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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 di ver sity 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 uni ver sally 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. 
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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 
© The Author(s) 2026. Published by Oxford University Press on behalf of Interna
been written by employees of the Canadian Crown. This is an Open Access article
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ncreased substantially over the last two decades (Irisson et al .
022 , Ciranni et al. 2024 ). 
In situ plankton imaging presents the challenge of obtaining 

cologically relevant data products (e.g. taxa- or trait-specific 
ounts) from large quantities of raw image data (Benfield et al.
007 ). Automated methods for extracting Regions of Interest 
ROIs, i.e. cropped areas, each containing at least one imaged
bject) from full-frames and subsequent image classification 

educe human effort in the process (Irisson et al. 2022 ). By au-
omating ROI acquisition and sorting, biases in image sorting 
Culverhouse 2007 ) can also be reduced. Supervised machine 
earning, including feature engineering and deep learning ap- 
roaches, are commonly used to speed up image classification 

y building a model from a training set to predict the class of
nlabeled images (González et al. 2017 ). 
The feature engineering approach is dependent on a human 

electing image features that are appropriate to the classifi- 
ation task (Gorsky et al. 2010 ). This approach can be effi-
ient and elegant but requires expertise in feature selection 

Chollet et al. 2022 ). In contrast, the deep learning approach
tilizes Convolutional Neural Networks (CNNs) to automat- 
cally learn important image features and make predictions 
ased on them (LeCun et al. 2015 ). Advances in performance
f deep CNNs were made in the 2010s, which facilitated their
tional Council for the Exploration of the Sea. Elements of the work have
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roader adoption in computer vision (LeCun et al. 2015 ) and
lassification of plankton images (reviewed by Irisson et al.
022 , Rubbens et al. 2023 , Ciranni et al. 2024 ). The bene-
t of automatically obtaining learned features comes with a
ost of increased human and computational effort because
eep CNNs require large quantities of labeled images when
rained from scratch (e.g. Luo et al. 2018 , Ellen and Ohman
024 ). This problem can be addressed with use of “transfer
earning”, in which a CNN trained on a different set of im-
ges is adapted for a new classification task. Transfer learning
an, therefore, leverage the power of CNNs for applications
ith limited training data (Rubbens et al. 2023 , Ciranni et
l. 2024 ) and is commonly used in marine science and plank-
on research (e.g. Campbell et al. 2020 , Le et al. 2022 ). In
ddition to transfer learning, the significant human labeling
ffort associated with building training sets can be reduced
y using clustering methods to identify groups of images with
imilar features (Pastore et al. 2020 , Schröder et al. 2020 ) or
emisupervised learning approaches that utilize unlabeled and
abeled images during training (e.g. Schanz et al. 2023 ). 

As pointed out by Irisson et al. (2022) , ecologists typically
o not have formal training in image processing and machine
earning techniques, and this may limit implementation of au-
omated image classification methods in the field of plank-
on ecology. Many publications that address classification of
lankton images are either broad in their scope with less em-
hasis on practical guidance for image classification method-
logy (e.g. Lombard et al. 2019 , Goodwin et al. 2022 , Irisson
t al. 2022 , Malde et al. 2020 , Rubbens et al. 2023 ) or include
 high degree of technical detail and are published in computer
ision or machine learning journals (e.g. Ciranni et al. 2024 ,
erola et al. 2024 ). The goal of this paper is to provide an
verview of the general image classification framework and
xamples of its implementation to a plankton ecology audi-
nce. 

Automated classification of plankton images is an active
eld of research with a diverse suite of methods that vary in
heir level of sophistication (e.g. Ciranni et al. 2024 ). While
his precludes a detailed set of guidelines for best practice,
here are overarching concepts and common challenges rel-
vant to classification of plankton images regardless of the
xact methodology (Eerola et al. 2024 ). In this paper, these
oncepts and challenges are presented in the context of the
eneralized plankton image analysis workflow with a focus
n application of CNNs for image classification. The practical
alue and flexibility of this framework is also demonstrated in
wo case studies, highlighting the potential of plankton imag-
ng methods to accelerate discovery and deepen ecological in-
ight in diverse research contexts. 

verview of the supervised image 

lassification workflow 

enerating data from images of plankton via machine clas-
ification (e.g. “the plankton quantitative imaging process,”
risson et al. 2022 ) involves several steps, which are described
n the following subsections: (1) image acquisition, segmenta-
ion, and preprocessing; (2) image annotation; (3) automated
lassification; (4) performance evaluation; and (5) (if neces-
ary) improving classification performance to achieve research
bjectives ( Fig. 1 ). 
In practice, this process is typically iterative rather than

trictly sequential ( Fig. 1 ). For example, classifier training
n the machine learning step may reveal issues with image
uality or consistency of human labeling, necessitating ad-
ustments to image preprocessing or annotation. Evaluation
f classifier performance often identifies misclassifications or
ow-confidence predictions, requiring additional refinements
o the annotated image set or model parameters. This cycle of
efinement continues until performance reaches an acceptable
evel for the research objective, ensuring accurate and reliable
uantitative data products. 
There are alternative approaches to image classification

hat do not fit within the framework described herein and are
eyond the scope of this paper. For example, You Only Look
nce (YOLO, Redmon et al. 2016 ) and Single Shot Multi-
ox Detector (SSD, Liu et al. 2016 ) carry out simultaneous
bject detection and classification from input images that can
ontain multiple objects (see Ciranni et al. 2024 ). In addition,
zero-shot learning” approaches utilize semantic information,
uch as human-defined attributes (e.g. Li et al. 2023 ) or nat-
ral language descriptions (e.g. Huo et al. 2025 ) to predict
lasses that are absent in the training set. 

cquisition, segmentation, and preprocessing 

lankton imagers vary in their optical method (e.g. dark or
right field illumination, shadowgraph), sampling rate, sam-
ling procedure (pumped or open path imaging), and deploy-
ent mode (fixed, profiling, towed) (Lombard et al. 2019 ).
he optical method and camera specifications determine fun-
amental characteristics of the images, including the field of
iew, resolution, pixel pitch, contrast, and color (Lombard et
l. 2019 , Eerola et al. 2024 , Ellen and Ohman 2024 ). Differ-
nt instruments can, therefore, produce images of the same
ndividual plankter but with different features, which poses
 challenge for development of classifiers that can effectively
tilize plankton images acquired from different instruments
Ciranni et al. 2024 , Eerola et al. 2024 ). 

