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Abstract

In situ plankton imaging complements classical sampling approaches by obtaining observations of plankton composition and traits
at finer spatial and temporal resolutions. These imaging techniques can provide valuable ecological insight and are also notorious
for generating a massive volume of images that require classification to generate quantitative data. Automating image segmentation
and classification can accelerate data extraction; however, the high diversity and uneven distribution of plankton taxa, variation in
image characteristics obtained from different imagers, and limited availability of human classification expertise present challenges to
development of user-friendly and universally accepted image processing and classification tools. Differences in desired taxonomic or
trait resolution, classifier performance, and spatial variability in community composition often necessitate the development of tailored
automated classifiers for specific cases. This customization typically requires expertise in computer vision and machine learning that
many ecologists do not acquire through traditional training. In this paper, we review the plankton imaging and classification workflow
and present two case studies for a plankton ecology audience. We emphasize Convolutional Neural Network (CNN) classifiers and
demonstrate strategies to address common challenges in image classification using semiautomated classification and unsupervised
learning approaches. The overarching aim is to provide practical guidance for ecologists and encourage broader adoption of in situ

plankton imaging in ecological research.
Keywords: image classification; plankton; computer vision; deep learning

Introduction

In situ plankton imaging and traditional sampling methods,
such as nets or water samples, have different advantages and
limitations that complement one another in terms of spa-
tiotemporal coverage and characterization of plankton com-
munity composition. Imagers can sample at a higher spa-
tiotemporal resolution, provide observations of particle orien-
tation and morphology, and capture particles that are missed
by nets or destroyed during sample collection or preservation
(Culverhouse et al. 2006, Ohman 2019, Orenstein et al. 2022).
On the other hand, imagers tend to sample a much smaller
volume and typically produce two-dimensional images that
may limit taxonomic resolution and estimation of plankton
biovolume (e.g. Culverhouse et al. 2006). The advantages of
plankton imaging have long been acknowledged (Davis et al.
1996); however, widespread use of this sampling method was
hindered for decades by limited availability of image acqui-
sition systems and accessibility to computer vision solutions
that automate image sorting (Benfield et al. 2007). Commer-
cialization of imagers and development of publicly available,
powerful, and relatively user friendly image classification soft-
ware have facilitated greater use of plankton imaging for re-
search and monitoring purposes (Irisson et al. 2022). In turn,
plankton imaging dataset availability and publications have

increased substantially over the last two decades (Irisson et al.
2022, Ciranni et al. 2024).

In situ plankton imaging presents the challenge of obtaining
ecologically relevant data products (e.g. taxa- or trait-specific
counts) from large quantities of raw image data (Benfield et al.
2007). Automated methods for extracting Regions of Interest
(ROIs, i.e. cropped areas, each containing at least one imaged
object) from full-frames and subsequent image classification
reduce human effort in the process (Irisson et al. 2022). By au-
tomating ROI acquisition and sorting, biases in image sorting
(Culverhouse 2007) can also be reduced. Supervised machine
learning, including feature engineering and deep learning ap-
proaches, are commonly used to speed up image classification
by building a model from a training set to predict the class of
unlabeled images (Gonzélez et al. 2017).

The feature engineering approach is dependent on a human
selecting image features that are appropriate to the classifi-
cation task (Gorsky et al. 2010). This approach can be effi-
cient and elegant but requires expertise in feature selection
(Chollet et al. 2022). In contrast, the deep learning approach
utilizes Convolutional Neural Networks (CNNs) to automat-
ically learn important image features and make predictions
based on them (LeCun et al. 2015). Advances in performance
of deep CNNs were made in the 2010s, which facilitated their
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broader adoption in computer vision (LeCun et al. 2015) and
classification of plankton images (reviewed by Irisson et al.
2022, Rubbens et al. 2023, Ciranni et al. 2024). The bene-
fit of automatically obtaining learned features comes with a
cost of increased human and computational effort because
deep CNNs require large quantities of labeled images when
trained from scratch (e.g. Luo et al. 2018, Ellen and Ohman
2024). This problem can be addressed with use of “transfer
learning”, in which a CNN trained on a different set of im-
ages is adapted for a new classification task. Transfer learning
can, therefore, leverage the power of CNNs for applications
with limited training data (Rubbens et al. 2023, Ciranni et
al. 2024) and is commonly used in marine science and plank-
ton research (e.g. Campbell et al. 2020, Le et al. 2022). In
addition to transfer learning, the significant human labeling
effort associated with building training sets can be reduced
by using clustering methods to identify groups of images with
similar features (Pastore et al. 2020, Schroder et al. 2020) or
semisupervised learning approaches that utilize unlabeled and
labeled images during training (e.g. Schanz et al. 2023).

As pointed out by Irisson et al. (2022), ecologists typically
do not have formal training in image processing and machine
learning techniques, and this may limit implementation of au-
tomated image classification methods in the field of plank-
ton ecology. Many publications that address classification of
plankton images are either broad in their scope with less em-
phasis on practical guidance for image classification method-
ology (e.g. Lombard et al. 2019, Goodwin et al. 2022, Irisson
etal. 2022, Malde et al. 2020, Rubbens et al. 2023) or include
a high degree of technical detail and are published in computer
vision or machine learning journals (e.g. Ciranni et al. 2024,
Eerola et al. 2024). The goal of this paper is to provide an
overview of the general image classification framework and
examples of its implementation to a plankton ecology audi-
ence.

Automated classification of plankton images is an active
field of research with a diverse suite of methods that vary in
their level of sophistication (e.g. Ciranni et al. 2024). While
this precludes a detailed set of guidelines for best practice,
there are overarching concepts and common challenges rel-
evant to classification of plankton images regardless of the
exact methodology (Eerola et al. 2024). In this paper, these
concepts and challenges are presented in the context of the
generalized plankton image analysis workflow with a focus
on application of CNNss for image classification. The practical
value and flexibility of this framework is also demonstrated in
two case studies, highlighting the potential of plankton imag-
ing methods to accelerate discovery and deepen ecological in-
sight in diverse research contexts.

Overview of the supervised image
classification workflow

Generating data from images of plankton via machine clas-
sification (e.g. “the plankton quantitative imaging process,”
Irisson et al. 2022) involves several steps, which are described
in the following subsections: (1) image acquisition, segmenta-
tion, and preprocessing; (2) image annotation; (3) automated
classification; (4) performance evaluation; and (5) (if neces-
sary) improving classification performance to achieve research
objectives (Fig. 1).

In practice, this process is typically iterative rather than
strictly sequential (Fig. 1). For example, classifier training
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in the machine learning step may reveal issues with image
quality or consistency of human labeling, necessitating ad-
justments to image preprocessing or annotation. Evaluation
of classifier performance often identifies misclassifications or
low-confidence predictions, requiring additional refinements
to the annotated image set or model parameters. This cycle of
refinement continues until performance reaches an acceptable
level for the research objective, ensuring accurate and reliable
quantitative data products.

There are alternative approaches to image classification
that do not fit within the framework described herein and are
beyond the scope of this paper. For example, You Only Look
Once (YOLO, Redmon et al. 2016) and Single Shot Multi-
box Detector (SSD, Liu et al. 2016) carry out simultaneous
object detection and classification from input images that can
contain multiple objects (see Ciranni et al. 2024). In addition,
“zero-shot learning” approaches utilize semantic information,
such as human-defined attributes (e.g. Li et al. 2023) or nat-
ural language descriptions (e.g. Huo et al. 2025) to predict
classes that are absent in the training set.

