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 A B S T R A C T

The iMagine project is an EU-funded initiative led by the EGI Foundation. One of the objectives of this project 
is to provide an AI platform that leverages AI-powered tools to improve the processing and analysis of imaging 
data from marine and freshwater ecosystems, contributing to the study of the health of oceans, seas, coasts, 
and inland waters. Connected to the European Open Science Cloud (EOSC), iMagine supports the development, 
training, and deployment of AI models by collaborating with twelve use cases across diverse aquatic science 
fields. This collaboration fosters valuable insights and accelerates scientific progress by refining existing 
solutions in data acquisition, preprocessing, and model deployment. The platform offers trained models as 
a service, integrating AI tools for image annotation, ensuring the creation of high-quality datasets that comply 
with FAIR principles. Through these methodologies, iMagine enhances consistency, enabling researchers to 
efficiently publish and share data in repositories.

Beyond its AI tools, iMagine places a strong emphasis on deep learning models, such as convolutional 
neural networks, for tasks like image classification, object detection, and segmentation, tailored to the unique 
requirements of aquatic sciences. It also provides robust performance evaluation tools, including experiment 
tracking, while tackling challenges such as AI model drift and data biases to ensure research reproducibility 
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and transparency. The platform enables users to develop, train, share, and deploy AI models within a flexible 
environment that integrates with federated cloud and high-performance computing infrastructures, using 
Docker containers for smooth execution. Additionally, iMagine fosters collaboration with projects like AI4EOSC 
and Blue-Cloud, and Research Infrastructures such as EMSO and SeaDataNet, expanding its impact on the 
scientific community.

This paper summarizes the key lessons and best practices learned in the iMagine project through the full 
process of AI-based aquatic image analysis, from data preparation and annotation to model deployment and 
evaluation. The paper therefore helps aquatic scientists advance their AI-driven image analysis approaches.
 

1. Introduction

Machine learning, particularly Deep Learning (DL), has recently 
revolutionized the field of image analysis. Advances in neural net-
work architectures, such as Convolutional Neural Networks (CNNs) and 
Generative Adversarial Networks (GANs), have enabled computers to 
achieve high accuracy in tasks like object recognition, image segmen-
tation, and image generation. These developments have transformed 
environmental monitoring by providing powerful tools for extracting 
meaningful information from image data (Rubbens et al., 2023).

The iMagine project is funded by the European Commission to con-
tribute to the overarching mission of the EU for healthy oceans, seas, 
coasts, and inland waters. It does so by working toward key objectives, 
such as enhancing aquatic research through Artificial Intelligence (AI) 
applications, leveraging EOSC for developing, training, and deploying 
AI models. It enables online data stream analysis in distributed envi-
ronments, facilitating collaboration among research infrastructures to 
share images and AI applications. Additionally, the project develops 
best practices about how to create and deliver AI-powered image 
processing services.

The general objective of iMagine is to deploy, operate, validate 
and promote a dedicated iMagine AI platform, connected to EOSC and 
AI4EU and to apply the platform for the development and delivery of 
thematic AI-powered image analysis services in aquatic sciences. This 
provides open access to a diverse portfolio of AI-based image analysis 
services and image repositories from multiple research infrastructures, 
working on and being relevant to the overarching theme of ‘Healthy 
oceans, seas, coastal and inland waters’. The AI-based image analysis 
services emerged from the twelve scientific use cases that the project 
supports: five mature use cases (aimed at delivering AI-services), three 
prototype use cases (aiming to reach validated AI applications) and 
four additional use cases (selected for support via the iMagine open 
call). These use cases gained practical experience in the overall AI 
workflow, consisting of developing AI models, collecting images, and 
preparing training datasets to train those models, validating the models, 
deploying them for inference and supporting third-party external users.

Although utilizing AI methods in image analysis is well-documented,
there remains a lack of a cohesive framework tailored to the unique 
challenges and requirements of the aquatic science domain. This paper 
addresses this gap by providing insight from multiple subdisciplines, 
establishing a structured set of domain-specific best practices and 
guidelines for AI-based image analysis in aquatic sciences.

The objective of this paper is to summarize the lessons learned and 
experiences gained by the iMagine Competence Center, the distributed 
support team that was responsible for implementing the AI use cases. 
The experiences cover the areas of training data preparation, image an-
notation, preprocessing techniques, AI model selection, FAIR data and 
model evaluation, dataset publication, and serving trained AI models 
for inference. The results emerged from the close collaboration between 
iMagine’s use cases and the developers/providers of the iMagine AI 
platform, and are relevant for producers and providers of image sets, 
and developers, evaluators and providers of AI-based image analysis 
applications.

