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Abstract

The presence of microplastics in the environment is of concern with the actual distribu-
tion of this pollution remaining relatively unknown. The ocean is of particular interest
as the monitoring of microplastics in this area presents a challenge in that in situ fluid
stream solutions are not readily available and traditional sampling methods are labour-
intensive and costly. Additionally, the lack of consensus on sampling techniques makes
comparing results difficult. Our proposed device demonstrates an imaging-based lens-
less polarisation-sensitive fluid stream analyser (FSA) for automated, label-free, and
cost-effective microplastic classification. The FSA performs analysis at high flow rates
with a custom-designed illumination circuit that reduces motion blur and provides quan-
titative sample information using a polarisation-sensitive image sensor. Digital in-line
holography (DIH) and birefringence numerical computation are utilised in the processing
workflow. The device can be used for either quantitative polarisation-sensitive imaging
and analysis or for further machine-learning-based activities, including the classification
of samples. Both abilities are demonstrated in this study. Our analyser computes the
two-dimensional birefringent characteristics of samples and we investigate the detection
of synthetic polymer birefringent textures due to the optical anisotropy of these materi-
als. We perform a comparative machine learning study with both learned and filter bank
feature generation being assessed to aid the microplastic classification process. The FSA
and classifier components are used to develop an end-to-end workflow that samples a
fluid stream and determines the composition of marine and microplastic particles. We
use two phytoplankton cultures to create a simplified marine environment for testing
purposes. To demonstrate the performance of our classification methods we tested our
device and workflow in a two-class configuration for marine microorganisms and plastics,
as well as a five-class configuration for marine microorganisms and four individual plastic
types (polyethylene (PE), polyethylene terephthalate (PET), polypropylene (PP), and
polystyrene (PS)). Our analysis shows that high accuracy is achieved from the classifier
implementation, with the simulated marine environment experiments further supporting

the ability of the proposed implementation.
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Chapter 1

Introduction

Microplastic detection is an active research area with many competing analysis tech-
niques [1-5]. However, low-cost fluid stream analysis of microplastics presents an unmet
need that this work attempts to address. This chapter provides a summary of the

document, offering details on the structure and implementation of the project.

The chapter starts by introducing the problem and providing background context. The
motivation that led to the project investigation is then discussed, followed by the problem
and thesis statement. The objectives of the project are detailed and this is followed by a
summary of the contributions. Next, the scope and limitations are discussed, and finally

the chapter concludes with the presentation of the thesis outline.

1.1 Introduction

Defined as synthetic polymers between 1pm and 5 mm in diameter [6], the global
distribution of microplastics in ocean waters remains relatively unknown due to lack
of detailed measurement data [7]. Traditional sampling techniques are labour inten-
sive, costly, and require analytical equipment in laboratory settings [1-3]. Laboratory
techniques are sensitive and accurate but involve retrieval and thorough preparation
of raw samples before analysis can occur [5]. Therefore these existing techniques are
low-throughput and ex situ solutions. Due to resolution limits, current detection tech-
niques do not adequately cover the full range of microplastic sizes [4]. Although Fourier-
transform infrared spectroscopy and other spectral techniques employed in a laboratory
setting are well suited to microplastic detection, they are not readily adaptable to in situ
analysis; this is due to the strong water absorption bands that infrared sensing has to
contend with. Furthermore, the equipment is expensive, slow, and not readily suited to

multi-object heterogeneous solutions. Additionally, portable hyperspectral cameras are
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useful but prohibitively expensive, limiting their practicality as field-detection devices.

In situ analysis of microplastics remains a nascent area. Recent digital holographic
studies in static microplastic analysis move toward an imaging-based solution [8-10],
though these used less portable lensed off-axis holographic configurations [11] and were
limited to machine learning classifier implementations. Synthetic polymers are optically
anisotropic (birefringent) and polarisation microscopy provides an alternative analysis
tool to gain insight into the molecular arrangement of these materials [12]. Applying
lensless in-line holographic polarisation-sensitive sensing to in-stream analysis of mi-
croplastics may provide useful features for classification, as has been done in a lensed off-
axis study [13]. Formulating birefringence information into quantitative measurements
for use with temporal polarisers and traditional image sensors has been effective [14]. A
similar technique used in a static biomedical study employed a polarisation filter array
(PFA) sensor instead of multiple temporally separated images to quantitatively resolve
birefringence information in a single shot [15]. Imaging flow cytometry combined with
digital in-line holography (DIH) techniques is a lightweight and cost-effective approach
for marine fluid stream analysis, and this is further supported by recent advancements

in computer processing performance and smaller image sensor pixel sizes [16,17].

This project aims to work towards automating sampling and enhancing in-stream mi-
croplastic detection methods using lensless holographic polarisation-sensitive imaging.
However, in-stream detection presents a challenge in the form of a low signal-to-noise

ratio (SNR) due to turbidity and the presence of other particulates.

Although the main focus of this study is microplastic detection, the workflow presented
in this research can hopefully serve as a framework for future studies in imaging-based
fluid stream analysis, with the presented methodology and techniques being adapted

and extended to explore other applications.

1.2 Motivation

Environmental monitoring of microplastics, particularly in marine habitats, has emerged
as a significant concern [18]. The detection of microplastics in such settings calls for the
development of portable and low-cost detection systems. The University of Cape Town is
researching the development of sensing tools for microplastic detection, and this project
contributes towards that objective. Technological advances in optical sensors and more
affordable circuitry have created an opportunity to investigate the development of low-
cost optical detectors for microplastic classification, and these factors have motivated

this project’s direction.

Fraser Derrick Charles Montandon - Electrical Engineering
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1.3 Problem and thesis statement

Detecting microplastics in marine environments is resource-intensive and time-
consuming. The sampling and analysis of microplastics in ocean water have been con-
ducted sparsely, resulting in a limited understanding of their distribution. There has
been insufficient exploration into developing affordable, deployable, or portable tech-
niques and devices for this purpose. Consequently, only limited progress has been made
in this field, with devices having low throughput or lacking portability. The absence of
portable and rapid testing detectors has presented a significant obstacle to researchers
who require in situ testing capabilities and thus has limited the mapping of the distri-

bution of plastic pollution in ocean water.

This thesis investigates optical methods for low-cost, label-free, automated fluid stream
detection of microplastic particles by developing and evaluating a fluid stream anal-
yser (FSA) that integrates DIH, and spatial polarisation sensing in combination with a

classification back-end, resulting in an end-to-end pipeline or workflow.

1.4 Objectives

This study aims to develop a low-cost FSA capable of classifying select synthetic poly-
mers (polyethylene (PE), polyethylene terephthalate (PET), polypropylene (PP), and
polystyrene (PS)) of size range 50 pm to 1000 pm present in mixed media solutions. The
mixed media solutions are created to simulate ocean water. We define three objectives

to support the development of our detector.

e Fluid stream analysis: Develop a low-cost high flow rate lensless polarisation-

sensitive imaging-based FSA.
e Microplastic classifier: Develop a microplastic classifier that uses the FSA.

e Pipeline: Develop an automated software workflow that combines the FSA and

classifier objectives to provide end-to-end microplastic detection.

1.5 Scope and limitations

The analyser developed in this study serves as a complementary tool to existing diagnos-
tic techniques. The instrument is intended to enhance sensing capabilities, particularly
in resource-limited settings, by providing the capability to detect microplastics in situ.
It can also function as an initial detection device, providing a preliminary assessment

that may guide the need for more comprehensive detection using traditional techniques

Fraser Derrick Charles Montandon - Electrical Engineering
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where required.

Importantly, this study focuses exclusively on the detection of specific plastic types,
namely PE, PET, PP, and PS, and does not consider other types of plastics. The size

range of interest is 50 pm to 1000 pm and samples were used in their virgin state.

The recreated marine environment was designed to be easily reproducible for future
research. While it does not capture the more complex biological interactions present
in actual marine samples, it allows for generating a reliable ground truth that would
be challenging to determine in a real-world deployment. However, the study does not
address the potential effects of biofouling and other environmental factors, which could

impact the analyser’s performance in a natural marine environment.

The protocols, workflow, and detector developed in this work are intended to serve as a
proof of concept that supports the advancement towards in situ analysis of microplastic
particles. The feasibility of utilising polarisation-sensitive optical sensing is a theme in
this work and the study provides a foundational framework for its use. However, it
also acknowledges the need for further refinement and validation in real-world scenarios.
This project aims to present a conceptual framework that can be taken forward to be
optimised and integrated into embedded systems for future studies that may require

field testing and deployment.