After image acquisition, ROIs are extracted from the larger
mage frame containing the camera’s full field of view. Im-
ge segmentation is typically automated (e.g. Bi et al. 2015 ,
anaïotis et al. 2022 ), although manual segmentation com-
ined with annotation is also used in some cases (e.g. Richards
t al. 2019 ). The choice of segmentation method and param-
terization directly influence the number and quality of ROIs
btained, affecting attributes such as intensity and sharpness.
deally, segmentation should be optimized to capture ROIs
ith desirable attributes while minimizing the inclusion of
on-target regions, thereby minimizing images belonging to
uisance classes, such as blurry images or artifacts. This can
e achieved by refining the segmentation algorithm (Luo et
l. 2018 , Panaïotis et al. 2022 ). Images belonging to nui-
ance classes increase data storage requirements, computa-
ional load during training, annotation effort, and class im-
alance, potentially degrading classification performance for
arget classes. 

It may also be necessary to preprocess full frame images to
inimize the number of images in nuisance classes (Panaïotis

t al. 2022 ) or to preprocess ROIs to improve automated clas-
ification performance (e.g. noise reduction, Bi et al. 2015 ).

hen using CNN classifiers, ROIs are usually preprocessed
rior to automated classification to ensure compatibility with
he classifier or preserve aspect ratio (Campbell et al. 2020 , Li
nd Du 2022 , Ellen and Ohman 2024 ). CNN architectures re-
uire image inputs with specific dimensions; therefore, images
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Figure 1. Schematic of supervised learning process for classification of plankton images. 
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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- 
abeled images is crucial for accurate automated classification 

e.g. González et al. 2017 ). 
A large number of images may need to be labeled to train

he classifier (e.g. Luo et al. 2018 , Ellen and Ohman 2024 ).
t the same time, minimizing error in manual labeling re-
uires human expertise in plankton taxonomy and consen- 
us among experts (Culverhouse 2007 ). These logistical con- 
traints limit the size of the annotated image set, posing a ma-
or challenge in automated image classification in marine ecol- 
gy (e.g. Richards et al. 2019 , Kenitz et al. 2023 , Eerola et al.
024 , Ciranni et al. 2024 ). Freely available tools facilitate hu-
an interaction with the images by providing a platform for
rowsing and labeling images, collaboration among multiple 
lassification experts, and export for classifier training (e.g.
angenkämper et al. 2017 , Picheral et al. 2017 ). 
Ideally, the training set should be constructed in an unbi-

sed way so that the frequency of images among classes and
he features associated with each class are consistent between 

abeled training and unlabeled image domains (González et 
l . 2017 , Orenstein et al. 2020 , Eerola et al. 2024 , Ellen and
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hman 2024 ). This can be accomplished by randomly sam-
ling and labeling ROIs from the overall dataset. The resulting
requency of images among classes is often unbalanced, and
mages belonging to rare classes may be missed entirely. This
an be problematic because features from dominant classes
ontribute more to the optimization procedure in the process
f training the classifier. Consequently, classifier performance
s typically lower for classes with less representation in the
raining set (e.g. Schanz et al. 2023 ). 

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

bility score for each class for each image input (e.g. LeCun et
l. 2015 , Faillettaz et al. 2016 ). The probability scores can be
sed to evaluate classifier confidence, and the class with the
ighest probability score is typically assigned as the categori-
al prediction. Rebalancing the annotated image set comes at
he cost of potentially introducing a domain shift in class fre-
uency between labeled training and unlabeled target images,
esulting in classifier bias (e.g. González et al. 2017 , Orenstein
t al. 2020 ). Schanz et al. (2023) adjusted probability score
utputs to address bias introduced from rebalancing of the
raining set using a Bayesian correction. 

utomated classification 

uring training, CNN weights (i.e. adjustable parameters) are
learned”such that classification performance is optimized by
inimizing loss, a measure of prediction error as defined by

he loss function (also referred to as an objective function, Le-
un et al. 2015 ). In supervised learning for image classification,
oss is derived from the model predictions and labels in an-
otated image sets reserved for training and validation. Both
oss and accuracy are typically computed and reported dur-
ng training iterations. High training accuracy and low vali-
ation accuracy indicate model overfitting. Several techniques
an be used to avoid overfitting and improve generalization,
ncluding the use of image augmentation and implementation
f regularization techniques such as weight regularization and
ropout (Chollet et al. 2022 ). 
The typical supervised machine learning process includes

esigning or selecting and modifying an existing CNN archi-
ecture, setting hyperparameters (i.e. model parameters that
re set initially and not updated during training), and train-
ng. The process is iterative and may involve updates to the
nnotated dataset, CNN architecture, and tuning of hyper-
arameters (Wojciuk et al. 2024 ) to increase model perfor-
ance and efficiency ( Fig. 1 ). A key hyperparameter is the

