large number of items of interest 

overlapping each other this is very true with microplastic samples particularly 

microfibres. This overcrowding can cause a barrier to automatic detection 

and segmentation of individual objects (Zinchuk, Grossenbacher-Zinchuk, 

2020). This would be difficult to resolve as the intended goal of the model is 

to be used to detect microplastics within environmental samples, these 

samples are also likely to be heavily overcrowded, meaning that the model 

would need to be able to cope with overcrowding in the images in order to be 

an effective method of automated detection of microplastics. The vast 

majority of the water samples used in the dataset are from the upper Hudson 

River meaning that there is a larger representation of freshwater samples 

meaning that the system may not be appropriate for use on saltwater 

samples as there will be different materials present, for example the diatoms 

encountered in freshwater will be different to the diatoms encountered in 

saltwater. There is a good representation of air samples within the dataset, 

but as with the water, the vast majority of the air samples used in the dataset 

are from the upper Hudson River, and so there may be differences in the 

materials encountered in different environments. But as there is a lower level 

of background material in the air samples it should still be able to cope with 

air samples from different environments. None of the soil samples were in 

the dataset used as they were taken after training started, this means that 

the models produced are unlikely to perform well on soil samples, and these 

samples would need to be incorporated into the dataset. The images in this 
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dataset are also all on the same medium, mounted on a glass slide with 

Easylift®, and so the models may not perform well on different types of 

samples for example those still on filter paper, this could be investigated by 

testing the models on images that are not mounted with Easylift® and by 

adding different images of samples on different mediums into the dataset. 

The highest priority should be increasing the representation of microbeads 

and plastic film in the data set as these are severely underrepresented and 

are two types of microplastic an automated method of detection for 

microplastics should be able to identify. Then other classes, such as hair and 

hair textile, should be increased as these are often confused for microfibres, 

so a better representation would hopefully resolve this issue. After which the 

next priority would be to increase the representation of classes such as salt 

and sand which are either poorly represented or absent from the dataset this 

could be done by including more saltwater and soil/sediment samples into 

the data set, this would also naturally increase the representation of the 

different types of diatoms that can be encountered in different environments. 

4.4 Conclusion 

The aim of this chapter was to generate a comprehensive dataset using 

samples taken from the Hudson River and to train and test the dataset with 

multiple algorithms to determine how accurate the identifications produced 

are and which algorithm performs the best. This was achieved by collecting 

images from samples of the Hudson River, air, water and soil. A subsection 

of 3102 of these images formed that dataset that was annotated and used to 

train and test different models. Three different algorithms were investigated, 

YOLOv5, YOLOv7 and YOLOv8, each algorithm was tested with 25 epochs, 

100 epochs and 100 epochs with augmented images used in the training 

data.  

It was found that YOLOv5 performed the worst out of all algorithms 

investigated, meaning it is not suitable for use in microplastic samples. 

YOLOv7 with 100 epochs had the best all-round correct identification rate, 

but YOLOv7 with 100 epochs and augmentation had the highest 

identification rate for microfibres and fragments. YOLOv8 performed well 

overall and had a good level of identification comparable with YOLOv7’s but 
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did not have the highest level of correct identifications for most classes with 

the exception of anthropogenic material, hair and microbeads. But, as 

microbeads equates to only one identification this is not a reliable predictor in 

how the model will perform, and it is not likely to be able to identify 

microbeads well until their representation has been increased. YOLOv7 with 

augmentation had the highest recall (0.56) and F1 score (0.584). It does, 

however, have a false discovery rate of 0.389, meaning 38.9% of discoveries 

are incorrect. YOLOv7 performed well in the metrics shown in Table 4.13 but 

did not have the best performance in any of the metrics being observed, 

while YOLOv5, with 25 epochs, performed the worst out of all models being 

investigated. For all algorithms the 25 epochs model performed the worst, 

indicating that it is not enough epochs to successfully train the model to 

identify microplastics. The category with 100 epochs and augmented images 

performed well but there would often be a decrease in successful 

identifications and metrics when compared to just the 100 epochs category, 

this could be due to overfitting of the data.  Overall YOLOv7 with 100 epochs 

performs the best in the identification of all objects found in microplastic 

samples.  

The most successful class identified is pen with the highest identification rate 

of 94% being achieved by YOLOv7 100 epochs with and without augmented 

images. All models were unable to identify, Easylift® tab, insect matter and 

salt, this indicates that these classes need to have more representation 

within the dataset. 

4.5 Further work  
 

Due to the findings of this study, there have been several areas identified 

that need further investigation and improvement to further understand the 

data within this study. More images should be added to the dataset to 

increase the representation of different classifications and different sample 

types in the dataset, this would improve the different model’s ability to be 

used to accurately identify microplastics in environmental samples. The 

models should also be tested with samples of different backgrounds, such as 

on filter papers, to test its performance when the sample is not mounted in 
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Easylift®. The classifiers could also be altered to reduce the number of 

classifications and reduce noise in the algorithms as this may increase 

performance. The presence of microbeads in the dataset needs to be 

increased as it is currently a very small class but is a commonly found 

microplastics and so the model needs to be able to successfully locate and 

identify microbeads to be considered a good method of quantifying 

microplastics in samples.  

There should also be further investigation into the addition of augmented 

images in the dataset, for example by employing early stopping to find the 

point where the model performs its best and before performance drops 

stopping the training to prevent overfitting. Other algorithms should also be 

investigated to determine if they perform better than the YOLO algorithms 

investigated in this chapter.   
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Chapter 5 Conclusion  

5.1 Overview of Key Findings 
 

This thesis aims to develop a standardised method of characterising and 

quantifying microplastics in environmental samples, taken from the Hudson 

River. Air, water and soil samples were taken every three miles along the 

course of the river from the ‘Tears of the Clouds’ to ‘Ambrose light’, for a total 

of 447 samples: 227 water, 163 air and 57 soil samples. Additional samples 

were taken around three wastewater treatment plants on the Hudson River: 

Hudson River WWTP, East River WWTP and Yonkers WWTP. In this study, 

27 water samples were taken for each WWTP. Surface, middle and bottom 

water samples were taken every half mile from 2 miles north of the WWTP to 

2 miles South of the WWTP. The use of Easylift® was investigated as a 

method of retrieval from different filter paper and filter combinations. In 

addition, a study was undertaken to determine whether the inclusion of 

Polarised light microscopy (PLM) is beneficial in the search process. The use 

of three machine learning algorithms was also investigated to determine its 

accuracy in detecting microplastics. Figure 5.1 shows a flow chart with the 

aim and key findings of each Chapter. 

A seeded study was employed to investigate if microfibres are lost in the 

process of filtering the microfibers from a water sample and whether the non-

birefringent forensic tape lift, Easylift®, was a suitable method of retrieval of 

microfibres from the surface of filter papers. This study was undertaken to try 

to produce a method that maximises the retrieval of microfibres from water 

samples and to give an indication of potentially how many microfibres may 

have been lost to the filtration and extraction process. Two filtration methods 

and two filter papers were investigated: a Buchner funnel and a glass frit, 

and cellulose filter papers and glass microfibre filter papers. The use of 

Easylift® was then investigated as a method of collection of microfibres from 

the surfaces of the two filter papers investigated. This determined the 

optimum method for minimal loss of microfibres when filtering water samples 

and so that potential loss rates would be known. The filtering process was 

found to result in a loss of microfibres, with a mean loss of 7.97% of 
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microfibres lost over all category combinations investigated, with glass filter 

paper used with a Buchner funnel resulting in the most microfibres lost 

(87.36% retrieval rate) and cellulose filter paper with the glass frit resulted in 

the least amount of loss of microfibres (94.03% retrieval rate). Easylift® was 

found to be an effective method of collecting microfibres from the surface of 

filter papers, with a mean loss of 3.75% microfibres across all categories 

investigated. The combination with the overall best retrieval rate was 

cellulose filter paper used with the glass frit with an overall retrieval rate of 

93.24%. The glass filter paper with the Buchner filtration combination 

performed the worst with an overall retrieval rate of 79.65%. 

The use of the addition of PLM into the search process was investigated to 

determine if its use would result in the detection of additional anthropogenic 

materials that were missed in the preliminary search with stereomicroscopy. 

The majority of research currently uses stereomicroscopes to detect 

anthropogenic materials within their samples, and then a confirmatory 

method such as FTIR or Raman spectroscopy is used. This investigation 

aimed to determine if anthropogenic materials are being missed by 

stereomicroscopy, and if there are any features that make the anthropogenic 

material more likely to be missed. PLM was found to be a beneficial addition 

to the search process as it was able to examine the sample under crossed 

polars, allowing birefringence to be observed. In the study, 1331 

anthropogenic materials were detected using the stereomicroscope; the 

addition of PLM found an additional 549 particulates over the 244 sample 

slides subsection used in this study. A significant number of the 

anthropogenic materials found with PLM were colourless, 371 (67% of those 

found by PLM). While stereomicroscopy found 285 colourless anthropogenic 

materials (21% of those found by stereomicroscopy). 

One of the biggest challenges to microplastic research is how time-

consuming and expensive it is to process samples. The use of machine 

learning to automate the detection of microplastics and other anthropogenic 

materials has the potential to substantially decrease the time it takes to 

process samples, allowing more research to be completed in a smaller 

amount of time. 3102 images from the Hudson River samples were split into 
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training, validation, and test set with a 70% (2171), 20% (621), 10% (310) 

split. A second dataset was created by randomly augmenting the training 

images; the augmentations used were flipped horizontally and vertically, 90° 

rotated clockwise, counterclockwise and upside down and up to 4% blur was 

applied. This brought the number of training images to 6504. The training 

was undertaken with YOLOv5, YOLOv7 and YOLOv8 three times each, once 

with 25 epochs, once with 100 epochs and once with the augmented training 

set with 100 epochs. YOLOv5 performed the worst out of all algorithms 

investigated, with most classes having a classification rate under 50%, 

meaning it is not suitable for use with the microplastic samples used in this 

study. YOLOv7, with 100 epochs, while not having the highest precision and 

recall, had the best all-around correct identification rate for each class, 

including microfibres and fragments. YOLOv7 with augmented images had 

the best F1 score of 0.584. The most successful class identified was pen 

with the highest identification rate of 94% being achieved by YOLOv7 100 

epochs with and without augmented images. 
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Figure 5.1 A Flow chart showing the aims and key findings for each chapter. 

Chapter 2

•Aim: To investigate the retrieval rate of different 
filter and filter paper combinations and how 
effective Easylift(R) is as a method of recovery

•Findings: The cellulose filter paper and glass frit had 
the best overall retrieval rate with 93.24% of 
microfibres retained and the glass filter paper and 
Buchner funnel had the worst overall retrieval rate 
with 79.65% retained. Easylift(R) had a mean 
retrieval rate of 96.4%

Chapter 3

• Aim: To investigate whether the addition of PLM to 
the search process is beneficial for the detection of 
anthropogenic materials in addtion to 
stereomicroscopy. 

•Findings: The use PLM found an additional 549 
particulates over the 244 sample slides, the majority 
of the particulates found with PLM were colourless.

Chapter 4

•Aim: To develop and test an automated method of 
detecting microplastics using machine learning.

•Findings: YOLOv7 with 100 epochs is the most 
successful all round model produced and YOLOv5 
performed the worst out of all algorithms tested. 
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5.1.1 Key Findings for Chapter 2: Improved Method for the Retrieval of 

Microplastics from Water Samples Using a Forensic Fibre Recovery Approach 

5.1.1.1 Objectives 
 

The objectives of Chapter 2 were as follows: 

Objective 1: To investigate and evaluate the different properties of Easylift® 

to allow the analysis of microplastics. 

Objective 2: To determine if microfibres are being lost during the filtration of 

water samples. 

Objective 3: If so, determine if the filter paper type or funnel used impacts on 

the amount microfibres lost through filtration.  

Objective 4: to determine the efficacy of Easylift® as a method for retrieving 

microfibres from the surface of two different filter papers.   

