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ABSTRACT

The widespread exposure of microplastics (MPs) to environmental and biological systems makes the rapid iden-
tification of their damage status a critical task. This deformation influences how MPs migrate, degrade, and
interact with organisms, thereby shaping their environmental fate and ecological risk. However, traditional
bright-field microscopy suffers from degraded performance under defocused and low-contrast conditions, and
benchtop systems are also difficult to deploy in situ in confined spaces. To address these challenges, we propose
a lightweight method combining multicore fiber bundle-based coherent defocused imaging with self-supervised
representation learning. When only an extremely small number of annotations are provided, semi-supervised
constraints, including weighted updates and soft penalties are introduced to enhance cluster-class alignment.
This scheme eliminates the need for holographic reconstruction and features a thin, flexible probe, making it
suitable for in-situ and online detection in confined environments. The results demonstrate that combining phys-
ically enhanced coherent imaging with self-supervised features enables robust differentiation between damaged
and undamaged MPs at low annotation cost, and provides a feasible path for on-site deployment.
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1. INTRODUCTION

Microplastics (MPs) are ubiquitous in seawater, freshwater, sediments, soils, and biota, and their damaged or
intact states are closely related to environmental behavior and ecological risk.! Rapid and objective differentiation
between damaged and undamaged MPs can support source tracing, risk assessment, and the formulation of
mitigation and monitoring strategies. However, in-situ detection faces multiple challenges such as low imaging
contrast, strong vibration and medium disturbance, and limited spatial accessibility.? Conventional bright-field
microscopy suffers a pronounced decline in recognition performance under conditions of small refractive-index
contrast, narrow depth of field, defocus, and background stray light.®> Manual interpretation is further constrained
by strong subjectivity and poor reproducibility. Meanwhile, benchtop microscopic systems are bulky, require
precise focusing, and are difficult to deploy for in-situ monitoring in confined spaces such as pipelines and
cavities.*

Digital holographic microscopy offers high throughput and phase sensitivity for particle analysis.>% A single
intensity hologram allows numerical back-propagation to recover complex amplitude and phase, thereby char-
acterizing morphology, refractive index, and three-dimensional position, and enabling simultaneous capture of
multiple particles within a large depth of field. Nevertheless, its stringent requirements on interference stability,
heavy dependence on system calibration and numerical reconstruction, and high complexity of both instrumen-
tation and algorithms hinder stable deployment in confined environments.” Deep-learning methods have also
been applied to MPs recognition, but they typically require large amounts of annotated data and sharply focused
images, and exhibit limited robustness to cross-domain changes (illumination or imaging conditions) and field
deployment.39

To address volume and accessibility constraints, multicore optical fibers have been employed for lensless
imaging and holographic micro-endoscopy.'? Fiber-bundle imaging combined with computational reconstruction
or scanning can alleviate honeycomb sampling and resolution limitations, and the fiber probe itself provides
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engineering advantages such as small diameter, flexibility, and disposability.!!> 2 However, prior work has mainly
focused on live micro-endoscopy and tissue imaging, where system performance remains strongly dependent on
probe stability, calibration accuracy, and reconstruction algorithms.'?

We propose and experimentally validates a MPs damage-state recognition method that integrates coherent
multicore fiber imaging with self-supervised representation learning. On the imaging side, coherent defocused
images of MPs are acquired by laser illumination and multicore fiber transmission. On the algorithmic side,
global representations are extracted by a frozen DINOv2 backbone !4 and clustered using unsupervised k-
means,'® with optional semi-supervised guidance from a very small number of labeled samples, thus avoiding
end-to-end training.!® Experimental results demonstrate that combining physics-enhanced coherent imaging
with self-supervised representation enables robust identification of mechanical damage in MPs under spatial and
annotation constraints, and shows strong potential for in-situ and endoscopic environmental monitoring.

2. METHOD
2.1 Experimental Setup

We constructed a fiber-bundle—based transmission system for coherent imaging, similar to the coaxial holographic
system.!” 18 Fig. 1(a) illustrates the optical layout. A 650nm laser is spatially filtered and collimated to
illuminate the specimen. The transmitted field propagates in free space and is coupled into the distal facet of a
600 pm multicore fiber bundle; at the proximal side, the bundle end-face is imaged onto a CMOS camera through
a microscope objective (40X), yielding a coherent defocus shadowgraph dominated by diffraction and speckle
contrast. Fig. 1(b) shows a 100 pm polystyrene MP under conventional bright-field microscopy for reference;
Fig. 1(c) records the fiber-bundle end-face with no specimen to verify the imaging geometry and focal plane;
Fig. 1(d) presents the coherent defocus image produced by our setup under laser illumination.
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Figure 1. Optical principle and image formation. (a) Schematic of the coherent, fiber-bundle-based transmission
setup (red laser; 600 pm multicore fiber; camera). (b) Bright-field microscope image of an intact 100 um polystyrene
microplastic bead. (c) Raw camera view of the fiber-bundle end-face with no specimen. (d) Coherent defocus shadowgraph
produced by the proposed system under laser illumination. The scale bar in (b-d) represents 100 ym.
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For reproducibility, the specimen-to-fiber distance is adjusted on a three-axis stage, and a small axial offset Az
is introduced to convert phase variations into intensity contrast in a controlled manner. Two specimen classes are
acquired: intact MPs (as-received, spherical or near-spherical) and mechanically damaged MPs (mildly crushed,
exhibiting cracks, dents, or deformation). Samples are placed on a transparent substrate and translated laterally
to collect multiple fields of view; camera exposure and gain are held constant within each condition to avoid
saturation. For comparison, we also acquire data with a broadband LED as an incoherent illuminant under the
same geometry.