1.6 Thesis outline

The thesis is organised as follows:

Chapter 2, Literature review: The literature review presents key works consulted
in this study. First, we briefly discuss the tertiary literature that forms part of the
general consulted works. This literature includes background on Fourier optics hologra-
phy, polarisation microscopy, and synthetic polymers. Next, we cover selected scientific
publications and primary literature on static imaging-based microplastic classification
and detection methods. This is followed by literature on imaging flow cytometry and
polarimetry applications. The chapter concludes with a summary of the current state-

of-the-art and a discussion of the significance of the proposed work.

Chapter 3, Approach and theoretical framework: This chapter outlines the ap-
proach underlying the development of an imaging-based microplastic detector. We pro-
pose the three subsystems or contributions for the project, namely: FSA, computer
vision classifier, and pipeline. We then detail the essential components used, such as the

polarisation image sensor and the flow cell.

Fraser Derrick Charles Montandon - Electrical Engineering
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The chapter also addresses the theoretical framework, including encoder-decoder net-
works (for segmentation and some classification models), filter banks for feature extrac-

tion, lensless DIH techniques, polarisation, birefringence, and motion blur.

Chapter 4, Imaging fluid stream analysis: The FSA is introduced and developed
in this chapter. The analyser is configured in a lensless layout, incorporating DIH and
spatial polarisation sensing. The hardware elements are first detailed, including the
flow cell, polarisation image sensor, fibre-coupled laser diode, 3D printed supporting

components, and a custom-designed light pulse driver circuit.

An image preprocessing routine is established to reduce aberrations and artefacts in the
acquired frame. Following this, we detail software elements enabling the input image
frame from the FSA to expand into a seven-channel output. The output channels are de-
veloped by incorporating holography propagation and birefringence processing routines
for lensless optical anisotropic sensing. We apply Jones calculus [14,19] and the angu-
lar spectrum method [11] to match our optical setup with the computational backend.
For pixel-wise particle segmentation, we train a customised supervised encoder-decoder

network.

In reviewing the results from the segmentation implementation, it is noted that our
proposed segmenter achieved a mean intersection over union (IOU) of 94.46%, which is

an improvement over a standard U-Net [20] configuration trained alongside it.

Next, we present the experimental demonstrations. Testing of the DIH propagation was
performed with a static resolution test target and an intensity profile analysis, yielding a
lateral resolution of 6.6 +0.8 pm, and confirming the expected resolution of our system.

Subsequently, we passed microplastic samples through the FSA in a fluid stream.

For the polarisation birefringence demonstration, we first tested the subsystem with an
anisotropic liquid crystal depolariser, with results consistent with the manufacturer’s
specifications. Then, a sample of microplastic specimens was passed through the anal-
yser, and we mapped the retardance and slow axis to a hue and saturation colour space,

which is useful for visualisation purposes.

A segmentation demonstration was performed on various samples of both marine phyto-
plankton and microplastics, including challenging examples closer to the resolving limits

of the system.

A motion blur study was then conducted to assess performance improvement when
using the excitation driver for pulsed light driving. Finally, a calibration procedure

was performed with two types of scientific calibration spheres (including one unseen
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polymer type and size). The resulting calibration output agreed with the manufacturer’s

specifications of the spheres.

Chapter 5, Computer vision: This chapter develops and presents the microplastic
classifiers. These classifiers used the outputs from the FSA developed in Chapter 4 for
further feature extraction. Two approaches were explored: a neural network learned
feature classifier and a filter bank feature classifier. This investigation aimed to select
the most appropriate or suitable model for two different implementations, namely a

binary marine and microplastic classifier and a multi-class polymer classifier.

A small dataset of marine phytoplankton and microplastic samples was created for
classifier training. The learned feature classifier, employing a custom encoder-decoder
structure, was trained for the binary marine and microplastic problem. Following this,
the filter bank classifier was developed. A sequential routine of filter banks, feature
selection, and supervised dimensionality reduction led to the feature set used to train

multiple classifier implementations for analysis.

The results from the learned feature approach suggest that our proposed implementation
was the preferred candidate for the two-class (marine and microplastic) task with a
mean accuracy of 98.66%. Additionally, it achieved a false positive rate (FPR) of 1.25%
when treating microplastics as the positive class, representing an improvement over a
standard U-Net implementation used for comparative purposes. Regarding the multi-
class polymer classification problem, the routine using filter bank feature extraction
with a random forest classifier attained the highest mean accuracy at 95.03% for the

four microplastic types.

Chapter 6, Pipeline: This chapter develops and presents the pipeline designed to
amalgamate the FSA and classifier developed in the previous two chapters. Our method
also establishes a testing and evaluation protocol. The pipeline is intended to provide
a platform for testing and assessment beyond standard machine learning classifier re-
sults. The end-to-end workflow obtains an image frame from the FSA as an input and
performs preprocessing, segmentation, classification, and logging of each particle that
passes through the analyser within the specified size range. The protocol followed to
establish a simulated marine environment, acting as a ground truth for experiments is

detailed. Three experiments were developed to assess the pipeline.

Experiment 6A performed a combined microplastic analysis in a marine environment;
the concentration of a combined microplastic blend was adjusted whilst the marine
concentration was held constant. This experiment aimed to establish if the workflow

can detect microplastic particles as a single class amongst marine matter. Experiment 6B
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conducted a multi-class microplastic analysis in a marine environment; the concentration
of a single type of microplastic (PE, PET, PS, or PP) was adjusted whilst a solution
of marine and other plastic particles was held constant. This aimed to further classify
observed microplastic samples based on their individual class types. Experiment 6C
performed a PE and PMMA sphere comparison with the task of classifying similarly

shaped objects based on their birefringent texture.

Experiment 6A achieved an FPR of 0.66% +0.1% (for microplastics), an improvement
over the 1.25% achieved by the stand-alone proposed encoder-decoder classifier. This
improvement is thought to be due to the ensemble effect of the adopted pixel-wise clas-
sification scheme. Experiment 6B produced noticeable stepped concentration changes
for a particular microplastic in response to when we adjusted its concentration, whilst
at the same time marine and other plastic particles in the solution showed less change.
Experiment 6C yielded promising results with 93.06% of PE and 79.41% of PMMA
spheres being correctly classified. These results support the view that the workflow may

offer further utility in fluid stream microplastic analysis.

Chapter 7, Conclusions: The final chapter of the thesis provides a summary of the
work and conclusions drawn. Recommendations for future work and improvements are

discussed. Finally the contributions are covered with additional comments.

Fraser Derrick Charles Montandon - Electrical Engineering



Chapter 2

Literature review

This chapter presents a literature review providing details on resources consulted in this
work. Aspects relating to digital holography for imaging analysis and select material
properties of plastics are essential and are introduced in this section. Additionally,
current state-of-the-art imaging-based microplastic classification, marine imaging flow

cytometry, and general polarimetry methods are documented.

We start by referencing general literature that has provided foundational support for
this study; these resources are used to develop the theoretical framework in Chapter 3.
Static microplastic classification is then covered, followed by imaging flow cytometry, and
polarimetry. The significance of the proposed work is then discussed, and we conclude

by dealing with the gaps in the prior works.

2.1 General literature

The key areas presented in the general literature are digital holography, polarisation
microscopy, and polymer birefringence. Digital holography is a technique that analyses
the amplitude and phase information of a light wave. By recording the interference
pattern created when a reference wave interacts with an object wave, detailed image
reconstruction can occur [11]; this study focuses primarily on its use in microscopy
applications. Polarisation microscopy uses polarised light to study the optical properties
of materials, particularly those that exhibit birefringence or optical anisotropy [12]. By
analysing how these materials interact with polarised light, polarisation microscopy can
provide insight into their compositional characteristics. Polymer birefringence is the
difference in refractive indices along different axes within a polymer material; this optical
property results from molecular alignment or orientation during polymer manufacture

and may be studied using polarisation microscopy [12].
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2.1.1 Digital holography

Goodman’s book [11] provides a comprehensive introduction to Fourier optics, offering
a solid foundation. The literature covers classical linear techniques that are particu-
larly relevant to holography, with the necessary support to delve deeper into this area.
The seminal work by Gabor [21] is thoroughly covered. Although modern computing
and sensing technologies are not discussed, the techniques presented are translatable to

contemporary environments.