5.1.1.2 Chapter Summary  

 

Two different filter papers (Glass filter paper and cellulose filter paper) were 

tested with two filter funnel types (Buchner funnel and glass frit). 10 litres of 

tap water seeded with approximately 200 fluorescent microfibres was filtered 

with each filter and funnel combination three times. The fibres were counted 

before they were added to the water, then the number of fibres caught by the 

filter was counted again to see if any were lost in the filtering process. The 

filter paper was then tape lifted with a piece of Easylift® tape, to retrieve the 

microfibres. Once tape lifted the number of fibres was once again counted to 

determine Easylift®’s retrieval rate and the overall percentage of microfibres 

lost during the filtration and collections steps.  
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5.1.1.3 Key Findings 
 

The key findings of this chapter were that: 

1. Easylift® is compatible with a number of techniques in situ, including 

PLM, confocal Raman and microspectrophotometry.  

2. It is possible to dissect and remove the microplastics from the 

Easylift® tape lift allowing it to be analysed with a variety of alternative 

techniques including Fourier transform infra-red spectroscopy (FTIR).  

3. Microfibres were found to be lost during the filtration process with an 

average of 7.97% of microfibres lost over all combinations 

investigated with glass filter paper and a Buchner funnel resulting in 

the most loss and cellulose filter paper with a glass frit resulting in the 

least loss.  

4. Filter type and funnel type were not found to produce a significant 

interaction effect on the rate of microfibre recovery post-filtration (P = 

0.218). 

5. The optimal funnel and filter combination for Easylift® recovery was 

found to be cellulose filter paper with glass frit, as it had a mean fibre 

recovery rate from the filter paper with Easylift® of 99.16%, a standard 

deviation of 0.96% points, and an overall recovery rate of 93.24%. 

6. A statistically significant difference was found when comparing the 

recovery of the glass filter paper and glass frit funnel combination (m = 

96.55%, sn-1 = 1.71) with the glass filter paper with the ceramic funnel 

(m = 91.21%, sn-1 = 2.03) with an adjusted p value of 0.006. 

7. A statistically significant difference was found when comparing the 

ceramic funnel and cellulose filter combination, (m = 98.54%, sn-1 = 

1.25) with the ceramic funnel with the glass filter paper (m = 91.21%, 

sn-1 = 2.03) with an adjusted p value of 0.001. 

8. The glass filter paper with the Buchner filter combination resulted in 

the lowest retrieval rate (91.21% with a standard deviation of 2.03%). 

9. The water content of the filter paper was also not found to affect the 

rate at which tape lifting can recover microfibres from the filters used 

when looking at the range of water contents observed in this study 
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prior to tape lifting. However, it was observed that when the filter 

paper was very wet the tackiness of the tape lift was affected, and 

when the filter was dry, more background fibres from the filter were 

retrieved.  

5.1.1.4 Recommendations 

 

From the findings outlined above the following recommendations are made. 

1. Based on the observed retrieval rates, using a cellulose filter paper 

and a Buchner funnel had the lowest rates of losing microfibres and 

so is the best method for maximum retrieval. Although thought should 

also be put into the study design when selecting filter paper. For 

example, if any anthropogenic material such as cotton is being 

investigated then a cellulose filter paper may not be appropriate. In 

these instances, the possible loss of microfibres should be considered 

in the interpretation. 

2. The use of Easylift® in microplastic research allows for the quick and 

easy retrieval of microfibres from the filter paper with a high retrieval 

rate. Easylift® also prevents any contamination to the sample after 

tape lifting and allows the sample to be stored for long periods of time.  

3. An investigation into Easylift®’s retrieval rates with other forms of 

microplastics for instance fragments and microbeads should be 

conducted.  

4. An investigation into Easylift®’s retrieval rates with other sample 

mediums should also be conducted for example soils and sediment 

samples.  

5. An investigation into Easylift®’s performance with environmental 

samples that may contain materials such as debris, salt etc should be 

investigated.  
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5.1.2 Key Findings for Chapter 3: Development of an improved method of 

processing microplastic samples – Easylift® field trial and the addition of 

polarised light microscopy for the detection of microplastics 

5.1.2.1 Objectives 
 

The objectives of Chapter 3 are as follows: 

Objective 1: To build on the evaluation of the use of Easylift® from Chapter 2, 

during a field trial.  

 

Objective 2: To determine if there is a benefit to adding PLM to the process 

of searching for microplastics with stereomicroscopy, or as a standalone 

technique. 

 

Objective 3: To investigate whether certain characteristics, e.g., colour, 

microplastic type or size, influences whether they are found with 

stereomicroscopy or PLM.  

 

5.1.2.2 Chapter Summary 
 

528 samples were taken across the whole Hudson River expedition, these 

samples were used as the first field trial of Easylift®, to determine if there 

were any problems that arose during its use with environmental samples 

both for retrieval and analysis. 244 sample slides out of 528 samples were 

searched with stereomicroscopy at a x30 magnification for any potential 

anthropogenic material. Anything of potential interest was marked on the 

surface of the tape lift with a pen. After the search with the stereomicroscope 

the sample was examined by the same examiner with a Polarised light 

microscope, the samples that were marked during the first stage were 

analysed first to determine if they were anthropogenic in origin or natural. 

The entire slide was then searched again at x40 under crossed polars, this 

allows any interference colours to be observed, making plastic materials 

more visible. The slide was then searched again under plane polarised light 

at x100 to search for smaller microplastics that may have been missed. 
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5.1.2.3 Key Findings 

 
The key findings of Chapter 3 were that: 

 

1. Easylift® was found to be an effective method for retrieving 

microplastics from filter papers in a field study. It was used on over 

500 samples encompassing, air, water, and soil samples.   

2. During the field trial a small number of particulates remained on the 

filter, these particulates could be retrieved with tweezers and placed 

underneath an Easylift® tape. 

3. The addition of PLM after stereomicroscopy found an additional 549 to 

the 1331 particulates found by stereomicroscopy over the 244 sample 

slides subsection used in this study.  

4. A logistical regression found that there was a significant relationship 

found between the particulate being colourless and what method it 

was found by (P value = 8.8x10-8). With 67% of the additional 549 

found being colourless. 

5. Width was not shown to have an impact on the method of detection, 

however, there are several other factors which may be playing a role 

in this finding.  

6. By further categorising microfibres to include cross-sectional shape, 

birefringence, sign of elongation and presence of delusterant, a more 

accurate estimation of the level of microplastic pollution, and 

information about potential sources of microplastic contamination, can 

be achieved. 

 

5.1.2.4 Recommendations. 

 
 
From the findings outlined above the following recommendations are: 

1. Easylift® should be used to collect anthropogenic particulates from 

filter papers as this puts the particulate into a field where it is 

protected from contamination and allows the sample to be observed 

under crossed-polars on a PLM. 
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2. PLM should be added to the search process as it allows more 

features to be observed such as birefringence allowing colourless 

microplastics to be more easily detected.  

3. A study should be undertaken to investigate if when PLM is used first 

followed by stereomicroscopy, the second search should be done with 

stereomicroscopy to determine if it detects any additional 

anthropogenic particulates missed by PLM. If this is found to be the 

case, then a two stage-search is recommended if not then the use of 

stereomicroscopy can be removed from the search process. 

4. A study should be done with different examiners to see if there is any 

intra-variation between what is found in the samples and if experience 

has an impact on what is identified as an anthropogenic material.  

 

5.1.3 Key Findings from Chapter 4: 
 

5.1.3.1 Objectives 
 

The objectives of this Chapter are as follows: 

Objective 1: To generate a comprehensive dataset using samples taken from 

the Hudson River 

Objective 2: To create an annotation system to classify objects in the 

dataset. 

Objective 3: To train and test the dataset with YOLOv5, YOLOv7 and 

YOLOv8 with varying levels of epoch and augmentation in the dataset to 

determine how accurate the detections produced are.   

5.1.3.2 Chapter Summary 
 

During the analysis of the 528 samples taken from the Hudson River 13,992 

images were taken, these comprised of 8927 images from water samples 

from a saltwater environment to the source of the Hudson River. 3742 

images taken from air samples; 330 images taken from soil samples. A 

further 746 images were taken of known textile fibres mounted with Easylift®. 
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Of the 13992 images taken 3102 images were annotated using the 

Computer Vision Annotation Tool (CVAT), for 21 classifications; air bubble, 

background material, sand, cellulose filter fibre, cotton, diatom, Easylift® tab, 

film, edge of slide, fragment, glass filter fibre, hair textile, hair, insect matter, 

microbead, microfibre, natural material, pen, salt and unknown.  These 

images were then split into training, validation, and test set with a 70% 

(2171), 20% (621), 10% (310) split. A second dataset was created by 

randomly augmenting the training images, the augmentations used were 

flipped horizontal and vertical, 90° rotate clockwise, counterclockwise and 

upside down and an up to 4% blur was applied this bought the number of 

training images to 6504. Training was undertaken with YOLOv5, YOLOv7 

and YOLOv8 three times each: once with 25 epochs, once with 100 epochs 

and once with the augmented training set with 100 epochs. 

5.1.3.3 Key Findings 
 

The key findings of Chapter 4 were that: 

1. YOLOv5 performed the worst in the overall identification of 

microplastic samples with a mean F1 score of 0.278. YOLOv5 also 

had the lowest mAP50 with a mean of 0.191, meaning that it 

generated inaccurate bounding boxes.  

2. YOLOv7 100 epochs had the best all round correct identification rate 

for each class including microfibres and fragments. However, YOLOv7 

with augmented images had the best F1 score of 0.584. 

3. 25 epochs performed the worst for all models produced. 

4. The performance of the models with augmentation decreased 

compared to the 100 epochs with no augmentation category.  

5. The most successful class identified was pen with the highest 

identification rate of 94% being achieved by YOLOv7 100 epochs with 

and without augmented images. 

6. All models were unable to identify Easylift® tab, insect matter and salt, 

this indicates that these classes need to have more representation 

within the dataset. 
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5.1.3.4 Recommendations 
 

From the findings outlined above the following recommendations can be 

made. 

1. More images should be added to the dataset to increase the 

representation of different classifications particularly the 

underrepresented classes such as salt, hair, microbeads and sand. 

Different sample types should also be better represented in the 

dataset in particular saltwater images and soil/ sediment samples.  

2. There should also be further investigation into the addition of 

augmented images in the dataset, for example by employing early 

stopping to cease training when the model has reached the optimum 

number of epochs before performance decreases. 

3. Other algorithms should also be investigated, including Random 

Forest and K-nearest neighbour. 

5.2 Implications of findings. 

 

The findings of this thesis have provided a new approach to collecting and 

storing microplastic samples from filter papers. The ability to store samples 

without fear of contamination or loss, allows samples to be quickly obtained 

in the field, it also facilitates inter laboratory studies, by allowing the samples 

to be easily sent to different facilities allowing results to be validated by other 

researchers creating more reliable data. The ability to store samples long-

term also allows the samples to be re-analysed as new techniques emerge.  

In addition, knowing the potential rates of loss of microplastics from different 

commonly used filtration methods allows researchers to choose the most 

appropriate method for the equipment available and make adjustments to the 

overall microplastic population to account for the potential losses caused 

through filtration. In addition, In addition, this thesis compared the more 

commonly used stereomicroscopy with polarised light microscopy. The 

findings of which demonstrated that stereomicroscopy misses a large 

number of microplastics, predominantly colourless microplastics. With this 

information, researchers will be able to better inform the research design to 
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maximise the detection of microplastics that may be missed if 

stereomicroscopy is used alone. Finally, the development of a wide dataset 

of microplastic images and development of an automated machine learning 

method of detecting and characterising microplastics will have wide positive 

effects on microplastic research by speeding up analysis times. The findings 

of chapter 5 will help to continue the advancement of this goal and help 

inform the next phase of development.  

 

5.3 Further Work  
 

The study in Chapter 3 should be replicated, using PLM as the initial method 

of searching followed by stereomicroscopy. This would conclusively 

determine if the use of PLM results in more anthropogenic materials being 

identified or whether the action of a second search is what is responsible for 

finding further particulates. This study should be done by the same examiner 

to ensure comparable results to the previous study; this should be done on 

new samples so that there is no bias about what is expected on the slides. 

