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Abstract

Plankton recognition is an important computer vision prob-
lem due to plankton’s essential role in ocean food webs
and carbon capture, highlighting the need for species-level
monitoring. However, this task is challenging due to its
fine-grained nature and dataset shifts caused by different
imaging instruments and varying species distributions. As
new plankton image datasets are collected at an increas-
ing pace, there is a need for general plankton recognition
models that require minimal expert effort for data labeling.
In this work, we study large-scale self-supervised pretrain-
ing for fine-grained plankton recognition. We first employ
masked autoencoding and a large volume of diverse plank-
ton image data to pretrain a general-purpose plankton im-
age encoder. Then, we utilize fine-tuning to obtain accurate
plankton recognition models for new datasets with a very
limited number of labeled training images. Our experiments
show that self-supervised pretraining with diverse plankton
data clearly increases plankton recognition accuracy com-
pared to standard ImageNet pretraining when the amount of
training data is limited. Moreover, the accuracy can be fur-
ther improved when unlabeled target data is available and
utilized during the pretraining.

1. Introduction

Despite the advancements in vision foundation models,
fine-grained recognition in the presence of dataset shift re-
mains a challenging task [63]. The subtle differences be-
tween classes, combined with distribution shifts in class
appearance and composition between training and target
datasets, necessitate image representations that are both
general enough to handle dataset shifts and specific enough
to distinguish visually similar classes. These challenges are
difficult to tackle with a general-purpose vision foundation
model and call for tailored solutions. Plankton recognition
offers an interesting and environmentally relevant applica-
tion for studying and developing such methods. Recog-
nizing taxonomically close plankton species is challenging
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Figure 1.
ing strategies: (a) pretraining on ImageNet-1k and fine-tuning on
plankton data, (b) pretraining on a diverse plankton dataset and
fine-tuning on unseen plankton data, and (c) pretraining on a di-
verse plankton dataset and fine-tuning on a subset of the same
dataset.

We evaluate three different self-supervised pretrain-

and is further complicated by domain and class distribution
shifts across the existing datasets.

Plankton are a collection of microscopic organisms that
serve as the foundation of aquatic ecosystems. These organ-
isms are broadly classified into two primary groups: phy-
toplankton and zooplankton. Phytoplankton are critical as
primary producers at the base of the food chain, contribut-
ing approximately 50% of the world’s oxygen production
and around 40% of global carbon fixation [17, 18]. Simi-
larly, zooplankton are critical in matter and nutrient cycling



from the primary producers to higher trophic levels, such
as commercially significant fish species [5]. Furthermore,
zooplankton transport carbon from surface to deep waters
through feeding, daily migrations, and fecal pellets, playing
a key role in global carbon cycles [2, 67].

In addition to being vital to the marine food web, plank-
ton also serve as an indicator of ocean health. Plankton are
sensitive to environmental changes: they respond rapidly
to changes in temperature, nutrient availability, and water
flows [22]. This makes them valuable for understanding the
aquatic ecosystem dynamics, which in turn contributes to
the prediction of environmental changes such as pollution
and climate change [22].

Understanding plankton species distributions provides
valuable information on the oceans’ health, but monitor-
ing plankton communities and composition requires sus-
tained observations and is challenging due to their diver-
sity and dynamic changes. To address this, various plank-
ton imaging and analysis instruments have been developed
for both in-situ and laboratory use [40]. Recent technolog-
ical advancements have led to the development of both au-
tomated and semi-automated imaging systems that can be
used to capture massive plankton datasets. However, the
use of plankton imagery faces various challenges, such as
the fine-grained nature of the identification task, the rarity of
species, and the uncertainty of category labeling [ 15]. There
is a growing need for automated plankton species identifica-
tion systems, as they significantly reduce the need for man-
ual identification and improve the efficiency of processing
large amounts of data.