Holographic methods, including both in-line and off-axis configurations, are valuable
for imaging applications. The off-axis method typically requires a more stable environ-
ment and is less portable due to the use of mirrors and lenses, but offers easier and
more practical phase recovery methods [11]. The in-line alternative is a compact and
lightweight setup that provides more stability but can produce images suffering from
twin-image artefacts [22]. This occurs especially in the case of dense samples such as
where the reference wave is limited and has to contend with strongly scattering object
waves. An advantage of the in-line approach in a lensless configuration is that it can
offer a wide field-of-view (FOV) equal to the image sensor area. This however depends
on the relative sample, sensor, and light source distances [22]. Both holographic meth-
ods use numerical propagation to computationally focus on a sample object, enabling

accurate imaging of the flowing particles.

In a high flow rate microfluidic environment, an “on-chip” lensless configuration may be
preferred for the image sensor as it eliminates restrictions imposed by a shallow depth
of field and limited focal area caused by using objective lenses in a lensed setup [16].
With this lensless configuration, the spatially resolvable resolution depends on the image

sensor’s pixel-pitch size. Thus, a smaller pixel size is helpful for improved resolution.

2.1.2 Polarisation microscopy

Sawyer and Grubb present microscopy methods for analysing polymers in their book [12].
The book covers a range of quantitative and qualitative techniques, providing detailed
insights into the structural properties of synthetic polymers. Birefringence information
is covered in detail and is particularly useful to this study. Chipman et al.’s book [23]
provides the polarisation and birefringence support necessary to apply Jones calculus [19]

to the tasks considered in this work.

Birefringence is a material property that exhibits different material refractive indices for
light polarised in different directions; this property gives rise to the formation of double-

refractive rays, which upon exiting the sample will cause interference [23]. Observing
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these changes allows valuable information about the sample’s optical anisotropy and

molecular orientation to be obtained [12].

A benefit to performing birefringence measurements in the micron resolution domain is
that they can serve as an analogue method to obtain quantitative information about
the molecular orientation of an optically anisotropic sample [12]. Polarised light mi-
croscopy is commonly employed to gain insights into anisotropic structures that cannot

be resolved using standard light microscopy techniques [14].

In polarising light microscopy, a transmission light microscope is used with additional
components such as a rotatable stage, a polariser in the illumination system, and an
analyser positioned between the objective lens and the eyepiece [12]. Typically, one or
both polarisers can be rotatable, allowing the selection of light transmitted to be in a
specific plane of polarisation. The polariser is dichroic, meaning it absorbs light of a
particular polarisation state [23]. Often, a cross-polarisation or orthogonal configuration
is used where no light is transmitted in the absence of an anisotropic object, while light

is transmitted in the presence of an optically isotropic object [12].

2.1.3 Polymer birefringence and texture

Synthetic polymers exhibit different types of textural features. Two broad birefringent
structural arrangements may be used to describe the synthetic polymers studied in this
work and are often observed in combination. Sawyer and Grubb [12] describe these
two structural arrangements as crystalline and amorphous. Crystalline structures are
repeating or periodic patterns observed due to the arrangement of atoms or molecules
in the crystal lattice. This leads to highly ordered chains and an optical arrangement
that results in periodic or regular refractive index variations when exposed to polarised
light. Amorphous structures are a less ordered arrangement in a molecular or structural
sense. This leads to more random variations in the refractive indices of the material,

resulting in general stochastic observations in polarisation states and refractive indices.

Crystalline structures are often used for their strength while amorphous structures can
be useful for transparency and clarity applications. The manufacturing process affects
these characteristics and their properties can be modified further with additives and
adjustments to the production process. Therefore, it is expected that same-class polymer
samples observed in the wild may vary under polarisation interrogation, not to mention
the effects of degradation and biofouling that provide further noise to the observed

measurement.
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2.2 Consulted scientific publications

Some consulted studies are discussed in this section. Their key uses of technologies
related to this project are presented and important aspects around their contributions
are covered, along with any challenges encountered. This allows us to formulate the

significance of our proposed work.

2.2.1 Static microplastic classification

Recent studies in developing static sample microplastic classification techniques using
imaging-based methods are now covered. Three prominent studies are documented to
provide background on what has been achieved and to indicate where further research
can be performed. The type of imaging methods employed, classifier models, and target
(or sample classes) analysed in their studies are of use in forming the foundation of our

study.

Bianco et al. presented a system that used lensed holographic imaging and machine
learning to classify static samples of microplastics as a single class against nine differ-
ent diatom species [10]. Objects were manually segmented, and they trained a linear
support vector machine (SVM) classifier on 28 global features. These features were
generated from the holographic wrapped phase and included phase roughness and tradi-
tional regional metrics such as area, perimeter, eccentricity, length, and breadth as well
as statistical features derived from the grey-level co-occurrence matrix. Object classifi-
cation was thereafter performed on a 28-length feature vector per object. However, the
holographic imaging system employed an off-axis interferometer, making it non-portable

and susceptible to vibrational disturbances.

The decision was made to keep the phase wrapped due to sudden jumps and discon-
tinuities observed when performing phase unwrapping on microplastic samples. The
specimens used in their study were static samples imaged independently, allowing for
accurate establishment and assignment of ground truth labels. No mixed-media tests
were performed, and the classifier achieved a classification accuracy of 99.31% =+ 0.19%.
Nevertheless, the authors anticipated that the system would not perform similarly in the
real world. They expressed concerns that microplastic specimens, such as microbeads
(or microspheres), could be challenging to classify due to their morphological similarity

to certain marine phytoplankton.

Bianco et al. introduced another system to improve their previous approach by in-
vestigating the fractal properties of microplastics and diatoms [9]. They used the same

interferometer setup and performed the object segmentation process manually. A vector
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of 13 features was extracted from the wrapped phase contrast of sample objects. These
features included global measures of fractality, lacunarity, and regularity. To reduce the
dimensionality of the feature vector they applied principal component analysis (PCA),
resulting in a 2D mapping. Unlike their previous work, they did not rely on morpho-
logical measurements such as perimeter and area, however, they still computed a global

feature vector for each object patch.

In this subsequent study, the number of unique diatom species increased to 55, while
the number of microplastic types remained the same and were treated as a single class.
A commercial test slide of diatoms was used and included 50 of the species studied.
These diatoms were fixed between two glass slides and only one sample of each diatom
class was present; the acquired data was therefore augmented to grow the dataset.
The classification task was treated as a two-class approach: distinguishing diatoms
from microplastics. Segmentation was performed manually, and similar to their prior
work only static object classification was performed. No mixed microplastic and diatom

samples were tested. The classifier achieved a classification accuracy of 98.49%.

Béhal et al. conducted a detailed investigation into utilising polarisation-sensitive fea-
tures for polymer classification [24]. They explored the potential of polarisation-sensitive
optical analysis of microfibers to generate rich classification features in a microscopy
setting. Although they used limited raw data, they successfully classified four types of
synthetic and two types of natural fibres. This study was conducted without training a
classifier. Instead, it relied solely on observed values and focused specifically on derived

polarisation characteristics such as birefringence.

2.2.2 Imaging flow cytometry

Studies in developing imaging flow cytometry for marine and/or microplastic applica-
tions are now covered. The fluid stream analysis component of these studies is necessary
for the development of our project since we consider a marine application with biological

and plastic samples.

Gorocs et al. developed a lensless imaging flow cytometer aided by deep learning for
imaging phytoplankton samples in their study [16]. The device offered a flow rate of
100 mL/h, which is significantly higher than commercially available units. The system
employed DIH with red, green, and blue (RGB) imaging and used a peristaltic pump
to transfer the test fluid to a commercially available microfluidic channel. The fluid
under examination was illuminated by single 120 s pulses from an RGB light emitting

diode (LED) that was triggered by the image sensor. The image sensor captured three
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frames per second. To aid the coherence of the LED, the spatial coherence was enhanced
by employing a convex mirror; the temporal coherence was improved using bandpass
spectral filters. Furthermore, the LED was overdriven due to the short excitation pulse

width and the limited photon budget.

The device’s primary purpose was qualitative imaging, with manual counting and logging
of different types of observed phytoplankton being performed by an observer. Given
the dynamic nature of the fluid sample, techniques like multi-height iterative phase
retrieval were unsuitable for phase recovery [25]. Therefore, a convolutional neural
network (CNN)-based approach was used for phase recovery, relying on the network
training on similar waterborne objects. Field testing involved performing a net trawl
to concentrate ocean water samples approximately 3000 times, which was subsequently

diluted with filtered ocean water at a ratio of 1:50.

Isil et al. further advanced the lensless imaging flow cytometer developed by Gordes et
al. to enable a phenotypic analysis of microalgae [17]. They introduced two methods to

monitor the health of microalgae.

The first method involved morphological feature analysis, where statistical changes were
measured by comparing histograms using Jefferies’ divergence. This approach aimed to
identify differences in the morphological characteristics of microalgae as an indicator of

their health status.