Acquisition, segmentation, and preprocessing
Plankton imagers vary in their optical method (e.g. dark or
bright field illumination, shadowgraph), sampling rate, sam-
pling procedure (pumped or open path imaging), and deploy-
ment mode (fixed, profiling, towed) (Lombard et al. 2019).
The optical method and camera specifications determine fun-
damental characteristics of the images, including the field of
view, resolution, pixel pitch, contrast, and color (Lombard et
al. 2019, Eerola et al. 2024, Ellen and Ohman 2024). Differ-
ent instruments can, therefore, produce images of the same
individual plankter but with different features, which poses
a challenge for development of classifiers that can effectively
utilize plankton images acquired from different instruments
(Ciranni et al. 2024, Eerola et al. 2024).

After image acquisition, ROIs are extracted from the larger
image frame containing the camera’s full field of view. Im-
age segmentation is typically automated (e.g. Bi et al. 20135,
Panaiotis et al. 2022), although manual segmentation com-
bined with annotation is also used in some cases (e.g. Richards
et al. 2019). The choice of segmentation method and param-
eterization directly influence the number and quality of ROIs
obtained, affecting attributes such as intensity and sharpness.
Ideally, segmentation should be optimized to capture ROIs
with desirable attributes while minimizing the inclusion of
non-target regions, thereby minimizing images belonging to
nuisance classes, such as blurry images or artifacts. This can
be achieved by refining the segmentation algorithm (Luo et
al. 2018, Panaiotis et al. 2022). Images belonging to nui-
sance classes increase data storage requirements, computa-
tional load during training, annotation effort, and class im-
balance, potentially degrading classification performance for
target classes.

It may also be necessary to preprocess full frame images to
minimize the number of images in nuisance classes (Panaiotis
et al. 2022) or to preprocess ROIs to improve automated clas-
sification performance (e.g. noise reduction, Bi et al. 2015).
When using CNN classifiers, ROIs are usually preprocessed
prior to automated classification to ensure compatibility with
the classifier or preserve aspect ratio (Campbell et al. 2020, Li
and Du 2022, Ellen and Ohman 2024). CNN architectures re-
quire image inputs with specific dimensions; therefore, images

920z AInf 01 U0 1s9nB AQ £90G 1 48/Z | Z4es)/L/£8/al0Ie/SWISelWoo"dno-oiwapese//:sdny Wwoly papeojumoq



Guidance on automated sorting of plankton images

Raw Data
Segmentation
Base Model
ROls
Pre-trained Model
Training set
Trained Model

Testing set
Adjust Auto-classification
hyperparameters e
and training data Predictions

on Test set

Approve model
based on performance

Optimized Model

Predictions on study data

Classified Data
Product

Figure 1. Schematic of supervised learning process for classification of plankton images.

are resized before they are introduced to the classifier, poten-
tially resulting in information loss and distortion. To preserve
aspect ratio, the image objects can be made square prior to re-
sizing by “padding” with additional pixels consistent with the
images’ background (e.g. Plonus et al. 2021, Ellen and Ohman
2024). Image padding is not required and may not always
improve classification performance (Lumini and Nanni 2019,
Kerr et al. 2020, Schanz et al. 2023).

Annotation

Supervised machine learning requires a set of images that has
been annotated with class labels. The labeled images are used
to train the classifier and evaluate its performance. Images
may be labeled based on taxonomy or traits. Trait groupings
may be used to address trait-based research questions or im-
prove classification performance by reducing intra-class varia-
tion (e.g. “Appendicularia” and “Appedicularia_with_house”
classes, Plonus et al. 2021). Obtaining a set of images that has
accurate labels and is representative of the population of un-

labeled images is crucial for accurate automated classification
(e.g. Gonzalez et al. 2017).

A large number of images may need to be labeled to train
the classifier (e.g. Luo et al. 2018, Ellen and Ohman 2024).
At the same time, minimizing error in manual labeling re-
quires human expertise in plankton taxonomy and consen-
sus among experts (Culverhouse 2007). These logistical con-
straints limit the size of the annotated image set, posing a ma-
jor challenge in automated image classification in marine ecol-
ogy (e.g. Richards et al. 2019, Kenitz et al. 2023, Eerola et al.
2024, Ciranni et al. 2024). Freely available tools facilitate hu-
man interaction with the images by providing a platform for
browsing and labeling images, collaboration among multiple
classification experts, and export for classifier training (e.g.
Langenkdmper et al. 2017, Picheral et al. 2017).

Ideally, the training set should be constructed in an unbi-
ased way so that the frequency of images among classes and
the features associated with each class are consistent between
labeled training and unlabeled image domains (Gonzalez et
al. 2017, Orenstein et al. 2020, Eerola et al. 2024, Ellen and
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Ohman 2024). This can be accomplished by randomly sam-
pling and labeling ROIs from the overall dataset. The resulting
frequency of images among classes is often unbalanced, and
images belonging to rare classes may be missed entirely. This
can be problematic because features from dominant classes
contribute more to the optimization procedure in the process
of training the classifier. Consequently, classifier performance
is typically lower for classes with less representation in the
training set (e.g. Schanz et al. 2023).

More images belonging to non-dominant classes may need
to be labeled to deal with class imbalance. Since it is difficult
to visually locate instances of rare classes in a large set of un-
labeled ROIs, methods have been developed that can help to
“rebalance” an annotated image set. For example, anomaly
detectors can be used to identify images belonging to rare-
classes (e.g. Pastore et al. 2020), and a larger training set can
be built out from an initially limited set using an iterative “ac-
tive learning” method (Bochinski et al. 2018). In this method,
(1) a classifier is trained and used to obtain predictions; (2)
images are added to the training set only if they were auto-
classified with low confidence; and (3) the updated training
set is then used to re-train the classifier (Bochinski et al. 2018).
Both anomaly detection and active learning are featured in
Case Study 2.

In standard CNN algorithms, the classifier outputs a prob-
ability score for each class for each image input (e.g. LeCun et
al. 20135, Faillettaz et al. 2016). The probability scores can be
used to evaluate classifier confidence, and the class with the
highest probability score is typically assigned as the categori-
cal prediction. Rebalancing the annotated image set comes at
the cost of potentially introducing a domain shift in class fre-
quency between labeled training and unlabeled target images,
resulting in classifier bias (e.g. Gonzalez et al. 2017, Orenstein
et al. 2020). Schanz et al. (2023) adjusted probability score
outputs to address bias introduced from rebalancing of the
training set using a Bayesian correction.

Automated classification

During training, CNN weights (i.e. adjustable parameters) are
“learned” such that classification performance is optimized by
minimizing loss, a measure of prediction error as defined by
the loss function (also referred to as an objective function, Le-
cun et al.2015). In supervised learning for image classification,
loss is derived from the model predictions and labels in an-
notated image sets reserved for training and validation. Both
loss and accuracy are typically computed and reported dur-
ing training iterations. High training accuracy and low vali-
dation accuracy indicate model overfitting. Several techniques
can be used to avoid overfitting and improve generalization,
including the use of image augmentation and implementation
of regularization techniques such as weight regularization and
dropout (Chollet et al. 2022).

The typical supervised machine learning process includes
designing or selecting and modifying an existing CNN archi-
tecture, setting hyperparameters (i.e. model parameters that
are set initially and not updated during training), and train-
ing. The process is iterative and may involve updates to the
annotated dataset, CNN architecture, and tuning of hyper-
parameters (Wojciuk et al. 2024) to increase model perfor-
mance and efficiency (Fig. 1). A key hyperparameter is the
learning rate, which influences the extent to which weights
are adjusted in each iteration of the optimization process.

