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Abstract

Conventional methods for microplastic identification in water samples are costly, slow, and dependent
on specialized expertise. We present a deep learning segmentation framework for identifyingmicroplastic
foreground in microscopy images and evaluate whether synthetic ecological context can improve model
performance when labeled real data are limited. We also contribute a curated image dataset with man-
ually segmented microplastic masks, adding paired image-mask examples for supervised training and
held-out ecological evaluation. The workflow combines manually labeled laboratory microplastic images
with generated inpainting examples selected for visible foreground change, non-empty masks, plausible
object scale, and background diversity. In our results, adding verified synthetic examples improves seg-
mentation across architectures by increasing exposure to diverse ecological scenarios while preserving
pixel-level labels. The strongest synthetic-assisted model reaches Dice 0.817, IoU 0.704, and boundary
F1 0.858 on the held-out ecological evaluation set, compared with Dice 0.743, IoU 0.619, and boundary
F1 0.809 for the strongest real-only model. These results extend prior microplastic segmentation work
by testing synthetic ecological context under matched held-out evaluation and show that high-quality
synthetic examples can improve segmentation.

1 Introduction

Microplastics are a widespread ecological concern, with detection and monitoring needs shaped by large-
scale plastic production, environmental persistence, and heterogeneous particle types [1, 6, 7]. Microplastic
monitoring needs methods that are accurate enough for scientific screening yet practical enough to apply
at scale. Manual microscopy can flag candidate particles, but it is slow and subjective, and its reliability
depends heavily on the analyst [2, 3, 7]. Spectroscopic techniques such as FTIR and Raman provide far
more specific confirmation, but they are costly and low-throughput, which limits how widely they can be
deployed [2, 3, 7]. Deep learning has already been explored for related microplastic analysis tasks, including
spectral reconstruction and microscopy-based classification [9, 10]. A useful image-based system should sit
between these extremes: it should help researchers prioritize candidate particles, quantify their morphology,
and reduce the volume of manual review required before confirmatory analysis.
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We approach this problem with semantic segmentation, a task with strong precedent in biomedical imaging
[4, 18]. Segmentation would label microplastics at the pixel level, which makes it possible to recover the
morphological quantities that matter for microplastic characterization: area, perimeter, width, shape, and
contact with surrounding debris. Because a mask directly estimates which pixels belong to a particle, it is
naturally suited to morphology and burden estimation. Detection remains valuable for triage and counting,
but when the goal is quantitative measurement and morphology-aware screening, segmentation is the more
appropriate first task.

The central obstacle to training such a model is the scarcity of labeled real-world microscopy images, partic-
ularly across diverse imaging conditions. Pixel-level labels are particularly limited in the ecological setting,
even though that is where segmentation is hardest and most useful. Recent reviews also point to data stan-
dardization and sharing as recurring constraints for microplastics research [5, 8]. Synthetic inpainting offers
a practical way to bridge this gap: it can place known particle masks into realistic ecological backgrounds,
expanding the visual diversity of the training data while preserving ground-truth labels.

Recent microplastic segmentation studies demonstrate that the task is feasible: Park et al. developed MP-
Net, a U-Net-derived model for fluorescence microscopy images of microplastics isolated from clams, and
reported a mean F1-score of 0.736 and mean IoU of 0.617 [28]. Yao et al. reported 0.690 mIoU for a
lightweight multi-class MNv4-Conv-M-fpn model [24], and Xu and Wang reported UNet and UNet2plus
mIoUs of 91.45% and 91.08% on an urban-water microplastic dataset [25]. Those studies establish strong
task-specific segmentation performance; the question here is whether synthetic ecological context improves
transfer to held-out ecological microscopy under matched real-only and synthetic-assisted training condi-
tions.