This study could be repeated with different examiners to see if there are any 

intra-examiner differences in what is detected on the slides, as the 

identification of anthropogenic materials can be subjective, meaning what 

one examiner identifies as anthropogenic, another may not. This could help 

to inform a standardised method of identifying anthropogenic materials that 

could be applied to future research. A double-blind study could also be 

conducted where it is known exactly what is on each slide, and a separate 

examiner with no knowledge of what is present on the slide searches it. This 

study would need to run both with stereomicroscopy used first, followed by 

PLM, and using PLM first, followed by stereomicroscopy.  This would allow 

the determination of how accurate the two methods are and if there is a 

common particulate type that is missed by both methods. The effect of size 

on the rate of detection also needs to be investigated further as it was not 

possible to accurately ascertain from the data used in this study as often it 

was not possible to accurately measure the length due to the presence of 

background material obscuring part of the particulate or in the case of very 
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long microfibres, excessive twisting and overlaying made measuring the 

length impossible. This could be done in a laboratory simulation similar to the 

study conducted in Chapter two, by including samples of known size ranges 

to see if certain size ranges are missed more than others. An investigation 

also needs to be carried out to determine if Easylift® has a limit of extraction, 

by testing it with smaller size fraction down to the nanoplastic range, this 

would allow the determination of whether Easylift® is able to extract small 

particulates, which would explain their absence in the sample slide if this was 

found to be the case. In addition, the extraction rate of Easylift® with other 

microplastic types such as microbeads and fragments should be 

investigated. 

 
Due to the findings of Chapter 4, there have been several areas identified 

that need further investigation and improvement to further understand the 

data within this study. Firstly, more images should be tagged and added to 

the dataset to increase the representation of different classifications; the 

classes that need better representation are sand, microbeads, insect 

materials, hair, hair textile, Easylift® tab, edge of the slide, microfibres and 

fragments. Different sample types also need to be incorporated in the 

dataset, such as saltwater, soil, sediment and freshwater, from different 

bodies of water for example lakes. This would improve the different models’ 

ability to be used to accurately identify microplastics in environmental 

samples. The models produced should also be tested with samples of 

different backgrounds, such as those left on filter papers, to test its 

performance when the sample is not mounted in Easylift®. Additional 

algorithms could also be investigated as an alternative to those used in this 

thesis, algorithms that could be investigated include Random Forrest and K-

Nearest Neighbour. Further research could also be done with the algorithms 

investigated, by changing parameters and confidence levels to find the 

optimum setting for successful detection. Then number of epochs employed 

could also be altered to find the optimum number of epochs before overfitting 

occurs and performance decreases. Augmentation of the images to generate 

more data should also be further investigated for example altering the blur 
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further, colour manipulation and flipping or altering the orientation further 

could allow a greater level of detection being achieved. The split of the 

training, testing and validation set could also be altered to determine if there 

more or less images in the training dataset has an impact on detection rates. 
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Appendix 

Appendix A – Supplementary Resources  

Appendix A.1 – R Code   
Figure 3.9 code 

boxplot(Widths_csv$Stereo, Widths_csv$PLM, main = "A boxplot to show approximate 

width of microplasics in ?m", names = "Stereomicroscope", "Polarised light microscope", 

ylab = "Width of microplastics (?m)")") 

Logistic regression code 

  sapply (LRdata,function(x) sum(is.na(x))) 

data <- subset(LRdata, select=c(1,6,7,8,10,16)) 

data[data$`MP type` == "blue",]$'MP type' <- "Fibre" 

data[data$`MP type` == "Blue",]$'MP type' <- "Fibre" 

data[data$Delusterant == "N",]$'Delusterant' <- "N/A" 

data[data$Delusterant == "L",]$'Delusterant' <- "Low" 

data[data$Delusterant == "M",]$'Delusterant' <- "Medium" 

data[data$Delusterant == "H",]$'Delusterant' <- "High" 

http://dx.doi.org/10.1016/j.watres.2017.01.042
https://doi.org/10.1002/cpcb.101
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data[data$`cross sectional shape` == "Hair (animal)",]$'cross sectional shape' <- 

"Cylindrical" 

data[data$Identification == "Hair (Human)",]$'Identification' <- "Hair" 

data[data$Identification == "Hair (Animal)",]$'Identification' <- "Hair" 

data[data$Identification == "Hair (Textile)",]$'Identification' <- "Hair" 

data[data$Colour == "Purple",]$'Colour' <- "Pink" 

data[data$Colour == "Grey",]$'Colour' <- "Black" 

data[data$Colour == "Orange",]$'Colour' <- "Yellow" 

data$Method <- as.factor(data$Method) 

data$`MP type` <- as.factor(data$`MP type`) 

data$Colour <- as.factor(data$Colour) 

data$`cross sectional shape` <- as.factor(data$`cross sectional shape`) 

data$Delusterant <- as.factor(data$Delusterant) 

data$Identification <- as.factor(data$Identification) 

str(data) 

Logistics <- glm(Method ~ ., data = data, family= "binomial") 

summary(Logistics) 

Call: 

  glm(formula = Method ~ ., family = "binomial", data = data) 

ll.nul <-Logistics$null.deviance/-2 

ll.proposed <-Logistics$deviance/-2 

pseudo r2 

(ll.nul - ll.proposed)/ll.nul 

0.1950978 

1- pchisq(2*(ll.proposed - ll.nul), df=(length(Logistics$coefficients)-1)) 
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[1] 0 

predicted.dataAllC <- data.frame(probability.of.Method=Logistics$fitted.values, Method= 

data$Method) 

predicted.dataAllC <- predicted.dataAllC[order(predicted.dataAllC$probability.of.Method, 

decreasing = FALSE),] 

predicted.dataAllC$rank <- 1:nrow(predicted.dataAllC) 

Figure 3.10 code 

ggplot(data = predicted.dataAllC, aes(x=rank, y=probability.of.Method)) + 

geom_point(aes(colour=Method), alpha=1, shape=4, stroke=2) + xlab("Index") + 

ylab("Predicted probability of being detected with Stereomicroscopy") 

 

Appendix A.2 Standard operating procedure of the use of Easylift® 
 

1. Easylift®.  

Easylift® was developed at Staffordshire University as a method of retrieval 

of forensic fibres from crime scenes. As the tape is non-Birefringent it allows 

the fibres to be analysed with a polarised light microscope in situ, preventing 

contamination and loss of samples. Easylift® has also been applied to 

retrieval of microplastics from filter paper to maximise sample retrieval and 

protect the samples from any further contamination.  

2. Filter paper selection. 

Easylift® is suitable for use on microfibre filter paper such as cellulose or 

glass filter papers, it is not suitable for use on membrane filter papers as it 

will rip the filter paper when lifted.  



343 
 

 

Figure A.1 from left to right: Nitrocellulose filter paper that has been filtered dry and tape lifted with 
Easylift®, damp filter paper after Easylift®, dry filter paper after Easylift®, and examples of the Easylift®, 

tape after retrieval of microplastics. 

 

 

 

 

3. Preparation of filter paper.  

Easylift® is most effective at retrieving microplastic samples whilst recovering 

a minimal number of fibres from the filter paper when it is tape lifted 

immediately or soon after filtration of the sample so that the filter paper is 

slightly damp. If the filter paper is dry during recovery, it will retrieve a large 

number of filter paper fibres, potentially masking any potential microplastics.   

 

 

 

 

 

 

Figure A.2 An example of an overloaded Easylift® tape retrieved when the filter paper was dry (left) and an example 
of a tape taken whilst the filter paper was damp (right). 
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4. Retrieval of microplastics from the filter paper. 

Before using Easylift® observe the tape under the microscope to ensure that 

there is no contamination on the tape. 

Carefully peel the back of off the Easylift® by holding on to one of the blue 

tabs at either end of the tape and carefully pulling it away from the protective 

backing. Once removed hold each end of the tape pulling it taught, gently 

place Easylift® on one side of the filter paper and press on the tape where it 

is over the filter paper to ensure good adhesion, then lift the tape and place it 

down again so that there is a small overlap with the previous area tape lifted. 

This is repeated until the entire surface of the filter paper has been tape lifted 

by Easylift® maximising recovery of any microplastics present on the surface. 

If the filter paper is particularly laden with debris or microplastics it may be 

beneficial to use multiple tapes of Easylift® to prevent the tape from 

becoming overloaded and making later analysis easier.  Once you have 

finished tape lifting from the filter paper the Easylift® can then adhere to a 

clean glass microscope slide for storage and analysis.  The sample name 

can be written on the blue tabs and you can mark on the slide where fibres of 

interest are with a marker pen. 

 

 

 

 

 

 

 

 

 

 

 

Figure A.3 A completed Easylift® tape lift with microplastics marked onto the tape. 
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5. Use of a mounting agent.  

A mounting agent such as DEPEX can be used alongside Easylift® to ensure 

good adhesion of the tape to the microscope slide, this is particularly useful 

in situations where there is a lot of debris and background material on the 

surface of Easylift® which may affect its adhesion to the slide.  Apply 

mounting agent to the microscope slide and spread it across the surface of 

the slide to ensure even coverage, after this apply Easylift® on top of the 

mounting agent and press down spreading the mounting agent out further 

and removing any air bubbles that may be present, leave the mounting agent 

to dry for 24 hours.  

 

 

 

  

 

  

 

 

 

 

 

 

 

Figure A.4 A diagram to show how to effectively tape lift the entire surface of the filter paper, with the previous 
location of Easylift® demonstrated by the dashed lines. 
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Appendix A.3 – Additional Tables and Figures. 

Chapter 2 

Table A.1 full results from the piolet study in chapter 2 N= number. 

Sample N fibres 
used 

N fibres 
retrieved 
by filter 
paper 

% fibres 
recovered 
by filter 
paper 

N fibres 
retrieved 
by 
Easylift® 

% fibres 
retrieved 
by 
Easylift® 

Overall % 
recovered 

1 / 55 / 51 92.7 / 

2 25 24 96 24 96 96 

3 26 14 54 13 92.9 50 

4 25 25 100 25 100 100 

5 25 21 84 21 100 84 

6 25 17 68 17 100 68 

7 25 25 100 24 96 96 

8 25 22 88 22 100 88 

9 25 20 80 20 100 80 

10 25 21 84 21 100 84 

11 25 17 68 17 100 68 

12 25 17 68 17 100 68 

13 25 25 100 25 100 100 

14 25 19 76 19 100 76 

15 25 25 100 25 100 100 

Overall    78  99 76 
 

Table A.2 A table to show the amount of moisture cellulose filter paper and glass filter paper contain 
after being left in a 105°C oven for 16 hours. 

 
Cellulose Glass 

 
before after difference before after difference 

1 0.6848 0.6673 0.0175 0.1929 0.1932 0.003 

2 0.6713 0.6583 0.013 0.1928 0.1913 0.0015 

3 0.6724 0.6583 0.0141 0.1975 0.1932 0.0043 

4 0.667 0.6508 0.0162 0.1907 0.1908 0.0001 

5 0.6886 0.6767 0.0119 0.1901 0.188 0.0021 

6 0.6536 0.6386 0.015 0.1926 0.1932 0.006 

7 0.6792 0.668 0.0112 0.1951 0.1949 0.0004 

8 0.6598 0.6474 0.0124 0.1921 0.1921 0 

9 0.6915 0.6792 0.0123 0.1934 0.1926 0.0008 

10 0.6679 0.6566 0.0113 0.1921 0.192 0.0001 

11 0.6825 0.6692 0.0133 0.1916 0.191 0.0006 

12 0.6579 0.6503 0.0076 0.1895 0.1893 0.0002 

13 0.6889 0.6824 0.0065 0.1888 0.1885 0.0003 

14 0.6789 0.6701 0.0088 0.1885 0.1893 0.0008 
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15 0.6704 0.6563 0.141 0.1891 0.1886 0.0004 

16 0.6898 0.687 0.0028 0.1912 0.1915 0.0003 

17 0.6755 0.6685 0.007 0.1905 0.1903 0.0002 

18 0.671 0.657 0.014 0.1934 0.1921 0.0013 

19 0.6619 0.6478 0.0141 0.1911 0.1909 0.0002 

20 0.6798 0.6646 0.0152 0.1894 0.1899 0.0005 

 

Table A.3 Full results for main study of Chapter 2 N= number. 