As plankton imaging instruments become more accessi-
ble, an increasing number of plankton image datasets are
being collected. These datasets vary in both the imaging in-
struments used and the plankton species they contain. This
causes dataset shifts between them, and therefore, a plank-
ton recognition model trained on one dataset often fails
when applied to another [4]. Manually labeling sufficient
training data for each dataset to create dataset-specific mod-
els is impractical. Therefore, a more general model that
minimizes the need for expert labeling would be highly ben-
eficial. However, training a single general model using mul-
tiple datasets in a supervised manner is challenging due to
the lack of a universally agreed-upon method for categoriz-
ing plankton, although connecting the classes to the World
Register of Marine Species is routinely done by many users.
The set of class labels in a plankton dataset depends on
various factors, such as the environmental application for
which the dataset was collected, the range of particle sizes
the imaging instrument can capture, and the geographic re-
gion from which the water samples were collected. More-
over, the full taxonomical hierarchy of plankton is under-
going continuous revision as recent studies have deepened
the understanding of their biodiversity [61]. Therefore, the
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class labels between datasets are not always entirely compa-
rable, making it difficult to use them simultaneously for su-
pervised training. This issue is especially notable in classes
that do not correspond to a specific species, as they are par-
ticularly affected by taxonomic revisions.

In this paper, we address the issue of incomparable class
labels between datasets through self-supervised pretrain-
ing. First, we collect a large pool of public plankton image
datasets and use unsupervised learning to obtain general-
purpose plankton representations without the need to har-
monize class labels across datasets. For this, we employ
Masked Autoencoders (MAE) [24], which guide the en-
coder to learn plankton image representations by masking
a large portion of input images and then learning to gener-
ate the missing parts. This masking technique allows the
model to learn features that effectively describe the subtle
visual differences between fine-grained plankton classes by
forcing it to focus on small regions in the images. Next,
we fine-tune the encoder with an incorporated classification
head on plankton datasets with a limited amount of labeled
training images.

In the experimental part of the work, we compare dif-
ferent pretraining methods on plankton data, as shown in
Figure 1. We evaluate our models pretrained on plankton
image data against standard ImageNet pretraining in vary-
ing labeled data scenarios. Our results show that domain-
specific pretraining can obtain results comparable to Ima-
geNet pretraining with significantly fewer images. Addi-
tionally, we show that domain-specific pretraining can sur-
pass ImageNet pretraining in accuracy, particularly when
labeled data is limited.

The main contributions of this study are as follows:
(1) The first application of Masked Autoencoders for self-
supervised pretraining on plankton image data, (2) Ex-
tensive evaluation of different pretraining strategies under
varying labeled data conditions, and (3) Analysis of the ben-
efits of domain-specific pretraining on fine-grained plank-
ton recognition.

2. Related works

2.1. Plankton recognition

A large number of plankton recognition methods have
been proposed, starting from traditional feature engineering
methods to more modern deep learning methods [15]. Early
plankton recognition methods relied on hand-picked fea-
tures such as shape, texture, and size to obtain representa-
tive feature vectors, which were then classified using meth-
ods such as support vector machine or decision trees. In the
past decade, convolutional neural networks (CNNs) have
become the dominant method for plankton recognition.
Plenty of different CNN architectures have been used for
plankton recognition, including custom ones [6, 35, 43, 68].



More recently, vision transformers (ViTs) [34] have been
shown to outperform CNNs on various plankton datasets [7,
44]. ViTs work by splitting the image into patches and con-
verting these patches into vectors, which are then processed
using self-attention mechanisms. The self-attention allows
the model to capture relationships between different parts
of the image, enabling it to identify the most informative re-
gions. Kyathanahally et al. [38] tested ensembling multiple
Data-efficient image Transformers (DeiTs) [66] for various
ecological datasets, including four plankton datasets. Mara-
cani et al. [44] applied in-domain and out-of-domain trans-
fer learning in plankton recognition. Notably, they demon-
strate that a model pretrained on ImageNet-21K and then
fine-tuned on plankton data achieves better results com-
pared to a model trained from scratch using a single plank-
ton dataset. Callejas et al. [7] tested different ViTs and
CNN:s in the classification of ZooScanNet [16] and WHOI-
Plankton [49], the two largest publicly available plankton
datasets, and reported that ViTs achieve the best accuracies.
An extensive review of existing plankton recognition meth-
ods can be found in [15].