The second method used three binary deep neural networks to form a classifier to identify
three different microalgae species. The decision to employ three independent networks
to determine whether an object belonged to a specific species class was made due to
the difficulty in labelling unhealthy or non-class algae. Objects that did not belong to
the specific class of microalgae were labelled as such, including dust, dirt, and other
non-members of the target class. This approach was intended to improve performance

by reducing misclassification.

The experiments conducted in the study were extensive and comprehensive. They mon-
itored the algal population growth or decline in response to exposure to select heavy
metals. Cultured microalgae samples were used for these experiments, providing con-

trolled conditions for analysis.

Valentino et al. presented a system for lensed fluid stream detection of microfibers [13].
Building on the prior work of Bianco et al., this study employed polarisation-sensitive
techniques in an imaging flow cytometry setup. A Mach-Zehnder interferometer was
implemented using linear polarisers, beamsplitters, and lenses based on the theory of

Colomb et al. [26] to obtain vertical and horizontal eigenpolarisation holograms. Jones
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calculus [19] was applied to the propagated complex images to extract birefringent re-

tardance and polarisation orientation features.

Sample objects for this study included virgin samples of PA6, PA6.6, PET, PP, cotton,
and wool that were cut into uniform 200 pm lengths, although each class had a different
diameter. An RGB rolling shutter image sensor, coupled with a 5X/0.12 objective lens,

was attached to a commercially available microfluidic channel with a depth of 400 pm.

Global features were generated based on the morphological mask of the sample object.
Amplitude and phase reconstructions were performed for both eigenpolarisations at the
object’s focus distance and the phase was kept wrapped. For classification purposes,
training and testing objects were manually segmented. Shape, grey-level co-occurrence
matrix, and grey-level run-length matrix features were extracted for each channel. A
total of 228 features per object were obtained, which were reduced after conducting a
t-distributed stochastic neighbour embedding analysis and a Pearson correlation study

to eliminate highly correlated features.

A total of 432 object images were captured, with 72 images for each class. All sam-
ples were imaged separately. Standard traditional classifiers were tested. A cubic SVM
achieved 87.2% accuracy as a binary classifier (synthetic versus natural fibres), while the
multi-class classifier achieved 84.6% accuracy using 10% hold-out data for testing. Fur-
ther testing with an ensemble of the best-performing classifiers resulted in 100% accuracy
for the binary classifier and 95.3% accuracy for the multi-class classifier. The authors
noted poor birefringent homogeneity in synthetic fibres and observed that natural fibres

appeared more symmetric.

2.2.3 Polarimetry

Studies using PFA image sensors to extract birefringence information in a single shot
are now covered. The use of these sensors in microplastic studies is not common and
we therefore consult studies in the biomedical domain. Although these studies were not
performed on marine or microplastic samples, they provide insight into using spatially-
based polarisation sensing; this may have utility for fluid stream analysis where temporal

filtering is unsuitable.

In a biomedical study, Bai et al. [15] incorporated Jones calculus [19] and applied the
birefringence theory developed by Shribak and Oldenbourg [14] to display the birefrin-

gence retardance and slow axis orientation of monosodium urate (commonly known as
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gout) and other crystals present in synovial fluid. While the work of Shribak and Old-
enbourg relied on temporal-based polarisation filtering, Bai adopted a spatial-based po-
larisation filtering approach, taking advantage of the emergence of polarisation-sensitive

image sensors.

In their study, Bai and the team used a PFA image sensor, an LED light source, a
circular polariser, and a microscope. They developed an image processing and polarisa-
tion algorithm to support their hardware implementation. The system was designed for
the biomedical domain and retrofitted to a light microscope with a 20x /0.75NA objec-
tive lens. Their approach employed a single-shot method, simultaneously capturing all
four linear polariser directions (0°, 45°, 90°, and 135°). This enabled quantitative anal-
ysis, providing advantages over traditional qualitative techniques in polarisation light
microscopy. By utilising Jones calculus the captured intensity data could be computa-
tionally resolved, eliminating the need for a manual polariser analyser or compensator
rotation to comprehensively inspect the sample’s birefringence. However, this solution
was only implemented for visual analysis to enhance the observer’s ability to analyse

the sample.

Liu et al. conducted additional research on the project to develop a deep learning-based
holographic microscopy solution for gout diagnosis [27]. This work used a deep learning
network to visualise the birefringent activity present in a sample. The network relied

on training data comprised of specific examples of crystals.

2.3 Significance of proposed work

The following observations were made based on prior works.

Imaging flow cytometry combined with DIH techniques has been recognised as a
lightweight and cost-effective fluid microscopy approach, and this is further supported
by recent advancements in computer processing performance and smaller image sensor
pixel sizes [16,17]. These techniques used an RGB image sensor and have been applied
as a microscopy viewer [16] and a classifier for marine phytoplankton [17] with notable

performance.

Optical methods incorporating image sensors and generated features have been used in
studies for microplastic classification [9,10,13,24]. The optical phase was intentionally
kept wrapped in all these studies due to variations in scattering. Additionally, global
features were used for training classifiers. The systems involved large and less portable

interferometers with lenses, which limited the potential processing throughput.
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Prepared samples of synthetic microfibers were compared to natural fibres in two stud-
ies [8,13], while another two studies examined microplastics and marine phytoplank-
ton [9,24]. Two of these studies analysed natural and synthetic fibres using samples of

the same length but with different uniform diameters [13,24].

Synthetic polymers exhibit birefringence [12], and techniques proposed by Colomb et
al. [26] were employed in both in-stream [13] and slide-based [8,24] settings to extract
optical anisotropic features. While Valentino et al. [8,13] trained a classifier for mi-
croplastic identification using a dual-arm interferometer, their systems lacked portability

and an automated classification workflow.

Although the studies involving the classification of microplastics [8—10, 13] produced
impressive classification results, none progressed toward an end-to-end workflow. Fur-
thermore, mixed sample tests were not performed and instead these studies only reported
classifier performance when tested on individual samples. Developing the experimental
design may present an opportunity to deliver a more robust detector. Additionally,
manual image segmentation was commonly used in these studies to obtain training and
testing images for the classifier, preventing an automated environment. Investigating
segmentation techniques would further assist in improving the detector workflow. It was
suggested by Bianco et al. [10] that classifying morphologically similar objects such as
microalgae and synthetic microbeads may pose challenges; thus, providing and assessing

classification in this area is important.

The quantitative computation of birefringence using Jones calculus, as described by
Shribak and Oldenbourg [14], has been used together with DIH for capturing static image
slides of gout crystals [15,27]. Specifically, Bai et al. [15] employed a PFA image sensor
for their experiments. While this study did not involve microplastics, the techniques

apply to studying other birefringent materials such as synthetic polymers.
The following proposed work deals with the gaps in prior works as follows:

e Developing a low-cost, high throughput method for microplastic detection that is

better suited to resource-limited settings.

e Using a lensless DIH polarisation sensitive fluid stream imaging-based configura-

tion to classify microplastics from background marine phytoplankton and debris.

e Implementing an end-to-end workflow (from image acquisition to sample measure-
ment and logging) to classify microplastics from background marine phytoplankton

and debris (ranging from 50 pm to 1000 pm in length).

e Developing a further assessment of analyser performance beyond machine learning
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classification results by introducing additional experimental design.

e Providing successful classification of morphologically similar items, such as poly-
mer microspheres and smooth marine phytoplankton by implementing a pixel-wise

approach for texture-based feature vector generation.
e Implementing a short pulse length illumination circuit to reduce motion blur.

The proposed work is similar to Valentino et al. [13], which involved classifying mi-
croplastic particles in a lensed off-axis holographic imaging flow cytometry setting using
polarisation-sensitive features. However, the following variations to improve outputs are

proposed:

e Implementing a more stable, cost-effective imaging-based analyser based on

polarisation-sensitive lensless DIH.

e Adopting a pixel-wise classification approach, rather than utilising global morpho-

logical features (to better handle morphologically similar objects).
e Establishing a system calibration protocol for accurate measurements.
e Investigating the effect of fluid flow rates and motion blur.

e Providing an end-to-end workflow that includes segmentation capable of handling

changes in captured image sensor illumination intensity.

e Conducting mixed sample experiments to support the use of the analyser as a

proof of concept.