Sample N fibres 
used  

N fibres 
on the 
filter 
paper  

% of fibres 
recovered 
by the filter 
paper 

N fibres 
retrieved 
from the 
filter 
paper 
with 
Easylift® 

% fibres 
recovered 
from the 
filter paper 
with 
Easylift® 

Overall % 
recovered  

Condition Cellulose filter paper and Buchner filtration 

1 192 175 91.1 175 98.9 88.5 

2 239 221 92.5 220 99.5 92.1 

3 198 188 95.0 186 98.9 93.9 

Total   92.9  99.1 91.5 

Condition Glass filter paper with Buchner filtration 

1 394 362 91.9 322 89.0 81.7 

2 121 98 81.0 90 91.8 74.4 

3 204 182 89.2 169 92.9 82.8 

Total   89.3  90.5 80.8 

Condition Cellulose filter paper with Glass frit 

1 171 159 93.0 156 98.1 91.2 

2 164 157 95.7 156 99.4 95.1 

3 181 169 93.4 169 100 93.4 

Total 
  

94.0 
 

99.2 93.2 

Condition Glass filter paper with Glass frit 

1 182 164 90.1 156 95.1 86.2 

2 202 193 95.5 190 98.5 94.5 

3 159 153 96.2 147 96.1 92.5 

Total 
  

93.9 
 

96.7 90.8 
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A) 

 

 

 

B)  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure A.6 The results of the Shapiro wilks tests conducted on each of the four subsets of the 
recovered-on tape lift (A) and recovered on filter (B) unique level combinations of filter type and funnel 
type. Produced by Professor Andrew Jackson.  

Figure A.7 the results of the Levene’s test for homogeneity of Variance for the data from Chapter 2. 
Produced by Professor Andrew Jackson.  
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Chapter 3 

Table A.4 A table to show the full data used in Chapter 3, to show the results after stereomicroscopy, 
after PLM the increase and how many misidentifications there were per sample. 

Found by 

Stereomicroscopy 

Found 

by 

PLM 

Difference Misidentifications 

4 10 6 1 

1 3 4 3 

3 10 7 1 

7 12 5 2 

4 5 1 0 

3 7 4 3 

7 11 4 4 

3 7 4 6 

3 5 2 1 

4 8 4 1 

0 0 0 6 

3 5 2 2 

7 7 0 7 

2 4 2 4 

9 11 2 5 

3 6 3 2 

3 5 3 4 

3 6 3 2 

3 7 4 2 

8 10 2 2 

10 11 1 4 

3 5 2 0 

8 10 2 1 

5 7 2 3 

6 8 2 2 

4 4 0 2 

3 4 1 0 

11 15 4 3 

17 20 3 1 

11 12 1 7 

8 10 2 4 

6 7 1 5 

4 5 1 2 

5 7 2 2 

10 10 0 2 

1 2 1 6 

5 7 2 2 

2 4 2 1 
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8 9 1 5 

2 6 4 1 

12 12 1 1 

10 12 2 7 

11 13 2 4 

8 9 1 2 

1 2 1 6 

4 4 0 0 

5 5 0 3 

6 7 1 2 

8 8 0 1 

6 7 1 1 

3 3 0 4 

5 9 4 2 

5 5 0 0 

2 4 2 1 

15 16 1 0 

11 11 0 4 

8 9 1 3 

3 4 1 9 

6 7 1 6 

7 11 4 4 

12 12 0 5 

7 7 0 1 

12 14 2 4 

6 8 2 4 

11 11 0 4 

21 23 2 5 

4 5 1 0 

2 5 3 1 

7 7 0 0 

7 8 1 1 

6 6 0 3 

8 9 1 5 

8 10 2 7 

4 4 0 4 

6 6 0 1 

4 5 1 2 

12 14 2 3 

10 12 2 2 

3 4 1 7 

5 6 1 2 

4 5 1 4 

7 7 0 8 

12 14 2 3 

5 7 2 0 
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1 8 7 1 

5 6 1 2 

4 4 0 4 

4 7 3 0 

4 9 5 3 

6 7 1 5 

4 4 0 1 

3 4 1 5 

8 10 2 9 

3 9 6 21 

5 6 1 20 

3 5 2 13 

12 16 4 1 

6 10 4 2 

3 6 3 25 

7 10 3 30 

6 6 0 25 

7 11 4 6 

4 8 4 0 

3 5 2 35 

3 5 2 42 

3 4 1 28 

13 17 4 4 

3 6 3 6 

4 6 2 32 

3 3 0 37 

3 8 5 26 

5 8 3 3 

5 7 2 4 

3 5 2 37 

6 11 5 3 

3 7 4 1 

6 7 1 35 

4 4 0 32 

1 5 4 35 

7 12 5 3 

3 6 3 6 

1 1 0 38 

8 10 2 50 

5 7 2 2 

10 19 9 4 

2 3 1 38 

2 3 1 36 

4 8 4 1 

6 9 3 1 

6 6 0 29 
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3 6 3 28 

3 7 4 30 

5 8 3 2 

6 9 3 2 

3 4 1 12 

5 6 1 24 

5 7 2 27 

6 9 3 0 

3 5 2 3 

7 7 0 6 

6 8 2 4 

8 10 2 30 

3 8 5 0 

9 13 4 10 

7 9 2 3 

11 14 3 10 

8 8 0 7 

4 7 3 3 

4 8 4 0 

6 7 1 4 

3 6 3 1 

0 2 0 2 

7 9 2 2 

4 9 5 0 

5 5 0 3 

6 6 0 7 

9 10 1 4 

6 14 8 0 

3 11 8 6 

9 9 0 3 

9 10 1 6 

4 5 1 13 

2 9 7 1 

2 8 6 1 

3 4 1 1 

4 4 0 1 

5 5 0 2 

2 10 8 2 

1 8 7 0 

5 5 0 1 

6 7 1 1 

6 7 1 3 

4 12 8 1 

4 13 9 0 

7 9 2 27 

5 6 1 44 
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2 4 2 43 

1 13 12 0 

4 9 5 3 

5 9 4 33 

6 8 2 40 

3 6 3 44 

4 13 9 0 

7 14 7 1 

6 7 1 4 

11 12 1 7 

4 6 2 5 

0 4 4 0 

10 15 5 6 

10 11 1 6 

5 6 1 9 

6 7 1 2 

7 16 9 1 

3 7 4 1 

1 1 0 3 

7 10 3 6 

3 5 2 2 

7 16 9 0 

11 16 5 2 

4 6 2 2 

9 11 3 1 

3 6 3 0 

1 6 5 1 

2 5 3 1 

5 5 0 2 

2 3 1 7 

6 7 1 3 

1 6 5 1 

3 9 6 0 

5 5 0 2 

2 3 1 1 

6 6 0 4 

5 15 10 1 

6 10 4 0 

11 11 0 4 

9 10 1 1 

4 5 1 8 

4 7 3 8 

6 7 1 3 

12 12 0 7 

4 7 3 4 

1 2 1 3 
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14 15 1 2 

6 8 2 47 

8 10 2 55 

7 7 0 27 

4 4 0 1 

4 4 0 3 

8 10 2 3 

15 15 0 7 

7 9 2 4 

6 6 0 8 

8 8 0 7 

4 5 1 10 

3 3 0 4 

3 3 0 9 

1 1 0 4 

2 3 1 3 

4 4 0 2 

5 6 1 16 

4 4 0 3 

6 7 1 14 

3 3 0 9 

3 4 1 5 

 

Table A.5 A table to show the full characterisation of results found by stereomicroscopy.  

Samp
le 
type 

MP 
type 

Colour cross 
sectional 
shape 

Deluster
ant 

Other 
inclusion
s 

Widt
h µm 

Lengt
h µm 

sign of 
elongati
on 

Birefringe
nce 

Identification 

W Fibre Black Ribbon N N 
    

Cotton 

W Fibre Blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair (Human) 

W fibre colourless Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 10.6
8 

801 N 
 

Synthetic 

W fibre red Ribbon N N 
    

Cotton 

W fibre colourless Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 
    

Anthropogenic 

W fibre colourless Cylindrical N N 
    

Hair (Textile) 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre colourless Cylindrical N N 10.6
8 

747.6 P 0.034 Polypropylene 

W fibre pink Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue  Cylindrical N N 8.01 
 

P 0.099 Polyester 

W fibre black Ribbon N N 
    

Cotton 

W fibre  blue  Ribbon N N 
    

Cotton 

W fibre  blue  Irregular N N 8.01 1473.
84 

P 0.081 Nylon 

W fibre  colourless/bl
ue 

Multilobal N N 10.6
8 

995.1 P >0.34 Synthetic 
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W fibre  blue  Ribbon N N 
    

Cotton 

W fibre  blue  Ribbon N N 
    

Cotton 

W fibre  blue  Ribbon N N 
    

Cotton 

W fibre  black Ribbon N N 
    

Cotton 

W fibre  blue  Cylindrical L N 12.0
15 

1372.
38 

P 0.166 Polyester 

W fibre  blue  Cylindrical N N 8.01 
 

P 0.097 Polyester 

W fibre blue  Cylindrical N N 
    

Hair (Textile) 

W fibre  red Cylindrical N N 18.6
9 

280 P 0.037 Polypropylene 

W fibre  red Ribbon N N 
    

Cotton 

W fibre  blue  Ribbon N N 
    

Cotton 

W fibre  colourless Trilobal N N 12.0
15 

389.8
2 

P 0.081 Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre orange Ribbon N N 
    

Cotton 

W fibre  blue Ribbon N N 
    

Cotton 

W fibre  colourless Cylindrical N N 
    

Hair 

W fibre  blue Ribbon N N 
    

Cotton 

W fibre  blue  Ribbon N N 
    

Cotton 

W fibre  blue  Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 8.01 814.3
5 

 
0.087 Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 13.3
5 

293.7 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 8.01 
 

P 0.099 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical/Irre
gular 

N N 9.88 1617.
85 

  
UNKN 

W fibre colourless Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre black  Ribbon N N 
    

Cotton 

W fibre colourless Irregular N N 86.4
5 

2754.
05 

P >0.036 Synthetic 
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W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre red Cylindrical N N 9.88 988 P 0.061 Nylon 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 
    

Synthetic 

W fibre blue Cylindrical N N 
    

Hair (Textile) 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre yellow Irregular N stripes 32.1
1 

923.7
8 

 
>0.098 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless/bl
ue 

Cylindrical N N 7.41 382.8
5 

P 0.094 Polyester 

W fibre brown Cylindrical N N 
    

Hair (Human) 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless multilobed N N 17.2
9 

864.5 P 
 

Synthetic 

W fibre Colourless/bl
ue 

Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre Colourless/bl
ue 

Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 7.41 284.0
5 

P 0.148 Polyester 

W fibre colourless Hair (animal) N N 
    

Hair (Textile) 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 
    

Hair (Textile) 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical M N 10.6
8 

234.6
5 

P 0.051 Polyethylene/
Nylon 

W fibre Colourless/bl
ue 

Bilobal N N 12.3
5 

 
P 0.049 Polyethylene/

Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Nylon 

W fibre red Ribbon N N 
    

Cotton 
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W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 
    

Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 
    

Synthetic 

W fibre blue Cylindrical L N 9.88 691.9 P 0.081 Synthetic 

W fibre blue Cylindrical L N 9.88 1642.
55 

P 0.091 Polyester 

W fibre black Ribbon N N 
    

Cotton 

W fibre black Cylindrical N N 12.3
5 

518.7 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 9.88 
 

P 0.091 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Cylindrical L N 14.8
2 

2754.
05 

P 0.101 Polyester 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 2.47 
   

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre red Cylindrical L N 7.41 370.5 P 0.094 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Cylindrical L N 7.41 
 

P 0.148 Polyester 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre grey Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.41 1778.
4 

P 0.094 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

yellow/red/bl
ue 

 
N N 

    
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre red Ribbon N N 
    

Cotton 

W microbe
ad 

blue 
 

N N 
    

Polyester 

W fragme
nt 

red 
 

N N 
    

Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre black Irregular N N 12.3
5 

   
Synthetic 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 14.8
2 

135.8
5 

P 0.168 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Irregular N N 19.7
8 

2272.
4 

P 0.051 Polyethylene/
Nylon 

W fibre blue Bilobal N N 9.88 518.7 P 0.085 Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.41 
 

P 0.148 Polyester 

W fibre blue Cylindrical N N 9.88 
 

P 0.096 Polyester 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 16.0
55 

980.5
8 

N 0.004 Acrylic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical H N 12.3
5 

 
P 0.065 Nylon 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre red Cylindrical N N 14.8
2 

741 P 0.067 Nylon 

W fibre blue Ribbon N N 
    

Synthetic 

W fibre colourless Cylindrical N N 
    

Hair (Human) 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 9.88 531.0
5 

P 0.096 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red  Ribbon N N 
    

Cotton 

W fibre red  Cylindrical L N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 



359 
 

W fibre colourless Cylindrical N N 12.3
5 

904.0
2 

P 0.161 Polyester 

W fibre red  Cylindrical N N 
    

Hair (Textile) 