earning rate, which influences the extent to which weights
re adjusted in each iteration of the optimization process.
ncreasing the learning rate can decrease the time to con-
ergence, but this can also introduce instability and prevent
onvergence altogether (Bartz et al. 2023 , Ellen and Ohman
024 ). 
CNN architectures and associated weights obtained from

retraining on large training sets including ImageNet (Deng
t al. 2009 ) are freely available (e.g. Lumini and Nanni 2019 ,
erola et al. 2024 ). Image features relevant to differences
mong specific plankton classes can be subsequently obtained
rom further training with plankton images. The use of es-
ablished CNN architectures and transfer learning is a practi-
al and powerful way to address problems associated with a
imited number of annotated images and limited expertise in
NN architecture design. Strengths of different CNN archi-

ectures can be combined in an analysis using an ensemble of
NN architectures (Ellen et al. 2019 ). 
Pretraining with unsupervised, contrastive learning has

een demonstrated to improve classification performance
hen labeled images are scarce (Chen et al. 2020a , Chen et al.
020b , Schanz et al. 2023 ). In contrastive learning, image aug-
entations (i.e. transformations such as cropping, flipping,

olor jitter, and rescaling) are introduced, one for each image
Chen et al. 2020b ). In this method, loss is minimized when
imilarity between the original image and its augmented pair
s higher than between the original image and an unrelated
airing. The basic premise of contrastive learning is that the
etwork’s output should differ for different images but should
emain the same between augmented variations of an image.
ence, the network learns features of an image which are in-

ariant under the introduced augmentations, and the choice of
ugmentations thus impacts which features are learned as “es-
ential” to an image. Ultimately, the CNN is initialized with
eights obtained from contrastive learning and then further

rained with labeled plankton images for classification. The
se of these unsupervised and supervised methods together is
eferred to as semisupervised machine learning and is utilized
n Case Study 2. 

erformance evaluation 

he performance of a classifier is best evaluated by examin-
ng its predictions on labeled images in a test set that the clas-
ifier has not been exposed to during training ( Fig. 1 ). Key
etrics that are used to evaluate the performance of an au-

omated classifier include recall, precision, F1 score, and ac-
uracy (Goodwin et al. 2022 , Orenstein et al. 2022 , Olden-
urg et al. 2023 , Ciranni et al. 2024 ). These metrics, as well
s the overall performance of a classifier, can be visualized by
lotting a confusion matrix ( Fig. 2 ). The confusion matrix fa-
ilitates visualization of the complete record of model perfor-
ance by mapping the true positives (TP), false positives (FP),

nd false negatives (FN) for each class. 
Recall and precision are calculated from TP and FP or FN

s follows: 

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

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

Recall measures the ability of a classifier to predict the class
hat matches the true label; high recall is a result of low FN
Eq. 1 ). On the other hand, precision measures the ability of
he classifier to exclude instances in which the predicted class
oes not match the true label; high precision is a result of low
P (Eq. 2 ). Ideally, a model would be characterized by high
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Figure 2. Confusion matrix indicating position of TP, FP, and FN regarding class 4; all unlabeled cells are true negatives (TN) with respect to class 4. The 
matrix diagonal, which indicates TP for each class, is shaded grey. 
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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 + Recall 

)
(3) 
Another common metric is accuracy. Overall accuracy is the 
atio of TP to total number of observations, N: 

Accuracy =
∑ 

TP / N (4) 

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

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

In both cases, accuracy represents the sum of the diagonal
f the confusion matrix divided by the number of observa-
ions. Overall accuracy (Eq. 4 ) can be misleading if there is
trong imbalance in the number of image objects among cat-
gories, because this metric will not reflect misclassification 

f rare categories. Plotting confusion matrices and evaluating 
lass-specific recall, precision, F1, and accuracy (Eq. 5 ) pro-
ides a comprehensive understanding of classifier efficacy. 

mproving classification performance 

f the classifier performance is not satisfactory for the research
bjective, additional measures are required to reduce the num- 
er of classification errors. Automated classification could be 
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sed solely to increase the efficiency of manual validation of
he entire unlabeled image set (e.g. Gorsky et al. 2010 ) at the
otential cost of substantial human effort. Alternatively, pre-
ictions could be visually verified and FP instances removed
rom the analysis (Bi et al. 2015 ) or instances with probability
core outputs below a threshold could be removed from the
nalysis (Faillettaz et al. 2016 , Luo et al. 2018 , Campbell et al.
020 ). Both of these methods aim to improve precision at the
ost of losing information. Excluding images with relatively
ow probability scores reduces recall and may result in exclu-
ion of rare classes (Plonus et al. 2021 , Oldenburg et al. 2023 ).
f rare classes are of particular interest, it may be advanta-
eous to accept and manually verify instances where the class
f interest appears within the top- k predicted classes, rather
han relying solely on the top-1 prediction (i.e. k = 1, Plonus et
l. 2021 ). Additionally, classification probability scores can be
sed to prioritize manual verification efforts, focusing verifi-
ation on images associated with lower confidence predictions
see Case Study 1). While this approach can enhance both re-
all and precision, it may also lead to a significant increase in
anual verification workload. 
The use of probability score predictions for decision making

n image classification pipelines (Luo et al. 2018 , Plonus et al.
021 , Bochinski et al. 2018 , Conradt et al. 2022 , Oldenburg
t al. 2023 ) implies that probability scores are effective indi-
ators of classifier confidence. A classifier is “well-calibrated”
f it correctly quantifies the confidence associated with its pre-
ictions (Silva Filho et al. 2023 ). For example, in binary clas-
ification, an image assigned a probability score of 0.7 for the
lass “diatom”and 0.3 for the class “not diatom”should actu-
lly be a diatom 70% of the time. Calibration can be checked
y comparing predicted and empirical probabilities in a sam-
le of images (Silva Filho et al. 2023 ), such as a test set. Since
lassifier calibration influences the frequency distribution of
redicted probability scores, it may be useful to examine cal-
bration when applying probability score thresholds (as de-
cribed above). Note that classifiers that exhibit high classifi-
ation accuracy are not necessarily well-calibrated (Guo et al.
017 ). 