This motivates the central question of the study: does adding synthetic ecological context improve segmen-
tation performance on real samples? To answer it rigorously, we evaluate the effect across several segmen-
tation architectures, so that any observed benefit reflects a general property of the synthetic data rather than
an artifact of a single model. All final claims rest on held-out ecological evaluation rather than on synthetic
validation alone, since strong performance on synthetic backgrounds does not guarantee performance on the
real samples the method is meant to analyze. The study therefore has two linked contributions: a manu-
ally segmented microplastic microscopy dataset that adds pixel-level image-mask labels, and a controlled
benchmark testing whether synthetic ecological context improves segmentation on real held-out ecological
samples.

2 Data

This study draws on three image cohorts, each serving a distinct role in training or evaluation. Together, the
assembled dataset contains 1,198 microscopy images, including 465 manually segmented image-mask pairs
and 733 unlabeled ecological background images.

Cohort 1 consists of microscopy images of laboratory-prepared microplastic samples derived from theMoore
Institute for Plastic Pollution Research data resources. Each microplastic particle was manually segmented
and converted into a binary mask, yielding a one-to-one correspondence between images and labels. This
cohort serves two purposes: it supplies the labeled examples for real supervised training, and its masks
provide the particle templates inserted into ecological backgrounds during inpainting.
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Cohort Source type Images Masks Role in study

Cohort 1 Laboratory microplastic
microscopy

368 368 Real supervised training source and microplastic mask
source for inpainting

Cohort 2 Ecological microscopy
without microplastic

733 0 Background image source for synthetic ecological
context generation

Cohort 3 (test
set)

Ecological microplastic
microscopy

97 97 Held-out evaluation set for final segmentation metrics

Cohort 2 comprises ecological microscopy images that contain no annotated microplastics. Because these
images capture realistic environmental clutter—sediment, bubbles, fibers, and organic matter—they serve as
the background source into which known particle masks are inpainted, expanding the visual diversity of the
training data while preserving ground-truth labels.

Cohort 3 is the held-out evaluation set and is never seen during training. It contains labeled microplastic
images drawn from ecological settings that are visually distinct from those in the other cohorts, with each
particle manually segmented into a binary mask. Reserving this cohort for final evaluation ensures that all
reported metrics reflect performance on real ecological samples rather than on synthetic data. The manual
segmentation in Cohorts 1 and 3 is a dataset contribution of the study, since these masks convert microscopy
images into reusable pixel-level labels for training, benchmarking, and morphology-aware evaluation.

3 Models

3.1 Stable Diffusion Inpainting Model Training

The custom inpainting generator was initialized from the pretrained Stability AI Stable Diffusion 2 inpainting
checkpoint and fine-tuned on Cohort 1 laboratory microplastic images with their dilated binary masks; the
full checkpoint identifier is reported in the model-settings appendix. Each training item consisted of the
microscopy image, its corresponding inpainting mask, and the masked-image conditioning input used by the
Stable Diffusion inpainting formulation. Images and masks were resized to 512×512 pixels, and the model
was trained to reconstruct the masked microplastic foreground while using the unmasked image region as
visual context. The held-out Cohort 3 ecological evaluation images were not used in any inpainting-model
training step. The fine-tuned component carried forward for generation was the Diffusers inpainting U-Net
checkpoint. Training used seed 42, 100 epochs, batch size 1, gradient accumulation of 4, two data-loader
workers, learning rate 0.00001, a constant learning-rate schedule with no warmup, AdamW optimization
with 𝛽1 = 0.9, 𝛽2 = 0.999, weight decay 0.01, epsilon 10−8, maximum gradient norm 1.0, and fp16 mixed
precision. Memory-efficient attention was enabled when available. Checkpoints were written every 500 steps
and at the end of each epoch.