W fibre red  Ribbon N N 
    

Cotton 

W fibre black flat N N 14.8
2 

449.5
4 

P 
 

Polyester 

W fibre colourless Cylindrical L N 9.88 
 

P 0.151 Polyester 

W fibre blue Cylindrical L N 9.88 308.7
5 

P 0.081 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red  Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 12.3
5 

592.8 P 0.052 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Multilobal N N 7.41 
 

P 
 

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre red Bilobal N N 13.5
9 

696.5
4 

P 0.151 Polyester 

W fibre pink flat N N 9.88 
 

P 0.101 Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre Colourless/r
es 

Bilobal N N 12.3
5 

 
P 0.161 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 2.47 
 

P 
 

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Trilobal N N 19.7
6 

370.5 P 0.025 Polypropylene 

W fibre blue Ribbon N N 27.1
7 

580.4
5 

P 
 

Nylon 

W fragme
nt 

red 
 

N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Synthetic 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre black Cylindrical N N 17.2
9 

   
Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 
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W fibre colourless Cylindrical L N 12.3
5 

 
P 0.069 Nylon 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 

W fibre blue Cylindrical L N 9.88 
 

P 0.172 Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Cylindrical H N 14.8
2 

1109 P 0.094 Polyester 

W fibre blue Ribbon L N 27.1
7 

543.4 P 
 

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless/bl
ue 

Multilobal N N 12.3
5 

 
P 0.148 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

grey 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 12.3
5 

 
N 0.005 Acrylic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Bilobal N N 14.8
2 

778 P 
 

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 14.8
2 

1106.
56 

P 0.172 Polyester 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Multilobal N N 13.5
9 

1407.
9 

P 
 

Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical M N 11.1
15 

 
P 0.098 Polyester 

W fragme
nt 

blue 
 

N N 
    

Synthetic 
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W fragme
nt 

blue 
 

N N 
    

UNKN 

W fibre red/colourles
s 

Irregular N N 
    

Anthropogenic 

W fibre red Ribbon N N 
    

Cotton 

W fibre colourless Ribbon N N 14.8
2 

 
P 

 
Anthropogenic 

W fibre colourless Cylindrical M N 13.5
85 

 
P 0.177 Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

red 
 

N N 
    

Synthetic 

W fibre grey Cylindrical L N 9.88 
 

P 0.151 Polyester 

W fibre black Cylindrical N N 19.7
6 

412.4
9 

P 0.051 Polyethylene 

W fibre blue Cylindrical N N 14.8
2 

269.2
3 

  
Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 

W fibre colourless Irregular N N 12.3
5 

 
P 0.064 Nylon 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Irregular N N 22.2
3 

 
P 0.016 Anthropogenic 

W fibre black Ribbon N N 
    

Cotton 

W fibre colourless    N N 
    

Hair 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre brown Cylindrical N N 
    

Hair 

W fibre brown Cylindrical H N 14.8
2 

 
P 0.074 Synthetic 

W fragme
nt 

red 
 

N N 
    

Synthetic 

W fibre blue Bilobal N N 12.3
5 

741 P 0.163 Polyester 

W fragme
nt 

blue 
 

N N 
    

UNKN 

W fibre blue Cylindrical L N 12.3
5 

 
P 0.148 Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Cylindrical N N 4.94 
   

Nylon 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 9.88 396.2 P 0.162 Polyester 

W fibre colourless Cylindrical N N 11.1
2 

444.6 N 0.006 Acrylic 

W fragme
nt 

red 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre red/colourles
s 

Multilobal N N 12.3
5 

 
P 0.101 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.41 
 

P 0.148 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre brown/colour
less 

Cylindrical N N 
    

Hair (Animal) 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre colourless Irregular N N 3.70
5 

128.4
4 

P 0.175 Polyester 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

colourless 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre colourless Cylindrical N N 
    

Hair  

W fragme
nt 

blue 
 

N N 
    

Polypropylene 
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W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Trilobal N N 11.1
15 

 
P 0.034 Polypropylene 

W fibre black Cylindrical N N 
    

Hair 

W fibre black Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre colourless Cylindrical N N 8.64
5 

 
P 0.098 Polyester 

W fragme
nt 

blue 
 

N N 
    

UNKN 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 
    

Hair (Textile) 

W fibre blue Cylindrical M N 7.41 
 

P 0.162 Polyester 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Cylindrical N N 9.88 654.5
5 

P 
 

Nylon 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre red Cylindrical N N 
    

Hair (Textile) 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Bilobal M N 12.3
5 

424.8
4 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 14.8
2 

 
P 0.159 Polyester 

W fibre colourless Bilobal M N 9.88 
   

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 
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W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre colourless Cylindrical N N 
    

Hair (Textile) 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre colourless Cylindrical N Cross 
hatching  

    
Anthropogenic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Cylindrical N N 11.1
15 

   
Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue delta N N 19.7
6 

 
P 0.099 Polyester 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre red Irregular N N 
    

Nylon 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre black Square N N 24.7 
 

P 0.032 Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Cylindrical N N 
    

Hair 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 9.88 
 

P 0.148 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 
    

Hair (Textile) 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Polypropylene 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 
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W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 
    

Hair 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fragme
nt 

blue 
 

N N 
    

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 12.7 
 

P 0.177 Polyester 

W fibre blue Cylindrical N N 10.1
6 

 
P 0.059 Nylon 

W fibre colourless Irregular N N 15.2
4 

 
P 

 
Synthetic 

W fragme
nt 

red 
 

N N 200.
66 

215.9 
  

Synthetic 

W fibre blue delta L N 13.9
7 

 
P 0.103 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Irregular L N 10.1
6 

 
P 0.059 Nylon 

W fibre colourless Cylindrical N N 10.1
6 

 
P 0.098 Polyester 

W fibre blue Cylindrical L N 10.1
6 

 
P 0.093 Polyester 

W fragme
nt 

blue 
 

N N 27.9
4 

132.0
8 

N 
 

Polypropylene 

W fibre black Ribbon N N 
    

Cotton 

W fragme
nt 

yellow 
 

N N 43.1
8 

86.36 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L fisheyes 10.1
6 

 
P 0.098 Polyester 

W fibre blue delta L N 10.1
6 

 
P 0.103 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 160.
02 

170.1
8 

  
Polypropylene 

W fibre black Cylindrical L fisheyes 7.62 
 

P 0.151 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Ribbon N blue 
substanc
e 

    
Cotton 

W fibre blue delta L N 7.65 
 

P 0.098 Polyester 

W fibre blue delta N N 7.65 
 

P 0.098 Polyester 

W fibre blue delta N N 7.65 
 

P 0.105 Polyester 

W fibre colourless Ribbon N N 10.1
6 

 
P 0.034 Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 7.62 
 

P 0.144 Polyester 

W fibre red Bilobal N N 15.2
4 

 
P 

 
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta N voids 7.62 
 

P 0.104 Polyester 

W fibre colourless Cylindrical L fisheyes 12.8 
 

P 0.176 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless delta N N 12.7 
 

P 0.098 Polyester 
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W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical N N 10.1
6 

   
Hair 

W fibre blue Cylindrical N N 7.62 
 

P 0.171 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta L N 12.7 
 

P 0.055 Polyethylene/
Nylon 

W fibre blue delta L N 7.62 
 

P 0.171 Polyester 

W fibre blue delta N N 7.62 
 

P 0.151 Polyester 

W fibre red Cylindrical N N 10.1
6 

 
P 0.098 Polyester 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre colourless Cylindrical L crosshatc
h 

10.1
6 

 
p 0.177 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 142.
24 

289.5
6 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 370.
84 

1079.
5 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N multiple small 
fragments 

  
Synthetic 

W fragme
nt 

blue delta N N 15.2
4 

 
P 0.177 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless delta N N 10.1
6 

 
P 0.103 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.177 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 7.62 
 

P 
 

Hair (Textile) 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 12.7 
 

P 0.142 Polyester 

W fragme
nt 

blue 
 

N N 111.
76 

160.0
2 

  
Synthetic 

W fragme
nt 

blue 
 

N N 33.0
2 

116.8
4 

  
Synthetic 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 134.
62 

350.5
2 

  
UNKN 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta N N 11.4
3 

 
P 0.061 Nylon 

W fibre blue delta N N 7.62 
 

P 0.151 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless delta N N 7.62 
 

P 0.098 Polyester 

W fibre colourless delta N N 10.1
6 

 
P 0.098 Polyester 

W fibre blue Cylindrical L N 12.7 
 

P 0.047 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre brown Cylindrical L N 10.1
6 

 
P 0.167 Polyester 

W fibre red Ribbon N N 
    

Cotton 
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W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 7.62 
 

P 0.157 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta N N 10.1
6 

 
P 0.098 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Square N N 17.7
8 

 
P 0.163 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical L N 10.1
6 

 
P 0.177 Polyester 

W fibre blue delta N N 10.1
6 

 
P 0.147 Polyester 

W fibre blue delta N N 10.1
6 

 
P 0.103 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 10.1
6 

 
P 0.098 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta L N 7.62 
 

P 0.157 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta N N 8.89 
 

P 0.101 Polyester 

W fragme
nt 

blue 
 

N N 215.
9 

368.3 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 99.0
6 

170.1
8 

  
Polypropylene 

W fibre red Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W film pink 
 

N N 152.
4 

236.2
2 

  
Natural 

W fibre red Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 91.4
4 

129.5
4 

  
Synthetic 

W fibre colourless Cylindrical N N 10.1
6 

 
N 0.009 Acrylic 

W fibre blue delta N N 7.62 
 

P 0.157 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless delta M N 10.1
6 

 
P 0.103 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 81.2
8 

109.2
2 

  
Polypropylene 

W fibre red Cylindrical L N 19.0
5 

 
P 0.142 Polyester 

W fibre colourless delta N N 10.1
6 

 
P 0.103 Polyester 

W fibre blue Cylindrical M N 7.62 
 

P 0.151 Polyester 

W fragme
nt 

blue 
 

N N 35.5
6 

162.5
6 

  
Polypropylene 

W fragme
nt 

blue 
 

N N 71.1
2 

86.36 
  

Synthetic 

W fibre blue Square L N 22.8
6 

 
P 0.061 Nylon 

W fibre blue delta N N 10.1
6 

 
P 0.157 Polyester 

W fibre blue delta L N 10.1
6 

 
P 0.098 Polyester 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre blue delta N N 7.62 
 

P 0.144 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Irregular L N 10.1
6 

 
P 0.147 Polyester 

W fibre blue Irregular N N 10.1
6 

 
P 0.157 Polyester 

W fibre blue Cylindrical N N 7.62 
 

P 0.177 Polyester 

W fibre colourless Cylindrical H N 10.1
6 

 
P 0.147 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 30.4
8 

   
Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 101.
6 

434.3
4 

  
Synthetic 

W fibre blue Irregular N N 10.1
6 

 
P 0.096 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue delta N N 10.1
6 

 
P 0.064 Nylon 

W fibre colourless Cylindrical N N 10.1
6 

 
P 0.032 Polypropylene 

W fibre colourless Cylindrical L N 12.7 
 

P 0.173 Polyester 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Irregular L N 7.62 
 

P 0.177 Polyester 

W fibre blue Irregular N N 10.1
6 

 
P 0.098 Polyester 

W fibre blue Irregular L N 10.1
6 

 
P 0.177 Polyester 

W fibre brown Cylindrical N N 33.0
2 

   
Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta N N 7.62 
 

P 0.144 Polyester 

W fibre colourless Cylindrical N N 10.1
6 

 
P 0.157 Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 76.2 139.7 
  

UNKN 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 30.4
8 

91.44 
  

Synthetic 

W fibre colourless Cylindrical L N 12.7 
 

P 0.15 Polyester 

W fibre red Bilobal N N 10.1
6 

 
P 0.059 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 12.7 
 

P 0.098 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 12.7 
 

P 0.157 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical M N 17.7
8 

 
P 0.149 Polyester 

W fibre colourless Cylindrical M N 22.8
6 

 
P >0.175 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 10.1
6 

 
P 0.177 Polyester 

W fibre brown Cylindrical N N 
    

Hair (Textile) 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 12.7 
 

P 0.141 Polyester 

W fibre colourless Cylindrical M N 10.1
2 

 
P 0.187 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 25.4 
   

Hair 

W fragme
nt 

blue 
 

N N 50.8 195.5
8 

  
Polyester 

W fragme
nt 

red 
 

N N 45.7
2 

218.4
4 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Cylindrical M N 6.35 
 

