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ABSTRACT

Automatic monitoring of microplastic (MP) contamination in aquatic ecosystems is crucial for effective management and mitigation strate-
gies. However, this task presents significant challenges due to the dynamic 3D distribution of MPs and the light scattering in the aqueous
phase. Traditional MP detection methods are limited in volumetric imaging and anti-scattering capability, often requiring cumbersome
manual processing and analysis. In this study, we develop an integrated imaging system based on computational polarized holography,
which offers unique advantages in automation, multifunctionality, and affordability. As demonstrated with proof-of-concept experiments,
our system enables accurate and efficient 3D tracking of dynamic MPs across an extended detection volume, facilitating high-throughput
analysis. In addition, the proposed hybrid de-scattering algorithm substantially improves image quality even when characterizing MPs
in scattering milk solutions. Furthermore, an unsupervised clustering method is developed to identify and classify different MPs based
on their multimodal features without the need for manual annotation. Although the experiments were implemented in the laboratory,
the results demonstrate the robust monitoring efficiency and material-dependent sensitivity of our system. It opens up new opportu-
nities for on-site continuous monitoring of MP pollution in aquatic ecosystems, contributing significantly to sustainable environmental
management.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution (CC BY) license
(https://creativecommons.org/licenses/by/4.0/).

I. INTRODUCTION MP management and mitigation strategies. Conventional method-

ologies for MP assessment typically involve labor-intensive and
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Microplastic (MP) pollution has become a pressing environ-
mental concern, particularly within aquatic ecosystems. ~ This per-
vasive issue not only undermines environmental integrity but also
threatens social and economic sustainability, directly contradict-
ing the UN Sustainable Development Goals, notably SDG3 (good
health and well-being) and SDG6 (clean water and sanitation).
Monitoring MP contamination on-site is critical for comprehending
their natural behaviors, such as spatiotemporal distribution, set-
tlement, aggregation, migration, degradation, and interaction with
micro-organisms. Such information is scarcely found in the current
literature but carries significant implications for developing effective
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time-consuming processes such as water sampling, complex pre-
treatment procedures, and extensive laboratory analysis.”” These
methods frequently fail to maintain the original properties of
MPs, leading to the loss of crucial information such as agglom-
eration behavior and biofilm interactions.” Optical imaging tech-
nologies have surfaced as promising solutions for long-term and
high-frequency monitoring of MPs due to their versatility and
non-invasive nature.

However, on-site automatic monitoring of MPs presents con-
siderable challenges. The dynamic and volumetric distribution
of MP particles necessitates imaging systems with superior 3D
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spatial resolution and adaptable computational capabilities to pre-
cisely capture their complex dynamics.”'’ Moreover, the inherent
complexity of aquatic environments, characterized by fluctuating
currents and diverse habitats, further complicates the monitor-
ing process. The scattering of light in water due to suspended
micro/nano-particles (e.g., diatoms, minerals, fragments, foams,
bubbles, and bacteria) and dissolved substances poses another sub-
stantial challenge, leading to image degradation and hindering pre-
cise detection and characterization of MPs.'”'® The degradation in
image quality not only affects the identification and tracking of indi-
vidual MPs but also impacts the ability to distinguish MP types and
quantify MP concentrations.

Currently, researchers have initiated pioneering efforts in the
development of portable optical devices for in situ MP detection.'”*’
For example, Leonard et al.’! reported a smartphone-based method
to evaluate MP contamination levels, which involves isolating
MPs by density separation and vacuum filtration, staining the iso-
lated plastic polymers with Nile Red, and quantifying the stained
MPs using a smartphone-based fluorescence microscope. Deng
et al”’ designed a prototype of polarized light scattering to distin-
guish sediments, MPs, and phytoplankton in seawater, showcasing
the potential of optical techniques in identifying suspended particles.
Recently, Ye et al.”’ developed a wireless portable device for ana-
lyzing labeled MP samples with quantitative fluorescence imaging.
Ren et al.”! suggested a pyrolysis-point discharge optical emission
spectrometer for rapid plastic type identification. Although sample
preparation is necessary for pyrolysis, their portable instrument sim-
plifies the detection process. In addition, Nayak et al.” reviewed
holographic imaging techniques for in situ aquatic particle detection,
showing the great potential of holography for MP monitoring. For
example, an autonomous holographic imaging system (Auto-holo)
has been developed and demonstrated to work underwater with real
plankton samples.*

The majority of these documented approaches entail discrete
sampling, manual sample processing, and labor-intensive image
analysis, which significantly constrain their scalability and efficiency.
Typically, these methods necessitate mechanical scanning of the tar-
get volume, manual extraction of particles from the background,
and visual inspection based on expert knowledge. Consequently, the
automation and continuous monitoring of dynamic MPs remain
largely unachieved. Moreover, the challenge of MP image degrada-
tion induced by scattering effects persists without adequate resolu-
tion in current methodologies. Some techniques attempt to mitigate
this issue by reducing the detection distance through the use of thin
slides and microfluidic channels or by substituting turbid water with
clear water for experimental demonstrations.'””” Therefore, due to
the intrinsic scattering effects, the applicability of these methods in
authentic aquatic environments is highly questionable.