Sorochan et al.

Increasing the learning rate can decrease the time to con-
vergence, but this can also introduce instability and prevent
convergence altogether (Bartz et al. 2023, Ellen and Ohman
2024).

CNN architectures and associated weights obtained from
pretraining on large training sets including ImageNet (Deng
et al. 2009) are freely available (e.g. Lumini and Nanni 2019,
Eerola et al. 2024). Image features relevant to differences
among specific plankton classes can be subsequently obtained
from further training with plankton images. The use of es-
tablished CNN architectures and transfer learning is a practi-
cal and powerful way to address problems associated with a
limited number of annotated images and limited expertise in
CNN architecture design. Strengths of different CNN archi-
tectures can be combined in an analysis using an ensemble of
CNN architectures (Ellen et al. 2019).

Pretraining with unsupervised, contrastive learning has
been demonstrated to improve classification performance
when labeled images are scarce (Chen et al. 2020a, Chen et al.
2020b, Schanz et al. 2023). In contrastive learning, image aug-
mentations (i.e. transformations such as cropping, flipping,
color jitter, and rescaling) are introduced, one for each image
(Chen et al. 2020Db). In this method, loss is minimized when
similarity between the original image and its augmented pair
is higher than between the original image and an unrelated
pairing. The basic premise of contrastive learning is that the
network’s output should differ for different images but should
remain the same between augmented variations of an image.
Hence, the network learns features of an image which are in-
variant under the introduced augmentations, and the choice of
augmentations thus impacts which features are learned as “es-
sential” to an image. Ultimately, the CNN is initialized with
weights obtained from contrastive learning and then further
trained with labeled plankton images for classification. The
use of these unsupervised and supervised methods together is
referred to as semisupervised machine learning and is utilized
in Case Study 2.

Performance evaluation

The performance of a classifier is best evaluated by examin-
ing its predictions on labeled images in a test set that the clas-
sifier has not been exposed to during training (Fig. 1). Key
metrics that are used to evaluate the performance of an au-
tomated classifier include recall, precision, F1 score, and ac-
curacy (Goodwin et al. 2022, Orenstein et al. 2022, Olden-
burg et al. 2023, Ciranni et al. 2024). These metrics, as well
as the overall performance of a classifier, can be visualized by
plotting a confusion matrix (Fig. 2). The confusion matrix fa-
cilitates visualization of the complete record of model perfor-
mance by mapping the true positives (TP), false positives (FP),
and false negatives (FN) for each class.

Recall and precision are calculated from TP and FP or FN
as follows:

Recall = TP/ (TP + FN) (1)

Precision = TP/ (TP + FP) (2)

Recall measures the ability of a classifier to predict the class
that matches the true label; high recall is a result of low FN
(Eg. 1). On the other hand, precision measures the ability of
the classifier to exclude instances in which the predicted class
does not match the true label; high precision is a result of low
FP (Eq. 2). Ideally, a model would be characterized by high
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recall and precision; however, reducing FN often comes at the
cost of increasing FP (e.g. Goodwin et al. 2022). When eval-
uating classification performance, the relative importance of
recall and precision may vary according to the research ob-
jectives. Precision may be emphasized in species distribution
modeling or habitat suitability studies because FPs result in in-
correct characterization of class presence. Recall may be em-
phasized in studies where it is important that the detection of a
class is not missed, such as the detection of invasive species or
rare but important ecological indicators; however, human ef-
fort would likely be required to confirm TPs. Studies that aim
to accurately quantify plankton concentration would require
both high precision and recall; however, recall may be priori-
tized for dominant classes if contamination by less abundant
classes occurs within an acceptable level.

The F1 score is a common metric of classifier performance,
defined as the harmonic mean of recall and precision:

F1 = (2 « Precision * Recall) / (Precision 4 Recall) ~ (3)

Another common metric is accuracy. Overall accuracy is the
ratio of TP to total number of observations, N:

Accuracy = ZTP/N (4)

In binary classification (including “one versus all,” class-
specific scenarios), accuracy is computed as follows:

Accuracy = (TP + TN) /N (5)

In both cases, accuracy represents the sum of the diagonal
of the confusion matrix divided by the number of observa-
tions. Overall accuracy (Eq. 4) can be misleading if there is
strong imbalance in the number of image objects among cat-
egories, because this metric will not reflect misclassification
of rare categories. Plotting confusion matrices and evaluating
class-specific recall, precision, F1, and accuracy (Eq. 5) pro-
vides a comprehensive understanding of classifier efficacy.

Improving classification performance

If the classifier performance is not satisfactory for the research
objective, additional measures are required to reduce the num-
ber of classification errors. Automated classification could be
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used solely to increase the efficiency of manual validation of
the entire unlabeled image set (e.g. Gorsky et al. 2010) at the
potential cost of substantial human effort. Alternatively, pre-
dictions could be visually verified and FP instances removed
from the analysis (Bi et al. 2015) or instances with probability
score outputs below a threshold could be removed from the
analysis (Faillettaz et al. 2016, Luo et al. 2018, Campbell et al.
2020). Both of these methods aim to improve precision at the
cost of losing information. Excluding images with relatively
low probability scores reduces recall and may result in exclu-
sion of rare classes (Plonus et al. 2021, Oldenburg et al. 2023).
If rare classes are of particular interest, it may be advanta-
geous to accept and manually verify instances where the class
of interest appears within the top-k predicted classes, rather
than relying solely on the top-1 prediction (i.e. k = 1, Plonus et
al. 2021). Additionally, classification probability scores can be
used to prioritize manual verification efforts, focusing verifi-
cation on images associated with lower confidence predictions
(see Case Study 1). While this approach can enhance both re-
call and precision, it may also lead to a significant increase in
manual verification workload.

The use of probability score predictions for decision making
in image classification pipelines (Luo et al. 2018, Plonus et al.
2021, Bochinski et al. 2018, Conradt et al. 2022, Oldenburg
et al. 2023) implies that probability scores are effective indi-
cators of classifier confidence. A classifier is “well-calibrated”
if it correctly quantifies the confidence associated with its pre-
dictions (Silva Filho et al. 2023). For example, in binary clas-
sification, an image assigned a probability score of 0.7 for the
class “diatom” and 0.3 for the class “not diatom” should actu-
ally be a diatom 70% of the time. Calibration can be checked
by comparing predicted and empirical probabilities in a sam-
ple of images (Silva Filho et al. 2023), such as a test set. Since
classifier calibration influences the frequency distribution of
predicted probability scores, it may be useful to examine cal-
ibration when applying probability score thresholds (as de-
scribed above). Note that classifiers that exhibit high classifi-
cation accuracy are not necessarily well-calibrated (Guo et al.
2017).

Case studies

In this section, two case studies highlight different plank-
ton imaging applications and associated image classification
methods in the context of the framework described above.
While the above framework provides an overview of the gen-
eral image acquisition and automated classification proce-
dure, these case studies provide examples of decisions that are
made in practice based on the acquisition method, research
question, and available resources.