2.2 Algorithm Design

We adopt a frozen representations with lightweight clustering pipeline: each image is embedded by a pretrained
DINOvV2 encoder and then classified via k-Means in the embedding space. When a handful of labels are available,
we enable simple semi-supervised constraints to improve cluster—class alignment. The t-SNE plots are used for
2D visualization only and do not affect training or clustering.

Feature extraction and preprocessing involves resizing and cropping inputs to 518 x 518 and normalized with
ImageNet statistics. We use DINOv2 ViT-S/14 to obtain an embedding f; € R for the i-th image.'* We apply
Z-score normalization

Ti = —, (1)

where 1 € RP and o € RP are the per-dimension mean and standard deviation over the dataset, and z; is the
standardized feature. We then perform ¢; normalization Z; = HIIW to place features on the unit sphere, which

makes Euclidean distance consistent with cosine similarity for spherical k-Means.

For unsupervised k-Means,'® with k& = 2 clusters, we solve

(2)

N
R 27 = e

=1

where y; € {0,1} is the cluster label of sample i, ¢, € R is the centroid of cluster k, and ||-||2 denotes the
Euclidean norm. We use k-Means++ initialization with ni,;; = 20 restarts and select the most stable solution
across restarts.! Random seeds and filename ordering are fixed to avoid order bias.

For semi-supervised clustering (few labels),'® let S C {1,..., N} be a small labeled set with class labels
¢; € {0,1} (we take 0 = Damaged and 1 = Intact). We employ two lightweight mechanisms.

Weighted centroid updates:

Z Ww; .fl

el jo =k
op = SUTEE {“’JE L (3)
i€{jly;=k}
w = Wsup ifiES., (4)
1 otherwise.
Soft penalty for wrong clusters:
d*(i,k)  ||Ti —cull3 + al[k # 6], (5)

where d?(i, k) denotes the squared distance from sample i to centroid ¢, @ > 0 is a penalty coefficient, and 1[/]
is the indicator function that equals 1 if the condition holds and 0 otherwise.

These mechanisms gently steer the iterations toward label-consistent partitions without hard assignments; if
one class has no labels, initialization still proceeds via k-Means++.

We use ground-truth labels y{™¢ € {0,1} for cluster—class mapping and evaluation. After clustering, clus-

ter IDs {0,1} are mapped to the semantic classes {Damaged(0), Intact(1)} via majority voting or Hungarian
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matching to maximize accuracy. We report four evaluation outputs in a single pipeline: the confusion matrix
for Damaged versus Intact, a two-dimensional t-SNE visualization of the embeddings, the precision-recall (PR)
curve, and the ROC curve. For PR and ROC we require a continuous score per sample. Let kpos be the cluster
mapped to the positive class (Damaged) and kyeg be the cluster mapped to the negative class (Intact).?® With

squared distances
d*(i,k) = ||Zi — exll3, (6)

we define the sample score
si = d(i,kneg) — d*(i, kpos), (7)

so that larger s; indicates that sample ¢ is closer to the positive centroid and thus more likely to be Damaged.
The pairs {(y™"¢, s;)}~; are then used to compute the PR and ROC curves and their corresponding AUCs.

3. RESULTS AND DISCUSSION
3.1 Classification Results and Analysis

As illustrated in Fig. 2, we show representative coherent-defocus intensity images acquired with the same con-
figuration (650 nm laser illumination and fiber-bundle imaging). The top row contains mechanically damaged
MPs; the bottom row contains intact ones. Each column corresponds to a different specimen or field of view.

Figure 2. Representative examples acquired by the system. Top row: mechanically damaged microplastics; Bottom
row: intact microplastics. Each pane shows a different specimen or field of view under the same coherent-defocus imaging
configuration. The scale bar represents 100 ym.

Damaged particles typically present irregular, asymmetric dark silhouettes accompanied by bright lobes
and stronger speckle modulation, reflecting surface cracks, dents, or deformations. In contrast, intact particles
exhibit smoother, near-concentric shadow patterns with weaker internal hot spots. These appearance differences
are consistent across specimens and motivate the use of feature-based clustering for classification.

Fig. 3 summarizes the learning-based analysis using frozen DINOv2 embeddings and k-Means. The top
row corresponds to the purely unsupervised setting, whereas the bottom row uses only ten labeled seeds to
guide a semi-supervised variant. In Fig. 3(a), the confusion matrices show that unsupervised clustering already
recovers most Damaged samples but confuses a sizable portion of Intact ones (66.6% correct; 33.4% misclassified).
Injecting ten labels eliminates these Intact errors (100.0% correct) and maintains a high recall for Damaged
(87.3%), indicating a clear improvement in cluster—class alignment.