The vast majority of existing plankton recognition mod-
els have been trained and evaluated on one or a few, often
in-house, datasets. Due to dataset shifts caused by differ-
ent imaging instruments and varying class compositions,
these models do not generalize well to previously unseen
plankton datasets. Additionally, efforts have been made to
develop more general plankton recognition methods using
transfer learning [44, 48], domain adaptation [4], and open-
set recognition [1, 28, 52].

2.2. Self-supervised learning

Self-supervised learning (SSL) refers to a family of tech-
niques that enable models to learn meaningful representa-
tions from unlabeled data [27]. By reducing the dependency
on manually annotated datasets, SSL improves data effi-
ciency, especially in domains where labeled data is scarce
or expensive to obtain.

Some of the early deep SSL methods in computer vision
were Generative Adversarial Networks (GANs) [19] and
autoencoders [57]. GANs consist of a generator that cre-
ates realistic-looking images and a discriminator that tries
to detect generated images from real samples. Through
this training process, GANs indirectly capture meaningful
image representations but are primarily designed for im-
age generation rather than representation learning. Autoen-
coders, on the other hand, encode input images into a com-
pact latent representation and then reconstruct them from
this latent space. While both GANs and autoencoders show-
cased the potential of learning from unlabeled data, they fo-
cused on generative tasks rather than learning transferable
representations for downstream tasks.

A major advancement in SSL was contrastive learning,

2133

in which a model learns representations by grouping simi-
lar (positive) samples closer while pushing dissimilar (neg-
ative) ones apart in the feature space. In the absence of
labels, positive and negative pairs are typically defined us-
ing data augmentation: different augmented views of the
same image are treated as positive, while all other images
are considered negative. Unlike the generative approaches,
contrastive learning directly optimizes for feature discrimi-
nation, making it well-suited for transfer learning.

Momentum Contrast (MoCo), proposed by He et
al. [23], introduced a memory queue that stores a large
number of negative samples across training batches, ad-
dressing the batch size limitations in contrastive learning.
MoCo utilizes a momentum-updated encoder, which pre-
vents representation collapse by updating a secondary en-
coder using an exponential moving average of the main en-
coder’s parameters. A simple framework for contrastive
learning (SimCLR) [9] simplified contrastive learning by
removing the need for queue samples and instead relied on
a large batch size to generate a diverse set of negative sam-
ples. SimCLR applies two random augmentations to each
data sample, passing them through a shared encoder and
projection head, and maximizes the similarity between the
augmented views. After self-supervised training, the pro-
jection head is removed, and only the encoder is used for
downstream tasks. SImCLR demonstrated that strong data
augmentations in SSL significantly improve the quality of
learned representations. Barlow Twins [71] is a novel ap-
proach to contrastive learning through redundancy reduc-
tion. Instead of using contrastive loss, Barlow Twins min-
imize the off-diagonal elements in a cross-correlation ma-
trix between representations of two augmented views, ef-
fectively encouraging representations to be invariant to dis-
tortions.

Bootstrap Your Own Latent (BYOL) [21] further ad-
vanced SSL by showcasing that it can achieve state-of-the-
art results without any negative pairs. Later, self-distillation
with no labels (DINO) [8] introduced a self-distillation
framework inspired by BYOL. DINO trains a student net-
work using a cross-entropy loss between the student and a
momentum-updated teacher network’s predictions. DINO
demonstrated that ViTs can learn strong representations
through self-supervised training without requiring large la-
beled datasets. Further improvements to this method were
introduced in DINO v2 [47].