Case study 1: classification of mesozooplankton
images to characterize the prey field of the North
Atlantic right whale, Eubalaena glacialis

Background

The objective of this case study was to demonstrate a semiau-
tomated image classification scheme for sorting iz situ images
of mesozooplankton with the research goal of characterizing
the prey field of the endangered North Atlantic right whale,
E. glacialis. Specifically, the primary research objective was to
quantify the concentration and depth of aggregations of late-
stage Calanus spp. copepods (e.g. Sorochan et al. 2023, John-
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son et al. 2024). Calanus spp. are abundant in the western
North Atlantic (Pepin et al. 20135), have a relatively large body
size (several millimeters in length) and high capacity for lipid
storage (Lee et al. 2006), and are an important food source
for higher trophic levels including E. glacialis (e.g. Pershing
and Stamieszkin, 2020). A secondary objective was to exam-
ine potential for other abundant zooplankton taxa to supple-
ment the diet of E. glacialis. It was, therefore, necessary to sort
images of mesozooplankton into multiple classes.

Acquisition

In situ images were captured with a SeaScan Inc Digital Auto
Video Plankton Recorder (DAVPR) from 27 deployments in
the southern Gulf of St. Lawrence, Canada, in June 2022
(Johnson et al. 2024). The DAVPR captured full frame im-
ages at a frequency of 20 Hz and logged images and asso-
ciated Conductivity-Temperature-Depth data internally. The
DAVPR camera (SVS-Vistek Charge-Coupled Device camera,
model ECO285CVGE) provided color images with an optical
field of view of 41.1 x 30.7 mm (“S3” optical setting) and res-
olution of 1392 x 1040 pixels. lllumination was provided by
a strobe positioned opposite the camera. In each deployment,
the DAVPR was repeatedly lowered and raised to within ~5 m
of the seafloor and 3 m of the surface at a wire speed of 0.5 m
s~! while the vessel was stationary.

ROIs were extracted from the full frames with image seg-
mentation software developed for the DAVPR data processing
stream (AutoDeck, SeaScan Inc). ROIs were identified and ex-
tracted using thresholds for intensity, focus, and SD of high
frequency content. The values of these thresholds were se-
lected to optimize the number of manually identifiable ROIs of
large copepods (i.e. clearly defined individuals with high pixel
intensity) while reducing the number of manually unidenti-
fiable out-of-focus ROIs (i.e. blurry images). This was done
by extracting ROIs from the same subset of deployments but
with different threshold settings. Ultimately, the thresholds de-
termine the number of ROIs in the image data set, their dis-
tribution among classes, and the associated imaged volume.
The settings used corresponded to an imaged volume of 0.27
1 frame~'. The number of ROIs obtained across all deploy-
ments was 106392.

Annotation

Approximately 10% of the total number of ROIs (7 = 9646)
were sampled from the full image set and labeled by manually
sorting into class-specific folders. To obtain ROIs for annota-
tion, an equal number of ROIs was randomly selected from
each DAVPR deployment to ensure an unbiased representa-
tion of ROIs balanced among deployments. For each classifi-
cation category, 70% of the image objects were allocated to
classifier training and validation (of these, 80% training and
20% validation) and 30% to testing classifier performance
(Fig. 3).

In the annotation step, ROIs were sorted into 16 classes
with a minimum of 40 individuals per class (Fig. 3). Other
classes with < 40 images were assigned to the “plank-
ton_other” class. It was expected that the classifier would out-
put relatively low probability scores for the plankton_other
class, given that this class was characterized by inconsistency
in visual attributes among instances (e.g. Campbell et al.
2020). The plankton_other class was, therefore, intended to
be used to evaluate contamination of the 15 identified classes
by rare taxa.
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Figure 3. Annotated images used for training (grey) and testing (black) for each class. An example image for each class is shown in the inset. The
number associated with each image indicates its class. 1, partial_copepod; 2, headon_copepod; 3, blurry_copepod; 4, exoskeleton_copepod; 5, Calanus;
6, small_copepod; 7, polychaeta; 8, bubble; 9, polychaeta_2 (potentially polygordiid trochophore); 10, blurry; 11, cnidaria_ctenophora; 12, tentacle; 13,
marine_snow; 14, decapoda_zoea; 15, pteropoda. The scale bar in panel 5 of the inset corresponds to all images.

With the exception of plankton_other, the 15 classes were
defined based on taxonomy, visual attributes, or to distinguish
nuisance classes (i.e. blurry, bubble). In some cases, images
belonging to the same taxonomic group were separated into
multiple classes with the goal of reducing intra-class varia-
tion of visual attributes (e.g. polychaeta and polychaeta_2,
cnidaria_ctenophora, and tentacle) or to account for human
uncertainty in classification. For example, “ Calanus adjacent”
classes represented large copepods that were likely Calanus
spp., as the Calanus spp. taxon dominated large copepods in
associated plankton net samples (not shown), but could not
be classified with the same level of confidence. Individuals
that were (1) not oriented along their major axis of length
were labeled headon_copepod; (2) out of focus were labeled
blurry_copepod; and (3) partial objects not fully captured in
the field of view were labeled partial_copepod (Fig. 3).

For each class, a subset of the image objects was veri-
fied by at least two humans that included a zooplankton
ecologist and taxonomist. The three most abundant classes
were Calanus spp. copepods (Calanus, 35%), cnidarian or
ctenophore jellies (cnidaria_ctenophore, 11%), and detri-
tus (marine_snow, 10%). The three least abundant classes
included polychaeta_2, plankton_other, and decapoda_zoea
(all < 1%) (Fig. 3).

Automated classification

Automated image classification was done on a Dell Precision
5820 machine equipped with a NVIDIA RXT4000 GPU, 8
GB of GPU RAM, and CUDA software (v. 10.1). The Keras
deep learning Application Programming Interface was used
for automated classification in R (R Core Team 2020, Chollet
et al. 2022). Keras is built on top of the Tensorflow computing
platform (Chollet et al. 2022), and Keras (v. 2.4.0) and Tensor-
flow (v. 2.3.0) were run in a Python (version 3.8.5) session in
R. Interfaces to Keras and Tensorflow in R utilized the reticu-
late R package, which facilitates interoperability with Python
(Ushey et al. 2025).

The Inception v3 CNN architecture (Iv3, Szegedy et al.
2016) was used as the classifier. Transfer learning was em-
ployed by parameterizing the Iv3 CNN with weights obtained
from training on ImageNet (Deng et al. 2009). The final fully
connected layer was modified such that there were 16 out-
puts. A softmax activation function computed a classification
probability for each class and image, and automated classifi-
cations were determined by selecting the class for each image
with the maximum probability score assigned by the classifier.
Training was done over a total of eight epochs using the stan-
dard categorical cross-entropy loss function (e.g. Schanz et al.
2023). During training, only weights associated with the final
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Table 1. Hyperparameter values over which the CNN was evaluated. All
image augmentations (brightness, zoom, flip) were turned on and off
together

Hyperparameter Value

Image augmentation TRUE, FALSE
Learning rate 0.00025, 0.001, 0.004
Dropout 0.25,0.5

ReLU TRUE, FALSE

dense layer were updated, while the remainder of the weights
in the base model were frozen. Image objects were introduced
in batches of 32 such that there were 170 steps per epoch.
Prior to being introduced to the CNN, image objects were re-
sized to 299 x 299 pixels without cropping or padding, and
pixels were scaled to values between —1 and 1.
Hyperparameters of the CNN were tuned by training
with different options for learning rate, image augmentation,
dropout, and inclusion of a Rectified Linear Unit (ReLU) ac-
tivation function (Table 1). Both dropout and ReLU con-
tributed to sparce representation by zeroing elements in
the feature vector received by the final dense layer. The
dropout function zeroed values randomly to prevent overfit-
ting, whereas ReLU zeroed only negative values, introducing
non-linearity and allowing the network to learn complex pat-
terns efficiently (Chollet et al. 2022). All 24 CNN configu-
rations were evaluated and ranked by validation accuracy in
the final epoch of training using the R package tfruns (Allaire
2024). Training and validation loss recorded over the training

Sorochan et al.

history were then examined, and models that exhibited signs
of overfitting (e.g. Fig. 4) were disqualified.