The remainder of this paper is structured as follows: We begin with 
an overview of related works (Section 2) on the application of AI-based 
image analysis in aquatic sciences. We continue with an introduction 
2 
to the iMagine Competence Center (Section 3) as the support entity 
that captured the best practices. Next, in Section 4 we review various 
neural networks relevant to image and video analysis, with a particular 
emphasis on those used in iMagine’s use cases. In the following section, 
we discuss annotation tools, a crucial step in preparing training datasets 
for AI model development (Section 5). This section evaluates the an-
notation tools that have proven useful in aquatic science applications. 
Section 6 focuses on data repositories and open-source datasets for 
aquatic applications, describing how training datasets can be shared 
and published once they are ready for third-party use. We then cover 
preprocessing techniques (Section 7), detailing methods to improve 
data quality before feeding it into AI models. Performance metrics and 
evaluation methods are explored in Section 8. Tools for monitoring 
model performance during training are addressed in Section 9, em-
phasizing experiment-tracking tools to ensure reliability. The document 
then delves into data biases in aquatic sciences models (Section 10), 
examining how these biases arise and how they can affect the accuracy 
of models and analyses. Next, we discuss model delivery (Section 11), 
explaining how trained and evaluated AI models can be shared with 
the aquatic community and deployed for inference. In Section 12, on 
AI model drift tools, we explore tools designed to detect, analyze, and 
mitigate model drift in AI systems deployed in production. (Section 13), 
offers insights into the AI techniques used, and the lessons learned 
from the iMagine use cases. The results and discussion of our main 
findings are presented in Section 14. Finally, the paper concludes with 
Section 15. 

2. Related work

The rapid growth of ocean observation technologies has led to the 
accumulation of vast amounts of ‘‘blue data’’ driving ocean science to-
ward a data-driven approach. The field of Data-Driven Oceanography, 
deep blue AI (DBAI), combines new technologies, methods, and tools to 
transform data into valuable knowledge, heavily relying on ocean ex-
pert knowledge and data features (Chen et al., 2022). DBAI is discussed 
in three main areas: AI feature engineering, AI detection frameworks, 
and AI time-series prediction frameworks, with applications ranging 
from sea surface studies to deep-sea exploration (Bonino et al., 2024). 
These methods have already been used for detecting fish, as well as for 
seagrass, plankton, and coral classification (Moniruzzaman et al., 2017) 
from images and videos. Despite the potential of AI in oceanography, 
challenges exist, particularly in understanding and labeling ocean data, 
which often relies on expert knowledge. The development of unsuper-
vised DL methods could help to address these limitations. Chen et al. 
(2022) outline the evolution of AI from crafted knowledge to statistical 
learning and contextual adaptation, emphasizing the importance of AI’s 
integration with ocean science to extract meaningful insights. However, 
challenges remain, particularly in overcoming the ‘‘black box’’ nature 
of AI models, requiring collaboration between ocean scientists and 
computer scientists. Ultimately, the goal of DBAI is to extract valuable 
knowledge from ocean data, with independent validation from ocean 
experts essential to demonstrate AI’s utility in the field. The paper 
highlights the importance of fostering a scientific discourse around 
blue data and ocean data science to ensure that AI advances re-
sponsibly, aiming to uncover the physical mechanisms behind oceanic 
phenomena.
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SEANOE https://www.seanoe.org
Supervisely https://supervisely.com
TensorBoard https://www.tensorflow.org/tensorboard
VIAME https://www.viametoolkit.org
Watershed https://scikit-image.org/docs/stable/auto_

examples/segmentation/plot_watershed.
html

Weights and Biases https://wandb.ai
Zenodo https://zenodo.org/communities/imagine-