To address the challenge of automatically detecting dynamic
MPs through scattering media, our research endeavors to develop
an integrated imaging system that harnesses advanced optical and
computational technologies. In our prior investigations,”””’ we
demonstrated that the combination of polarization and holographic
imaging facilitates effective discrimination of MP materials by ana-
lyzing their optical features. In addition, we found that the polariza-
tion property of light provides significant opportunities to address
the image degradation problem induced by turbid water.”””" We
also made preliminary attempts to realize high-throughput analysis
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of MP particles by pumping MP suspensions into a microflu-
idic channel.”” Building upon these works, this study concentrates
on developing an automatic and multifunctional approach for
MP monitoring. In particular, a hybrid de-scattering algorithm is
proposed to tackle the scattering problem from turbid aquatic envi-
ronments (simulated with diluted milk solutions). Furthermore,
the feasibility of unsupervised clustering methods in automated
MP identification is verified for the first time. A set of proof-of-
concept experiments is implemented in the laboratory with diverse
lab-prepared samples. Through rigorous experimental validation,
we illustrate the efficacy of our approach in tracking and charac-
terizing dynamic MPs in highly scattering media. We believe that
our innovative solution offers a promising pathway toward reli-
able and efficient monitoring of MP pollution across diverse aquatic
ecosystems.

Il. MATERIALS AND METHODS
A. Portable imaging system
1. Optical setup

Figure 1 schematically depicts the designed portable imaging
system based on computational polarized holography, including
its optical configuration, prototype, and typical deployment sce-
nario. As illustrated in Fig. 1(a), single shot polarization imaging
is embedded into an in-line holographic imaging configuration,
without compromising the reliability and simplicity of its orig-
inal optical structure. The illumination laser beam (wavelength
A =632.8 nm) is expanded and circularly polarized by a set of
lenses (a convex lens (f = 75 mm), a linear polarizer, and a quarter
wave plate). The polarization camera (MG-A500P-22, Crevis Tech.,
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FIG. 1. Schematic diagram of the designed imaging system for on-site monitor-
ing of MP contamination. (a) The optical configuration mainly includes a laser,
lenses, a polarization camera, a mobile power supply, and a microcomputer. (b)
The assembled prototype.
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South Korea) is capable of simultaneously recording holographic
fringes and resolving four specific polarization orientations (POs)
(0°, 45°, 90°, and 135°). The spatial resolution of the image sensor
is 2464 x 2056 with a square pixel size of 3.45 ym, and the equiva-
lent pixel size of the polarimetric channels is 6.9 ym. Since no lens
was equipped in the camera, the magnification in the image plane
is unity. Therefore, abundant information about the dynamic parti-
cles and their surrounding scattering environment can be captured
in a single exposure.”” It enables the establishment of specific com-
putational methods (which will be introduced in Subsection II B)
to extract high-dimensional features of MPs and address the image
degradation problem caused by the scattering effect.

Similar holography-based systems have been previously
reported in the literature. For instance, the Auto-holo designed by
Nayak ef al.’® has a stable structure and 3D imaging capability
but cannot perform MP discrimination. Gordcs et al.'” demon-
strated a portable holographic imaging flow cytometer in which the
water sample is pumped through the microfluidic channel for detec-
tion. In addition, other polarization-based holographic approaches
have been developed. For example, Valentino et al.'”’* designed
a polarization-sensitive holographic microscopy for MP classifi-
cation, which requires two snapshots with diagonally and anti-
diagonally polarized illumination beams, respectively. Compared
with these works, our system has unique advantages in low cost, sim-
ple optical configuration, automatic operation, and anti-scattering
capability.

We have designed a prototype of our imaging system with a
simple yet reliable mechanical and optical structure. As shown in
Fig. 1(b), the assembled cylindrical prototype is ~60 cm high and
15 cm in diameter. Connection and support components are manu-
factured by 3D printing. The gap (i.e., the detection volume) between
the illumination part and the detection part is adjustable (1-20 cm).
A mobile power supply (12 V, 20 000 mA h) and a microcomputer
(LattePanda 3 Delta) are assembled with the camera for image acqui-
sition and processing. With the advantages of low cost and simple
structure, our system could be flexibly deployed in diverse aquatic
environments, such as oceans, lakes, and rivers. However, due
to unresolved engineering issues such as long-term waterproofing
and long-distance wireless data transmission, the current prototype
cannot be effectively tested in natural water environments. As a
result, our focus in the present work shifts to validating the system
(especially the computational methods) through proof-of-principle
experiments conducted in a laboratory setting.