2.4 Summary

This chapter reviewed literature applicable to detecting microplastics in an in-stream
configuration. Gaps in the existing state of the art have been discussed with an opportu-
nity for further development being identified. The significance of the proposed research
has been presented, and the general approach as well as a theoretical framework are

presented in the next chapter.
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Chapter 3

Approach and theoretical framework

This chapter expands on the objectives of this study to provide a high-level overview of
the development of the lensless polarisation-sensitive imaging-based FSA, microplastic
classifier, and the amalgamation of these subsystems to form an automated pipeline or
workflow. This is followed by information on the image sensor and flow cell. Finally,
some essential theory necessary for the project application is presented, specifically in

the machine learning, DIH, and polarisation domains.

3.1 Overview of approach

Developing an FSA for automated microplastic detection can be separated into key
objectives that allow the detector to be realised. The following main objectives are

defined:

e Development of a low-cost high flow rate lensless polarisation-sensitive imaging-

based FSA subsystem.
e Development of a microplastic classifier subsystem that uses the FSA subsystem.

e Development of an automated software workflow or pipeline that combines the

FSA and classifier subsystems to provide end-to-end microplastic detection.

The FSA is designed as a versatile device with potential for applications beyond its
current scope. It is conceptualised as adaptable to further applications and could be
used for tasks like biological detection and analysis in other environments. At its core,
the hardware prerequisites for a lensless imaging-based FSA comprise three essential
elements: an image sensor, a light source, and a microfluidic channel. Figure 3.1 illus-

trates this setup, wherein a fluid is introduced into the channel at one end and flows
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through it. In the course of its journey, the fluid is both illuminated and imaged simul-
taneously. Eventually, the fluid exits the channel from the opposite end. This study
applies polarisation-sensitive imaging and DIH to extract further object features. Both

hardware and software considerations are required to support these techniques.

s

Image sensor

S

Fluid flow in channel

N

Light source

Figure 3.1: Illustration of an imaging-based FSA.

Microplastic classification is a specialised application that builds upon the outputs of
the FSA. This process’ automation hinges on computational algorithms, with machine
learning being a necessary component. A comprehensive comparative analysis of suitable
algorithms and tools is prudent to support the development of an automated software

workflow for microplastic classification. As illustrated in Figure 3.2, sub-topics are

Imaging FSA (Chapter 4) Computer vision classifier (Chapter 5) Pipeline (Chapter 6)
A A 4 A 4
* Analyser development » Dataset development » Workflow development
« Image preprocessing * Learned feature classifier (CNN) » End-to-end integration
» Holography and propagation « Filter bank feature classifier » Mixed media study
« Polarisation sensitive features » Dimensionality reduction « Polymer sphere study
« Supervised segmentation » Classifier study
» Motion blur study
» Analyser calibration

Figure 3.2: Project development.

identified to support the primary objectives. Chapter 4 focuses on implementing the
FSA, providing a comprehensive overview of its development. Chapter 5 is dedicated to
computer vision and the subset of machine learning techniques that support microplastic
classification. While Chapter 4 develops the FSA, which may have multiple applications
and can be considered a stand-alone device if required, the algorithms presented in
Chapter 5 specifically address the microplastic classification problem and build on the

base features produced by the FSA. The development of the classifier considers both filter
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bank and learned feature extraction computer vision techniques. Chapter 6 extends the
elements from the previous two chapters to create a pipeline and workflow for automated
end-to-end classification of microplastic particles; this workflow is effectively able to take
an input image stream from the FSA and output particle classification and measurements
for logging purposes. A proposal is formed for these subtopics and developed in the

following subsections.

3.1.1 Proposal for imaging-based FSA

The purpose of the FSA is to develop and implement the necessary hardware and soft-
ware so that a fluid stream can be processed as follows: image the fluid stream, provide
numerical propagation for the lensless holographic configuration, extract birefringence
features, and perform segmentation in a high throughput manner. This subsystem out-
puts multi-channel spatially-aware polarisation-sensitive information that may be useful

for downstream processes.

The FSA uses a prototype flow cell from Disa Scientific which provides the microfluidic
channel for this system. We have chosen a monochrome PFA image sensor to capture
polarisation-sensitive features. Our approach does not rely on RGB spectral data for
feature generation, although the selected sensor can be substituted for a multispectral

variant if required.

A light source excitation module is developed to mitigate the impact of motion blur and
enable a high flow rate within the microfluidic channel. Additionally, a lensless on-chip
DIH configuration is implemented that offers a stable large FOV, supported by numerical
propagation techniques. To quantitatively measure birefringence, a polarisation feature

extraction routine is established.

Segmenting individual foreground objects from the background when processing the
image stream must be done before a detected object may be sent to a classifier for iden-
tification. Segmentation methods have been proposed using either classical computer
vision [28] or learned feature neural network [20] approaches; it is vital to obtain reliable
segmentation for accurate object measurement reporting. A small labelled dataset is
created for supervised segmentation training. An encoder-decoder learned feature net-
work performs segmentation. The segmentation must be reliable for varying particle

concentrations, as well as changes in turbidity and mean image intensity.

The turbidity of the fluid under test may vary significantly depending on the sample’s
composition, particularly for diverse marine environmental samples. Therefore, it is

necessary to investigate an image preprocessing algorithm to improve image SNR and
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stability.

A series of experiments in the form of both performance metrics for quantitative anal-
ysis and experimental demonstrations are used to verify the proposed implementation.
Analyser calibration and motion blur analysis are performed by observing known-sized
calibration spheres. Tests with resolution targets are used to confirm the resolving abili-
ties of the analyser with the implemented DIH routine. Demonstrations with birefringent
samples and a depolariser are used to determine the quantitative birefringence-resolving
abilities. Segmentation performance is assessed through both performance metrics and

visual inspections.

3.1.2 Proposal for computer vision

The methodology for the computer vision task deals with processing an input (features
developed by the FSA) and providing an output (classification result). As marine and
microplastic datasets are not readily available, we must create a dataset to train the

classifier effectively.

Since this project investigates microplastic detection in a marine environment, the fluid
under observation contains two significant components within the size range from 50 pm
to 1000 pm: microplastics and marine microorganisms such as phytoplankton. This
study treats marine microorganisms and general non-microplastic debris as a single
class of objects. However, microplastics are treated as either a single class or multiple
classes, depending on the type of classification model that is considered. The ability to
distinguish microplastics from marine microorganisms is required. Additionally, we may
want to further classify detected microplastic samples according to the type of synthetic

polymer.

Micronised synthetic polymers and marine phytoplankton cultures obtained for this
study are used to create a simple dataset. Marine phytoplankton samples were supplied
courtesy of the DFFE Marine Research Aquarium in Cape Town, South Africa and
virgin micronised synthetic polymer powders were obtained from Shijiazhuang Tuya
Technology, China. Additionally, microscopy calibration spheres were procured from

Cospheric, USA.

Developing the microplastic classifier involves investigating two paradigms: a filter bank
feature extraction and a learned feature neural network. Each approach has advantages
and disadvantages, making it essential to conduct a comparative study to identify the
most suitable candidate for the classification workflow. These classification methods use

the multi-channel holographic polarisation-sensitive output from the FSA. A filter bank
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based feature extraction is used to train classifiers such as SVMs and random forests
in a pixel-wise feature vector approach. An analysis bank is created for feature extrac-
tion, with feature selection and dimensionality reduction being subsequently applied. A
learned feature approach is used to implement and train an encoder-decoder CNN for

pixel-wise inference.

Test datasets are used for algorithm assessment using standard machine learning per-
formance metrics [29]. In the context of this study, there may be scenarios where the
ratio of microplastic particles to marine organisms is low or the relative concentration
of microplastic particles is low. In such cases it is necessary for the classifier to have
a low false alarm rate or FPR, meaning it should avoid classifying real marine organ-
isms as microplastic particles (thus leading to false positives). A low false alarm rate
ensures that the classifier maintains a high level of specificity and must be appropriately

examined when designing and refining the algorithm.

The sample particle sizes in this study vary from one object to the next, and in one cap-
tured frame multiple object instances and classes may be present. Therefore, a classifier
must process objects of differing sizes, spanning more than one order of magnitude in

length.

Filter bank feature classifier

Due to the birefringence of synthetic polymers, either stochastic or periodic textures may
be available when using polarisation-sensitive analysis [12] and therefore may be used to
generate features. Methods of generating features and determining appropriate features
to train a classifier must be investigated. The curse of dimensionality becomes an issue
when the feature vector dimension is large. A high dimensional feature space makes
distance measurements difficult, and as a result meaningful metrics on which to train a
classifier are hard to establish; dimensionality reduction assists with this issue. Plastics
degrade to unique shapes, meaning that each microplastic particle can be considered
morphologically unique and may vary significantly; global morphological and geometric

features such as area and perimeter should not be solely relied upon to classify samples.