project

DL is revolutionizing underwater video analysis by addressing chal-
lenges like poor water conditions, species similarity, and background 
clutter, which have previously hindered the quality of fish visual sam-
pling (Xu et al., 2023; Marrable et al., 2022; Qin et al., 2015). DL, 
alongside advancements in monitoring hardware and underwater com-
munication, enables comprehensive fish sampling across a range of 
environments, from shallow waters to the deep ocean, and provides a 
comparative understanding of marine and aquatic ecosystems. It also 
solves the problem of managing vast amounts of data generated by un-
derwater video, turning what was once an expensive and cumbersome 
task into a simple computer-processing issue. This capability allows 
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for more efficient, spatially and temporally replicated underwater fish 
surveys, facilitating significant advances in marine sciences. DL and 
related techniques are also valuable for improving data classification 
and feature extraction, as well as surveying fish habitats and tracking 
movement dynamics. However, to fully realize these benefits, concen-
trated efforts in data collection, model development, and transparent, 
reproducible research are essential for maximizing the potential of DL 
in marine habitat monitoring (Saleh et al., 2022). The authors survey 
computer vision and DL studies on fish classification in underwater 
habitats conducted between 2003 and 2021. It provides an overview 
of key DL concepts, analyzes and synthesizes relevant studies, and 
discusses the challenges faced in developing DL techniques such as 
model generalization, data set limitation, and image quality for under-
water image processing. They also propose strategies to address these 
challenges and offer insights into the future of DL in marine habitat 
monitoring.

Gaur et al. (2023) discuss the issue of organic effluent enrichment 
in water, which can stimulate algal growth, leading to pollution and 
threats to aquatic ecosystems. Recent incidents of harmful algal blooms 
(HABs) have underscored the need for early detection technologies. 
Although previous research emphasized the role of DL in the identi-
fication of algal genera, selecting the optimal CNN model for effective 
monitoring remains a challenge. The study evaluates the performance 
of four DL models (MobileNet V-2, VGG-16, AlexNet, and ResNeXt-
50) in classifying 15 types of bloom-forming algae. Using optimizers 
like Adam and RMSprop and activation functions such as softmax and 
ReLU, the models achieved classification accuracies of 40%, 96%, 98%, 
and 99%, respectively. The study concludes that ResNeXt-50 is the 
most accurate and versatile model for real-time algae identification, 
offering promise for AI-driven advances in phycological research and 
sustainable technologies.

Gunda et al. (2019) describe the development of an AI-based mobile 
application platform designed for automated color intensity identifi-
cation from sensor images, aimed at cost-effective, field-deployable 
water monitoring using smartphones. AI, particularly deep CNNs, is 
used to process images where conventional detection methods might 
struggle, significantly outperforming traditional approaches. The ap-
plication was tested for monitoring bacterial contamination in water, 
classifying sensor images based on the visual presence or absence of 
bacteria. The system achieved an impressive detection accuracy of 
approximately 99.99%, a substantial improvement over manual vi-
sual inspection methods. This enhanced accuracy is attributed to the 
elimination of subjective human decision-making, which can introduce 
inconsistencies in traditional image analysis.

Nagpal et al. (2024) examine the growing application of AI in 
wastewater treatment, focusing on its objectives, benefits, and major 
findings in three key areas: predicting the removal efficiency of organic 
and inorganic pollutants, real-time monitoring of water quality param-
eters, and detecting faults in treatment processes and equipment. AI 
technologies have demonstrated varying prediction accuracy for pol-
lutant removal, with 𝑅2 (coefficient of determination) values ranging 
from 0.616 to 0.997. The review also discusses the cost-effectiveness 
of AI systems in wastewater treatment and highlights ongoing pilot 
projects and demonstrations in various countries, showcasing the global 
adaptability and success of AI in improving wastewater treatment. 
Additionally, ethical considerations and potential future directions for 
AI in wastewater treatment are explored.

More than 20 years ago, the ADIAC project developed seminal 
approaches for digital imaging and automatic diatom identification
(du Buf and Bayer, 2002). Since then, several teams have been working 
on automatic detection, segmentation, and classification of benthic 
diatoms in images (see for instance references in Venkataramanan et al. 
(2024)). Yet, the upscaling of the already existing deep learning models 
to real-world situations (in terms of number of species, image quality) 
remains strongly limited by the small number of large and open training 
datasets of benthic diatom images. Hopefully, the recent publication of 
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Fig. 1. Typical AI development process followed by the iMagine use cases, concluding in their AI model being available on the iMagine Marketplace.
a large image dataset of freshwater diatoms, containing 83,570 images 
of 611 diatom taxa (101 of which represented by at least 100 examples 
and 144 by at least 50 examples each) (Venkataramanan et al., 2024)) 
should contribute to overcome this limitation.