2. Sample preparation

To validate the feasibility of our imaging system, the well-
identified MP samples and simulated turbid aquatic environments
are prepared. The MP particles are generated from disposable
plastic bags (LDPE: low density polyethylene) and water bottles
(PET: polyethylene terephthalate). In addition, we also purchase
polystyrene (PS) and methyl methacrylate (PMMA) plastic mate-
rials (Xinsheng Plastic Material Company, China) for testing. All
of these polymer materials are colorless, transparent or translucent,
and difficult to distinguish with the naked eye. Without loss of gen-
erality, the size of MP particles ranges from 600 to 1200 ym for
ease of implementation in this study. The MP samples are washed
with deionized water to remove dust or other impurities. A cuboid
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water container with a transparent glass wall is employed to dis-
perse these MP particles with distilled water or milk solutions. The
MP suspensions are manually mixed with a glass rod before the
experiment. The selection of a milk solution as a simulated scatter-
ing medium in underwater environments is driven by its consistent
particle distribution, closely resembling natural water turbidity. This
choice offers flexibility in regulating the scattering properties of the
aqueous phase through the manipulation of milk solution concen-
trations. This experimental approach is widely employed in various
underwater imaging investigations.””® Nonetheless, natural water
samples are undoubtedly more complex, containing a variety of par-
ticles such as diatoms, minerals, fragments, foams, bubbles, bacteria,
and microbial biofilms. The simplified experiments conducted with
milk solutions lay the groundwork for future realistic validation.
To simulate dynamic particle fields, the prepared MP suspensions
are perturbed by spraying water with a syringe, resulting in indi-
vidual MP particles rotating, tumbling, or moving randomly. Since
no pumping systems or filters are used, the MP suspensions are
manually updated with different types of MP samples and varying
turbidity. The corresponding holograms of the dynamic and vol-
umetric particle fields are consecutively recorded at 22 frames per
second (fps).

B. Computational methods
1. Holographic reconstruction

Digital holography has been extensively applied in character-
izing various particles.” "’ The holographic interference fringes
recorded by the image sensor can be expressed as

h(u,v) = |[Eo(u,v) + Er(u,v)|, (1)

where h(u,v) is the intensity of the hologram on the imaging plane
with coordinates (u,v), Eo is the diffracted wave of the object, and
ER indicates the un-diffracted plane wave. By numerically back prop-
agating (BP) the hologram to a specific reconstruction plane with
coordinates (x,y,z), the complex optical field of the target object
I'(x,y,2) can be retrieved. As a popular holographic reconstruction
method, the angular spectrum algorithm™ is adopted in this work,

I(x,,2) = y‘l{fc{h} < exp (—i?\h X )ﬂfﬁ)}, @)

where .# is the Fourier transform, and f; and f, are the transverse
spatial frequencies. Then, the intensity of the refocused image can

be obtained by I = |T|?, and the phase ¢ = tan™" IR":((FF)),
and “Re” represent the imaginary and real parts of I, respectively.
Since the in-focus depth of each particle is unknown, volumetric
reconstruction is performed among the whole detection volume

zy € [20,60] mm with a small depth interval Az = 0.2 mm.

where “Im”

2. Automatic particle segmentation and tracking

To automatically determine particles’ shape, size, and 3D loca-
tion from the stack of reconstructed images, a two-step particle seg-
mentation algorithm is proposed in this work. First, adaptive image
binarization is performed in the synthetic grayscale image I, (x,y)
= minI(x,y,z,) using an “imbinarize” function from MATLAB.
The segmentation threshold is adaptively selected based on the local
first-order statistics of the intensity in the neighborhood of each
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pixel. As a result, a local region for each particle is efficiently esti-
mated for the next step. For each region of interest (ROI) with coor-
dinates (k, 1), a precise particle edge is extracted by considering both
the local distributions of the hybrid grayscale intensity I, (ROI)
and the hybrid grayscale gradient Toy(ROI) = max T(x,y, z-), where
T(x,9,2) = [I(x,9,2) ® S| + [I(x,3,2,) ® S,|” is the image gradi-
ent calculated with horizontal and vertical Sobel kernels (Sy,S,).
Briefly, the particle edge v(k, ) is determined when the mean edge
gradient reaches the maximum,

o(kI) = arg max Skieror 7 G Ly (k. 1)} } - Tea(k, 1)
be(0,1) Ckieror L1 { Iy (k1) }}

where symbol .7 denotes an operation to extract the exterior edge
pixels of the binarized image (%,{Ly(k,I)}) with the binariza-
tion threshold b € (0,1), using an “edge” function from MATLAB.
Therefore, with the well-identified particle edge, it is easy to obtain
the in-plane shape, size, area, perimeter, and location of each parti-
cle. Note that specific morphological operations are also included in
these segmentation procedures, such as corrosion, expansion, and
filling image holes. In addition, based on the sharpness criterion,
an integrated focus metric is established to determine the particle’s
in-focus depth zf,