Learned feature classifier

The classifier needs to accommodate polarisation-sensitive feature channel inputs since
the classifier is not being fed with a standard RGB intensity image. Multiple particles
may be present in a single input image; individually classifying them accurately with
morphological details is necessary. Semantic pixel-wise approaches to classification can

be useful in this regard. The homogeneous appearance of smaller-sized diffraction rings
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produced by particles does not naturally lend itself to CNN image-based classifiers in a
multi-class exercise, as diffraction patterns may be challenging to interpret. Numerical
propagation assists in bringing the object into focus, making it less morphologically

homogeneous.

3.1.3 Proposal for pipeline

We develop an automated software workflow to classify microplastic particles in stream
from data delivered by the FSA. The development of the automated pipeline ties into
the imaging-based FSA and the selected classifiers to perform end-to-end detection,
classification, and logging of microplastic particles. In other words, the end-to-end
process obtains an image frame as an input and performs preprocessing, segmentation,
classification, and logging of each particle that passes through the analyser within the
specified size range. Moreover, this system must process a stream of input frames from
an acquisition session or experiment. The workflow must be assessed with different
microplastic concentrations (with low concentrations being of particular interest). The

key attribute of this subsystem is the ability to provide automated processing.

3.2 Hardware information

We briefly detail the image sensor and flow cell used in this study, as the additional
components and software were chosen and implemented to complement these items.
The image sensor was specifically employed for single-shot polarisation-sensitive fluid
stream analysis and is therefore a vital part of the FSA design. The flow cell and
customisation thereof are also important for the FSA development and are introduced

accordingly.

3.2.1 Image sensor information

Owing to the birefringence of synthetic polymers [12], measuring them effectively is
requisite as relying solely on intensity-only measurements from an image sensor may not
provide enough information on the sample to train a classifier effectively. We therefore
employ a linear polarisation image sensor as a basic component to support birefringence
sensing. This project moves away from using an RGB colour image sensor and instead
adopts a monochrome sensor. This removes any possible reliance a classifier may have on
RGB spectral-based measurements that can cue a classifier to target spectral components
for classifying microplastic classes. As microplastics vary in colour, the likelihood of poor
performance in a real-world setting would increase if the classifier relied on colour cues.

Additionally, gains in SNR are achieved by removing spectral filters on the sensor.
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Figure 3.3: Sony polarisation image sensor illustration [30].

Compact and affordable sensors have become available with the recent introduction
of PFA image sensors in the machine vision market. Figure 3.3 illustrates the Sony
IMX264MZR monochrome sensor [30], which offers four distinct nano-wire grating linear
polariser orientations (0°, 45°, 90°, and 135°) per block, known as a superpixel. Each
pixel on the sensor measures 3.45 pm x 3.45 pm, providing polarisation-sensitive intensity
information through spatially arranged filters. This sensor offers an enhanced capability
compared to a standard image sensor as it enables capturing polarisation information
alongside traditional intensity data. Using this sensor means that linear polarisation

orientations of incident light may be resolved in a single shot.

3.2.2 Flow cell information

To provide a high throughput environment for fluid samples, the chosen lensless DIH
configuration is used with a prototype flow cell (Disa Scientific (Pty) Ltd, South Africa).
The flow cell provides the microfluidic observation channel and is not supplied with any
lighting or imaging components. Although commercial channels are readily available,
this unit allows for customisation in that the channel depth and width may be adjusted.
Furthermore, 3D-printed parts are designed and retrofitted to the unit to position the
image sensor and light source. Standard commercial microfluidic channel offerings are
typically limited to a few fixed channel widths and may not perfectly match the FOV
dimensions of this image sensor [31]. This limits throughput if the channel width is
narrower than the sensor width, with part of the image sensor not being used during
data acquisition. On the other hand, if the channel is too wide, some particles may not
pass over the sensor, leading to incomplete data capture [16]. Additionally, an unsuitable

fixed channel depth may limit sample throughput.

Figure 3.4(a) shows the unit in a base configuration. The optical configuration may be
likened to bright-field transmission mode microscopy. Figure 3.4(b) shows a cutaway of

the unit where the observation window is present. The unibody base of the flow cell
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(a) (b)

Figure 3.4: Illustrations of the prototype flow cell. (a) Prototype flow cell. 1. Fluid
entry point. 2. Cavity housing for an illumination source. 3. Fluid exit point. 4.
Cavity housing for an image sensor. (b) Prototype flow cell cutaway showing round
glass observation window.

provides a basic configuration for the FSA and can be customised by stacking spacer
rings to achieve the desired cavity dimensions. The round glass window used in the
flow cell is 2 mm thick borosilicate glass with a diameter of 45 mm and is removable if

servicing is required.

3.3 Theoretical framework

This section presents theory drawn upon in this study and provides background on the
concepts and methodologies employed. Selected machine learning, DIH, polarisation

birefringence, and motion blur topics are presented.

We start by covering background information on encoder-decoder networks; this archi-
tecture is useful in segmenting particles and is also used for some classification methods.
This is followed by filter banks, which are useful for feature extraction used for individ-
ual microplastic type classification. Next, lensless DIH is covered, which is necessary for
the structural layout of our optics and provides support for both hardware and software
development. Polymers and birefringence are then covered, which is again important
for the structural layout of our optical and analyser development. Motion blur is finally

covered to support the high throughput requirements of our device.

Additionally, and where relevant, further resources and recommended materials are

provided for readers seeking a more in-depth understanding of the theory or further
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exploration of the topics discussed.

3.3.1 Encoder-decoder networks for segmentation and classification

Encoder-decoder networks are useful for segmentation and classification tasks covered in
the development of the FSA. Therefore, we will briefly introduce key concepts relevant
to the subsequent chapters. This network structure was chosen because it is common
for multiple objects to coexist in a single scene. Therefore, this fine-grained pixel-
wise inference supports the detailed shape measurement analysis necessary for logging

purposes.

The global interest in and adoption of neural network approaches for image segmentation
provides an alternative to rule-based segmentation. A neural network can be supervised
to learn how to segment an image or region. In the supervised learning paradigm, pairs
of input examples and ground-truth labels form training data; this training data is
processed to construct a function that maps new input data to a predicted or expected
output label [32]. This means that instead of using rule or heuristic-based traditional
methods, a neural network can be trained to learn and optimise the segmentation process
by being provided with a raw example image (input) and a labelled segmentation mask
(expected output). Similarly, for classification purposes, this structure may be trained
in a multi-class format that provides pixel-wise inference for tasks beyond separating

background from foreground.

Using neural networks to perform segmentation or classification relies on having suffi-
cient training data: there is typically a correlation between the amount of well-curated
training data and the network’s performance [32,33]. Although trainable approaches
are time-consuming to train initially, they are considered a once-off process and actual
inference speeds can be fast depending on the network structure. A widely recognised
network model for pixel-wise semantic segmentation is the encoder-decoder network U-
Net [20]. The standard implementation (depicted in Figure 3.5) is fully convolutional
and contains no fully connected layers. In this architecture the input image tile under-
goes a sequence of operations, starting with convolutions followed by rectified linear unit
(ReLU) activations in the encoding section. The image tile is halved and the number of
filters (or feature channels) is doubled for each sequential block. This encoding phase
captures context and compresses the input. In the decoding section the network employs
sequential transpose convolutions to expand the input to the same size as the output,
facilitating localisation. In each sequential decoding stage the tile size is doubled and

the number of filters is halved. Skip connections are used to merge features between the
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Figure 3.5: Standard U-Net structure [20].

encoding and decoding blocks to provide fine-grained detail or resolution. The archi-
tecture provides an output tile size that matches the input tile size, enabling pixel-wise

segmentation or classification.

Residual U-Net (ResUnet) [34] is a fully convolutional network that combines features
of U-Net [20] and residual learning. It uses U-Net as a foundation and incorporates
pre-activated residual blocks or skip connections into the model, substituting some con-
volutions from the original architecture. A benefit of combining the encoder-decoder
and residual ideologies is that U-Net assists with capturing fine-grained details and of-
fers compression through a series of encoder and decoder blocks, while residual learning
adds shortcut connections that may assist with potential vanishing gradient problems
that can occur in deeper neural networks. Res-Unet combines high-level feature ex-
traction with gradient flow optimisation. Skip connections are strategically positioned
between the encoder and decoder layers, facilitating the fusion of high and low-level

features, which is particularly useful for localisation, segmentation, or classification.