In Ferrari et al. (2025), the authors present an object detection 
pipeline for marine sciences that provides an end-to-end solution, 
leveraging the compute continuum paradigm. The pipeline processes 
underwater images using edge computing devices, with results trans-
mitted to cloud infrastructure. Key design goals include minimizing 
execution time, response time, and power consumption, especially con-
sidering the power constraints in underwater environments. The paper 
highlights the challenges of using DL methods in such scenarios and 
notes that existing datasets, like Fish4Knowledge, are not suitable for 
the Mediterranean Sea’s unique conditions. The authors demonstrate 
the performance of the YOLOv3 object detector and its Tiny version 
on a low-power Nvidia Jetson Nano, showing that power consump-
tion trade-offs are important for long-duration autonomous underwater 
missions. They also explore how to configure edge computing in under-
water observatories, evaluating the impact of different approaches on 
execution times. The study reveals that setup times, such as initializing 
Python and CUDA environments, affect performance and suggests tun-
ing analysis frequency based on the need for immediate event response 
or data transfer optimization. The findings have broader applicability 
in environmental monitoring scenarios with limited power and band-
width, where object detection models, with appropriate training, can 
be adapted to various domains.

As AI-based assistant tools are increasingly utilized in marine eco-
logical research, particularly for analyzing image data from field bio-
diversity surveys, there is a growing need to establish standards to 
improve the robustness of related research. Reproducibility and compa-
rability are essential for scientific integrity and international collabora-
tion. To enhance these aspects of AI-based automated image analysis, 
recommendations include documenting biodiversity data sources, shar-
ing all codes, algorithms, and software packages, and developing AI 
tools for automated analysis across multiple taxonomic levels. Given 
the advancements in AI and image databases, adaptive strategies can be 
applied to standardize practices, facilitating the integration of cutting-
edge technologies to optimize automated image analysis, including 
improvements in accuracy for fine-grained image analysis (Zhou et al., 
2024).

Our work extends the above studies by consolidating experiences of 
real-world applications in aquatics sciences (Table  1) and covers the 
entire AI/ML life cycle (Fig.  1).
4 
3. Competence center

The iMagine Competence Center comprises a diverse group of ex-
perts spanning multiple disciplines, including AI, information tech-
nology (IT), and domain-specific fields. This multidisciplinary team 
encompasses marine and freshwater application experts who are crucial 
in tailoring solutions to these specific domains. Additionally, the center 
is supported by AI framework specialists and IT experts who play a key 
role in overseeing the technical integration of AI solutions into various 
use cases. These experts are responsible for ensuring that AI models 
are effectively integrated and function seamlessly within the broader 
technical infrastructure.

To facilitate the adoption and use of AI models, the iMagine AI 
platform (Heredia and Kozlov, 2025) offers various application delivery 
approaches, such as the iMagine Marketplace and OSCAR (Risco et al., 
2021) inference system. These platform components provide a stream-
lined and user-friendly environment for discovering and implementing 
AI tools, making it easier for domain experts to integrate advanced AI 
technologies into their work.

The iMagine AI platform itself is powered by the AI4OS software 
stack, which is developed by the AI4EOSC consortium. This software 
stack delivers the necessary tools and frameworks for implementing 
and scaling AI-driven solutions, ensuring that the iMagine platform can 
meet the diverse needs of its users. By combining expertise in AI, IT, 
and domain-specific knowledge, the Competence Center offers compre-
hensive support to use cases, helping them to leverage cutting-edge AI 
technologies effectively.

As part of the iMagine Competence Center, we are actively involved 
in monitoring and supporting use cases through regular meetings. These 
meetings allow us to stay closely connected with the progress of each 
use case, ensuring that any challenges or needs are addressed promptly. 
In addition to these meetings, we offer a range of training sessions as 
part of our annual Competence Center workshops and webinars. These 
sessions are designed to equip participants with the knowledge and 
skills required to fully leverage the resources and expertise available 
through the center.