P 0.173 Polyester 

W fibre blue Cylindrical N N 10.1
6 

 
P 0.196 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Irregular L N 10.1
6 

 
P 0.095 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

colourless 
 

N N 33.0
2 

33.02 
  

Synthetic 

W fibre colourless Cylindrical N N 12.7 
 

P 0.161 Polyester 

W fibre blue delta L N 7.62 
 

P 0.144 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless delta L N 11.4
3 

 
P 0.161 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Irregular L N 10.1
6 

 
P 0.177 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 12.7 
 

P 0.146 Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 30.4
8 

66.04 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Multilobal H N 15.2
4 

   
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical M N 13.9
7 

 
P 0.175 Polyester 

W fragme
nt 

blue 
 

N N 45.7
2 

60.96 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 127 170.1
8 

  
UNKN 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 11.4
3 

 
P 0.175 Polyester 

W fibre blue Cylindrical M N 7.62 
 

P 0.144 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue delta L N 7.62 
 

P 0.171 Polyester 

W fibre black Multilobal N N 15.2
4 

 
P 

 
Synthetic 

W fibre colourless Cylindrical N N 10.1
6 

 
P 0.187 Polyester 

W fibre blue delta N N 10.1
6 

 
P 0.103 Polyester 

W fibre blue Cylindrical N N 7.62 
 

P 0.151 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless delta L N 10.1
6 

 
P 0.143 Polyester 

W fibre blue/colourle
ss 

Irregular N N 11.4
3 

 
P 0.103 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 12.7 
 

P 0.142 Polyester 

W fibre blue Cylindrical N N 7.62 
 

P 0.151 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N fisheyes 24.1
3 

 
P >0.166 Polyester 

W fibre blue Cylindrical L N 10.1
6 

 
P 0.059 Nylon 

W fibre blue Cylindrical L N 7.62 
 

P 0.157 Polyester 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 10.1
6 

 
P 0.098 Polyester 

W fibre blue delta N N 7.62 
 

P 0.144 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless delta N N 7.62 
 

P 0.164 Polyester 

W fibre blue delta L N 10.1
6 

 
P 0.103 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Multilobal/tape N N 15.2
4 

 
P 

 
Synthetic 

W fragme
nt 

red 
 

N N 119.
38 

381 
  

Synthetic 
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W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

orange 
 

N N 96.5
2 

330.2 
  

Synthetic 

W fibre blue delta L N 7.62 
  

0.144 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 22.8
6 

 
P 0.175 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 68.5
8 

104.1
4 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 35.5
6 

200.6
6 

  
Nylon 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 76.2 86.36 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N fisheyes 30.4
8 

 
P >0.131 Polyester 

W fibre black Cylindrical L N 12.7 
 

P 0.094 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical H N 25.4 
 

P 
 

Synthetic 

W fibre blue Multilobal/tape N N 12.7 
 

P 
 

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.62 
 

P 0.104 Polyester 

W fragme
nt 

blue 
 

N N 76.2 584.2 
  

Synthetic 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.172 Polyester 

W fibre colourless Cylindrical N N 15.2
4 

 
N 0.006 Acrylic 

W fibre colourless Cylindrical L fisheyes 35.5
6 

 
P 0.031 Polypropylene 
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W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 35.5
6 

218.4
4 

  
Synthetic 

W fibre blue Irregular L N 10.1
6 

 
P 0.167 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Irregular L N 15.2
4 

 
P 0.51 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 10.1
6 

 
P 0.163 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.196 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair 

W fragme
nt 

red 
 

N N 62.5 193.0
4 

  
UNKN 

W fragme
nt 

red 
 

N N 101.
6 

180.3
4 

  
UNKN 

W fibre black Cylindrical N N 33.0
2 

   
Synthetic 

W fibre colourless Cylindrical N fisheyes 22.8
6 

 
P >0.175 Synthetic 

W fibre blue Cylindrical N N 15.2
4 

 
P 

 
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 40.6
4 

104.1
4 

  
Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.62 
 

P 0.151 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 11.4
3 

 
P 0.201 Synthetic 

W fibre red Cylindrical N N 22.6
6 

 
P >0.176 Synthetic 

W fragme
nt 

blue 
 

N N 119.
38 

180.3
4 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre colourless Cylindrical L N 15.2
4 

 
P 0.059 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

colourless 
 

N N 342.
9 

508 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Irregular M N 15.2
4 

 
P 0.066 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre green Cylindrical N N 
    

Hair 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.167 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Bilobal L fisheyes 12.7 
 

P 0.062 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical M N 12.7 
 

P 0.177 Polyester 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 22.8
6 

 
P >0.175 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical L N 12.7 
 

P 0.098 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 33.0
2 

134.6
2 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.181 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical M N 25.4 
 

P 0.143 Polyester 
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W blue blue Irregular N N 25.4 
 

P 
 

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fragme
nt 

blue/pink 
 

N N 116.
84 

190.5 
  

Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.167 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

blue 
 

N N 91.4
4 

149.8
6 

  
Synthetic 

W fragme
nt 

blue 
 

N N 25.4 205.7
4 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical M N 12.7 
 

P 
 

Synthetic 

W fibre black Cylindrical H N 12.7 
 

P 0.141 Polyester 

W fibre black Multilobal/tape N N 12.7 
 

P 
 

Synthetic 

W fibre red Ribbon N N 
    

Cotton 

W fibre black Cylindrical M fisheyes 10.1
6 

 
P 

 
Synthetic 

W fibre colourless Cylindrical M N 15.2
3 

 
P 0.164 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 25.4 
 

P >0.158 Polyester 

W fibre blue Cylindrical N N 7.62 
 

P 0.144 Polyester 

W fibre blue Cylindrical L N 7.62 
 

P 0.144 Polyester 

W fibre blue Cylindrical N N 7.62 
 

P 0.157 Polyester 

W fibre colourless Cylindrical N N 10.1
6 

 
P 0.196 Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.177 Polyester 

W fibre blue Cylindrical N N 7.62 
 

P 0.144 Polyester 

W fibre blue Cylindrical N N 10.1
6 

 
P 0.098 Polyester 

W fibre blue Cylindrical N N 7.62 
 

P 0.157 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.62 
 

P 0.151 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 76.2 134.6
2 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical M fisheyes 25.4 
 

P 0.156 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical N N 
    

Hair 

W fragme
nt 

yellow 
 

N N 101.
6 

210.8
2 

  
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical H N 12.7 
 

P 0.173 Polyester 

W fibre colourless Cylindrical M N 12.7 
 

P 0.173 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 10.1
6 

 
P 0.138 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre purple/grey Bilobal N fisheyes 10.1
6 

 
P 

 
Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical M N 10.1
6 

 
P 0.177 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 5.06 
 

P 
 

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Ribbon N N 
    

Cotton 

W fibre colourless Cylindrical L N 10.1
6 

 
P 0.157 Polyester 

W fibre blue Cylindrical N N 
    

Hair 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical N N 53.3
4 

 
P 0.045 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical N N 
    

Hair 

W fibre colourless Cylindrical L N 7.62 
 

P 0.184 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.62 
 

P 0.091 Polyester 

W fibre blue Ribbon N N 
    

Cotton 
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W fibre colourless Irregular N fisheyes 12.7 
 

P 0.165 Polyester 

W fibre colourless Bilobal H N 15.2
4 

 
P 0.035 Polypropylene 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre colourless Irregular N N 15.2
4 

 
P 0.043 Nylon 

W fibre red Cylindrical L N 7.62 
 

P 0.144 Polyester 

W fragme
nt 

blue 
 

N N 73.6
6 

134.6
2 

  
Synthetic 

W fibre black Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 45.7
2 

81.28 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre red Cylindrical N N 10.1
6 

 
P 0.147 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

red 
 

N N 58.4
2 

60.96 
  

Synthetic 

W fibre black Cylindrical H N 16.5
1 

   
Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Cylindrical L N 7.62 
 

P 0.144 Polyester 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre black Cylindrical L N 7.62 
 

P 
 

Synthetic 

W fibre black delta L N 20.3
2 

 
P 0.044 Nylon 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fragme
nt 

colourless 
 

N N 203.
2 

368.3 
  

Synthetic 

W fibre blue Ribbon N N 
    

Cotton 

W fibre green Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

W fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Cylindrical M N 10.2 803.2
5 

P 0.167 Polyester 
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A fibre pink Ribbon N N 
    

Cotton 

A fibre blue Cylindrical N N 12.7
5 

 
P 0.145 Polyester 

A fibre colourless Cylindrical M N 15.3 
 

P 0.098 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre colourless Cylindrical N fisheyes 10.2 
 

P 0.166 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre yellow Multilobal N voids 10.2 
   

UNKN 

A fibre red Cylindrical M N 12.7
5 

 
P 0.184 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 11.4
8 

 
P 0.166 Polyester 

A fragme
nt 

blue 
 

N N 53.5
5 

214.2 
  

Polypropylene 

A fibre black Cylindrical H N 17.8
5 

 
P 0.148 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fragme
nt 

yellow 
 

N N 68.8
5 

163.2 
  

Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Cylindrical M N 7.65 
 

P 0.104 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 
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A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Cylindrical M fish eyes 22.8
6 

 
P 0.175 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fragme
nt 

yellow 
 

N N 30.4
8 

91.44 
  

Synthetic 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Cylindrical N N 27.9
4 

   
Hair 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Irregular N N 12.7 
   

Synthetic 

A fibre blue Cylindrical L N 7.62 
 

P 0.144 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Bilobal N N 20.3
2 

 
P >0.263 Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Irregular N cross-
hatch 

12.7 
 

P 
 

Synthetic 

A fibre blue Cylindrical N N 10.1
6 

 
P 0.098 Polyester 

A fibre blue delta N N 10.1
6 

 
P 0.093 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fragme
nt 

blue 
 

N N 55.8
8 

134.6
2 

  
Polypropylene 

A fibre red Ribbon N N 
    

Cotton 

A fibre red Irregular N N 30.4
8 

223.5
2 

P >0.131 Polyester 

A fibre red Ribbon N N 
    

Cotton 

A fibre grey Cylindrical N N 17.7
8 

   
Hair 

A fibre red Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre green Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 
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A fibre black Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Cylindrical L N 7.62 
 

P 0.104 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fragme
nt 

red 
 

N N 48.2
6 

96.52 
  

Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 10.1
6 

 
P 0.059 Nylon 

A fibre blue Cylindrical N N 10.1
6 

 
P 0.099 Polyester 

A fibre blue Multilobal N N 13.9
7 

 
P 

 
Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Multilobal N N 10.1
6 

 
P 

 
Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre purple Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre red Cylindrical L N 16.5
4 

 
P 0.175 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 10.1
6 

 
P 0.177 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Cylindrical M fish eyes 10.1
6 

 
P 0.175 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 
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A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon L N 15.2
4 

 
P 0.033 Polypropylene 

A fibre colourless Irregular M N 17.7
8 

 
P 0.056 Nylon 

A fibre red Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre black Ribbon N N 
    

Cotton 

A fragme
nt 

blue 
 

N degraded 154.
96 

144.7
8 

  
Synthetic 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Cylindrical H N 12.7 
 

P 0.173 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 7.62 
 

P 0.144 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fragme
nt 

blue 
 

N N 30.4
8 

96.52 
  

Polypropylene 

A fibre blue Cylindrical L N 7.62 
 

P 0.157 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 
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A fibre colourless Ribbon N N 
    

Cotton 

A fragme
nt 

red 
 

N N 71.1
2 

160.0
2 

  
Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre brown Irregular H N 25.4 
 

P 
 

Synthetic 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 7.62 
 

P 0.144 Polyester 

A fibre black/blue Bilobal L bicompon
ent 

10.1
6 

 
P 0.092/0.15

7 
Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Multilobal/tape N N 20.3
2 

 
P 0.054 Nylon 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre red Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 10.1
6 

 
P 0.177 Polyester 

A fibre colourless Cylindrical L N 10.1
6 

 
P 0.172 Polyester 

A fibre colourless Irregular L N 15.2
4 

 
P 0.181 Polyester 

A fibre colourless Bilobal N N 17.7
8 

 
N 0.009 Acrylic 

A fibre colourless Ribbon N N 58.4
2 

 
P 

 
Synthetic 

A fibre colourless Ribbon N N 
    

Cotton 

A fragme
nt 

blue 
 

N N 99.6 104.1
4 

  
Synthetic 

A fibre blue Irregular L N 5.06 
 

P 0.168 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fragme
nt 

red 
 

N N 76.2 91.44 
  

Synthetic 

A fragme
nt 

red 
 

N N 96.5
2 

233.6
8 

  
Synthetic 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Square M N 30.4
8 

 
P 0.106 Polyester 
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A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre black Cylindrical N N 7.62 
 

P 0.144 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fragme
nt 

red 
 

N N 99.0
6 

167.6
4 

  
Synthetic 

A fragme
nt 

pink/red/blue 
 

N N 48.2
6 

134.6
2 

  
Synthetic 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N degraded 38.0
1 

 
P 

 
Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 11.4
3 

 
P 0.175 Polyester 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fragme
nt 

blue 
 

N N 40.6
4 

50.8 
  

Synthetic 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre red Irregular N crosshatc
h 

17.7
8 

   
Anthropogenic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 
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A fragme
nt 

red 
 

N N 58.4
2 

157.4
8 

  
Synthetic 

A fibre red Ribbon N N 
    

Cotton 

A fibre colourless Cylindrical N N 2.54 
 

P 
 

Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre black Cylindrical H N 30.4
8 

 
P 

 
Synthetic 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Cylindrical L N 7.62 
 

P 0.144 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre black Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre black Cylindrical H N 10.1
6 

 
P 0.148 Polyester 

A fibre blue Ribbon N N 
    

Cotton 

A fibre blue Ribbon N N 
    

Cotton 

A fibre colourless Ribbon N N 
    

Cotton 

 

Table A.6 a table to show the full characterisation of results found by polarised light microscopy. 

