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Abstract. Phytoplankton are microbes driving half of global primary production
and are widely used model organisms in various studies. Despite advancements
in high-throughput methods for acquisition of cell size and abundance data,
microscopy remains widely preferred in multi-strain experiments. In this study,
an instance segmentation model was trained on a dataset containing 11 strains
andintegrated into an image processing pipeline. The final version of the pipeline
showed superiority over an established thresholding method (Avg. F1 Score 86%
vs. 34%). This approach also highlights the potential of clustering unseen strains
by prompting a general-purpose segmenter with low-confidence predictions.
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1 Introduction

Phytoplankton are aquatic photosynthetic organisms that sustain a large
proportion of primary production [1]. Due to their tractability and fast
reproduction, they are widely used in studies regarding ecology and
evolution processes [2]. Phytoplankton size is particularly of great interest
in such studies given its relationship with resource uptake, respiration and
population growth [3]. However, while measuring cell size per se is relatively
straightforward, tracking changes in cell morphology and cell number of
individual strains within diverse communities is still challenging, because
current methods cannot easily distinguish different strains due to their
similarity. Therefore, microscopy remains a common approach to verify
the identity of individual cells, despite being time consuming and prone to
human errors.

Copyright © Simas Jasitnas, Giulia Ghedini, Povilas Treigys, 2026. Published by Vilnius University Press. This is an Open
Access article distributed under the terms of the Creative Commons Attribution License (CC BY), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original author and source are credited.
DOI:_https://doi.org/10.15388/LMITT.2026.10


mailto:si.jasiunas@gmail.com
https://doi.org/10.15388/LMITT.2026.10

Early segmentation algorithms (e.g. thresholding, watershed) can
to some extent automate and speed up identification of cell strains in
captured microscopy images, especially, if applied with defined filter sets [4,
5]. However, these image processing pipelines quickly fumble in multi-class
segmentation when cells of different strains have similar morphological
features - requiring substantial user input to correct misclassifications.

A different way of solving the task to automatically identify and measure
cells would be through the use of deep learning models, which have been
gaining popularity in the last two decades [6]. These models operate in an
end-to-end learning fashion, which extract subtle undefined features of
each strain, thus substantially outperforming early segmentation methods
on datasets containing multiple classes [7]. However, to our knowledge
there is no unified framework or application that allows researchers to
use these models for multi-strain phytoplankton research from the get-go,
thus demanding particular expertise, computational resources and time
allocation for dataset acquisition and model development [8].

The goal of this project is to improve the process of multi-strain
phytoplankton cell identification and measurement of their morphological
traits (e.g. size, shape, density) in light microscopy images. To achieve
that, a state-of-the-art Mask-RCNN instance segmentation model [9] was
trained on a newly created dataset, consisting of 11 phytoplankton strains.
The acquired model's precision was then increased by implementing a
custom post-processing logic, which adjusts the confidence score of each
prediction. The final version of the image processing pipeline was shown
to be highly superior to the previously established segmentation method.
Lastly, low confidence predictions (< 0.1%) produced by the Mask-RCNN
were repurposed as prompts for a general-purpose model SAM [10], which
generates segmentation masks for novel phytoplankton strains from
natural samples.

2 Methods and Materials

All phytoplankton strains were purchased from the Roscoff Culture
Collection (France) and were acclimatized in a laboratory in a temperature
(~20°C) and light controlled (~50 pmol/m2/s) environment for several
months prior to imaging and cultured in sterilized, filtered seawater
medium [11]. For imaging, samples from each strain were fixed with Lugol's
iodine 1% solution (40:1000 v/v ratio) and loaded onto hemocytometers
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(10 pl) or microplates (200 pl). The images were taken with an Olympus
IX73 inverted microscope at 400x magnification (Evident Scientific, Evident
Europe GmbH, Germany). Acquired images were annotated with the image
annotation tool CVAT [12] resulting in a dataset of 86731 annotated cells
from 11 phytoplankton strains (Fig. 1).
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Figure 1. Phytoplankton strains included in the dataset with scale indicated in the lower
left corner.