Furthermore, we carefully document the developments, achieve-
ments, challenges, best practices, and expert recommendations through 
deliverables. These documents serve as comprehensive guidelines for 
the standardization of processes and for enhancing the quality of 
datasets and AI models. By maintaining a clear and organized record 



E. Azmi et al. Ecological Informatics 91 (2025) 103306 
Table 1
List of real-world use cases. Mature (advanced in AI-workflow), Prototype (in validation), and Additional (via open call).
 Name Type Description  
 Marine Litter Assessment Mature Aquatic litter monitoring system using drones  
 ZooScan - EcoTaxa Pipeline Mature Taxonomic identification of zooplankton from images of marine water samples taken by the ZooScan 

instrument 
 

 Marine Ecosystem Monitoring at EMSO OBSEA Mature Extraction of biological content from image data collected by an underwater camera observing 
various fish species 

 

 Marine Ecosystem Monitoring at EMSO Azores Mature Automatically annotate and validate submarine images  
 Marine Ecosystem Monitoring at EMSO SmartBay Mature Inspection of the video archive, quick detection and enumeration of prawns and prawn burrows, 

efficient flagging and referencing of interesting footage
 

 Oil Spill Detection Mature Oil spill detection from satellite images  
 FlowCam Plankton Identification Mature Taxonomic identification of phytoplankton using FlowCam images  
 Underwater Noise Identification Prototype Underwater noise identification from acoustic recordings using spectrograms  
 Beach Monitoring Prototype Beach seagrass wracks identification, shoreline extraction, and rip-currents detection  
 Freshwater Diatoms Identification Prototype Identification of freshwater diatoms using microscopic images  
 Cold Water Coral Reefs Additional Improving knowledge about cold water coral reefs  
 Satellite Derived Bathymetry Additional Automated system for high-resolution bathymetry mapping using satellite imagery  
 Fish Otoliths Additional AI for image-based age reading from fish otoliths  
 EyeOnWater Additional Observing water color and transparency by citizens globally  
of these contributions, we ensure that our work supports the continu-
ous improvement of both the iMagine infrastructure and the broader 
community it serves.

The support provided by the xCompetence Center begins at the very 
start of the AI development cycle, starting with the labeling of raw data 
collected by the use cases. Our involvement continues throughout the 
entire AI development process, ensuring that each stage is carefully 
managed, from data preprocessing and model training to the final 
deployment of the AI model as a service (Fig.  1). This comprehensive 
support allows us to address the specific needs and challenges of each 
use case, providing tailored assistance that maximizes the potential of 
AI technologies.

As part of our commitment to transparency and collaboration, the 
labeled training datasets provided by use cases, which are crucial for 
the development of high-quality AI models, are published on public 
repositories such as Zenodo, along with corresponding metadata. This 
ensures that the datasets are accessible to the broader community, 
promoting reuse and further innovation (see Section 6 for more details).

From the lessons learned by the use cases throughout the entire 
AI development cycle, a comprehensive set of best practices has been 
established. This document consolidates these insights and recommen-
dations gathered from real-world applications acting in different fields 
of aquatic sciences (Table  1) and processing data from various geo-
graphical locations and ecosystems (e.g., marine or freshwater). The 
use cases also helped to cross-validate the findings. The document offers 
valuable guidance to both current and future users on how to optimize 
AI model development, improve data quality, and ensure successful 
implementation.

4. Deep learning approaches

DL, a branch of AI, utilizes multi-layered neural networks to model 
and interpret complex patterns in data. It has transformed image pro-
cessing by enabling machines to learn and identify features directly 
from raw images, eliminating the need for manual feature extraction. 
Models such as CNNs have driven significant advancements in tasks 
like image classification, object detection, and image generation. This 
progress is crucial for developing sophisticated applications across 
various fields, including aquatic sciences. Over time, various CNN 
architectures have been developed, each introducing unique structures 
designed to enhance performance, efficiency, and accuracy. These net-
works are highly effective at automatically detecting and classifying 
patterns in images, making them efficient for tasks such as monitor-
ing marine biodiversity, mapping underwater habitats, and tracking 
changes in water quality or coral reef health. By automating these 
processes, CNNs improve the accuracy and efficiency of environmental 
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assessments, facilitate more informed decision-making for conservation 
efforts, and enable more effective monitoring of aquatic ecosystems in 
response to climate change and human impacts.

4.1. Convolutional neural networks

CNNs are a class of deep neural networks that are most commonly 
used to analyze visual images, and have proven to be extremely suc-
cessful in various computer vision tasks. We briefly review the most 
well-known CNNs for: 1. Image classification, which involves classi-
fying images into predefined categories, 2. Object detection, which 
focuses on locating and identifying objects in an image, 3. Image 
segmentation, which involves segmenting images into different classes.