, (3)

zf = argmax > (k) T(k,Lz) +a-
# kleRoI

2{T(k,Lz,)}, (4)

where symbol 2 denotes an operation to calculate the standard devi-
ation and « is a relaxation factor for balancing the two independent
parts. Compared with conventional focus metrics, which are often
based on a single feature, the integrated focus metric offers more
robustness for detecting irregular MP particles.’”

Consequently, with all particles in each frame success-
fully segmented and accurately localized, an automatic 3D
particle tracking algorithm can be established for monitoring
dynamic particle fields. Given the positions of two particles P;
and P, at different frames, their Euclidean distance d(Pi,Ps)

= \/(x1 -x2)"+ (11 - 32)* + (z1 — 22)? is employed to measure the
distances of arbitrary pair particles. By minimizing the sum of the
pair distances of all particles between two consecutive frames,

N M
—argml Z Z d(Py, Pm)x(m,n), (5)

n=1 m=1

where N and M are the numbers of particles in the two frames
(n and m are the indices), the optimal particle matching «* can
be created between each frame pair. After all particle matching is
done through multiple frames, several particle trajectories can be
extracted with explicit track beginnings and ends (i.e., the parti-
cles enter and leave the observation window), which enables us to
analyze the time-resolved rotation and translation of particles.

3. Hybrid de-scattering algorithm

To tackle the image degradation problem caused by scatter-
ing aquatic environments, a hybrid de-scattering algorithm, termed
“H3P,” is proposed by leveraging the scattering characteristics in
polarization orientation (PO), propagation reconstruction (PR), and
planar distribution (PD). When the circularly polarized illumination
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laser beam passes through a scattering medium, the photons
detected by the image sensor consist of ballistic photons and scat-
tered photons. First, the ballistic photons, which carry object infor-
mation, can maintain their original polarization states, 045 while the
unwanted scattered photons have arbitrary polarization states due to
multiple scattering. Hence, the four simultaneously captured holo-
grams with different POs provide an effective strategy to suppress
the diverse scattered photons by averaging. To take full advan-
tage of the diversity in POs of scattered photons, a lot of synthetic
holograms can be generated by polarization reassignment in each
pixel,

hs(u,v) = % {ho, has, hoo, h135 }» (6)

where symbol % denotes an operation for each pixel to randomly
select only one PO from the four candidates. Thus, these synthetic
holograms increase the diversity of scattered photons while keeping
a similar and correlated distribution of ballistic photons. Most of the
holographic fringes are well preserved in the synthetic holograms,
which ensures the following accurate back propagation reconstruc-
tion. Similar strategies that suppress image noise by introducing
noise diversity from different optical dimensions are also named
“multi-look” or “diversity technique” in the literature.””*" Their
noise reduction performance is strongly related to the number of
looks and the correlation between looks.

Second, when experiencing random scattering, the scattered
photons tend to lose their coherence,”° while the majority of ballis-
tic photons can maintain their coherence property and thereby have
alarger depth of focus. Taking this unique characteristic into consid-
eration, it is possible to further suppress scattered photons during
the propagation reconstruction process. Each synthetic hologram
is back propagating to a series of reconstruction planes around its
in-focus plane (z = z5). Then, averaging these quasi-focused recon-
structed images can effectively neutralize the incoherent scattered
photons. The mathematical expression of this strategy is

Q
zf+50z

> T(xoy2), 7)

L(xp2) = Q
z:z]-—%?(?z

where Q is the number of quasi-focused images, dz is a tiny

depth variance (10 ym), and T is the reconstruction of a synthetic

hologram h;.