ase studies 

n this section, two case studies highlight different plank-
on imaging applications and associated image classification
ethods in the context of the framework described above.
hile the above framework provides an overview of the gen-

ral image acquisition and automated classification proce-
ure, these case studies provide examples of decisions that are
ade in practice based on the acquisition method, research
uestion, and available resources. 

ase study 1: classification of mesozooplankton 

mages to characterize the prey field of the North 

tlantic right whale, Eubalaena glacialis 

ackground 

he objective of this case study was to demonstrate a semiau-
omated image classification scheme for sorting in situ images
f mesozooplankton with the research goal of characterizing
he prey field of the endangered North Atlantic right whale,
. glacialis . Specifically, the primary research objective was to
uantify the concentration and depth of aggregations of late-
tage Calanus spp. copepods (e.g. Sorochan et al. 2023 , John-
on et al. 2024 ). Calanus spp. are abundant in the western
orth Atlantic (Pepin et al. 2015 ), have a relatively large body

ize (several millimeters in length) and high capacity for lipid
torage (Lee et al. 2006 ), and are an important food source
or higher trophic levels including E. glacialis (e.g. Pershing
nd Stamieszkin, 2020 ). A secondary objective was to exam-
ne potential for other abundant zooplankton taxa to supple-
ent the diet of E. glacialis . It was, therefore, necessary to sort

mages of mesozooplankton into multiple classes. 

cquisition 

n situ images were captured with a SeaScan Inc Digital Auto
ideo Plankton Recorder (DAVPR) from 27 deployments in

he southern Gulf of St. Lawrence, Canada, in June 2022
Johnson et al. 2024 ). The DAVPR captured full frame im-
ges at a frequency of 20 Hz and logged images and asso-
iated Conductivity-Temperature-Depth data internally. The
AVPR camera (SVS-Vistek Charge-Coupled Device camera,
odel ECO285CVGE) provided color images with an optical
eld of view of 41.1 × 30.7 mm (“S3” optical setting) and res-
lution of 1392 × 1040 pixels. Illumination was provided by
 strobe positioned opposite the camera. In each deployment,
he DAVPR was repeatedly lowered and raised to within ∼5 m
f the seafloor and 3 m of the surface at a wire speed of 0.5 m
−1 while the vessel was stationary. 

ROIs were extracted from the full frames with image seg-
entation software developed for the DAVPR data processing

tream (AutoDeck, SeaScan Inc). ROIs were identified and ex-
racted using thresholds for intensity, focus, and SD of high
requency content. The values of these thresholds were se-
ected to optimize the number of manually identifiable ROIs of
arge copepods (i.e. clearly defined individuals with high pixel
ntensity) while reducing the number of manually unidenti-
able out-of-focus ROIs (i.e. blurry images). This was done
y extracting ROIs from the same subset of deployments but
ith different threshold settings. Ultimately, the thresholds de-

ermine the number of ROIs in the image data set, their dis-
ribution among classes, and the associated imaged volume.
he settings used corresponded to an imaged volume of 0.27

 frame−1 . The number of ROIs obtained across all deploy-
ents was 106392. 

nnotation 

pproximately 10% of the total number of ROIs ( n = 9646)
ere sampled from the full image set and labeled by manually

orting into class-specific folders. To obtain ROIs for annota-
ion, an equal number of ROIs was randomly selected from
ach DAVPR deployment to ensure an unbiased representa-
ion of ROIs balanced among deployments. For each classifi-
ation category, 70% of the image objects were allocated to
lassifier training and validation (of these, 80% training and
0% validation) and 30% to testing classifier performance
 Fig. 3 ). 

In the annotation step, ROIs were sorted into 16 classes
ith a minimum of 40 individuals per class ( Fig. 3 ). Other

lasses with < 40 images were assigned to the “plank-
on_other” class. It was expected that the classifier would out-
ut relatively low probability scores for the plankton_other
lass, given that this class was characterized by inconsistency
n visual attributes among instances (e.g. Campbell et al.
020 ). The plankton_other class was, therefore, intended to
e used to evaluate contamination of the 15 identified classes
y 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. 
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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 ). 
utomated classification 

utomated image classification was done on a Dell Precision 

820 machine equipped with a NVIDIA RXT4000 GPU, 8 

B of GPU RAM, and CUDA software (v. 10.1). The Keras
eep learning Application Programming Interface was used 

or automated classification in R (R Core Team 2020 , Chollet
t al. 2022 ). Keras is built on top of the Tensorflow computing
latform (Chollet et al. 2022 ), and Keras (v. 2.4.0) and Tensor-
ow (v. 2.3.0) were run in a Python (version 3.8.5) session in
. Interfaces to Keras and Tensorflow in R utilized the reticu-

ate R package, which facilitates interoperability with Python 

Ushey et al. 2025 ). 
The Inception v3 CNN architecture (Iv3, Szegedy et al.