The hyperparameters and their range of values were chosen
carefully. Learning rate was initially evaluated over values of
107%, 1073, and 10~2. However, all top ranking models were
characterized by learning rates of 1073 in preliminary tuning
exercises; therefore, the range was subsequently narrowed to
2.5 x 107%, 1073, and 4 x 1073. A dropout rate of 0.5 was
chosen (Srivastava et al. 2014), and a lower rate of 0.25 was
also allowed to account for potential cases in which a rate of
0.5 was too restrictive (Table 1). Augmentations of training
images (i.e. brightness, zoom, and flip) were visually exam-
ined, and the parameter ranges were selected to be consistent
with variations observed among images. In the tuning exer-
cise, all image augmentations were either turned on or off to-
gether. When turned on, brightness and zoom were augmented
by randomly selecting adjustments from an even probability
distribution with ranges of + 0.25 and + 0.2, respectively,
and images were also randomly flipped horizontally, vertically,
horizontally and vertically, or not flipped.

Performance evaluation

Of the 24 CNN configurations (Table 1), 5 were selected for
further analysis based on rank of validation accuracy and
training history (Fig. 4). The final CNN configuration (i.e.
CNN configuration 2, Table 2) was selected after examina-
tion of class-specific performance metrics (recall, precision, F1,
see Table 3) and confusion matrices derived from the test im-
age set. High recall of the Calanus class was prioritized at
the cost of lower precision and F1 (Table 3) to avoid loss
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Figure 4. Training history indicating changes in accuracy of predictions derived from training and validation sets over training iterations (i.e. epochs) in
which the classifier has cycled through all training images. The training history is shown for the final model configuration selected for image
classification (upper panel) and the same configuration but without dropout and image augmentation (lower panel), which resulted in overfitting.
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Table 2. Hyperparameter values for the top five CNN configurations.

CNN ReLU Learning rate Dropout Image augmentations

1 True 1x 1073 0.50 True

2 False 1x 1073 0.50 True

3 True 2.5 x 1074 0.25 True

4 False 2.5 x 1074 0.25 True

N False 2.5 x 1074 0.50 False

The CNN selected for image classification is indicated in bold.

Table 3. Performance of the top five CNN configurations on the test set.

CNN Average precision Average recall Average F1 score  Overall accuracy  Calanus precision  Calanus recall ~ Calanus F1
1 0.778 0.572 0.692 0.772 0.820 0.910 0.863

2 0.659 0.577 0.681 0.755 0.735 0.960 0.832

3 0.763 0.534 0.694 0.752 0.834 0.876 0.854

4 0.755 0.529 0.636 0.750 0.790 0.911 0.846

5 0.745 0.536 0.690 0.752 0.800 0.906 0.849

The average of precision, recall, F1 score and overall accuracy across all 16 classes are provided in addition to precision, recall, and F1 of the Calanus class.
The CNN configuration selected for image classification is indicated in bold.

of Calanus images to other classes. Images in the Calanus
class were far more abundant in the annotated set than most
other classes; therefore, loss of relatively small proportions
of Calanus could have large impacts on the precision of less
abundant classes. The final CNN configuration that was se-
lected had an overall accuracy (Eq. 4) of ~75%, and Calanus
recall and precision of 0.96 and 0.74, respectively (Table 3).

Improving classification performance

A semiautomated image classification approach was used
to achieve a performance standard (e.g. recall and preci-
sion > 0.9) higher than that of the top ranked automated clas-
sifiers (e.g. Table 3) to address project requirements for depth-
stratified and class-specific mesozooplankton concentrations.
This was done by manually verifying images with maximum
probability score outputs below a threshold value.

For each image object in the test image set, the chosen CNN
configuration (Table 2) was used to generate probability score
predictions for all classes, and the class with the maximum
probability score and the value of that probability score were
retained. A reliability plot derived from these predictions (Fig.
5) resembled an “overconfident classifier” (Silva Filho et al.
2023). For example, predicted maximum probability scores
between 0.2 and 0.4 were lower than the frequency of TP in
the test set and those between 0.5 and 0.9 were higher than
the frequency of TP in the test set. The distribution of maxi-
mum probability scores was strongly skewed, with more than
half of the scores > 0.9 (Fig. 5). Despite not being perfectly
calibrated, the reliability plot indicated a positive relation-
ship between maximum probability score and proportion of
TPs. Thus, manual verification of images based on probability
score thresholds would indeed focus human verification effort
where it is most likely to correct automated classification er-
rors.

The relationship between probability score threshold and
semiautomated classification performance (recall, precision,
and F1) on the test set increased in a linear or sigmoidal re-
lationship between thresholds of 0.25 and 1 (Fig. 6), and pre-
cision of the Calanus class increased linearly with the proba-
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Figure 5. Reliability plot derived from predictions on test image set (top
panel) and histogram indicating the frequency distribution of probability
scores (bottom panel). In the reliability plot, the stippled line indicates the
1:1 relationship.
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Figure 6. Relationships between class-specific evaluation metrics (recall, precision, and F1) and probability threshold for dominant classes in the test
image set. Automated classifications of images with maximum probability scores below the threshold were manually verified. For example, a threshold
of zero indicates all automated classifications were accepted without manual verification, whereas a threshold of 1 indicates no automated

classifications were accepted and all classifications were manually verified.

bility score threshold from a minimum of ~0.75. The appro-
priate value of the probability score threshold depends on the
performance standard and trade off with human effort. For
example, the percentage of images that required manual veri-
fication in the full population of images objects (i.e. 106 392)
increased linearly from probability score thresholds between
0.4 and 0.9, after which the rate increased substantially (Fig.
7). At a probability score threshold of 0.8, both recall and pre-
cision of the main classification categories were > 0.9 (Fig. 6),
and 43% of the image population would need to be manually
verified (Fig. 7). At a probability threshold of 0.9, precision
and recall were > 0.95, and 56% of the image population
would need to be manually verified. This level of manual ver-
ification (~50%) is intensive but not insurmountable, and it
has strong potential to produce high quality data for the dif-
ferent mesozooplankton (and marine snow) classes.

Summary—Case Study 1

A semiautomated classification method was demonstrated
that aims to achieve high precision and recall by accepting
automated classification of only those images classified with
confidence by the CNN. Transfer learning facilitated an ef-
fective use of a relatively small training set to obtain rapid
automated predictions from the CNN. To optimize CNN
hyperparameters, a tuning algorithm was implemented that
ranked 24 CNN configurations based on validation accu-
racy. Of these configurations, the top five that did not show
signs of overfitting were evaluated by a suite of performance
metrics and examination of confusion matrices. While sev-
eral candidate CNN configurations exhibited similar classi-
fication performance, the final classifier was chosen to priori-
tize recall within the Calanus class. Manual verification sub-
stantially improved precision of the Calanus class, but also
improved precision and recall of less abundant classes with
poor automated classification performance, notably larval
decapods (decapoda_zoea) and copepod exuviae (exoskele-
ton_copepod) (Fig. 8).