Finally, the planar distribution of local image structure is also
beneficial for suppressing scattered photons. Due to the sparse
nature of the reconstructed particle image, it is feasible to segment
the image into fragments and group similar fragments for collab-
orative filtering.”” Not only the fine image structure (e.g., textures
and edges) shared by the grouped fragments can be preserved, but
also the noise fluctuations caused by scattering can be smoothed.
The Non-Local Means (NLMs)*® and Block-Matching 3D filtering
(BM3D)" are representative algorithms that utilize such a strategy
to attenuate image noise. In this work, BM3D is employed to fur-
ther enhance the image quality of holographic images. To alleviate its
signal-to-noise ratio (SNR)-dependent drawback and conserve com-
putational resources, BM3D is executed just once in the averaged
reconstruction, rather than in each preliminary reconstruction. The
final image obtained with our H3P algorithm can be expressed as

10, 036114-4
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13,
THsp 2'%{52 Fs(x,y,zf)}, ®8)
1

where symbol % denotes an operation to perform BM3D using an
open access algorithm,” and S is the number of synthetic holo-
grams. It is worth mentioning that these three strategies utilize
image features from different dimensions and jointly contribute to
the final image quality improvement. The hyper-parameters in this
method (e.g., Q and S) can be easily determined with calibration.
The computational efficiency of the proposed algorithm is compa-
rable with traditional de-scattering methods, i.e., ~10 seconds per
frame (including polarization reassignment: 2 s, synthetic hologram
reconstruction: 4 s, and collaborative filtering: 2 s).

4. Multimodal features extraction and clustering

The fusion of polarization imaging and digital holography
presents a versatile platform for extracting multimodal features cru-
cial in the classification of MPs. Within the realm of polarization,
features such as the angle of polarization (AoP) and the degree of
linear polarization (DoLP) stand out as valuable metrics for charac-
terizing the birefringence and dichroism properties of MPs.”””’ The
refocused intensity maps from the polarized holograms are used to
extract AoP and Dolp features. Concurrently, holography offers a
dual perspective by providing both amplitude and phase data, facil-
itating the extraction of features such as circularity (Cir), solidity
(Sol), transparency variance (TrVa), and phase smoothness (PhSm).
These features play a pivotal role in discerning the morphological
and refractive index characteristics of MPs.'””""* Each of them is
automatically calculated with the above-mentioned particle segmen-
tation results. Detailed definitions of these distinctive features can be
found in S1 of the supplementary material.

Rather than exhaustively listing all potential features for MP
differentiation, we have opted to showcase these key attributes as
exemplars in establishing an automated MP classification frame-
work. This approach allows for the seamless integration of new
additional features that may prove effective in future studies into our
classification framework.

Clustering, a fundamental component of data mining, involves
organizing data into distinct clusters according to the similarities
among their features.”” Notably, density-based clustering (DBCL)
methods excel at identifying clusters of arbitrary shapes while
demonstrating robust immunity to noise.”* In the context of MP
monitoring, where the number of clusters can fluctuate and new
particles are continually recorded, DBCL’s adaptability to these
dynamic environments makes it a suitable choice for effective classi-
fication. To the best of our knowledge, the feasibility of unsupervised
DBCL approaches in automatic MP discrimination has not been
investigated.

With each particle represented by multimodal features, a novel
MP classification framework leveraging DBCL is introduced in this
study. This differs from our previous data-based approaches that
require precise annotation and supervised '[raining,}";5 as such a
clustering-based method enables more flexibility and automation.
Let W denote a dynamic dataset W = {q1,4>,...,qp}, where each
q represents an individual particle within the designed feature space
(i.e., g is a normalized vector containing six feature values). If a
minimum of p . particles cluster within a distance of deps, these
particles are recognized as dense or core points; otherwise, they are
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classified as outliers (noise). The estimation of these two hyper-
parameters can be obtained by analyzing the dataset.”® They are set
asp .. =20and deps = 0.3 in this study. As a result, multiple clusters
representing different particle types can be delineated and dynami-
cally updated as new particles augment the dataset. For streamlined
implementation, a “dbscan” function from the MATLAB Statistics
and Machine Learning Toolbox is utilized in this work. Other pop-
ular clustering algorithms, including K-means, K-medoids, spectral,
and Gaussian Mixture Model (GMM), are also employed (with the
known number of clusters: K = 4) for comparative studies.

Overall, a complete flow chart of these computational methods
is illustrated in Fig. 2. In particular, the H3P de-scattering algo-
rithm proposed in this work plays an important role in enhancing
the image quality for the following tasks, such as particle counting,
tracking, identification, and classification. Otherwise, the system’s
detection capability will deteriorate significantly due to the com-
plex scattering environment. In addition, although the present study
aims to achieve automatic MPs monitoring, a rapid or even real-
time detection capability is also highly desired in the future. Boosting
the computing power of the microcomputer and optimizing the
connection between algorithms should be beneficial in improving
computational efficiency. For example, when detecting MPs in dif-
ferent turbid waters, it is more efficient to adaptively adjust the
iteration processes in the de-scattering, tracking, and clustering
algorithms.