This dataset was used to train, validate and test (80:10:10 split) a Mask-
RCNN instance segmentation model, a popular two-stage detector known
for its accuracy, which builds up on top of Faster-RCNN by adding a branch
for predicting object masks [9, 13]. An implementation of Mask-RCNN
model and a checkpoint, that was pre-trained on the COCO dataset [14],
was acquired from MMDetection framework’s model zoo [15]. The model
was trained on the phytoplankton dataset in Google Colab environment on
a single L4 GPU (22.5 GB VRAM) for three epochs.

The precision of the trained model was later improved by including a
post-processing step, which adjusts the original prediction’s confidence
score based on the morphological characteristics of each strain: area, major
and minor axis, aspect ratio and roundness. Each phytoplankton strain
has specific mean (u) and standard deviation (o) values of their probability
density functions for each of these characteristics, which were acquired by
fitting a Log-Normal distribution for each strain in the annotated dataset.
The likelihood of the predicted class by the model can be calculated for
each characteristic (Eq. 1) and the confidence score can then be adjusted
accordingly (Eq. 2).
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Equation 1. Likelihood estimation. Where: x - prediction’s value (area, major, minor, as-
pect ratio or roundness); p - mean; o - standard deviation.
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Equation 2. Adjustment of the original confidence score. Each characteristic's likelihood
is normalized by dividing it by the maximum possible likelihood (mode value (m.)); the-
refore, each normalized likelihood value has the same contributive weight for adjusting
the original score.

The constructed confidence adjustment logic, together with the trained
Mask-RCNN model, was built into an image processing pipeline and was
compared to a previously established cell segmentation method based on
Yen's thresholding, implemented in Fiji software [16, 17]. The comparison
was performed on three phytoplankton community datasets that were
acquired after model training. Each dataset was obtained by combining
five different strains and taking 50 images per community. F1 score was
averaged for all three datasets and was used to compare the accuracy of
both approaches (Eqg. 3 and 4).

2TP

F1Score = -

Equation 3. F1 Score. TP - true positives; FP - false positives; FN - false negatives.
F11+F12+F13

3
Equation 4. Average F1 score. F1n is the F1 score of each dataset containing the five

Avg. F1 Score =

strains.

Finally, the potential of exploiting low confidence predictions when
subjecting images containing unknown strains was explored. In this case,
the centers of low confidence segmentation masks (< 0.1%) were used as
foreground prompts for the general-purpose ViT-B SAM model. To test
the segmentation accuracy of unknown strains a natural sample dataset
was created from 50 images containing 354 unknown phytoplankton cells.
Segmentation performance was assessed by comparing results before and
after SAM prompting. This evaluation included confusion matrices based
on detection outcomes and distributions of true positives across their
corresponding intersection-over-union (loU) values.
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3 Results