016 ) was used as the classifier. Transfer learning was em-
loyed by parameterizing the Iv3 CNN with weights obtained 

rom training on ImageNet (Deng et al. 2009 ). The final fully
onnected layer was modified such that there were 16 out-
uts. A softmax activation function computed a classification 

robability for each class and image, and automated classifi- 
ations were determined by selecting the class for each image
ith the maximum probability score assigned by the classifier.
raining was done over a total of eight epochs using the stan-
ard categorical cross-entropy loss function (e.g. Schanz et al.
023 ). 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 
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ense layer were updated, while the remainder of the weights
n the base model were frozen. Image objects were introduced
n batches of 32 such that there were 170 steps per epoch.
rior to being introduced to the CNN, image objects were re-
ized to 299 × 299 pixels without cropping or padding, and
ixels were scaled to values between −1 and 1. 
Hyperparameters of the CNN were tuned by training

ith different options for learning rate, image augmentation,
ropout, and inclusion of a Rectified Linear Unit (ReLU) ac-
ivation function ( Table 1 ). Both dropout and ReLU con-
ributed to sparce representation by zeroing elements in
he feature vector received by the final dense layer. The
ropout function zeroed values randomly to prevent overfit-
ing, whereas ReLU zeroed only negative values, introducing
on-linearity and allowing the network to learn complex pat-
erns efficiently (Chollet et al. 2022 ). All 24 CNN configu-
ations were evaluated and ranked by validation accuracy in
he final epoch of training using the R package tfruns (Allaire
024 ). Training and validation loss recorded over the training
igure 4. Training history indicating changes in accuracy of predictions derived 
hich the classifier has cycled through all training images. The training history i

lassification (upper panel) and the same configuration but without dropout and
istory were then examined, and models that exhibited signs
f overfitting (e.g. Fig. 4 ) were disqualified. 
The hyperparameters and their range of values were chosen

arefully. Learning rate was initially evaluated over values of
0−4 , 10−3 , and 10−2 . However, all top ranking models were
haracterized by learning rates of 10−3 in preliminary tuning
xercises; therefore, the range was subsequently narrowed to
.5 × 10−4 , 10−3 , and 4 × 10−3 . A dropout rate of 0.5 was
hosen (Srivastava et al. 2014 ), and a lower rate of 0.25 was
lso allowed to account for potential cases in which a rate of
.5 was too restrictive ( Table 1 ). Augmentations of training
mages (i.e. brightness, zoom, and flip) were visually exam-
ned, and the parameter ranges were selected to be consistent
ith variations observed among images. In the tuning exer-

ise, all image augmentations were either turned on or off to-
ether. When turned on, brightness and zoom were augmented
y randomly selecting adjustments from an even probability
istribution with ranges of ± 0.25 and ± 0.2, respectively,
nd images were also randomly flipped horizontally, vertically,
orizontally and vertically, or not flipped. 

erformance evaluation 

f the 24 CNN configurations ( Table 1 ), 5 were selected for
urther analysis based on rank of validation accuracy and
raining history ( Fig. 4 ). The final CNN configuration (i.e.
NN configuration 2, Table 2 ) was selected after examina-

ion of class-specific performance metrics (recall, precision, F1,
ee Table 3 ) and confusion matrices derived from the test im-
ge set. High recall of the Calanus class was prioritized at
he cost of lower precision and F1 ( Table 3 ) to avoid loss
from training and validation sets over training iterations (i.e. epochs) in 
s shown for the final model configuration selected for image 
 image augmentation (lower panel), which resulted in overfitting. 

rticle/83/1/fsaf212/8415063 by guest on 10 July 2026
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Table 2. Hyperparameter values for the top five CNN configurations. 

CNN ReLU Learning rate Dropout Image augmentations 

1 True 1 × 10−3 0.50 True 
2 False 1 × 10−3 0.50 True 
3 True 2.5 × 10−4 0.25 True 
4 False 2.5 × 10−4 0.25 True 
5 False 2.5 × 10−4 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. 

 

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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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 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. 
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ility score threshold from a minimum of ∼0.75. The appro-
riate value of the probability score threshold depends on the
erformance standard and trade off with human effort. For
xample, the percentage of images that required manual veri-
cation in the full population of images objects (i.e. 106 392)
ncreased linearly from probability score thresholds between
.4 and 0.9, after which the rate increased substantially ( Fig.
 ). At a probability score threshold of 0.8, both recall and pre-
ision of the main classification categories were > 0.9 ( Fig. 6 ),
nd 43% of the image population would need to be manually
erified ( Fig. 7 ). At a probability threshold of 0.9, precision
nd recall were > 0.95, and 56% of the image population
ould need to be manually verified. This level of manual ver-

fication ( ∼50%) is intensive but not insurmountable, and it
as strong potential to produce high quality data for the dif-
erent mesozooplankton (and marine snow) classes. 

ummary—Case Study 1 

 semiautomated classification method was demonstrated
hat aims to achieve high precision and recall by accepting
utomated classification of only those images classified with
onfidence by the CNN. Transfer learning facilitated an ef-
ective use of a relatively small training set to obtain rapid
utomated predictions from the CNN. To optimize CNN
yperparameters, a tuning algorithm was implemented that
anked 24 CNN configurations based on validation accu-
acy. Of these configurations, the top five that did not show
igns of overfitting were evaluated by a suite of performance
etrics and examination of confusion matrices. While sev-

ral candidate CNN configurations exhibited similar classi-
cation performance, the final classifier was chosen to priori-
ize recall within the Calanus class. Manual verification sub-
tantially improved precision of the Calanus class, but also
mproved precision and recall of less abundant classes with
oor automated classification performance, notably larval
ecapods (decapoda_zoea) and copepod exuviae (exoskele-
on_copepod) ( Fig. 8 ). 