lll. RESULTS AND DISCUSSION
A. 3D tracking of dynamic MPs

-

Figure 3 showcases the remarkable capabilities of our imag-
ing system in tracking dynamic MP particles dispersed in water.
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FIG. 2. Flow chart of computational methods for MPs monitoring.
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A raw hologram captured in the experiments is presented in
, showing intricate holographic fringes surrounding the
blurred edges of particles. Leveraging sophisticated reconstruction
and segmentation methods, each particle is precisely refocused to
its optimal in-focus depth. For example, presents the focus
metrics evolution of two distinct particles: a fiber-shaped particle
(indicated by a red arrow) located at zf = 35.6 mm and a diamond-
shaped PMMA particle (marked by a blue arrow) positioned at
zs = 54.8 mm. The narrow distribution of focus metrics underscores
the system’s robustness and high sensitivity across the entire depth
range.
Through automated image processing, each particle is accu-
rately refocused and segmented with sharp edges, as depicted in
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, enabling the quantification of essential morphological
parameters such as size, area, and perimeter. These refocused par-
ticles exhibit diverse shapes and unique surface intensity distribu-
tions, crucial for distinguishing between different particle types.
In addition, the system determines the 3D position of each ran-
domly dispersed particle. showcases a 3D rendering of
MP particle fields across 38 frames, providing insights into particle
diameter and circularity. Further detailed reconstruction results can
be explored in supporting visualization. The sharp edge features of
the detected particles suggest that the segmentation and localization
of particles are correct and acceptable.

In contrast to traditional microscopy methods, which often
suffer from limited 2D observation capabilities and out-of-focus

(c)

intensity

80 500 1200
Particle diameter (um)

Particle circularity 20 0 x(mm)

#21 #22 #23 #24

FIG. 3. Visualization of 3D reconstruction and tracking of MP particle fields. (a) The captured hologram. (b) The evolution of focus metrics of two representative particles.
(c) The reconstructed particle field with each particle is sharply refocused and accurately segmented. (d) The 3D rendering of MP particle fields among 38 frames, showing
particle diameter and circularity. (e) Tracking a specific MP particle among seven consecutive frames and showing the particle’s projection evolution.
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issues, our holographic imaging system significantly expands the
depth range (from a few millimeters to tens of millimeters) for
high-throughput 3D detection and dynamic tracking within large
volumes. An illustrative particle trajectory spanning seven consec-
utive frames is highlighted with an orange arrow in Fig. 3(d), with
the particle’s projection evolution depicted separately in Fig. 3(e).
This facilitates precise estimations of the particle’s floating, rotating,
and settling movements, enhancing the analysis of MP behaviors
in aquatic environments (such as the aggregation and attachment
behaviors between MPs and biofilms, the distribution, and the
migration behaviors of MPs in water).

To evaluate the detection efficiency of our optical system and
the automatic processing algorithms, three experiments (case 1-3)
with increased particle concentrations were conducted, each involv-
ing around 20 frames and the number of particles in each frame
ranging from 0 to 10. As demonstrated in Fig. 4, the automatic quan-
tification results align well with manual quantification results. While
a few particles may be missed when the particle number exceeds
five in a single frame, the overall detection efficiency surpasses
90%, making it suitable for environmental monitoring applications
where particle projection density is moderate. Adjusting the detec-
tion depth range can further optimize the system’s efficiency by
modulating particle projection density.

B. De-scattering performance

Before evaluating the de-scattering performance of our pro-
posed H3P algorithm, we conducted ablation experiments to high-
light the necessity of each operation. The results, detailed in S2 of
the supplementary material, reveal a step-by-step improvement in
image quality. These experiments underscore how the scattering
characteristics in the PO, PR, and PD domains effectively aid in
the suppression of scattered photons. Furthermore, the relationship
between the number of synthetic holograms and the performance
of noise reduction was investigated. The noise contrast'” is adopted
to quantify the performance of the multi-look method and the
H3P method. The results are provided in S2 of the supplementary
material. It is demonstrated that the polarization reassignment

strategy can substantially generate noise diversity, which promotes
the H3P method to reach near the ideal boundary of uncorrelated
multiple looks.

Figure 5 demonstrates that our H3P algorithm can substan-
tially suppress scattered photons and improve image quality when
imaging MPs through scattering media. Two typical holograms of
an LDPE particle (fixed on a thin glass slide) in clean water and
a turbid milk solution are presented in Figs. 5(a) and 5(b), respec-
tively. The hologram captured in water, along with its reconstructed
amplitude and phase [Figs. 5(d) and 5(g)], serves as the ground
truth. It becomes evident that the intensity signal of the image is
significantly attenuated, and much fringe information is obscured
by noise induced by scattering. Consequently, the direct retrievals
of amplitude and phase without the H3P algorithm [Figs. 5(¢) and
5(h)] lack texture information and suffer from poor image con-
trast. Conversely, as depicted in Figs. 5(f) and 5(i), the distributions
of amplitude and phase reconstructed using our H3P algorithm
show a well-preserved texture feature on the particle surface. In par-
ticular, intensity profiles on two line transects are extracted from
Figs. 5(e) and 5(f) and are comparatively displayed in Fig. 5(c),
showcasing the H3P algorithm’s ability to simultaneously mitigate
scattering noise and enhance image contrast. Furthermore, we quan-
titatively evaluate image similarity with the ground truth using the
correlation coefficient (corr) and structural similarity index measure
(SSIM). The results, illustrated in Fig. 5, consistently demonstrate
the enhanced image quality achieved through the utilization of our
H3P algorithm.