3.2 Synthetic Inpainting Generation

Before segmentation training, synthetic image/mask pairs were produced using generative inpainting [13,
14, 15, 16, 17] (Figures 1 and 2). Real Cohort 1 microplastic masks were geometrically transformed and in-
serted into unlabeled Cohort 2 ecological microscopy backgrounds to create masked ecological composites.
The geometric transforms included random rotation, horizontal and vertical flipping, isotropic scaling, mild
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anisotropic scaling, translation to a random valid background location, and shear. Each transformed mask
was placed only where it remained inside the image frame, and the corresponding real microplastic crop was
inserted into the ecological background to create a mask-guided editing composite. This mask-guided editing
composite provided the spatial location and approximate particle structure for inpainting, while the binary
transformedmask defined the region to be regenerated. Stable Diffusion inpainting [13, 14, 15] was then used
to synthesize plausible microplastic foreground appearance inside the masked region while preserving the
surrounding ecological background. For each candidate example, the input to the generator consisted of the
ecological background, the mask-guided editing composite, the transformed binary mask, and a text prompt
specifying a realistic microscope water sample with a visible microplastic fiber or fragment in the masked
region. Negative prompts penalized cartoon-like output, text, watermarks, blur, unchanged backgrounds,
and empty masks. The generation settings used 40–45 denoising steps, guidance scale 7.0–8.0, inpainting
strength 0.99, full-mask diffusion, and 4-pixel mask dilation. The retained transformed mask served as the
segmentation label for each generated image. Stable Diffusion inpainting was used to generate 10,000 can-
didate synthetic image/mask pairs. These generator outputs were not evaluated against the held-out Cohort
3 labels; they were used only to create candidate training pairs for the downstream segmentation experiment.
During Stable Diffusion inpainting, generation was restricted to pixels inside the supplied binary mask, while
all pixels outside the mask were preserved from the original ecological background, ensuring that only the
masked foreground region was modified.

Figure 1. Three-by-three inference grid showing representative source microplastic examples with original
masks, transformed masks, and inpainted ecological images.

3.3 Quality Control on Synthetic Inpainting

Synthetic inpainting examples were quality-controlled by scoring each generated image with four mask-
region changemetrics: maskedmean absolute difference versus the original ecological background, changed-
pixel fraction versus the original background, masked mean absolute difference versus the mask-guided edit-
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Figure 2. Synthetic ecological context generation and evaluation pipeline. A generator fine-tuned from Co-
hort 1 image-mask pairs is applied to Cohort 2 backgrounds, synthetic image-mask pairs train the segmenter,
and performance is evaluated on held-out Cohort 3 images.

ing composite, and changed-pixel fraction versus the mask-guided editing composite. Foreground mask
fraction was also checked to exclude empty, tiny, or implausibly large masks. Candidate images were ranked
by a composite normalized QC score, and the final top-inpainting subset was selected with diversity caps of
one image per ecological background and two images per source microplastic mask. This retained gener-
ated examples that visibly changed the masked region, preserved plausible microplastic scale, and avoided
overrepresenting repeated backgrounds or source masks.

𝑄𝑖 =
∑
𝑘∈K

𝑧𝑖𝑘 − 0.25
|𝑚𝑖 − median(𝑚) |
𝑞0.95,𝑚 − 𝑞0.05,𝑚

,

𝑧𝑖𝑘 =
clip

(
𝑥𝑖𝑘 , 𝑞0.01,𝑘 , 𝑞0.99,𝑘

)
− 𝑞0.01,𝑘

𝑞0.99,𝑘 − 𝑞0.01,𝑘
,

K = {masked MAD vs background, changed fraction vs background,
masked MAD vs composite, changed fraction vs composite},

𝑚𝑖 = mask foreground fraction.

(1)

3.4 Segmentation Model Training

The full benchmark evaluates U-Net [18], U-Net++ [19], DeepLabV3+ [20], FPN [21], SegFormer-B2 [22],
and YOLO11m-seg [23]. Models are trained with Dice loss [26] and binary cross-entropy. A fixed threshold
of 0.5 means that pixels with predicted foreground probability at or above 0.5 are counted as microplastic
foreground during evaluation. All models use deterministic seeds 13, 37, and 101; images are resized to
512×512 during training; batch size is 8; the maximum training horizon is 80 epochs; the learning rate is

5



0.0001 with weight decay 0.00001; early stopping patience is 15 epochs; and mixed precision is enabled
when CUDA is available. Training augmentations include horizontal and vertical flips, translation, crop,
shear, and color jitter. The primary metrics are Dice and IoU; secondary metrics include boundary F1 [27],
precision, recall, and area error. Validation scores are used only for early stopping and diagnostics. The
central evidence comes from the held-out ecological evaluation set.