Samp
le 
type 

MP type Colour cross 
sectional 
shape 

Delustera
nt 

Other 
inclusio
ns 

Widt
h µm 

Lengt
h µm 

sign of 
elongati
on 

Birefringe
nce 

Identification 

W fibre colourless ribbon N N 
    

Cotton 

W fibre colourless ribbon N N 
    

Cotton 

W film colourless  N N 
    

Synthetic 

W fibre Blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 9.32 1258.
2 

P 0.064 Nylon 

W fibre colourless cylindrical N N 
    

Hair 

W fragmen
t 

pink 
 

N N 5.34 
   

UNKN 

W Fibre yellow ribbon N N 
    

Cotton 

W fragmen
t 

Blue 
 

N N 
    

Polyethylene 

W Fibre Blue ribbon N N 
    

Cotton 

W fragmen
t 

red 
 

N N 
    

Synthetic 

W Fibre Blue ribbon N N 
    

Cotton 

W fragmen
t 

Blue 
 

N N 
    

Synthetic 

W fibre colourless cylindrical N N 18.69 720.9 P 0.025 Synthetic 

W fibre Blue ribbon N N 
    

Cotton 

W fibre Blue ribbon N N 
    

Cotton 

W fragmen
t 

pink 
 

N N 
    

Nylon 

W fibre Blue  ribbon N N 
    

Cotton 

W fragmen
t 

Blue  
 

N N 
    

Synthetic 
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W fibre colourless cylindrical N N 13.35 1070.
67 

 
0.097 Polyester 

(PCDT) 

W fibre  Blue ribbon N N 
    

Cotton 

W fragmen
t 

orange 
 

N N 
    

Synthetic 

W fibre  colourless cylindrical N stripes 32.04 432.5
4 

P 
 

UNKN 

W fibre  Blue  cylindrical N N 9.345 809.0
1 

P 0.096 Polyester 
(PCDT) 

W fibre  colourless cylindrical L N 10.67 1148.
1 

P 0.182 Polyester (PET) 

W fibre  Blue ribbon N N 
    

Cotton 

W fibre  red ribbon N N 
    

Cotton 

W fibre  Blue ribbon N N 
    

Cotton 

W fragmen
t 

red 
 

N N 
    

Synthetic 

W fragmen
t 

red 
 

N N 
    

Nylon 

W fibre  Blue  ribbon N N 
    

Cotton 

W fibre  colourless cylindrical N N 
    

Hair (Textile) 

W fibre  Blue  ribbon N N 
    

Cotton 

W fragmen
t 

red 
 

N N 
    

Synthetic 

W fibre  Blue cylindrical N N 
    

Hair (Textile) 

W fragmen
t 

red 
 

N N 
    

Synthetic 

W fragmen
t 

red 
 

N N 
    

Nylon 

W fragmen
t 

red 
 

N N 
    

Nylon 

W fibre  Blue  ribbon N N 
    

Cotton 

W fibre  Blue  ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 16.02 854.4 P 0.034 Polypropylene 

W fibre Blue ribbon N N 
    

Cotton 

W fibre colourless bilobal N N 40.05 1388.
4 

P >0.158 Synthetic 

W fibre colourless cylindrical N N 10.68 1043.
97 

P 0.051 Polyethylene/N
ylon 

W fibre blue irregular N N 
    

UNKN 

W fibre blue irregular N N 
    

UNKN 

W fibre colourless bilobal N N 14.82 1971.
06 

P >0.212 Nylon 

W fragmen
t 

red 
 

N N 
    

Synthetic 

W fragmen
t 

red 
 

N N 
    

Synthetic 

W fragmen
t 

blue 
 

N N 
    

Nylon 

W fibre colourless cylindrical N N 12.35 1654.
9 

P 0.049 nylon 

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fragmen
t 

blue 
 

N N 
    

Polyester 

W fibre red ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 3.705 1133.
73 

P 0.094 polyester 
(PCDT) 

W fibre red ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fibre colourless cylindrical L N 7.51 
 

P 0.049 nylon 

W fibre colourless cylindrical L N 7.51 
 

P 0.049 nylon 

W fibre colourless ribbon N N 12.35 343.3
3 

 
0.091 Synthetic 

W fibre colourless cylindrical N N 34.58 259.3
5 

 
0.032 Polypropylene 

W fibre colourless cylindrical N N 19.76 741 P 0.02 Anthropogenic 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 7.41 852.1
5 

  
Synthetic 
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W fibre blue ribbon N N 
    

Cotton 

W fibre blue cylindrical N N 7.41 247 P 0.147 Polyester (PET) 

W fibre colourless/b
lue 

multilobal N N 12.35 1037 P 
 

Synthetic 

W fibre colourless bilobal N N 17.29 666.9 N 0.005 acrylic 

W fragmen
t 

colourless N N 
    

Synthetic 

W fibre red ribbon N N 
    

Cotton 

W fibre colourless cylindrical L N 9.88 
 

P 0.091 Nylon 

W fibre colourless cylindrical L N 8.65 2717 P 0.098 Polyester 
(PCDT) 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical H N 9.88 790.4 P 0.091 Synthetic 

W fragmen
t 

red 
 

N N 
    

Synthetic 

W fibre red ribbon N N 
    

Cotton 

W fibre colourless cylindrical H N 12.35 666.9 P 0.089 Synthetic 

W fibre colourless bilobal N N 11.11
5 

1803.
1 

P 0.161 Polyester 

W fibre colourless cylindrical L N 19.76 741 P 0.051 polyethylene/ny
lon 

W Fibre colourless cylindrical N N 8.645 913.9 P 0.104 Polyester  

W fibre blue ribbon N N 
    

Cotton 

W fibre red ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fibre colourless cylindrical N N 22.23 1173.
25 

P 0.029 polypropylene 

W fibre colourless cylindrical N N 2.47 2185.
95 

P 
 

Synthetic 

W fragmen
t 

red 
 

N N 
    

Nylon 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 12.35 728.6
5 

P 0.151 Polyester  

W fibre red ribbon N N 
    

Cotton 

W fibre colourless multilobal N N 24.7 4199 P >0.128 Polyester 

W fibre colourless cylindrical N N 9.88 
 

P 
 

Synthetic 

W fibre colourless cylindrical N N 16.05
5 

617.5 N 0.004 acrylic 

W fibre blue ribbon N N 
    

Cotton 

W microbe
ad 

blue 
 

N N 
    

Synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless circular N N 
    

Hair (Textile) 

W fibre colourless cylindrical L N 12.35 
 

N 0.001 acrylic 

W fibre colourless cylindrical N N 17.29 
 

P 0.052 polyethylene/ny
lon 

W fibre colourless cylindrical N N 29.64 
 

P 0.052 Nylon 

W fragmen
t 

blue 
       

Synthetic 

W fibre colourless cylindrical L N 11.11
5 

1407.
9 

P 0.161 Polyester  

W fibre colourless cylindrical L N 11.11
5 

889.2 P 0.061 nylon 

W fibre colourless cylindrical N N 
    

Hair (Textile) 

W fibre colourless cylindrical N N 
    

Hair (Textile) 

W fibre colourless cylindrical H N 7.41 
 

P 0.175 Polyester  

W fibre colourless cylindrical L N 12.35 
 

P 0.174 Polyester  

W fibre colourless cylindrical M N 9.88 
 

P 0.151 Polyester  

W fibre black ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 
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W fibre blue cylindrical L N 7.41 543.4 
  

Polyester 

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fragmen
t 

blue 
 

N N 
    

Polypropylene 

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fragmen
t 

blue 
 

N N 
    

polypropylene 

W fragmen
t 

blue 
 

N N 
    

polypropylene 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless multilobal N N 9.88 
   

Synthetic 

W fragmen
t 

blue 
 

N N 
    

polypropylene 

W fibre colourless cylindrical L N 4.94 
 

P 0.06 nylon 

W fibre red/colourle
ss 

cylindrical L N 9.88 414.9
6 

P 0.098 Polyester  

W fibre blue ribbon N N 
    

Cotton 

W microbe
ad 

colourless  N N 
    

Synthetic 

W fibre colourless trilobal N N 2.47 
 

P 0.163 Polyester  

W fragmen
t 

colourless  N N 
    

Synthetic 

W fibre colourless cylindrical N N 
    

Hair 

W fibre colourless cylindrical M N 7.41 494 P 0.148 Polyester 

W fibre colourless cylindrical L N 7.41 
 

P 0.094 Polyester  

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fibre red ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 
    

Synthetic 

W fibre colourless cylindrical L N 14.82 
 

N 0.001 acrylic 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue cylindrical N N 14.82 
 

P 0.101 polyester 

W fibre colourless cylindrical M N 10.16 
 

P 0.177 Polyester (PET) 

W fibre blue cylindrical N N 10.16 
 

P 0.064 nylon 

W fibre colourless cylindrical N N 12.7 
 

P 0.177 Polyester (PET) 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 38.1 121.9
2 

N 
 

Synthetic 

W fibre colourless cylindrical N N 12.7 
 

N 0.005 acrylic 

W fibre blue cylindrical N N 8.89 
 

P 0.101 Polyester 

W fibre blue cylindrical N N 8.89 
 

P 0.101 Polyester 

W fibre colourless cylindrical L N 12.8 
 

P 0.18 Polyester 

W fibre blue irregular N N 10.16 
 

P 
 

Synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fibre red delta L N 6.35 
 

P 0.173 polyester  

W fibre colourless delta L N 10.16 
 

P 0.103 polyester 

W fragmen
t 

blue 
 

N N 25.4 27.94 
  

Synthetic 

W fibre blue cylindrical L N 10.16 205.7
4 

P 0.063 nylon 

W fibre colourless cylindrical N N 7.62 
 

P 0.157 Polyester  

W fibre blue cylindrical N N 8.89 
 

P 0.101 polyester  
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W fibre colourless cylindrical N N 17.78 
 

P 
 

Hair 

W fragmen
t 

blue 
 

N N 53.34 134.6
2 

  
Polyvinyl 
Chloride 

W fragmen
t 

blue 
 

N N 152.4 312.4
2 

  
Natural 

W fibre blue delta N N 7.62 
 

P 0.177 Polyester  

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical L N 10.16 
 

P 0.188 Polyester 

W fragmen
t 

blue 
 

N N 78.74 205.7
4 

  
Synthetic 

W fragmen
t 

red 
 

N N 10.16 15.24 P 
 

Synthetic 

W fibre colourless delta N N 10.16 
 

P 0.094 polyester 
(PCDT) 

W fibre colourless ribbon L N 7.62 
 

P 0.105 polyester 

W fibre colourless cylindrical N N 10.16 
 

P 0.049 nylon 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless irregular N N 15.24 
 

P 0.052 Polyethylene 

W fibre blue delta L N 7.62 
 

P 0.144 Polyester  

W fibre colourless cylindrical L N 10.16 
 

P 0.177 Polyester 

W fibre colourless cylindrical N N 
    

Hair (Textile) 