This workflow contributed to the quantification of vertical
istributions of late-stage Calanus spp. copepods in the south-
rn Gulf of St. Lawrence, producing information to identify
nd characterize foraging habitat for E. glacialis in Canadian
aters (Johnson et al. 2024 ). Since the research objective re-
uired accurate estimates of Calanus spp. copepod concentra-
ions, there were particularly high standards of precision and
ecall in the image classification step. For example, in Johnson
t al. (2024) , a 0.9 probability threshold was used resulting in
anual verification of slightly more than half of the full set
f images. Practical use of the semiautomated classification
ethod is dependent on the extent of manual effort required.
his will depend on the number of ROIs in the full image set
nd the proportion of these images that require manual veri-
cation, which varies with classifier performance, calibration,
nd the performance standard of the user. 

ase study 2: Classification of plankton images to 

nvestigate community response to harmful algal 
looms in the North Sea 

ackground 

he research objective of this case study was to assess the im-
act of a Noctiluca scintillans (henceforth Noctiluca ) bloom
n plankton community composition. Noctiluca is a non-
oxic, heterotrophic dinoflagellate whose massive blooms dis-
upt ecosystems by reducing oxygen and increasing ammo-
ium and negatively impact fishing and aquaculture yields
Rameshkumar et al. 2023 ). Noctiluca cells break easily in
ets, which poses a challenge for quantification of Noctiluca
ynamics using traditional sampling methods (Kordubel et
l. 2024a ). In situ imaging can overcome this problem while
lso quantifying spatiotemporal variation in morphological
raits exhibited among Noctiluca individuals (Kordubel et al.
024a ). 
In the summer of 2022, high-resolution in situ sampling of a
octiluca bloom was carried out off the German Coast of Hel-

oland, an island 60 km off the German Coast of the North
ea ( Fig. 9 ) and a known hotspot for Noctiluca blooms (Kor-
ubel et al. 2024b ). This case study describes the approach to
lassify 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). 
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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 μm. 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. 9 a). The dataset 
consisted of 26 CPICS deployments. 
The CPICS is an automated in situ imaging microscope with
n open flow design, providing dark field images of fragile or-
anisms in their natural environment (Gallager 2019 ). Images 
ere captured with a 6 MegaPixel Point Grey Grasshopper3 

amera with a bi-telecentric lens and 0.9 × magnification. A 

eal-time frame rate recorded by the CPICS was used to calcu-
ate the total volume sampled. With these settings, the CPICS
ampled a volume of 0.83 ml per full frame at an average of
3 frames per second, hence sampling at an average rate of
10.75 mL s−1 . Each frame (2736 × 2192 pixels) was anal-

sed in real-time to detect and save ROIs exceeding thresholds
or area of consecutive pixels and pixel intensity. A total of
32 529 ROIs were used in this study. Examples of ROIs in
redominant 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). 

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. 
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nnotation 

n iterative active learning process was employed to generate
 labeled image set (Bochinski et al. 2018 ) for subsequent au-
omated classification using the ResNet101 CNN architecture
see Automated classification subsection of this case study).
his facilitated construction of a final set of images with class

abels that included adequate representation of most plank-
on classes from a population of images with extreme class
mbalance ( Fig. 10 ). In the image annotation step, a high-
erformance computing (HPC) system and an open-source la-
eling platform (LabelStudio, Tkachenko et al. 2025 ) allowed
ultiple plankton identification experts (three experts were

nvolved in the case study) to browse, filter, and label images
oncurrently online. 

In the active learning process, a subset of 6617 ROIs was
andomly selected from the larger image set and manually la-
eled. Twelve classes were identified from this subset, which
as used for CNN training (3022 images), validation (622 im-

ges), and testing (2973 images). In the initial labeled image
et, 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, ∼60 0 0). 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. 
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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 × 105 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 12 423 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 × 105 images (hereafter referred 

to as “semisupervised”); and (3) supervised classification with 

initial CNN weights obtained from unsupervised pretraining 
onducted in a previous study (Schanz et al. 2023 , hereafter
eferred to as “transfer learning”). In the transfer learning 
ethod, the weights were derived from a smaller set of CPICS

mages (on the order of 105 ) acquired close to the site of the
octiluca bloom in this case study (Schanz et al. 2023 ). In all

hree methods, optimization and use of fixed CNN hyperpa- 
ameters were carried out as detailed in Schanz et al. (2023) .

achine classification was done using the ResNet101 CNN 

rchitecture (He et al. 2016 ) and implemented with PyTorch
Paszke et al. 2019 ), PyTorch Lightning (Falcon 2019 ), and
ydra (Yadan 2019 ) and run on 2 nodes with NVIDIA Tesla
100 GPUs. 
In the supervised method, the ResNet101 CNN architec- 

ure was used but without a pretraining step. In the semisu-
ervised and transfer learning methods, unsupervised pre- 
raining was carried out using SimCLR contrastive learning 
Chen et al. 2020a ) on a ResNet101 backbone. During un-
upervised pretraining, the image augmentations were iden- 
ical to those reported in Schanz et al. (2023) ; however, de-
oupled contrastive learning (Yeh et al. 2022 ) was used to
ncrease learning efficiency by reducing batch sizes relative 
o typical contrastive learning (Chen et al. 2020a ). During
retraining, a batch size of 88 was used and the number of
pochs was limited to a maximum of 60. The learning rate
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as increased from 0 to 1 in the first 10 epochs and then
educed back to 0 over the remaining epochs using cosine
ecay. 
After unsupervised pretraining, the SimCLR head (“feature

xtractor” head) was replaced with a single, fully connected
oftmax layer (referred to as “classifier head”), which allowed
or supervised fine-tuning and classification tasks to be car-
ied out. In the classifier head, a 2048-dimensional feature
ector was taken as input and a probability score for each
lass in the labeled test set was output. During supervised
ne-tuning, a standard cross-entropy loss (e.g. Schanz et al.
023 ) was minimized on labeled images, all CNN weights
ere updated, and the number of epochs was limited to 1000