To validate the superiority of our H3P algorithm over com-
monly used methods, we conducted additional comparative studies
involving different MP particles of varying types and sizes. As
depicted in Fig. 6, the BP method only captures a rough particle
outline, with both the particle’s inner region and the background
severely affected by noise. The compressed sensing (CS) method*®
effectively reduces background noise but compromises the texture
information within the particle, leading to significant distortion.
Although the BM3D method enhances image contrast to some
extent, it struggles in low signal-to-noise ratio areas. In contrast,
our H3P algorithm consistently outperforms these methods in image

5 _Detection efficiency: 94.00%

—+— quantified manually
—o— quantified automatically| 1

>
&)

o
SRS

Number of particles
w

Detection efficiency: 94.92%

Detection efficiency: 91.40%

©

—+—quantified manually
—oe—quantified automatically|

@

@ N

Number of particles
(9]

02:/%:,0 G202 I4dv 21

251 4r

2F 3
1.5} —+— quantified manually 27

—e— quantified automatically
1 - - : 1 +— . . 1 + :
0 5 10 15 20 0 5 10 15 20 0 5 10 15 20
Frames Frames Frames
Case 1 Case 2 Case 3

FIG. 4. Evaluation of the detection efficiency of the imaging system through manual quantification and automatic quantification. Three cases show the different particle
concentrations in consecutive frames.
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enhancement. In addition, we employed the naturalness image
quality evaluator (NIQE’”) to quantify the performance of these
methods, where a lower score indicates better perceived quality. As
depicted in Fig. 6, the results reaffirm the significant performance
improvement offered by our H3P method.

Moreover, a series of experiments involving imaging the USAF
resolution target with different turbid milk solutions were con-
ducted. The milk volume concentrations were set as 0.3%, 0.5%,
0.7%, and 0.9%, respectively. The results are provided in S2 of
the supplementary material. As the milk solution concentration
increased, causing a gradual increase in the optical depth of the
scattering medium, the system’s spatial resolution degraded from
15 to 62 um. However, with the application of the H3P algorithm,
the spatial resolution of the imaging system significantly improved
and remained below 30 ym. Overall, the enhanced image contrast
and improved spatial resolution provided by our algorithm are
pivotal for effectively characterizing diverse MPs in aquatic environ-
ments. Not only can smaller particles be effectively detected, but also
more surface features can be extracted to identify different particle

types.
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FIG. 5. Comparison between the raw
- image and the enhanced image using
the proposed H3P de-scattering algo-
rithm. (a) The hologram in water; (b)
the hologram in a milk solution, (c) the
comparison between the reconstructed
amplitude distributions with or without
H3P, (d)—(f) the reconstructed amplitude,
and (g)—(i) the reconstructed phase. Two
metrics (i.e., corr and SSIM) are used to
quantify the image quality with respect to
the ground truth (GT).

L - >
. Corr=0.3702
- SSIM=0.2542

With H3P

Corr=0.0357
SSIM=0.0113

C. Clustering-based classification of MPs

Based on the automated particle segmentation, 3D tracking,
and de-scattering processes described above, a multitude of distinc-
tive features from various MPs are efficiently extracted for detailed
analysis. As illustrated in Fig. 7(a), each particle composed of differ-
ent materials exhibits discernible feature distributions. For example,
all MP particles exhibit sensitivity to the angle of polarization,
showcasing specific and informative polarization responses. PMMA
and PET particles display a significantly higher degree of linear
polarization compared to the other two MP types, owing to their
distinct optical anisotropy. In addition, PS particles exhibit a lower
transparency variance and higher circularity, making them easily
distinguishable from the rest.