Masked image modeling (MIM) has emerged as a recent
approach to SSL, inspired by masked language modeling in
natural language processing (e.g. BERT [12]). Instead of
comparing augmented image pairs, MIM methods train a
model to reconstruct missing parts of an image. BEIT [3]
is a token-based masked model where the image is first
tokenized into discrete visual embeddings, and the model
learns to predict masked tokens. This approach was further



improved in BEIT v2 [51]. Masked Autoencoder [24] rep-
resents a more efficient patch-based masking strategy, re-
constructing raw pixel patches using a lightweight decoder.
SimMIM [70] simplified the approach even further by ap-
plying a direct pixel-wise loss.

2.3. Semi-supervised learning in fine-grained recog-
nition

Semi-supervised learning approaches have evolved signifi-
cantly in recent years. Traditional methods typically utilize
both labeled and unlabeled data during the training process,
whereas another approach is to first utilize self-supervised
learning followed by supervised fine-tuning. The latter
strategy has become more popular after Chen et al. [10]
demonstrated that large self-supervised models excel when
fine-tuned with small amounts of labeled data.

Su et al. [64] evaluated the existing semi-supervised
learning methods for fine-grained image classification. The
results revealed that semi-supervised learning methods can
improve performance compared to training from scratch.
Their research further showed that self-supervised pretrain-
ing can benefit significantly from out-of-distribution data.
Kim et al. [32] introduced a novel open-set self-supervised
learning in which the pretraining dataset contains instances
of relevant or irrelevant domains to the target dataset. They
proposed the SimCore algorithm that samples a subset of
the open-set that is semantically similar to the target dataset
and demonstrated enhanced representation learning perfor-
mance in fine-grained recognition tasks. Duan et al. [13]
proposed a pseudo-label selection method that encouraged
pseudo labels to include likely ground truth labels while ex-
cluding noisy ones.

In the domain of plankton recognition, researchers have
explored various self-supervised and semi-supervised learn-
ing methods that typically utilize clustering to allow the po-
tential new-class discovery from unlabeled data. Early work
by Salvesen et al. [53] introduced an autoencoder-based
framework with an embedded clustering layer that learns a
latent representation while simultaneously performing un-
supervised clustering. Later, they extended the approach
with rotation invariant features and spectral clustering to re-
fine class separation [54]. Schmarje ef al. [56] proposed
a semi-supervised learning framework for handling fuzzy
labels, where a small set of certain images is used to guide
clustering of a large set of uncertain fuzzy images. Schroder
et al. [58] compared multiple feature extraction methods un-
der varying assumptions of label and data availability and
tested two new semi-supervised learning methods tailored
for MorphoCluster [59].

Recent advances have focused more on enhancing fea-
ture representation with Schanz et al. [55] applying Sim-
CLR pretraining on CNN models while addressing the is-
sue with imbalanced classes. Pastore et al. [50] proposed an
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unsupervised learning method that combined features from
multiple pretrained CNNs and ViTs and further compresses
them to be used in clustering. In [45], the authors compared
both transfer learning and DINO pretraining with CNNs and
reported that DINO pretraining obtained better results.

3. Methods

3.1. Masked autoencoder

Masked autoencoder (MAE) is a self-supervised learning
method proposed by He et al. [24]. MAE is designed to re-
construct missing portions of an input image by leveraging
only small unmasked parts of the information. Like stan-
dard autoencoders, MAE consists of an encoder that maps
the input image into a latent representation and a decoder
that reconstructs the original input from this representa-
tion. However, unlike traditional autoencoder architectures,
MAE uses asymmetric design where the encoder is signif-
icantly larger than the decoder. Recently, MAE has been
shown to scale not only with model size but also with the
size of the training dataset in larger models [62].

MAE follows a patch-based processing approach sim-
ilar to ViTs, where the input image is divided into non-
overlapping patches. During training, a large random sub-
set of these patches is masked. The encoder is applied only
to the unmasked patches, which significantly reduces the
computational complexity and allows the training of larger
encoders. The masking encourages the encoder to learn
meaningful representations from the unmasked patches that
are useful for reconstruction. After the visible patches have
been encoded, the decoder reconstructs the masked patches
using the learned latent representations.