4 Experimental Design

The experiment is designed to isolate the effect of synthetic ecological context on segmentation performance.
Every condition uses the same real labeled images, the same evaluation set, the same segmentation thresh-
old, and the same training schedule. The comparison changes only whether synthetic inpainting examples
are added to the real training data and, in the quality-controlled condition, which generated images are ad-
mitted. Synthetic examples are generated by placing transformed real microplastic masks into ecological
backgrounds and using inpainting to synthesize foreground appearance inside the masked region. The re-
tained mask is used as the label. For the verified condition, the hard exclusions are non-empty masks and
diversity caps of one image per ecological background and two images per source microplastic mask; the
remaining candidates are ranked by the normalized QC score in Equation 1 rather than by a single man-
ual cutoff. This prevents the model from learning from no-op generations, oversized artifacts, or repeated
backgrounds.

Condition Training data Purpose
Real only Labeled Cohort 1 images only Baseline for supervised segmentation

without synthetic ecological context
Real + unfiltered inpainting Real images plus all generated

inpainting examples
Tests whether synthetic scale alone is
sufficient

Real + verified inpainting Real images plus QC-filtered
inpainting examples

Tests whether high-quality synthetic
ecological context improves transfer

Half real + top inpainting
pilot

Equal real and top-ranked
inpainting examples

Tests whether a smaller set of best synthetic
samples can outperform larger noisier
synthetic sets

5 Results

Overall, quality-controlled inpainting improves held-out ecological segmentation across the retained model
matrix. The strongest verified-inpainting checkpoint is U-Net++ at seed 37, with Dice 0.817, IoU 0.704,
boundary F1 0.858, precision 0.802, and recall 0.846. The strongest real-only checkpoint reaches Dice 0.743,
IoU 0.619, and boundary F1 0.809. Thus, the top synthetic-assisted run improves Dice by 0.074 and IoU by
0.085 over the strongest real-only run. As an external point of reference, MP-Net achievedmean F1 0.736 and
mean IoU 0.617 on fluorescence microscopy images of microplastics isolated from clams [28]. Our strongest
synthetic-assisted checkpoint is numerically higher on Dice/F1 and IoU, but this is not a direct benchmark
comparison because the imaging modality, sample source, label protocol, and test distribution differ. The
synthetic effect is not limited to a single architecture. All five retained semantic architectures improve under
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the verified-inpainting condition. The strongest absolute performance remainswithU-Net++ and SegFormer-
B2, suggesting that synthetic ecological context is most effective when paired with architectures that already
handle scale and boundary detail well.

Table 1: Held-out ecological segmentation metrics by training condition. Values are mean ± standard devi-
ation where available; bold entries mark the best value in each metric column.

Training condition Runs Dice IoU Boundary F1 Best validation
Dice

Real only 18 0.641 ± 0.161 0.519 ± 0.138 0.703 0.758
Real + unfiltered inpainting 18 0.586 ± 0.143 0.462 ± 0.132 0.642 0.928
Real + verified inpainting 18 0.735 ± 0.061 0.608 ± 0.058 0.797 0.846
Half real + top inpainting
pilot

3 0.754 ± 0.028 0.627 ± 0.031 0.814 0.812

Figure 3. Held-out ecological segmentation metrics by training condition. Error bars show standard devia-
tions where reported in the manuscript table.

6 Discussion

The synthetic examples appear to help for three reasons. First, they expose the model to ecological back-
grounds that are absent from clean laboratory images. This reduces false positives on debris because the
model sees more non-microplastic clutter during training. Second, they preserve pixel-level masks, so the
model can learn microplastic shape while seeing new background contexts. Third, quality filtering removes
failed generations before they can corrupt the training distribution. These factors together convert synthetic
data from a source of noise into a controlled form of domain expansion. The improvement is greatest in
boundary F1, which rises from 0.703 for real-only training to 0.797 for verified inpainting. This supports
the interpretation that synthetic ecological context improves not only particle detection but also boundary

7



Table 2: Architecture-level Dice change after verified inpainting for the retained segmentation models.