This workflow contributed to the quantification of vertical
distributions of late-stage Calanus spp. copepods in the south-

ern Gulf of St. Lawrence, producing information to identify
and characterize foraging habitat for E. glacialis in Canadian
waters (Johnson et al. 2024). Since the research objective re-
quired accurate estimates of Calanus spp. copepod concentra-
tions, there were particularly high standards of precision and
recall in the image classification step. For example, in Johnson
et al. (2024), a 0.9 probability threshold was used resulting in
manual verification of slightly more than half of the full set
of images. Practical use of the semiautomated classification
method is dependent on the extent of manual effort required.
This will depend on the number of ROIs in the full image set
and the proportion of these images that require manual veri-
fication, which varies with classifier performance, calibration,
and the performance standard of the user.

Case study 2: Classification of plankton images to
investigate community response to harmful algal
blooms in the North Sea

Background

The research objective of this case study was to assess the im-
pact of a Noctiluca scintillans (henceforth Noctiluca) bloom
on plankton community composition. Noctiluca is a non-
toxic, heterotrophic dinoflagellate whose massive blooms dis-
rupt ecosystems by reducing oxygen and increasing ammo-
nium and negatively impact fishing and aquaculture yields
(Rameshkumar et al. 2023). Noctiluca cells break easily in
nets, which poses a challenge for quantification of Noctiluca
dynamics using traditional sampling methods (Kordubel et
al. 2024a). In situ imaging can overcome this problem while
also quantifying spatiotemporal variation in morphological
traits exhibited among Noctiluca individuals (Kordubel et al.
2024a).

In the summer of 2022, high-resolution iz situ sampling of a
Noctiluca bloom was carried out off the German Coast of Hel-
goland, an island 60 km off the German Coast of the North
Sea (Fig. 9) and a known hotspot for Noctiluca blooms (Kor-
dubel et al. 2024b). This case study describes the approach to
classify plankton images from this dataset with emphasis on
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Figure 7. The relationship between the percentage of manual classification required for each probability threshold for the entire population of image

objects (n = 106 392).

identifying Noctiluca cells and large diatom chains. There was
also interest in extracting and assessing morphological traits
of Noctiluca through bloom progression. Image classification
methods were developed in the context of large unannotated
datasets acquired in the region (JERICO-RI COSNYA 2024),
where manual labeling of images is unfeasible.

Acquisition

The CPICS (CoastalOceanVision, Inc.) was used to capture
images of plankton sized > 200 um. The CPICS was deployed
in early June, late June, and early August of 2022 on a rosette
frame that profiled from 0 to 50 m depth to sample succes-
sive stages of a Noctiluca bloom event (Fig. 9a). The dataset
consisted of 26 CPICS deployments.

The CPICS is an automated iz situ imaging microscope with
an open flow design, providing dark field images of fragile or-
ganisms in their natural environment (Gallager 2019). Images
were captured with a 6 MegaPixel Point Grey Grasshopper3
camera with a bi-telecentric lens and 0.9x magnification. A
real-time frame rate recorded by the CPICS was used to calcu-
late the total volume sampled. With these settings, the CPICS
sampled a volume of 0.83 ml per full frame at an average of
13 frames per second, hence sampling at an average rate of
~10.75 mL s~!. Each frame (2736 x 2192 pixels) was anal-
ysed in real-time to detect and save ROIs exceeding thresholds
for area of consecutive pixels and pixel intensity. A total of
632529 ROIs were used in this study. Examples of ROIs in
predominant classes are shown in Fig. 9.
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Figure 8. Confusion matrices derived from predictions on the test image set for probability thresholds of 0 (0% manual classification, left panel) and 0.9

(56% manual classification, right panel).

(@) 54.25-

5420+ @ Station 2

S

o Helgoland
Z
o 54154 .
© Station 3@ Station 1
°
=
'..g 54.10- North Sea
-

54.051

54.00

780 785 790 795 8.0

Longitude (°E)

Figure 9: (a) Map of sampled stations. (b—g) Examples of images from Continuous Particle Image and Classification System (CPICS) belonging to
predominant classes: (b) Noctiluca, (c) Marine snow, (d) Diatom chain, (e) Ctenophore, (f) Pluteus larva, and (g) Copepod.

Annotation

An iterative active learning process was employed to generate
a labeled image set (Bochinski et al. 2018) for subsequent au-
tomated classification using the ResNet101 CNN architecture
(see Automated classification subsection of this case study).
This facilitated construction of a final set of images with class
labels that included adequate representation of most plank-
ton classes from a population of images with extreme class
imbalance (Fig. 10). In the image annotation step, a high-
performance computing (HPC) system and an open-source la-

beling platform (LabelStudio, Tkachenko et al. 2025) allowed
multiple plankton identification experts (three experts were
involved in the case study) to browse, filter, and label images
concurrently online.

In the active learning process, a subset of 6617 ROIs was
randomly selected from the larger image set and manually la-
beled. Twelve classes were identified from this subset, which
was used for CNN training (3022 images), validation (622 im-
ages), and testing (2973 images). In the initial labeled image
set, the classes Marine snow, Blurry, and Noctiluca occurred
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Figure 10. Comparison of the class distribution in the low confidence labels (green, probability score < 0.4, ~8000 images) and random subset labels
(orange, ~6000). Class distribution in the low confidence subset is much more balanced and more classes are represented, while the random subset
consisted of images predominantly assigned to Blurry, Marine Snow and Noctiluca classes.

far more frequently than other classes (Fig. 10). The CNN was
trained and used to generate predictions for the full image set
(i.e. ~6.3 x 10° ROIs), and images with a maximum proba-
bility score < 0.4 (8223 ROIs) were manually labeled. A prob-
ability score threshold of 0.4 was chosen to keep the size of
the “Low Confidence” labeled image set comparable to the
initial randomly selected subset. This resulted in a substantial
increase in the number of labeled images belonging to non-
dominant classes (Fig. 10). The updated and final annotated
set was composed of 12423 images, and 30% of these images
were withheld for performance evaluation.

Automated classification

The machine learning framework deployed in this study uti-
lized a semisupervised learning approach (Schanz et al. 2023),
in which computationally expensive and unsupervised pre-
training was followed by supervised fine-tuning. Three au-
tomated image classification methods were evaluated in this
case study: (1) supervised classification only (hereafter re-
ferred to as “supervised”); (2) supervised classification initial-
ized with CNN weights obtained from unsupervised pretrain-
ing on the entire set of ~6.3 x 10° images (hereafter referred
to as “semisupervised”); and (3) supervised classification with
initial CNN weights obtained from unsupervised pretraining

conducted in a previous study (Schanz et al. 2023, hereafter
referred to as “transfer learning”). In the transfer learning
method, the weights were derived from a smaller set of CPICS
images (on the order of 10°) acquired close to the site of the
Noctiluca bloom in this case study (Schanz et al. 2023). In all
three methods, optimization and use of fixed CNN hyperpa-
rameters were carried out as detailed in Schanz et al. (2023).
Machine classification was done using the ResNet101 CNN
architecture (He et al. 2016) and implemented with PyTorch
(Paszke et al. 2019), PyTorch Lightning (Falcon 2019), and
Hydra (Yadan 2019) and run on 2 nodes with NVIDIA Tesla
V100 GPUs.