W fibre colourless irregular N N 10.16 
 

P 0.147 Polyester 

W fragmen
t 

red 
 

N N 55.88 55.88 
  

Synthetic 

W fragmen
t 

blue 
 

N N 38.1 48.26 
  

Synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 241.3 264.1
6 

  
Synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 
    

Hair (Textile) 

W fragmen
t 

orange 
 

N N 25.4 35.56 
  

Synthetic 

W fibre colourless delta L N 10.16 
 

P 0.167 Polyester  

W fibre blue ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical M N 13.97 
 

P 0.175 Polyester  

W fibre blue irregular L N 13.97 
 

P 0.032 polypropylene 

W fibre red cylindrical L N 10.16 
 

P 0.004 acrylic 

W fragmen
t 

blue 
 

N N 10.16 15.25 P 
 

Synthetic 

W fibre blue cylindrical N N 7.62 
 

P 0.144 Polyester 

W fragmen
t 

blue 
 

N N 119.3
8 

119.3
8 

  
Synthetic 

W fibre blue cylindrical N N 7.62 
 

P 0.183 polyester  

W fibre blue ribbon N N 
    

Cotton 

W fibre blue delta N N 10.16 
 

P 0.098 polyester  

W fibre blue/colourl
ess 

multilobal/t
ape 

L N 17.78 
 

P 
 

Synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue delta N N 10.16 
 

P 0.098 polyester 

W fragmen
t 

blue 
 

N N 91.44 142.2
4 

  
Synthetic 

W fibre colourless delta M N 12.7 
 

P 0.102 polyester  

W fibre blue cylindrical L N 7.62 
 

P 0.171 polyester 

W fibre colourless delta N N 12.7 
 

P 0.047 nylon 

W fibre blue irregular L N 7.62 
 

P 0.151 polyester 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical N crosshat
ch 

13.97 
 

P 0.100 polyester 
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W fibre red ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 10.16 
 

P 0.059 nylon 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 35.67 33.02 
  

Synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless delta L N 10.16 
 

P 0.108 polyester 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless delta L N 10.16 
 

P 0.147 polyester 

W fibre red cylindrical M N 7.62 
 

P 0.144 Polyester 

W fibre colourless ribbon N N 15.24 
 

P 0.151 Polyester 

W fibre colourless cylindrical N N 20.32 
 

N 0.003 acrylic 

W fibre blue delta N N 10.16 
 

P 0.093 polyester 

W fibre blue ribbon N N 
    

Cotton 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 10.16 
 

P 0.064 nylon 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical L fisheyes 10.16 
 

P 0.167 polyester 

W fibre colourless cylindrical N N 27.94 83.82 P 
 

synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fibre red cylindrical L N 7.62 
 

P 0.144 polyester 

W fibre colourless cylindrical N N 10.16 
 

P 0.246 synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fibre red ribbon N N 
    

Cotton 

W fibre red ribbon N N 
    

Cotton 

W fibre colourless cylindrical N N 22.86 
 

P 0.048 nylon 

W fibre blue ribbon N N 
    

Cotton 

W fibre red cylindrical L N 12.7 
 

P 0.154 polyester 

W fibre red ribbon N N 
    

Cotton 

W fibre blue cylindrical L N 7.62 
 

P 0.144 polyester 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 58.42 134.6
2 

  
Synthetic 

W fibre colourless multilobal/t
ape 

N N 48.26 
 

P 
 

synthetic 

W fibre colourless square L N 25.4 
 

P 0.098 polyester 

W fibre colourless cylindrical L N 10.16 
 

P 0.146 polyester  

W fibre colourless cylindrical N N 10.16 
 

P 0.148 polyester 

W fragmen
t 

blue 
 

N N 12.7 12.7 
  

Synthetic 

W fibre blue cylindrical N N 5.06 
 

P 0.099 polyester 

W fibre colourless cylindrical N N 
    

Hair 

W fibre colourless irregular N N 5.06 
 

P 0.167 polyester  

W fibre black cylindrical L N 10.16 
 

P 0.167 polyester 

W fibre blue ribbon N N 
    

Cotton 

W fibre colourless cylindrical L N 15.24 
 

N 0.007 acrylic 

W fibre blue irregular N N 10.12 
 

P 0.177 polyester 

W fibre blue ribbon N N 
    

Cotton 
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W fibre red ribbon N N 
    

Cotton 

W fibre colourless cylindrical M fisheyes 12.7 
 

P 0.177 polyester 

W fibre blue cylindrical L N 7.62 
 

P 0.157 polyester 

W fibre colourless cylindrical N fisheyes 10.16 
 

P 0.182 polyester 

W fibre colourless irregular N N 12.7 
 

P 0.106 polyester 

W fibre blue delta L N 10.16 
 

P 0.138 polyester  

W fibre colourless cylindrical N N 10.16 
 

P 0.157 polyester 

W fibre colourless cylindrical L N 10.16 
 

P 0.196 synthetic 

W fibre colourless irregular M fisheyes 15.24 
 

P 0.105 polyester 

W fibre colourless cylindrical L N 10.16 
 

P 0.221 synthetic 

W fibre blue ribbon N N 
    

Cotton 

W fragmen
t 

blue 
 

N N 40.64 180.3
4 

  
Synthetic 

W fibre blue delta L N 7.62 
 

P 0.183 Polyester 

W fibre colourless cylindrical L N 6.35 
 

P 0.173 polyester  

W fibre blue ribbon N N 
    

Cotton 

W fibre red ribbon N N 
    

Cotton 

W fibre blue cylindrical L N 7.62 
 

P 0.144 polyester 

W fibre colourless delta N N 10.16 
 

P 0.108 polyester 

W fibre colourless irregular L N 12.7 
 

P 0.216 synthetic 

W fibre colourless cylindrical N N 10.16 
 

P 0.177 polyester  

W fibre blue ribbon N N 
    

Cotton 

A fibre colourless cylindrical L N 7.65 
 

P 0.098 polyester 

A fibre red ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless cylindrical N N 43.35 135.1
5 

P 0.025 polypropylene 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless cylindrical M N 15.3 
 

P 0.154 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre blue cylindrical N N 12.75 
 

P 0.156 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue irregular L N 10.2 
 

P 0.066 nylon 

A fibre colourless ribbon N N 
    

Cotton 

A fibre pink ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fragmen
t 

blue 
 

N N 28.05 35.7 
  

polypropylene 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue cylindrical L N 10.2 
 

P 0.147 polyester 

A fibre colourless ribbon N N 
    

Cotton 
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A fibre colourless ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless cylindrical L N 7.62 
 

P 0.104 polyester  

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue cylindrical N N 40.64 246.3
8 

  
synthetic 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless cylindrical L N 10.16 
 

P 0.167 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless cylindrical N N 7.62 
 

P 0.098 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 
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A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless cylindrical L N 10.16 
 

P 0.167 polyester  

A fibre colourless irregular N N 7.62 
 

P 0.164 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 
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A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless bilobal L N 25.4 
 

P 0.055 nylon 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless cylindrical M N 22.86 
 

P >0.175 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless delta L N 10.16 
 

P 0.177 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 
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A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless irregular N crosshat
ch 

17.78 
 

P 0.101 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless irregular N N 6.35 
 

P 0.173 polyester  

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless irregular M N 12.7 
 

P 0.094 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless irregular N N 12.7 93.98 P 0.098 polyester 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless irregular N damage 30.48 317.5 P 0.045 nylon 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless bilobal N N 10.12 
 

P 0.046 nylon 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 
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A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 
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A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fragmen
t 

blue 
 

N N 30.48 50.8 
  

synthetic 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre blue cylindrical L N 7.62 
 

P 0.105 polyester  

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 

A fibre colourless ribbon N N 
    

Cotton 
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Chapter 4 

 

Figure A.8 A series of graphs to evaluate the model’s performance when the dataset is trained with 
YOLOv5 for 25 epochs. 

 

Figure A.9 A series of graphs to evaluate the model’s performance when the dataset is trained with 
YOLOv5 for 100 epochs. 
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Figure A.10 A series of graphs to evaluate the model’s performance when the dataset is trained with 
augmented images using YOLOv5 for 100 epochs. 

 

Figure A.11 A series of graphs to evaluate the model’s performance when the dataset is trained using 
YOLOv7 for 25 epochs. 
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Figure A.12 A series of graphs to evaluate the model’s performance when the dataset is trained using 

YOLOv7 for 100 epochs. 

 

Figure A.13 A series of graphs to evaluate the model’s performance when the dataset is trained with 

augmented images using YOLOv7 for 100 epochs. 
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Figure A.14 A series of graphs to evaluate the model’s performance when the dataset is trained using 

YOLOv8 for 25 epochs. 

 

Figure A.14 A series of graphs to evaluate the model’s performance when the dataset is trained using 

YOLOv8 for 100 epochs. 
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Figure A.15 A series of graphs to evaluate the model’s performance when the dataset is trained with 

augmented images using YOLOv8 for 100 epochs. 
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Glossary.  
 

Algorithm – A set of rules that need to be followed for a computer to achieve 

a certain task or problem-solving processes.  

Anthropogenic materials – microplastics and natural materials that have 

been processed by humans, such as cotton. 

Biofilm – A collection of microbial cells including bacteria, fungus, protist and 

diatoms that form a film on a surface.  

Birefringence – an optical property of a material that has two refractive 

indices, n perpendicular and n parallel. Birefringence is the difference 

between the two refractive indices. It can give an indication of the polymer 

type. 

Class/classification – The names of the object class e.g. ‘microfibre’ and 

‘fragment’.      

Convolution – A process where two pieces of information are intertwined. 

Crossed polars – The sample is illuminated between two polaroids at 90° to 

each other to show the specimens interference colours. 

Delusterant – An additive for synthetic fibres that removes its lustre (sheen). 

Most commonly made from titanium dioxide.   

Epoch – A complete pass through of the training dataset through an 

algorithm.  

F1 score – The harmonic mean between precision and recall.  

False negatives – Where the model incorrectly predicts a classification as 

being negative. 

False positives – Where the model incorrectly predicts a classification is 

positive.  

Kernel – a matrix of weights that performs an element-wise multiplication on 

the image provided and summarises it in a single pixel. 
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Interference colours – a colour produced when an object is illuminated 

under crossed polars it indicated the optical path difference of the material.  

Intersection over union (IOU) – An evaluation of an object detection by 

comparing how close the predicted bounding box is to the ground truth 

bounding box.   

Köhler Illumination – The process of illuminating specimens with the 

optimum contrast and resolution, with the aim to provide an even illumination 

across the sample.  

mAP50 – A measure of the model’s performance with ‘easy’ identifications 

where the IOU meets the threshold of 0.50.   

mAP50-95 – A more comprehensive view of the model’s ability to identify 

objects at a varying level of detection difficulty calculated from the mean 

average precision at varying IOU thresholds ranging between 0.50 to 0.95.   

Mean average precision (mAP) – a metric to measure a model’s 

performance in object detection tasks.  

Microfibre – both natural and synthetic fibres that are anthropogenic in 

origin. The length is longer than its width.  

Microplastic – synthetic polymer materials under 5mm. 

Model – The result of training with an algorithm.  

Optical path difference – a numerical figure that is the result of the 

thickness of the specimin being observed and the difference between its two 

refractive indices.  

Plane polarised light – The sample is illuminated with one polaroid in the 

light path.  

Precision – The measure of how many positive identifications were true 

positives. True positives/ (true positives+ false positives). 

Recall – The measure of how many true positives were correctly identified. 

True positives/ (true positives + false negatives). 
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Reflective illumination – The sample is illuminated from above; the light will 

reflect back to the eye pieces allowing the samples surface to become 

visible.  

Sign of elongation – An indication of which of the two refractive indices is 

bigger than the other, if n perpendicular is bigger than n parallel then there is 

a positive sign of elongation. Conversely if n parallel is bigger than n 

perpendicular then there is a negative sign of elongation.  

Transmitted illumination – The sample is illuminated from beneath, 

allowing the light to pass through the sample. This allows the internal 

structure of thin structures to be observed.  

True negatives – Where the model correctly predicts a classification as 

being negative.   

True positives – Where the model correctly predicts a classification as 

being positive.  

You Only Look Once (YOLO) – A single pass object detection algorithm.  