Model Real-only Dice Verified-inpainting
Dice

Absolute gain Interpretation

U-Net++ 0.704 0.806 +0.102 Largest gain; multiscale decoder
benefits from added ecological
variation

SegFormer-B2 0.728 0.789 +0.061 Transformer features improve
with broader background
diversity

DeepLabV3+ 0.694 0.758 +0.064 Atrous context helps exploit
synthetic foreground-background
variation

FPN 0.685 0.735 +0.050 Moderate gain from multiscale
synthetic examples

U-Net 0.660 0.710 +0.050 Improves but remains less robust
than U-Net++

Figure 4. Strongest real-only checkpoint versus strongest synthetic-assisted checkpoint on held-out ecological
evaluation metrics.

localization. That matters for microplastic analysis because area, length, and morphology are derived from
the mask boundary. The half real + top inpainting pilot is consistent with this interpretation: using equal
counts of real and top-ranked synthetic examples reaches Dice 0.754, exceeding both the real-only mean
and the unfiltered-inpainting mean. Because this pilot is smaller than the full verified-inpainting condition,
it should be interpreted as supportive rather than definitive evidence that rank-based filtering improves the
training distribution.
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7 Limitations

Several limitations qualify these findings. First, generated images, although visually plausible, may not
capture the full variability and complexity of real-world ecological scenarios. Synthetic foregroundsmay also
encode generator-specific artifacts that improve benchmark performance without improving field reliability.
Second, the dataset may not encompass all environmental contexts where microplastics occur, which may
limit generalization to new sites, imaging devices, particle morphologies, or preparation protocols. Third,
the held-out ecological test set is intentionally reserved for final evaluation, but it remains modest in size.
Additional externally collected test sets would be needed to confirm robustness across laboratories, cameras,
and sample preparation workflows.

8 Conclusion

This study demonstrates that quality-controlled synthetic ecological context can improve microplastic seg-
mentation when labeled real-world data are limited. It also contributes a curated set of manually segmented
microplastic microscopy images, providing paired image-mask labels for real supervised training and held-
out ecological evaluation. Across the retained architectures, verified synthetic examples improved held-out
ecological segmentation relative to real-only training, with the strongest synthetic-assisted model outper-
forming the strongest real-only model by 0.074 Dice and 0.085 IoU. The consistent gains across the retained
model families support the central conclusion that synthetic ecological context can complement real labeled
images when candidate generations are filtered before training. Future work should evaluate the approach
across additional imaging platforms, environmental settings, andmicroplasticmorphologies, as well as inves-
tigate more advanced generative methods and larger-scale ecological datasets. Integrating quality-controlled
synthetic data with deep learning segmentation may help enable faster, more scalable, and more accessible
microplastic monitoring workflows for environmental research and pollution assessment.

9 Data and Code Availability

The project code and training pipeline are available in the project GitHub repository. The associated public
data resources are available through the Harvard Dataverse archive. The dataset includes the manually seg-
mented microplastic image-mask pairs used for real supervised training and held-out ecological evaluation,
along with the ecological background images used for synthetic context generation. All publication-ready
results should be regenerated from the locked evaluation files and registered checkpoints.
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Appendix A Model Settings

A.1 Shared Study Settings

All images were resized to 512×512 pixels. The random seeds were 13, 37, and 101. The primary evaluation
split was the locked C3-clean ecological test set, and the primary threshold for binary masks was 0.5. Seman-
tic segmentation models were trained with Dice loss plus binary cross entropy using the AdamW optimizer.
The batch size was 8, the maximum training horizon was 80 epochs, the learning rate was 0.0001, and the
weight decay was 0.00001. Early stopping patience was 15 epochs. AMP was enabled when CUDA was
available. Synthetic examples were split into 80% training and 20% validation subsets.

A.2 Stable Diffusion Inpainting Model

The Stable Diffusion inpainting model was used for synthetic ecological microplastic image generation. The
generator family was Stable Diffusion inpainting. The primary model ID was diffusers / stable-diffusion-
xl-1.0-inpainting-0.1, and the Stable Diffusion 2 inpainting model ID was stabilityai / stable-diffusion-2-
inpainting. The image size was 512×512 pixels.