The training objective in MAE is to minimize the re-
construction error between the original and the predicted
masked patches. The loss function is formulated as

1
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where IV, is the number of masked patches, M is the set of
masked patch indices, x; is an original patch, and Z; is its
reconstruction. This loss function, based on mean squared
error (MSE), is computed only for the masked patches and
not for the visible ones. In the original paper [24], the
authors showed that a high masking ratio is required for
the model to learn transferable feature representations. For
downstream tasks, the decoder is removed from the net-
work, and only the encoder is used as a feature extractor.
This architecture allows fine-tuning the model for specific
recognition tasks while leveraging the feature representa-
tions learned during self-supervised pretraining.



Table 1. Summary of the datasets used for pretraining.

Dataset Imaging instrument(s) Region Plankton type  # of species  # of images
Kaggle-Plankton [11] ISIIS-2 Straits of Florida, U.S zooplankton 121 130,000
Lake Zooplankton [37] DSPC Lake Greifensee, Switzerland  zooplankton 35 18,000
SYKE-Plankton-ZooScan_2024 [29] ZooScan Baltic Sea zooplankton 20 24,000
PMID2019 [39] Bright-field microscope Jiaozhou Bay, China phytoplankton 24 14,000
SYKE-Plankton-IFCB_2022 [36] IFCB Baltic Sea phytoplankton 50 63,000
UDE Diatoms in the Wild 2024 [33]  Bright-field microscope — phytoplankton 611 84,000
DAPlankton [4] IFCB, CS, FlowCam Baltic Sea phytoplankton 44 112,000
Total 443,000

4. Experiments

4.1. Data

To obtain a diverse dataset for self-supervised pretraining,
we combined data from seven publicly available plank-
ton datasets. These datasets include Kaggle-Plankton [11],
Lake Zooplankton [37], SYKE-Plankton-ZooScan_2024
[29], PMID2019 [39], SYKE-Plankton-IFCB_2022 [36],
UDE Diatoms in the Wild 2024 [33], and DAPlankton [4].
Together, these datasets contain both phyto- and zooplank-
ton images and capture a wide range of species and imaging
conditions. Class overlap between datasets is minimal, with
the notable exception of DAPlankton and SYKE-Plankton-
IFCB_2022, which share 33 taxa (Full class overlap in sup-
plementary material). A summary of these datasets is pre-
sented in Table 1.

For Kaggle-Plankton, which contains a labeled train-
ing set with 30,000 images and an unlabeled test set
with 130,000 images, we utilize only the larger test
set for pretraining. DAPlankton contains two subsets:
DAPlankton; og and DAPlanktonsgs. Both subsets were
used in the pretraining dataset.

Our preprocessing strategy follows a similar approach
to earlier works [42, 44]. To maintain the original aspect
ratio while creating a square image, we pad the smaller di-
mension using a background color that matches the image.
This background color matching is done by 1) computing
the mode color from all edges of the image and 2) estimat-
ing the background noise by calculating the standard devia-
tion from 20% of the edge pixels closest to the mode color.
Dataset-specific preprocessing includes removing size in-
dication legends from SYKE-Plankton-ZooScan_2024 im-
ages and utilizing the supplied ground truth bounding box
information to crop individual samples from PMID2019.
Example images from each dataset after preprocessing are
shown in Figure 2.

For fine-tuning and testing, we utilized both sub-
sets of DAPlankton: DAPlankton; .5 and DAPlanktongga .
DAPIlankton; o consists of 47,471 images from 15 phyto-
plankton species captured with three different imaging in-
struments: Imaging FlowCytobot (IFCB) [46], CytoSense
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(CS) [14], and FlowCam (FC) [60]. DAPlanktonsgs con-
sists of 64,453 images from 31 phytoplankton species cap-
tured using IFCB and CS. The DAPIlanktongg, is the more
realistic of the two datasets as the images were collected
in-situ from the Baltic Sea and the dataset is heavily imbal-
anced. The data compositions and the range of images per
class are shown in Table 2.