The model's ability to correctly identify and segment 11 phytoplankton
strains after training was tested on the test split and was visualized with
a confusion matrix (Fig. 2A). As expected, most misclassifications (mis.)
occurred between morphologically similar phytoplankton cells, such as
Tisocrhysis and Chlamydomonas (583 mis.) or Rhodomonas and Tetraselmis
(92 mis.). However, the most problematic species by far was the smallest
one - Nannochloropsis, which was often confused with background objects
(debris, etc.) or completely missed (816 mis.). Diatoms - (Coscinodiscus,
Nitzschia, Phaeodactylum), were also often confused with background,
probably due to their semi-transparent silica shell. Interestingly, the
model also occasionally confused morphologically different cells, for
example Chlamydomonas, which usually has a rounder shape than the
more elongated Phaeodactylum (39 mis.). To mitigate such occurrences
between morphologically different cells a confidence adjustment logic was
added (Fig. 2B). These adjustments mainly removed low confidence cases,
like Nannochloropsis and Coscinodiscus being misclassified as debris (161
and 112 mis. less). However, this approach also decreased true positives
for some species, mainly Tetraselmis and Chlamydomonas (55 and 26 mis.
more). In total, the model's precision was slightly boosted (+2.5%) at a very
small cost of recall (-0.2%).
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Figure 3. A: Confusion matrix of the prediction results on the test split. Blue shading
indicates the number of occurrences. Ground truth and prediction mask overlapping
threshold = 0.5 loU; B: Confusion matrix of the change of test split predictions after
custom post-processing. Green and red shading indicate improvement and error, res-
pectively. Note that diagonal cells (borders highlighted) are true positives - increases
in the number of cells counted are colored in green because that equals improvement.
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The constructed image processing pipeline was finally compared to a
previously established cell segmentation method based on Fiji macros
that measured and counted different strains based on their approximate
cell area and shape. Our pipeline mainly struggled with identification and
separation of smaller cells that tend to form clusters (Nannochloropsis,
Chlamydomonas), while Fiji macros were majorly dependent on the contrast
between the background and the cells, making it a less reliable method,
especially in images generated from microplates or containing debris
(Fig. 4). Overall, our pipeline’s performance (Avg. F1 Score 86.2%) was
significantly better than Fiji's (Avg. F1 Score 34.3%) when averaging across
the three datasets.

Actual Algavision’s predictions Fiji’s predictions

Amphi .
_" v ?) )
Duna @ @ .

" e - e ®
Tiso

Nanno ‘ - 0 - ‘ b

Phaeo
—

Cosci @ I )
Rhodo '
Chismy 0 0

Phaeo > s

Amphi e °

Leva /]
—

Tetra gt A iy
Amphi - =t 50
Nanno

Phaeo

Figure 4. Visual examples of Algavision (our pipeline) and Fiji performance on the three
community datasets. Red minuses represent missed cells, while red asterisks represent
misclassifications.
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Figure 5. Top: Visual examples of Algavision (our pipeline) trying to identify and segment
unknown strains before and after prompting the ViT-B SAM model; Middle: Count of
true positives against their loU distributions; Bottom: Confusion matrices of both
approaches. Ground truth and prediction mask overlapping threshold (to be counted

as true positive) > 0 loU.

Lastly, we tested our pipeline’s ability to segment phytoplankton strains
that the model was not trained on by using low confidence predictions
(< 0.1%) as prompts for the ViT-B SAM model. Even though the Mask-RCNN
model did not encounter specific instances in its training set that it is trying
to predict, it is still able to generate superficial masks on unknown cells
or parts of them due to Mask-RCNN's region proposal. The addition of
the ViT-B SAM model mostly increased the generation of highly accurate
segmentation masks (> 0.8 loU: from 8.5% to 29.6%) (Fig. 5). Furthermore,
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the false positives were substantially reduced (from 1091 to 328) due to
more uniform mask generation, thus increasing the F1 score from 38.3% to
59.2% when trying to segment unknown strains. In the future, such highly
accurate masks could be used to facilitate the creation of new datasets
or be subjected to clustering by morphological features into a bunch of
anticipated strains.

4 Conclusions

In this work, we created Algavision, a wrapper tying Mask-RCNN and
SAM models together to extract relevant characteristics of each known
or unknown cell and to facilitate research based on phytoplankton
communities using light microscopy images. By harnessing the power of
deep learning, our image processing pipeline substantially outperformed
a previously established thresholding method in all our testing cases (Avg.
F1 Score 86.2% vs. 34.3%), making it a more accurate tool in terms of both
precision of species identification and quality of the generated masks from
which cell size measures are extracted. We also explored the opportunity
to repurpose low confidence predictions on unknown species by using
them as prompts for SAM, which increased the generation of high quality
segmentation masks for unknown species (> 0.8 loU: from 8.8% to 24.6%),
increasing our pipeline’s F1 score from 38.3% to 59.2% when predicting
unknown strains. We believe that with further improvements, Algavision
will become a useful software for the collection of biodiversity data of
phytoplankton and other microorganisms.
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