3.3.2 Filter banks

Filter banks incorporated in this work are briefly introduced here and were chosen specif-
ically for the task of texture analysis for the microplastic classifiers. When choosing
filters for texture analysis, it is beneficial to include spot and bar filters at various ori-

entations and scales to accommodate different border applications [35]. Having equally
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spaced orientational filters provides periodic feature maps oriented around objects of
interest, thus enhancing the ability to capture texture information from various angles.
Subsequent tasks like feature selection, dimensionality reduction or other types of com-
pression may be performed at a later stage. Consequently, it is important initially to
provide broad coverage across the range of objects or textures of interest without exces-
sive optimisation of the filter selection; this ensures flexibility and adaptability in the

later stages of processing.

Gabor filters

These filters, originally introduced by Gabor [36], can be employed in their 2D form as
feature extraction filters for images. They comprise a kernel with an oriented sinusoid
multiplied by a symmetric Gaussian function [35]. This design allows them to capture
both spatial and frequency characteristics, making them useful as texture discriminators
in image processing. Notably, Gabor functions have been used to model simple cells in
the mammalian visual cortex [37], and the frequency and orientation representations of

Gabor filters are believed to resemble those of the human visual system [38].

A 2D Gabor filter in its basic form is parameterised (and can be defined by its impulse

response) as follows [39]:

/2 2,12 /
g(x7 y) = exp <_1:'+_’Yy> COS (271'1):\ + ¢> s (31)

202

where (z,y) are the spatial coordinates and (z/,y’) are the rotated coordinates that can

be obtained using the given transformations
' =xcos(f) +ysin(d) and y = —zsin(f) + ycos(h). (3.2)

The remaining parameters include =y, which represents the aspect ratio of the elliptical
Gaussian envelope, A for the wavelength of the sinusoidal wave, ¢ for the phase of the
sinusoidal wave, 6 for the filter orientation angle in degrees, and o for the standard

deviation of the Gaussian envelope.

A Gabor filter is a tunable filter that is rotationally asymmetric, making it orientation-
sensitive. By creating a filter bank with multiple orientations and scales of Gabor
filters, textures at different scales and orientations can be simultaneously analysed. This
is especially useful for adapting to slight changes in objects detected in a real-world
setting. These filters capture localised spatial frequency variations that are helpful for
both fine and coarse texture analysis. Each filter can provide responses that serve as

a discriminative representation of texture patterns within an image, producing highly
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useful features for a classifier.

Root filter set

The root filter set (RFS), as described by Varma and Zisserman [40], is akin to the
established Leung-Malik (LM) filter set [41]. It encompasses a total of 38 filters, com-

prising:

e Anisotropic filters: including the first derivative of Gaussian (edge) and the second

derivative of Gaussian (bar), with six orientations and three scales each; and,
e Isotropic filters: consisting of a Gaussian and a Laplacian of Gaussian.

Edge filters detect changes in intensity along the alternate axis — if applied in the x-
direction (horizontal), they will detect changes in intensity along the y-direction and
highlight vertical edges. Bar filters detect changes in intensity along the alternate axis
— if applied in the z-direction (horizontal), they will detect changes in intensity along
the y-direction and highlight vertical bar-like or ridge structures. Notably, the isotropic
filters, Gaussian and Laplacian of Gaussian, can be condensed into a subset of eight

maximum response filters to achieve rotational invariance.

The Gaussian and Laplacian of Gaussian filters are defined in order as follows:

1 z? +y?
G(ZL‘, y70) - 202 exXp <_ 202 > (33)
and , )
2
VQG(I‘,y, U) = <$ —zy - 2> G(I’,y,O’), (34)
g g

where o is the standard deviation scale of the Gaussian envelope, and x and y are
coordinates of the filter kernel. The first and second order derivatives of Gaussian filters

in the z-direction are defined in order as follows:

0G(x,y,0) x

B = —;G(m,y,a) (3.5)
and 02(Gz,y, ) 22 1
— 5 = <U4 — 02> G(z,y,0). (3.6)
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S filters

The S filter bank is based on a dense texture Gabor-like filter that is rotationally invari-

ant [42]. The filter is described as

2, .2 2,2
F(x,y,7,0) = Fy(1,0) + cos <x+y7r7'> exp (x 2+2y ) , (3.7)
o o

where 7 is the number of cycles of the harmonic function within the Gaussian envelope
of the filter and Fy(7, o) is the zero DC component. Although this filter is not used in
the base filter bank of this study, it is used as an extended filter set to test the ability
of the workflow to rely solely on internal textures when comparing two geometrically

similar but different plastic types.

3.3.3 Lensless DIH

We introduce concepts and theory of lensless DIH in a static sample context but they are
transferrable to imaging fluid stream analysis. Traditional light microscopy relies on the
magnification power of an objective lens to achieve high-resolution imaging. However,
this approach has limitations, including a reduced FOV due to the magnified area of
interest excluding the rest of the sample area from view. This means that covering
a wider working area (or FOV) requires significant processing time. Additionally, the
shallow depth of field further restricts the system’s ability to process samples with a

limited focal range.

Technological advancements have facilitated both the development of image sensors
with smaller pixel-pitch sizes and improved the processing capabilities of computers
and embedded devices [22]. These advancements have created favourable conditions for
implementing lightweight, cost-effective, and simplified hardware designs coupled with
image reconstruction algorithms and digital image processing [43,44]. Lensless DIH takes
advantage of these advancements and uses them to address the challenges presented by
lens-based microscopy. Numerical reconstruction techniques replace an objective lens to
achieve focused imaging on the object of interest [45]; this creates a virtual or numerical
lens of sorts. The technique relies on a coherent or partially coherent light source and
an image sensor, so it is compact and lightweight [46]. For further information, readers

are directed to an extensive Fourier optics resource [11].

Although different configurations of this method exist, this work provides information
on an on-chip configuration where the light source to object distance (z1) is substantially
larger than the object to image sensor distance (z2) [43,44]. The close proximity of the

object and sensor means that the distance z3 is usually no more than a few millimetres,
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leading to its “on-chip” descriptor; the distance z; is generally a few centimetres [22].

An example of this configuration is shown in Figure 3.6. By eliminating the need

| Excitation light source
(partially coherent)

7 | N
K > |

Z1 ﬂ\

Figure 3.6: Basic on-chip DIH setup.

for an objective lens, lensless DIH allows for a wider FOV compared to traditional
microscopy [46]. Using the entire image sensor plane as the FOV means that modern
image sensors can range from 5 x 1074 m? to 5 x 1072 m?. In contrast, an objective lens

typically offers a FOV range from 0.1 x 107> m? to 1 x 1075 m? (for similar resolution).

Angular spectrum of plane waves

As described by Goodman [11], we can formulate the angular spectrum method with a
plane wave approximation. Due to the on-chip configuration of the FSA, the distance
z1 between the light source and the object is substantially larger than the distance from
the object to the image sensor z5, which allows for the Fresnel plane wave approximation
to be employed. Therefore, the Fresnel diffraction integral approximates the phase and

amplitude variations across the wavefront.

We illustrate an ideal model using coherent collimated illumination and consider a spa-
tially sensitive image sensor that is noiseless with infinitely small pixels. The light wave
complex amplitude incident on an image sensor plane with spatial coordinates (x,y)

can be described by the superposition of the reference wave A, and the scattered wave
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from the object aqi(x,y):
U(LU, y) = Aref + aobj(xv y) (38)

The complex amplitude A,¢s is a non-spatially varying strong uniform plane wave; in
contrast, the complex amplitude aqj(x,y) is weakly scattering and spatially varying.
Image sensors only recover the intensity distribution of the light wave, which means that
the absolute phase is lost. The intensity incident on the image sensor may be described

as [11]

I(@,y) = [Aves + aobj (2, ) * = [Ares|* + laon; (2, y)[* + Afep-tonj (@, y) + Arep.aly;(2,y),
(3.9)

where A%, f.aobj(x, y) is proportional to the scattered wave, |A,. f|2 is a constant, and * is
the complex conjugate of the complex magnitude. Both A7, :.acp; (z,y) and |A,.¢|? are
desired terms whereas Aycr.a%,;(x,y) and [ag;(z, y)|? are undesired artefacts due to the
intensity image not containing phase information. The A,.r.a}, j (z,y) term is commonly
referred to as the twin-image artefact — an out-of-focus representation of the desired
in-focus term. Similarly, if A,.. f.azbj(:n, y) were to instead become the desired term and
be propagated accordingly, A, f.aobj(:n, y) would become an undesired and thus an out-
of-focus term. The reconstruction of the object improves when the light scattered by
the object is significantly less than the reference wave Acf >> aop;(x,y), in which case
just the defocused term Ayer.ay,; (z,y) is undesired and affects the complex distribution

at the image sensor plane.