In the supervised method, the ResNet101 CNN architec-
ture was used but without a pretraining step. In the semisu-
pervised and transfer learning methods, unsupervised pre-
training was carried out using SImCLR contrastive learning
(Chen et al. 2020a) on a ResNet101 backbone. During un-
supervised pretraining, the image augmentations were iden-
tical to those reported in Schanz et al. (2023); however, de-
coupled contrastive learning (Yeh et al. 2022) was used to
increase learning efficiency by reducing batch sizes relative
to typical contrastive learning (Chen et al. 2020a). During
pretraining, a batch size of 88 was used and the number of
epochs was limited to a maximum of 60. The learning rate
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was increased from O to 1 in the first 10 epochs and then
reduced back to 0 over the remaining epochs using cosine
decay.

After unsupervised pretraining, the SimCLR head (“feature
extractor” head) was replaced with a single, fully connected
softmax layer (referred to as “classifier head”), which allowed
for supervised fine-tuning and classification tasks to be car-
ried out. In the classifier head, a 2048-dimensional feature
vector was taken as input and a probability score for each
class in the labeled test set was output. During supervised
fine-tuning, a standard cross-entropy loss (e.g. Schanz et al.
2023) was minimized on labeled images, all CNN weights
were updated, and the number of epochs was limited to 1000
(Fig. 11).

Performance evaluation

Classification performance was evaluated by measuring the
overall accuracy (Eq. 4) on the withheld validation image set
during training (Fig. 11a,b) and conditional accuracy for each
class (Eq. 5) in the test image set (Fig. 11c). Semisupervised
and transfer learning methods exhibited similar model perfor-
mances (Fig. 11), indicating that the transfer learning method
can reduce computation and time demands of the pretrain-
ing step. In comparison to the supervised method, the semisu-
pervised and transfer learning approaches reduced the num-
ber of training epochs required to achieve peak performance
in agreement with previous work (Schanz et al. 2023). In
addition, the semisupervised and transfer learning methods
boosted overall accuracy (Fig. 11b) and were most effective
in increasing conditional accuracy of classes with ~100-1000
labels (e.g. Diatom chain, Copepods, Pluteus larvae, Chaetog-
naths, Jelly) (Fig. 11¢). For classes with > 1000 labels (e.g. Ma-
rine snow, Noctiluca and Blurry), semisupervised and trans-
fer learning methods exhibited more modest gains in condi-
tional accuracy, but still outperformed the supervised method.
The supervised method may be a viable option for classes
with abundant training data if it meets the performance stan-
dards of the associated research question. In all three methods,
conditional accuracies were very low for classes with < 100
labels (e.g. Acrania, Appendicularia, Cirripedia, Cladocera,
Dinoflagellates, and Malacostraca), and more training data
would be required to improve classification performance on
these rare classes.

Anomaly detection: exploring labeled images for trait identi-
fication and novel class detection

Anomaly detection can be a powerful tool for locating images
with features associated with morphological traits or classes
that are uncommon in the overall image set, ultimately im-
proving efficiency of the image annotation step (Schroder et
al. 2020, Pastore et al. 2020, Ciranni et al. 2024). In this
case study, feature vectors obtained from the CNN were used
to find clusters of images with similar morphological traits.
Specifically, feature vectors obtained from the pretraining fea-
ture extractor and classifier networks were analysed to iden-
tify “outlier” images, find clusters of images with similar char-
acteristics, and explore the utility for expanding libraries of
labeled images. An Isolation Forest algorithm was used to de-
rive anomaly scores from the feature vectors (Liu et al. 2012).
A strong positive anomaly score indicates the central position
of the image in a cluster in multidimensional feature space,
while a strong negative anomaly score indicates a peripheral
position. Analysis of the feature vectors obtained from unsu-
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pervised pretraining resulted in ~40 000 images (6% of the
full image set) with negative anomaly scores (Fig. 12a).

Separate analyses were conducted on feature vectors ob-
tained from the unsupervised pretraining feature extractor
head (2048 dimensional feature space) and the semisupervised
training classifier head (128 dimensional feature space) to ex-
plore the two feature spaces for outliers. The relative propor-
tion of images in the periphery or the center of the cluster
derived from both feature spaces were similar, but the clus-
ter composition was different. The anomaly scores associated
with images from the two feature spaces were correlated (Fig.
12b), but their differences reflected variations in image distri-
bution within clusters, particularly in their peripheries.

Class frequencies from subsets of 10 000 images of the high-
est and lowest anomaly scores were explored and compared
to class frequencies in the overall image set (Fig. 12e,f). The
high anomaly score subsets primarily consisted of the most
commonly occurring classes including Marine snow and Noc-
tiluca, while low anomaly score subsets contained a large
number of images in the Diatom chain, Blurry, or “clipped im-
ages” (i.e. ROIs containing partial objects). Notably, ~7500
images of the highest anomaly scores from the classifier
head were of Noctiluca in the process of phagocytosis (Fig.
12d,f), and ~5000 images of the lowest anomaly scores from
the unsupervised feature extractor were composed of di-
atom chains, predominantly belonging to the Odontella genus
(Fig. 12¢,e).

Summary—case study 2

In this case study, image annotation and classification steps
were implemented with the goal of minimizing manual image
labeling effort from an image set with extreme class imbal-
ance. The active learning process increased the number of la-
beled images in several classes and increased the total number
of classes from 11 to 18 in the final training set. The utility
of a simple outlier detection algorithm for discovery of image
groupings that share morphological traits was also examined.
This method can speed up the development of trait-based li-
braries by identifying images for batch labeling. Groups of
images with specific traits (e.g. diatom chains and Noctiluca
undergoing phagocytosis) were identified, facilitating reliable
classification of Noctiluca and their diatom prey and thereby
contributing to the research objective of characterizing fine-
scale spatiotemporal variation in Noctiluca concentration and
investigating its impact on plankton community composition.

Unsupervised contrastive learning improved overall and
conditional accuracies relative to the supervised-only method.
For example, by annotating just 2% of the total image set, a
92% conditional accuracy was achieved for Noctiluca from
the test image set and ~140 000 images classified as Noctiluca
were identified from the full image set. Inspection of 50% of
the images classified as Noctiluca and 15% of images classified
as diatoms confirmed that the classification accuracies met the
standards in this study. Conditional accuracies of ~80% were
achieved on classes with > 100 labeled images in the test set.
Very rare classes with < 50 images were classified with very
low conditional accuracies and too low to allow for reliable
analysis. In previous work, ~75% agreement was obtained
between multiple experts highlighting an inherent uncertainty
in both human- and machine-mediated classification (Culver-
house 2007, Schanz et al. 2023).
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Figure 11. Comparison of supervised only (yellow), semisupervised (blue), and semisupervised with transfer learning (magenta) on training (a) and
validation (b) accuracy. (c) Conditional accuracy for the various classes in the dataset using supervised only (yellow), semisupervised (blue) and

semisupervised with transfer learning (magenta) methods.

Discussion

The two case studies demonstrate methodological approaches
and techniques for overcoming challenges that arise in im-
age classification of plankton to ultimately achieve classifica-
tion performance deemed appropriate for respective research
objectives. While the case studies followed the general im-
age classification workflow reviewed herein, different meth-
ods were used in each study to address specific issues that
arose in response to the ROI acquisition method, computing
resources, and research objectives.