Table 2. Summary of the DAPlankton subsets.

Dataset Instrument  # of images  # of images per class
DAPlankton o IFCB 16,476 1,001 - 1,376

CS 13,187 608 — 1,285

FC 17,808 286 -2,618
DAPIlanktonsga IFCB 51,622 54 -12,280

CS 12,831 5-5,443

The DAPlankton dataset is unique among the publicly
available plankton datasets as it contains the same shared
classes across both partitions. Additionally, the labora-
tory partition has negligible label uncertainty as the cul-
tures were grown in a laboratory and checked for cross-
contamination. The shared taxonomy between different
imaging instruments allows the evaluation of how differ-
ent imaging instruments affect the model’s performance on
identical taxonomic targets.

4.2. Design of experiments

4.2.1. Self-supervised pretraining

Our implementation of MAE was built using PyTorch, Py-
Torch Lightning, and LightlySSL. The ViT models were
implemented using the PyTorch image models (timm) li-
brary [69].

Image Augmentations: The pretraining includes a se-
ries of image augmentations that make the pretraining
dataset more versatile. The input images were resized to
256 x 256 pixels and converted to grayscale. The grayscale
conversion was added to unify the plankton images as in any
case, the color information in them is very limited. A ran-
dom patch was selected with a scale ranging from 0.4 and
1.0 and resized to 224 x 224 pixels. Following this, we ap-
plied random horizontal and vertical flips and normalization
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Figure 2. Example plankton images from different datasets: a) Kaggle-Plankton [11], b) Lake Zooplankton [37], ¢) SYKE-Plankton-
ZooScan_2024 [29], d) PMID2019 [39], e) SYKE-Plankton-IFCB_2022 [36], f) UDE Diatoms in the Wild 2024 [33], g) DAPlankton [4].
The shown images are taken from three different, visually similar classes within each dataset, highlighting the fine-grained nature of the
data. For DAPIlankton, the same three classes are shown across all instruments.

using the dataset mean and standard deviation.

Architecture: We employed a ViT-L as our encoder
backbone, following the original implementation from [24].
The decoder was implemented as a lighter transformer ar-
chitecture with 8 layers and an embedding dimension of
512. During pretraining, we randomly masked 75% of the
image patches, which was shown to be effective in the orig-
inal MAE approach. The patch size was set to 16 x 16,
resulting in 196 patches per image.

Optimization: We utilized AdamW optimizer [41] with
B1 = 0.9 and By = 0.95. The learning rate followed the
cosine decay schedule with linear warmup, where the base
learning rate was set to 1.5e-4x (eff_batchsize/256) follow-
ing the linear scaling law [20] with the weight decay set
to 0.05. The reconstruction loss was computed between
normalized pixel values between the reconstructed and the
original masked patches.

We pretrained two different models from scratch: one us-
ing the complete pretraining dataset and another excluding
the DAPlankton dataset and all classes present in both DA-
Plankton and SYKE-Plankton-IFCB_2022 datasets. This
reduction resulted in a pretraining dataset of 280,000
images. The first model, referred to as ViT-L (with-
daplankton), was trained for 800 epochs using 8 nodes with
4 NVIDIA V100 GPUs per node, while the second model,
ViT-L (no-daplankton), was trained using only 4 nodes.
Both models used an effective batch size of 4,096, with
the smaller training setup utilizing gradient accumulation to
match this batch size. The results showcased high-quality
reconstruction, as shown in Figure 3.
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Figure 3. Masked autoencoder learns from the small unmasked
patches (left) to reconstruct (middle) the original plankton image
(right).