 Fig. 11 ). 

erformance evaluation 

lassification performance was evaluated by measuring the
verall accuracy (Eq. 4 ) on the withheld validation image set
uring training ( Fig. 11 a,b) and conditional accuracy for each
lass (Eq. 5 ) in the test image set ( Fig. 11 c). Semisupervised
nd transfer learning methods exhibited similar model perfor-
ances ( Fig. 11 ), indicating that the transfer learning method

an reduce computation and time demands of the pretrain-
ng step. In comparison to the supervised method, the semisu-
ervised and transfer learning approaches reduced the num-
er of training epochs required to achieve peak performance
n agreement with previous work (Schanz et al. 2023 ). In
ddition, the semisupervised and transfer learning methods
oosted overall accuracy ( Fig. 11 b) and were most effective
n increasing conditional accuracy of classes with ∼100–1000
abels (e.g. Diatom chain, Copepods, Pluteus larvae, Chaetog-
aths, Jelly) ( Fig. 11 c). For classes with > 1000 labels (e.g. Ma-
ine snow, Noctiluca and Blurry), semisupervised and trans-
er learning methods exhibited more modest gains in condi-
ional accuracy, but still outperformed the supervised method.
he supervised method may be a viable option for classes
ith abundant training data if it meets the performance stan-
ards of the associated research question. In all three methods,
onditional accuracies were very low for classes with < 100
abels (e.g. Acrania, Appendicularia, Cirripedia, Cladocera,
inoflagellates, and Malacostraca), and more training data
ould be required to improve classification performance on

hese rare classes. 

nomaly detection: exploring labeled images for trait identi-
cation and novel class detection 

nomaly detection can be a powerful tool for locating images
ith features associated with morphological traits or classes

hat are uncommon in the overall image set, ultimately im-
roving efficiency of the image annotation step (Schröder et
l. 2020 , Pastore et al. 2020 , Ciranni et al. 2024 ). In this
ase study, feature vectors obtained from the CNN were used
o find clusters of images with similar morphological traits.
pecifically, feature vectors obtained from the pretraining fea-
ure extractor and classifier networks were analysed to iden-
ify “outlier” images, find clusters of images with similar char-
cteristics, and explore the utility for expanding libraries of
abeled images. An Isolation Forest algorithm was used to de-
ive anomaly scores from the feature vectors (Liu et al. 2012 ).
 strong positive anomaly score indicates the central position
f the image in a cluster in multidimensional feature space,
hile a strong negative anomaly score indicates a peripheral
osition. Analysis of the feature vectors obtained from unsu-
ervised pretraining resulted in ∼40 000 images (6% of the
ull image set) with negative anomaly scores ( Fig. 12 a). 

Separate analyses were conducted on feature vectors ob-
ained from the unsupervised pretraining feature extractor
ead (2048 dimensional feature space) and the semisupervised
raining classifier head (128 dimensional feature space) to ex-
lore the two feature spaces for outliers. The relative propor-
ion of images in the periphery or the center of the cluster
erived from both feature spaces were similar, but the clus-
er composition was different. The anomaly scores associated
ith images from the two feature spaces were correlated ( Fig.
2 b), but their differences reflected variations in image distri-
ution within clusters, particularly in their peripheries. 
Class frequencies from subsets of 10 000 images of the high-

st and lowest anomaly scores were explored and compared
o class frequencies in the overall image set ( Fig. 12 e,f). The
igh anomaly score subsets primarily consisted of the most
ommonly occurring classes including Marine snow and Noc-
iluca , while low anomaly score subsets contained a large
umber of images in the Diatom chain, Blurry, or “clipped im-
ges” (i.e. ROIs containing partial objects). Notably, ∼7500
mages of the highest anomaly scores from the classifier
ead were of Noctiluca in the process of phagocytosis ( Fig.
2 d,f), and ∼5000 images of the lowest anomaly scores from
he unsupervised feature extractor were composed of di-
tom chains, predominantly belonging to the Odontella genus
 Fig. 12 c,e). 

ummary—case study 2 

n this case study, image annotation and classification steps
ere implemented with the goal of minimizing manual image

abeling effort from an image set with extreme class imbal-
nce. The active learning process increased the number of la-
eled images in several classes and increased the total number
f classes from 11 to 18 in the final training set. The utility
f a simple outlier detection algorithm for discovery of image
roupings that share morphological traits was also examined.
his method can speed up the development of trait-based li-
raries by identifying images for batch labeling. Groups of

mages with specific traits (e.g. diatom chains and Noctiluca
ndergoing phagocytosis) were identified, facilitating reliable
lassification of Noctiluca and their diatom prey and thereby
ontributing to the research objective of characterizing fine-
cale spatiotemporal variation in Noctiluca concentration and
nvestigating its impact on plankton community composition.