Case study 1 (CS1) highlighted a semiautomated method
for practical and accurate quantification of the vertical distri-

bution of copepods for characterization of the preyscape of a
marine mammal planktivore (E. glacialis). Transfer learning
facilitated rapid and effective automated classification with a
relatively small training set. Probability score thresholds were
used to balance strengths and weaknesses associated with au-
tomated prediction and human verification to achieve high
precision and recall on the test set. Case study 2 (CS2) high-
lighted the utility of semisupervised learning, which leverages
an unsupervised pretraining step (Chen et al. 2020a), for char-
acterizing plankton community responses to harmful algal
blooms. CS2 also highlighted active learning (Bochinski et
al. 2018) and anomaly detection (Liu et al. 2012) methods
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Figure 12: (a) Frequency distribution of anomaly scores from the 2048-dimensional feature space of the pretraining feature extractor over the entire
dataset (632529 images). (b) Correlation between anomaly scores from the feature extractor (y-axis) and classifier head (x-axis). (c) Example images
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classes in the entire dataset (green), high anomaly score subset (orange), and low scoring subset (blue) with scores generated from the pretraining
feature extractor (e) and fine-tuning classifier (f).
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that can increase efficiency of building annotated image li-
braries by locating images belonging to different classes, espe-
cially underrepresented classes. Ultimately, these methods can
be used to improve the ability of CNNs to accurately classify
diverse and highly imbalanced datasets.

Both CS1 and CS2 utilized deep CNN architectures (e.g.
Iv3 and ResNet) that have previously been shown to be ef-
fective tools for classifying plankton images (e.g. Lumini and
Nanni 2019, Campbell et al. 2020, Schanz et al. 2023). In CS1,
Iv3 was initialized with weights from training on ImageNet,
a repository of annotated nonplankton images (Deng et al.
2009), and only weights associated with the final fully con-
nected layer were updated during training on plankton im-
ages. This was done to quickly train a robust classifier with
a relatively small amount of training data. A higher perfor-
mance may be achieved by updating weights in additional
layers (e.g. Ellen and Ohman 2024) at the potential costs in-
creasing (1) the size of the annotated training set to prevent
overfitting; and (2) computation time associated with more
parameters being updated. In CS2, all CNN weights were up-
dated during training. Both case studies used ~10 000 images
for training and testing, but the number of epochs to reach
convergence in the supervised-only instance (no pretraining)
of CS2 was two orders of magnitude higher than CS1. While
it is not possible to isolate the cause of this discrepancy, the
larger number of training epochs required in CS2 was likely
at least in part due to the much larger number of parameters
that required optimization. The contrastive semisupervised
approach in CS2 reduced the number of epochs required to
reach convergence and substantially increased performance,
but only after an intensive contrastive learning pretraining
step, which utilized hundreds of thousands of images.

Another notable difference between the case studies was
that the class with the most images in the annotated set was
a class of special interest in CS1 (Calanus spp. copepods),
whereas that of CS2 was a nuisance class (blurry images). It
can be difficult to find a sufficient number of images belong-
ing to less abundant classes for generation of training, valida-
tion, and testing sets. This can result in strong class imbalance,
which is a major challenge in image classification tasks be-
cause underrepresented classes in the training set contribute
substantially less to training loss, ultimately resulting in re-
duced classification performance relative to dominant classes.
In CS1, the abundance of Calanus images in the samples re-
flected their abundance in the zooplankton communities of
the western North Atlantic (e.g. Pepin et al. 2015) and the
ability of the DAVPR to detect them. The number of blurry
images in CS1 was intentionally limited in the image segmen-
tation step. In contrast, in CS2, a strong emphasis was placed
on over-representing non-dominant classes and reducing the
total number of images that required human annotation.

Both case studies highlighted the use of CNN outputs in dif-
ferent aspects of the image classification workflow, including
feature vectors for anomaly detection and probability scores
for human annotation. The latter contributed to building the
training set in CS2 and verification of automated classifica-
tions in CS1. Probability scores may be misleading if obtained
from models that are not calibrated (Silva Filho et al. 2023);
therefore, it may be necessary to evaluate CNN calibration
and the frequency distribution of probability scores in certain
circumstances, as was done in CS1. While the Calanus class
was a focus of CS1, manual verification of images with prob-
ability scores < 0.9 also corrected poor automated classifi-
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cation performance of rare classes (e.g. decapoda_zoea, poly-
chaeta_2); however, more observations are needed to substan-
tiate this outcome as the sample size for these classes was low
in the test set.

It is important to note that classification performance of
both case studies cannot necessarily be extrapolated beyond
their test sets. In CS1, the derivation of classification perfor-
mance metrics associated with different levels of human ver-
ification (Fig. 6) assumed no human error in verification. In
reality, a certain level of human error is unavoidable (Culver-
house 2007), and human errors would need to be quantified
to accurately measure the performance of the semiautomated
method in practice. Moreover, evaluating only the test set (as
was done here for CS1 and CS2) does not account for bias that
can be introduced by spatiotemporal drift in class frequency
or class-specific features in the target image set (Gonzalez et
al. 2017, Orenstein et al. 2020, Chen et al. 2025). In CS2, re-
balancing the training set, as was done with the active learning
method, could introduce classification bias in practice through
its effect on the frequency of training images among classes
(Schanz et al. 2023).

Addressing drift between the training and target domains
was beyond the scope of the case studies in this paper; how-
ever, verification of the quality of quantitative data derived
from image-based sampling beyond the test set is crucial. A
qualitative or semiquantitative familiarization with the target
image set (pre and postclassification) can help to identify po-
tential for drift, and some human verification may be required
in order to quantify and adjust for drift of the target domain
from the test domain (e.g. Orenstein et al. 2020, Plonus et
al. 2021, Conradt et al. 2022). In addition to adjustments in
the classification processes, comparison of image-based data
products with parallel data streams from other plankton sam-
pling approaches can be used to validate or calibrate results
from image-based analyses (e.g. Benfield et al. 1996, Le et al.
2022, Ollevier et al. 2025).

Conclusion

Effective image classification approaches and techniques are
required to facilitate mainstream adoption of plankton imag-
ing and exploit its advantages. Automated image classification
is, therefore, not merely a technical innovation but a poten-
tially transformative tool for marine ecology. By addressing
current challenges such as class imbalance, human annotation
effort, and data shifts, researchers can maximize the value of
plankton imaging datasets, ultimately advancing capacity to
quantify variability in different aspects of pelagic ecosystems.
Approaches that minimize human effort in image classifica-
tion are crucial for efficiently quantifying variations in plank-
ton populations and communities, monitoring pelagic biodi-
versity, and detecting plankton responses to environmental
change. The latter includes early identification of organisms
that pose significant risks to marine ecosystems and human
health, such as harmful algal blooms.

This paper underscores the increasing importance of auto-
mated image classification in plankton research. In particular,
deep learning is a powerful tool to overcome challenges as-
sociated with manual image annotation and automated clas-
sification performance that contribute to the well-recognized
classification bottleneck in quantitative image-based studies.
Image classification of plankton is an active field of research
(Ciranni et al. 2024), and classification tools are being de-
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veloped that leverage millions of plankton images in a trans-
fer learning pipeline (e.g. Ellen and Ohman 2024). However,
many plankton ecologists will need to rely on smaller-scale
practical methodologies to provide timely deliverables with
limited resources in terms of hardware and personnel. Ex-
amples of such scenarios were given here in the form of the
two case studies that utilized CNNs to build training sets,
derive image features, and ultimately automate classification.
The use of methods tailored to address specific research ques-
tions at each step in the image classification process demon-
strates that satisfactory image classification performance can
be obtained by users with a variable level of resources in-
cluding computational power and expertise in computer vi-
sion. As image classification tools advance, future research
will benefit from a synergistic approach blending traditional
ecological expertise with state-of-the-art machine learning
techniques.
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