4.2.2. Fine-tuning

Dataset and evaluation: We fine-tuned our pretrained
models using both DAPlankton; o and DAPIlanktongga
datasets. Additionally, we utilized ViT-L model trained
with the ImageNet-1k dataset as a transfer learning base-
line. Each experiment ran for 50 epochs, and we applied
5-fold cross-validation. For each fold, the dataset was first
split into 20% testing and 80% training, of which 15% was
selected as a validation set. For splitting the dataset, we uti-
lized a stratified strategy, which ensured that each fold was
similarly balanced. We applied the same set of augmenta-
tions for the training set as in pretraining, but for validation
and testing, the vertical and horizontal flips were removed,
and the crop was centered on the image. We evaluate our
results by using accuracy as the main metric.

Model architecture: We adopted the bottleneck archi-
tecture from [44], where the encoder’s output is passed
through a hidden layer of size 512, with LayerNorm and
GELU activation [25], followed by the final classification
layer. We utilized layer-wise learning rate decay [3] with
a decay factor of 0.75 to gradually increase learning rates
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Figure 4. Mean accuracy and standard deviation for DAPlankton ag across different labeled data subsets.

from deeper to shallower layers to preserve the pretrained
features.

Optimization: During fine-tuning, we set the learning
rate to 2e-3 and used the AdamW optimizer with a weight
decay of 0.01. The learning rate followed a cosine decay
with a 5-epoch warmup period. As a loss function, we use
cross-entropy loss with label smoothing [65] of 0.1. For
further regularization, we applied stochastic depth [26] with
a drop path rate of 0.2, following the fine-tuning strategy
from [24]. We used a batch size of 128 and fine-tuned the
models using a single NVIDIA A100 GPU.

4.3. Results

The results for fine-tuning using the full DAPLanktony ap
dataset are presented in Table 3. The table shows the ac-
curacies for all three pretrained models for all three parti-
tions of the dataset. The results show that when using a
large amount of training data for fine-tuning, there are no
significant differences in accuracy between the pretraining
approaches. This indicates that pretraining a ViT-L with a
diverse plankton dataset does not provide a notable benefit
compared to a model pretrained with ImageNet-1K, when
enough labeled images in the target dataset are available.
However, it should be noted that ImageNet-1K is 3-4 times
larger than the used combinations of plankton datasets, im-
plying that a smaller amount of data is sufficient for pre-
training if it consists of plankton images. Moreover, in real
plankton recognition applications, a large amount of labeled
data for the target dataset is often not available, and the goal
is to minimize the required labeling efforts. Therefore, it is
more interesting to study the ability of the pretrained mod-
els to learn from a small number of labeled images.

In addition to evaluating the models with the full dataset,
we experimented using only small subsets of labeled data.
We run three different experiments for each model, utiliz-
ing only 1%, 5%, and 10% of training data for fine-tuning.
To maintain class representation even in the smallest sub-
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sets, we ensured a minimum of one sample per class in
each experiment. The details of these dataset subsets for
both DAPlankton; o and DAPlanktongga are presented in
Table 4.

Table 3. Accuracy (in %) for full fine-tuning for DAPlanktony ag.

Model IFCB CS FC

99.29+0.13 98.49+023 98.18+0.13
99.27+0.20 98.42+030 9835+0.11
99.32+0.18 99.01+£0.09 98.21+0.19

ViT-L (imagenet)
ViT-L (no-daplankton)
ViT-L (with-daplankton)

Table 4. Number of labeled samples across DAPlankton; ag and
DAPIlanktongga subsets.