Unsupervised contrastive learning improved overall and
onditional accuracies relative to the supervised-only method.
or example, by annotating just 2% of the total image set, a
2% conditional accuracy was achieved for Noctiluca from
he test image set and ∼140 000 images classified as Noctiluca
ere identified from the full image set. Inspection of 50% of

he images classified as Noctiluca and 15% of images classified
s diatoms confirmed that the classification accuracies met the
tandards in this study. Conditional accuracies of ∼80% were
chieved on classes with ≥ 100 labeled images in the test set.
ery rare classes with < 50 images were classified with very

ow conditional accuracies and too low to allow for reliable
nalysis. In previous work, ∼75% agreement was obtained
etween multiple experts highlighting an inherent uncertainty
n both human- and machine-mediated classification (Culver-
ouse 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. 
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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- 
ution of copepods for characterization of the preyscape of a
arine mammal planktivore ( E. glacialis ). Transfer learning 

acilitated rapid and effective automated classification with a 
elatively small training set. Probability score thresholds were 
sed to balance strengths and weaknesses associated with au- 
omated prediction and human verification to achieve high 

recision and recall on the test set. Case study 2 (CS2) high-
ighted the utility of semisupervised learning, which leverages 
n unsupervised pretraining step (Chen et al. 2020a ), for char-
cterizing plankton community responses to harmful algal 
looms. CS2 also highlighted active learning (Bochinski et 
l. 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 (632 529 images). (b) Correlation between anomaly scores from the feature extractor (y-axis) and classifier head (x-axis). (c) Example images 
from the lowest and highest anomaly scores from the pretraining feature extractor (d) from the fine-tuning classifier head. (e, f) Relative fraction of 
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). 

D
ow

nloaded from
 https://academ

ic.oup.com
/icesjm

s/article/83/1/fsaf212/8415063 by guest on 10 July 2026



Guidance on automated sorting of plankton images 17

 

 

 

 

 

 

 

c
c
t  

i

b
t  

m
i  

r  

h  

t
m  

w  

c
o  

a  

b  

m
i  

(

w  

e
f  

q
i  

t  

i  

f  

a  

t
p
p  

f  

2

C

E
r
i
i  

t
c
e  

p
q  

A
t
t
v
c
t
h

m  

d  

s
s
c  

I  

(  

D
ow

nloaded from
 https://academ

ic.oup.com
/icesjm

s/article/83/1/fsaf212/8415063 by guest on 10 July 2026
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- 
ation performance of rare classes (e.g. decapoda_zoea, poly- 
haeta_2); however, more observations are needed to substan- 
iate this outcome as the sample size for these classes was low
n the test set. 

It is important to note that classification performance of 
oth case studies cannot necessarily be extrapolated beyond 

heir test sets. In CS1, the derivation of classification perfor-
ance metrics associated with different levels of human ver- 

fication ( Fig. 6 ) assumed no human error in verification. In
eality, a certain level of human error is unavoidable (Culver-
ouse 2007 ), and human errors would need to be quantified
o accurately measure the performance of the semiautomated 

ethod in practice. Moreover, evaluating only the test set (as
as done here for CS1 and CS2) does not account for bias that

an be introduced by spatiotemporal drift in class frequency 
r class-specific features in the target image set (González et
l. 2017 , Orenstein et al. 2020 , Chen et al. 2025 ). In CS2, re-
alancing the training set, as was done with the active learning
ethod, could introduce classification bias in practice through 

ts effect on the frequency of training images among classes
Schanz et al. 2023 ). 

Addressing drift between the training and target domains 
as beyond the scope of the case studies in this paper; how-

ver, verification of the quality of quantitative data derived 

rom image-based sampling beyond the test set is crucial. A
ualitative or semiquantitative familiarization with the target 
mage set (pre and postclassification) can help to identify po-
ential for drift, and some human verification may be required
n order to quantify and adjust for drift of the target domain
rom the test domain (e.g. Orenstein et al. 2020 , Plonus et
l. 2021 , Conradt et al. 2022 ). In addition to adjustments in
he classification processes, comparison of image-based data 
roducts with parallel data streams from other plankton sam- 
ling approaches can be used to validate or calibrate results
rom image-based analyses (e.g. Benfield et al. 1996 , Le et al.
022 , Ollevier et al. 2025 ). 

onclusion 

ffective image classification approaches and techniques are 
equired to facilitate mainstream adoption of plankton imag- 
ng and exploit its advantages. Automated image classification 

s, therefore, not merely a technical innovation but a poten-
ially transformative tool for marine ecology. By addressing 
urrent challenges such as class imbalance, human annotation 

ffort, and data shifts, researchers can maximize the value of
lankton imaging datasets, ultimately advancing capacity to 

uantify variability in different aspects of pelagic ecosystems.
pproaches that minimize human effort in image classifica- 

ion are crucial for efficiently quantifying variations in plank- 
on populations and communities, monitoring pelagic biodi- 
ersity, and detecting plankton responses to environmental 
hange. The latter includes early identification of organisms 
hat pose significant risks to marine ecosystems and human 

ealth, such as harmful algal blooms. 
This paper underscores the increasing importance of auto- 
ated image classification in plankton research. In particular,
eep learning is a powerful tool to overcome challenges as-
ociated with manual image annotation and automated clas- 
ification performance that contribute to the well-recognized 

lassification bottleneck in quantitative image-based studies.
mage classification of plankton is an active field of research
Ciranni et al. 2024 ), and classification tools are being de-
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eloped that leverage millions of plankton images in a trans-
er learning pipeline (e.g. Ellen and Ohman 2024 ). However,
any plankton ecologists will need to rely on smaller-scale
ractical methodologies to provide timely deliverables with
imited resources in terms of hardware and personnel. Ex-
mples of such scenarios were given here in the form of the
wo case studies that utilized CNNs to build training sets,
erive image features, and ultimately automate classification.
he use of methods tailored to address specific research ques-

ions at each step in the image classification process demon-
trates that satisfactory image classification performance can
e obtained by users with a variable level of resources in-
luding computational power and expertise in computer vi-
ion. As image classification tools advance, future research
ill benefit from a synergistic approach blending traditional

cological expertise with state-of-the-art machine learning
echniques. 
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