To propagate from the image sensor plane to the object, we can employ the angular
spectrum method [11]. This provides a Fourier optics approach to modelling propagation
and diffraction of coherent light inside a homogeneous medium. A given complex optical
wave field on the plane z = 0 is described as U(x,y;0). The angular spectrum of

U(zx,y;0) is given by its 2D Fourier transform:

A(fz, [;0) = //U(m,y,O).exp [—i27(fex + fyy)] dxdy, (3.10)

where 2 = —1.

The transfer function, H(f3, fy; z0) of wave propagation acting as a linear space-invariant
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system is given by

oo et - () (M0 e L
H(fa: fy; 20) = Ao " n T N (3

0 otherwise,

where )\g is the optical wavelength in a vacuum and n is the refractive index of the

medium.

The angular spectrum of the optical field on a given parallel plane z = zg can be

calculated by
A(fxafy§20) :A(fxafySO)'H(fzawaO)- (3-12)

Finally, the optical wave field on the plane z = zy is obtained by the 2D inverse Fourier

transform of its spectrum:

U, y: =) = / / Alfar £y 20)-0xp 27 (fu + fy)] dfud fy. (3.13)

3.3.4 Polarisation and birefringence

Anisotropic objects exhibit optical activity that depends on the polarisation state of the
incident light or, similarly, the object’s orientation with respect to the incident light.
Polarisation-sensitive sensing is helpful in the microplastic classification problem, as the
detection of optically anisotropic features inherent in synthetic polymers can help re-
duce the reliance on traditional intensity-derived features that may be less robust [12].
However, as particles in suspension travel through the microfluidic channel, their ori-
entations change. This may lead to misclassification if polarisation features are only
captured at a certain orientation because the classifier might be unable to match the
sample feature against its training features. It is therefore advisable to obtain a full
orientation birefringence map of the sample [14]. In the context of this project, it is
necessary to detect and register particles’ optical activity in situ for all possible 2D ori-
entations. Particle reorientation during flow is not feasible, highlighting the importance

of capturing birefringent optical activity across various particle orientations.

Since the fluid stream analysis involves dynamic samples in motion, using temporal-
based polarisation filtering is not feasible. Instead, spatially-based polarisation filtering
becomes necessary. These hardware considerations can be combined with a software
backend to resolve 2D birefringent activity (including retardance and slow axis orienta-

tion) [14].
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Birefringence formulation

The following important polarisation definitions from Chipman et al. [23] are used in

this study:

e Eigenpolarisation: a wave polarisation state that is the same polarisation state
when entering and exiting a system or optical element, but where changes in
amplitude or absolute phase can occur. Eigenpolarisations are eigenvectors of the

corresponding Jones or Mueller matrix.

e Retardance (A): the optical path difference between eigenpolarisations, commonly

specified in radians.

e Slow axis (#): eigenpolarisation with a larger optical path length, which is analo-
gous to the mode with a higher refractive index in a material, commonly specified

in radians.

e Fast axis: eigenpolarisation with a smaller optical path length, which is analogous
to the mode with a lower refractive index in a material, commonly specified in

radians.

e Birefringence: material property that creates retardance associated with propaga-

tion, which can apply to transmission, reflection, diffraction, or scattering.

Formulating birefringence information into quantitative measurements was studied by
Shribak and Oldenbourg [14] for use with temporal polarisers and traditional image sen-
sors. A similar technique was recently applied to biomedical applications using a PFA
sensor instead of multiple temporally separated images to quantitatively resolve polar-
isation birefringence information [15]. The transition from temporal to spatial-based
techniques enables a frame to capture four linear polarisation orientations, facilitating

the calculation of birefringence information in a single shot.

We employ this spatial technique in the FSA and now describe the required components
and theory. To model the system using Jones calculus, the resulting output field is
calculated using a light source and three elements: a left-hand circular polariser (gener-
ating polarised light), an object under interrogation, and a spatially-aware PFA sensor.
A linear combination of Jones matrices [19] implements these elements. Each Jones
matrix can be described modularly and sequentially combined to form the final system.

The convention in this paper is from the viewpoint of the receiver. As such, starting
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with the first component, a left-hand circular polariser is described as

Ey 1
Eprncp = 7% BE (3.14)
2

where Ej is the amplitude of the incident light.

The birefringent sample is modelled as the Jones matrix

A A
cos— -+ isin—cos26 1sin—sin20
Mobject = 2 A 2 A 2 A s (3.15)
isingsin%os% COSE — isin;?cos@

where A is the retardance magnitude and 6 is the azimuth or slow axis orientation.

The Jones matrices for four different orientations of linear polarisers can be represented

as
detect ; ) ) T ) .
etector 9 o 9

for orientations 0°, 45°, 90°, or 135°, respectively.

The product of Jones matrices that describe the final electric field is

Eout = MdetectorMobjectELHCP . (3 1 7)

As an example, the product of Jones matrices that describe the final electric field for a

0° linear polariser is

A A LA
1 0 cos— 4+ isin—cos26 1sin—sin26 Ey, (1
E) = 2 2 2 — . (3.18)
out LA A A V2
0 0 zs1n§s1n200s29 cos — zs1n§2cos9 ?

The image sensor only captures the intensity of the electric field and can be described

for the 0° linear polariser as

Iy < [E | =E° ,.EO .*. (3.19)

out - out
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Relating the captured intensity to birefringence measurements is treated as follows:

1
Iy = 5(1 — sinA.sin26),

1
5(1 + sinA.cos26),

1
Iyp = 5(1 + sinA.sin26),

Iys =
(3.20)

1
1135 = 5(1 - sinA.cos29),

where [ is the intensity of the incident illumination source, and Iy, I45, Igg, and I35 are
the respective 0°, 45°, 90°, and 135° oriented linear polarisation intensity channels from

the image sensor.

We can introduce the following auxiliary variables:

Tgg — [
1= -0 sinA.cos26,
Too+ I (3.21)
Iys — I35 ) '
Ay = —/———" = gsinA.cos26.
> Iis + Iiss

Finally, retardance (A) and azimuth or slow axis orientation () is computed as

A = arcsiny/ A2 + A2,

1
9: — t _
2&1'(3 an

: (3.22)
Ay’

3.3.5 Motion blur

When an object or particle is present at the analyser’s observation window, it can be
captured by the image sensor. It is important to ensure that the analyser supports a
suitable flow rate to function effectively as a high throughput device. However, there
is a trade-off: increasing the flow rate can result in objects traversing multiple pixels
during a single frame exposure, thus generating motion blur artefacts. One solution is to
operate the image sensor at a shorter exposure time, but this approach is constrained by
the camera’s minimum required exposure time. Moreover, decreasing the exposure time
might require an increase in the intensity of the light source, given that the exposure

takes place over a limited time and therefore only has access to limited incident photons.

Another strategy to mitigate the motion blur is to increase the flow channel depth, as
this would reduce the mean flow velocity while maintaining the desired flow rate. How-
ever, increasing the channel depth can negatively impact the holography reconstruction

quality of the analyser, and the assumption of a small object-to-image sensor distance
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(z2) might not hold. A deeper channel may also increase the likelihood of particle occlu-
sions, as multiple objects with the same x,¥y coordinates but at different z coordinates
(i.e. depths) in the flow channel could obscure each other from image sensor acquisi-
tion. An alternative is to reduce the exposure time by pulsing the illumination source;
this benefits the analyser system by overcoming the image sensor constraints and is a

suitable workaround to achieve shorter effective exposure time and reduce motion blur.

A simplified model can be generated to calculate the effect of motion blur. This model
ignores the effects of any other lighting and assumes that the particle flows in a straight
line, perpendicular to the optical axis, and is imaged by a global shutter image sensor.
We can calculate the maximum exposure time (7') required to achieve motion blur of

less than a pixel in a given scenario:

T=— 2
= (323)

where V is the particle’s velocity in meters per second, P is the pixel pitch of the
image sensor in meters and T is the exposure time of the camera sensor in seconds.
We set the blur value to half the time it takes to traverse one pixel to align with the

Nyquist-Shannon sampling theorem.

As an example, if one works with a required flow rate (@) of 20 mL/minute and a
flow channel depth (2) of 500pm and a channel width (w) of 7.07 x 1072 m, we can
calculate the particle velocity. Assuming plug flow fluid transport, we solve for the
particle velocity (V') as follows:

, (3.24)

where A is w X d.

If we aim to limit blur to less than one pixel and a