1% 5% 10%
Dataset Per Class Total | Per Class Total | Per Class  Total
DAPIlankton; o
IFCB 6-9 104 34 -46 555 68-93 1,115
CS 4-8 82 20-43 489 41-87 888
FC 1-17 113 9-89 598 19-178 1,204
DAPIanktongga
IFCB 1-83 344 1-417 1,740 | 3-835 3,495
CS 1-37 95 1-185 430 1-370 862

Results for DAPlankton; o are shown in Figure 4 for
all three imaging instruments. The results show that the
MAE models pre-trained with plankton data achieve strong
performance even with limited labeled data, clearly out-
performing ViT-L pretrained on ImageNet. For example,
the model pretrained on all plankton data, ViT-L (with-
daplankton), obtained 97% recognition accuracy on the
IFCB subset with only 6-9 labeled training images per
class. ViT-L (with-daplankton) outperforms other pretrain-
ing strategies as expected. However, it should be noted that
this model has seen the images, albeit without the labels,
in the target dataset during pretraining, giving it an advan-
tage over the corresponding models. This corresponds to a
scenario where the target dataset is available during the pre-



training stage, allowing the model to be exposed to the en-
tire testing distribution during self-supervised pretraining.

The model pretrained on all plankton data except DA-
Plankton, ViT-L (no-daplankton), provides a more realis-
tic scenario where pretraining is done only once, and the
model is fine-tuned to target datasets that were not avail-
able during pretraining. As can be seen from the results,
this model still clearly outperforms the ViT-L model pre-
trained on ImageNet-1K across all imaging instruments, es-
pecially when only 1% of the training data is used. The
confusion matrix with class-specific accuracies is shown in
Figure 5, where only 1% of the FC data is used. The results
indicate that ViT-L. (no-daplankton) achieves significantly
higher class accuracies and exhibits less confusion overall.
In contrast, ViT-L (ImageNet) performs well on only a sub-
set of classes, and it struggles to distinguish between visu-
ally similar categories.
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Figure 5. Confusion matrices for ViT-L (ImageNet) and ViT-
L (no-daplankton), evaluated on 1% of labeled FC data from
DAPIlankton ag.
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Figure 6. Mean accuracy and standard deviation for
DAPlanktonsga across different labeled data subsets.

Results for fine-tuning with the DAPLanktonggs are
shown in Figure 6. The results show that ViT-L (with-
daplankton) obtains the best results, followed by ViT-L (no-
daplankton) and ViT-L (imagenet). The performance dif-
ference is more notable in the CS subset, likely due to
its higher class imbalance. Additionally, ViT-L (imagenet)
tends to predict the most common classes and fails to gener-
alize well, resulting in lower accuracy. Overall, the results
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obtained with DAPIlankton; og and DAPlanktongga demon-
strate the benefit of creating custom pretrained models for
plankton recognition, especially if only a small amount of
labeled data is available. We have made our pretrained mod-
els available for other researchers [30, 31].

5. Conclusion

In this paper, we studied the benefits of self-supervised
pretraining for fine-grained plankton recognition. We col-
lected a large and diverse plankton image dataset com-
prising 443,000 images by combining multiple publicly
available datasets captured with different imaging instru-
ments. Due to the varying species compositions and label-
ing practices, the class labels do not correspond between
the individual datasets, making the combined dataset un-
suitable for supervised training. Therefore, we applied self-
supervised learning using masked autoencoders to obtain
general-purpose plankton image encoders.

We evaluated the obtained pretrained encoders by fine-
tuning them for plankton recognition on individual datasets
with varying amounts of labeled data. When a large amount
of labeled training data was used for fine-tuning, the cus-
tom pretrained models did not provide a significant benefit
over standard ImageNet pretraining. However, when only a
small number of labeled training images was used for fine-
tuning, the models pretrained on plankton data showed con-
siderably higher recognition accuracy compared to the Ima-
geNet encoder. This highlights the advantages and potential
of custom-pretrained models for the fine-grained recogni-
tion of plankton images. The model that had access to the
unlabeled target data showed the highest recognition accu-
racy, suggesting that it is beneficial to repeat the pretraining
before analyzing new datasets when possible. Nevertheless,
the custom model that did not include target data during
pretraining also showed very promising results, indicating
that self-supervised learning enables the models to learn ef-
ficient and general plankton image representations. The re-
sults demonstrate that self-supervised learning has the po-
tential to significantly reduce the need for manual labeling
of plankton images by experts.
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