For SDXL inpainting, the positive prompt was: “a realistic microscope ecological water sample containing
one visible translucent colored microplastic fiber or fragment inside the masked region, natural debris, sharp
focus.” The negative prompt was: “cartoon, illustration, fake texture, text, watermark, blurry, unchanged
background, empty mask, pipe, thick tube.” The SDXL guidance scale was 7.0, the SDXL inference step
count was 40, and the SDXL strength was 0.99. The SD2 guidance scale was 7.5, the SD2 inference step
count was 45, and the SD2 strength was 0.99.

Seeded object initialization was enabled with a seeded object mix of 0.65. Diffusion blend was enabled,
the diffusion mask mode was full, and inpaint masks were dilated by 4 px. Low-change generations were
rejected. TheminimummaskedMADwas 12.0, theminimum changed-pixel fraction was 0.35, the minimum
background masked MAD was 20.0, and the minimum background changed-pixel fraction was 0.50. The
maximum generation attempt multiplier was 12. The insertion area fraction ranged from 0.006 to 0.05.
Object opacity was 0.95, alpha feather radius was 0.7, and color jitter used brightness from 0.85 to 1.15 and
contrast from 0.90 to 1.15.

A.3 Semantic Segmentation Models

A.3.1 U-Net ResNet34

The U-Net ResNet34 model was named smp_unet_resnet34. It was a semantic segmentation model imple-
mented with segmentation-models-pytorch, using the Unet architecture with a resnet34 encoder. The model
used 3 input channels and produced 1 binary foreground mask class. Training used logits, and evaluation
applied a sigmoid activation followed by the 0.5 threshold.
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A.3.2 U-Net++ EfficientNet-B4

The U-Net++ EfficientNet-B4 model was named smp_unetpp_effb4. It was a semantic segmentation model
implemented with segmentation-models-pytorch, using the UnetPlusPlus architecture with an efficientnet-
b4 encoder. The model used 3 input channels and produced 1 binary foreground mask class. Training used
logits, and evaluation applied a sigmoid activation followed by the 0.5 threshold.

A.3.3 DeepLabV3+ ResNet50

The DeepLabV3+ ResNet50 model was named smp_deeplabv3plus_resnet50. It was a semantic segmenta-
tion model implemented with segmentation-models-pytorch, using the DeepLabV3Plus architecture with a
resnet50 encoder. The model used 3 input channels and produced 1 binary foreground mask class. Training
used logits, and evaluation applied a sigmoid activation followed by the 0.5 threshold.

A.3.4 FPN EfficientNet-B3

The FPN EfficientNet-B3 model was named smp_fpn_effb3. It was a semantic segmentation model im-
plemented with segmentation-models-pytorch, using the FPN architecture with an efficientnet-b3 encoder.
The model used 3 input channels and produced 1 binary foreground mask class. Training used logits, and
evaluation applied a sigmoid activation followed by the 0.5 threshold.

A.3.5 MONAI U-Net

The MONAI U-Net model was named monai_unet. It was a semantic segmentation model implemented
with MONAI, using a two-dimensional UNet architecture. The model used 3 input channels and produced
1 binary foreground mask output channel. The channel widths were 32, 64, 128, 256, and 512; the strides
were 2, 2, 2, and 2; and the number of residual units was 2. Training used logits, and evaluation applied a
sigmoid activation followed by the 0.5 threshold.

A.3.6 SegFormer-B2

The SegFormer-B2 model was named segformer_b2. It was a semantic segmentation model implemented
withHugging Face transformers, using the nvidia/segformer-b2-finetuned-ade-512-512model ID. Themodel
used 3 input channels. The pretrained ADE head was replaced with a binary segmentation head that produced
1 binary foreground mask class. The output logits were upsampled to the 512×512 mask size. Training used
logits, and evaluation applied a sigmoid activation followed by the 0.5 threshold.
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