Fig. 3(b) visualizes the same DINOv2 feature space with t-SNE, colored by predicted classes. The semi-
supervised result reduces mixing near the decision boundary and yields more coherent class-consistent islands.
Fig. 3(c) and (d) quantify the effect using distance-based continuous scores: the average precision increases from
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0.918 (unsupervised) to 0.997 (semi-supervised), and the ROC AUC rises from 0.846 to 0.994. Overall, a handful
of labels is sufficient to stabilize the boundary around Intact samples while preserving the sensitivity to Damaged
ones, validating the effectiveness of lightweight semi-supervision on top of frozen self-supervised representations.
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Figure 3. Learning-based classification with DINOv2 features and k-Means. Top row: unsupervised k-Means
applied to frozen DINOv2 features. Bottom row: semi-supervised k-Means with 10 labels. Within each row: (a) confusion
matrix for Damaged vs Intact; (b) t-SNE visualization; (c) precision-recall (PR) curve; (d) ROC curve.

3.2 Coherent and Incoherent Illumination Imaging

e 8000 f
= 15000
© 6000 hel
g o
= 210000
24000 S
< g
3 2000 T { = 5000 T
£ = I
CbDM CDIM IDDM IDIM CDDM  CDIM IDDM  IDIM
20 .
9 the h 10 - SIS
15 *° 5
10 01 ows o
E2
51 g” m,
% . -10
0
+IDDM * CDDM + IDDM * CDDM "
—51 “iDIM .cOM @ '.‘ =207 . ipm .« com ‘bﬁs,.
0 10 20 -20 -10 0 10

Figure 4. Coherent vs. incoherent illumination under defocus. (a) Coherent-Defocus (laser) Damaged Microplas-
tics (CDDM); (b) Incoherent-Defocus (led) Damaged Microplastics (IDDM); (c) Coherent-Defocus Intact Microplastics
(CDIM); (d) Incoherent-Defocus Intact Microplastics (IDIM). Panels (e-h) summarize statistics over N=48 images per
condition: (e) Var(Laplacian) sharpness (violin plots); (f) Tenengrad sharpness (violin plots); (g) UMAP of DINOv2
features (four classes in one plot); (h) t-SNE of DINOv2 features. Coherent illumination preserves discriminative high-
frequency content and yields markedly better separability than incoherent (defocused) illumination. The scale bar in (a-d)
represents 100 pm.

Fig. 4 contrasts coherent and incoherent illumination under defocus across two specimen states. Fig. 4(a—d)
show typical raw intensity frames: with laser illumination, both Damaged (a) and Intact (c) particles exhibit

Proc. of SPIE Vol. 13719 137191L-5



pronounced diffraction- and speckle-driven contrast; with LED illumination, Damaged (b) and Intact (d) appear
low-pass filtered with weakened internal texture and reduced edge definition. Fig. 4(e) and (f) aggregate N=48
images per condition using Var(Laplacian) and Tenengrad, respectively. The coherent conditions yield markedly
higher sharpness: Coherent-Defocus Intact Microplastics (CDIM) attains the highest scores, Coherent-Defocus
Damaged Microplastics (CDDM) ranks second, whereas Incoherent-Defocus Damaged Microplastics (IDDM) and
Incoherent-Defocus Intact Microplastics (IDIM) cluster at substantially lower values, indicating a compressed
high-frequency content under incoherent illumination. Fig. 4 (g) and (h) visualize DINOv2 embeddings with
UMAP and t-SNE. The four conditions form well-separated groups, and the coherent cases exhibit tighter intra-
class compactness and larger inter-class gaps, consistent with the sharpness statistics. Overall, coherent-defocus
imaging preserves discriminative spatial frequencies and leads to superior separability compared with incoherent
illumination.

4. CONCLUSION

This paper proposes a MPs damage status assessment scheme for confined scenarios, which integrates coherent
defocused imaging based on a multicore fiber bundle, frozen self-supervised representations, and lightweight
clustering. The experimental system adopts a 650 nm wavelength laser for illumination and a multicore fiber
bundle with a diameter of 600 pm. Without the need for holographic image reconstruction, it directly acquires
coherent defocused intensity patterns that are highly sensitive to morphological deformation. On the algorithm
side, DINOv2 is used to extract stable features, and k-Means is performed in the representation space, achiev-
ing effective separation in the unsupervised setting. A small number of annotations (e.g., 10 images) further
align clusters with semantic categories through soft constraints. Control experiments of the system show that
the coherent defocused condition can preserve discriminative mid-to-high frequency information. A continuous
scoring function constructed based on cluster-class centroid distance significantly improves the PR/ROC metrics
under the semi-supervised setting, verifying the effectiveness and scalability of the ”physically enhanced imaging
and self-supervised features” framework. This provides a portable and low-annotation-cost path for rapid MPs
assessment in real-world scenarios. The scheme has engineering advantages such as a thin and flexible probe,
long-distance light field transmission, compact structure, and low cost, and has potential application value in
in-situ monitoring of confined spaces such as pipelines and cavities.
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