In conjunction with visual inspections, a comprehensive sta-
tistical analysis was conducted on over 900 MP particles, with
the feature distributions of these particles provided in S3 of the
supplementary material. The distinctiveness of the four MP types is
effectively demonstrated within the high-dimensional feature space.
To facilitate better visualization, t-distributed Stochastic Neighbor
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Embedding (t-SNE)** is employed in this study to simplify and ana-
lyze the complex dataset. As depicted in Fig. 7(b), each type of
MP displays a specific distribution in the reduced 3D virtual space.
Crucially, these types can be distinctly isolated from each other, indi-
cating the potential utility of these high-dimensional features for
MP classification tasks. To further validate the efficacy of these
features, six distance metrics are evaluated in t-SNE visualization
(refer to S3 of the supplementary material). The results reveal that
the majority of MP particles can be accurately separated, with the
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FIG. 6. Comparison among different de-
scattering algorithms. From left to right:
the scattered holograms of MPs, the
reconstructed amplitude using the back
propagation (BP) algorithm, the com-
pressed sensing (CS) algorithm, the
block matching 3D (BM3D) algorithm,
and the proposed H3P algorithm. NIQE
is the naturalness image quality evalua-
tor, where a lower score indicates better
perceived quality. Three types of MP par-
ticles (i.e., PET, PMMA, and PS) were
used for demonstration.
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NIQE=7.43 §

“correlation” metric exhibiting optimal performance. While a few
particles may be mixed and could lead to misjudgments, particularly
concerning PMMA and PET particles, this is deemed acceptable for
conducting high-throughput and automated screening in aquatic
environments. Noteworthy, a similar approach has been previously
reported where the polarization features (specific parameters from
the full Jones matrix) of materials have been extracted for microplas-
tic fiber classification.’” Both their results and the present work
confirm the remarkable feasibility of polarization features. The main

(b)

t-sne visualization

40
x  PMMA

30

20

50

FIG. 7. Typical features and t-SNE visualization of different MP particles. (a) The Angle of Polarization (AoP), Degree of Linear Polarization (DoLP), Transparency Variance
(TrVa), and Phase Smoothness (PhSm) features for PMMA, PET, LDPE, and PS particles are automatically extracted by the portable imaging system. (b) The t-SNE
visualization of over 900 MP particles, showcasing four distinct MP types in a reduced 3D virtual space.
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FIG. 8. Microplastic classification based on multiple features utilizing various
unsupervised clustering algorithms.

difference between the two approaches is that we capture the polar-
ization information in a single shot, while they need two record-
ings with different polarized illumination beams. Nevertheless, their
selected features, such as eigenvectors and eigennumbers, should be
valuable to strengthen our algorithm’s performance, which will be
included in our future research.

Subsequently, a clustering-based classification of MP particles
is executed using the extracted features. Figure 8 illustrates the clas-
sification accuracy of various clustering algorithms. As anticipated,
unsupervised clustering methods prove capable of automatically dis-
criminating between different MP types. These methods obviate
the need for laborious annotations or extensive training, directly
segregating various MP types through the automated analysis of
their multiple features. Noteworthy is the superior performance of
DBSCAN (Density-Based Spatial Clustering of Applications with
Noise) among the considered algorithms, showcasing an overall
classification accuracy of ~80% and demonstrating exceptional pro-
ficiency in distinguishing PMMA and PET particles. Moreover,
DBSCAN exhibits robust outlier detection capabilities, identify-
ing data points that are sparsely distributed from the main cluster
and prone to misclassification. Thus, future efforts will be directed
toward analyzing these outliers to further enhance the system’s
classification accuracy.

IV. CONCLUSIONS

In summary, we design a miniaturized imaging system based
on computational polarized holography for automatically detecting
MP particles in water. The integration of single-shot polarization
imaging and in-line holographic imaging enables the establishment
of multiple functions in a single system. The developed numer-
ical processing methods are capable of tracking dynamic MPs,
enhancing image quality in scattering milk solutions, and discrim-
inating different MP types. Although the designed prototype has
been validated in laboratory settings, its compact and portable struc-
ture holds great potential for field deployment. With extensive
proof-of-concept experimental validation, it is demonstrated that

computational polarized holography is a simple yet powerful
technique to combat the challenges of MP monitoring.

In our future research, more efforts will be devoted to
testing the prototype in diverse natural environments and opti-
mizing the computational efficiency for real-time monitoring. It is
noted that realistic water samples are much more complex. For
example, the natural MP particles are usually present with varying
degrees of aging or are covered by microalgae and bacteria biofilms.
Diverse impurities with different properties exist in natural tur-
bid water, making the issue of light scattering more challenging to
address. Therefore, the employed MP features and the correspond-
ing numerical processing methods should be updated by analyz-
ing the captured holographic and polarization information. As a
notable contribution of the present work, computational polarized
holography provides abundant optical information and versatile
numerical approaches for probing MPs in scattering media. It is
believed that our solution can contribute significantly to sustainable
environmental management.

SUPPLEMENTARY MATERIAL

The supplementary material includes the following: the defi-
nitions and mathematical expressions of multiple features of MPs,
imaging system calibration using a USAF resolution target, statis-
tical analysis of MP features distribution, and t-SNE visualization
with different distance metrics. Supporting visualization: Detailed
3D reconstruction results of 38 holographic frames.
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