4.1.1. Classification methods
Classification is a fundamental task in the field of computer vision, 

which aims to classify input data into predefined classes or categories. 
In this field, CNNs have redefined image classification by automatically 
learning hierarchical features from raw pixel data. Over the years, 
various CNN architectures have emerged, all characterized by different 
features and performance metrics. For instance, AlexNet (Krizhevsky 
et al., 2017), the winner of the ImageNet Large Scale Visual Recog-
nition Challenge in 2012, was a pioneer in the use of deep convo-
lutional networks. VGG (Simonyan and Zisserman, 2014) increased 
the network depth up to 19 layers, while ResNet (He et al., 2016) 
introduced skip connections to address the vanishing gradient problem. 
MobileNet (Howard et al., 2017), on the other hand, represents a 
class of lightweight CNNs designed for optimized inference on mobile 
and embedded devices with limited computational resources. Table  2 
shows some of the best-known models that have been developed for 
classification tasks.

4.1.2. Object detection and localization methods
These methods are aimed at detecting and localizing objects within 

an image or video, as well as identifying their class labels. For the 
classification task, a labeled dataset consists of images, each assigned 
a single class label. However, for object detection and localization, 
the dataset requires labeled images in which each object of interest is 
assigned a bounding box and the corresponding class label.

Current object detection algorithms can be divided into two main 
categories: 1. two-stage detectors, such as Region-based Convolutional 
Neural Network (R-CNN) (Girshick et al., 2014), Fast R-CNN (Girshick, 
2015), and Faster R-CNN (Ren et al., 2016), and 2. one-stage detectors, 
such as Single Shot MultiBox Detector (SSD) (Liu et al., 2016) and You 
Only Look Once (YOLO) (Redmon et al., 2016), see Table  3.
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Table 2
List of the best-known CNNs for classification.
 Model name Description  
 AlexNet One of the first deep convolutional neural networks, introduced techniques such as ReLU and dropout (Krizhevsky et al., 2017).  
 VGG Very deep convolutional networks, known for their uniform architecture with small (3 × 3) filters (Simonyan and Zisserman, 2014).  
 ResNet Deep residual networks, known for their ability to train very deep networks effectively (He et al., 2016).  
 Mobilenet Lightweight convolutional neural networks designed for mobile and embedded vision applications (Howard et al., 2017).  
 InceptionNet Designed to improve computational efficiency and accuracy through the use of inception modules (Szegedy et al., 2016).  
 Xception It is based on an improvement to the Inception model architecture, specifically utilizing depthwise separable convolutions to make the network more 

efficient in terms of computational cost and parameter count (Chollet, 2017). 
 

 DenseNet Densely connected convolutional networks where each layer receives feature maps from all preceding layers (Huang et al., 2017).  
 ResNeXt Extension of ResNet architecture with a cardinality parameter to improve representational power (Xie et al., 2017).  
 EfficientNet Compound scaling method that uniformly scales dimensions of depth/width/resolution (Tan and Le, 2019).  
 CLAP The CLAP model is a DL framework designed to align audio signals and textual descriptions in a joint embedding space (Wu et al., 2023b).  
Table 3
List of the best-known CNNs for object detection.
 Model name Description  
 R-CNN Region-based Convolutional Neural Network for object detection. It uses selective search to propose regions and applies a convolutional network to 

classify each region (Girshick et al., 2014). 
 

 Fast R-CNN Evolution of R-CNN that improves speed and accuracy by introducing the Region Of Interest (ROI) pooling layer to efficiently extract region features 
(Girshick, 2015). 

 

 Faster R-CNN Introduces Region Proposal Network (RPN) to generate region proposals instead of using external methods like selective search, making it faster and 
more accurate. Integrates RPN with Fast R-CNN architecture (Ren et al., 2016).

 

 SSD Single Shot MultiBox Detector designed for real-time object detection. Utilizes a single neural network to predict bounding boxes and class probabilities 
for multiple object instances simultaneously at different scales (Liu et al., 2016). 

 

 YOLO You Only Look Once models for real-time object detection. Divided into multiple versions (v1 to v10) each with improvements in accuracy and speed, 
focusing on predicting bounding boxes and class probabilities directly from full images in a single evaluation (Redmon et al., 2016). 

 

 EfficientDet A family of object detection models that achieve better accuracy and efficiency by using a compound scaling method to balance the depth, width, and 
resolution of the network (Tan et al., 2020).

 

Various software programs have been developed for these algo-
rithms. For example, fasterrcnn pytorch training pipeline (Rath, 2024), 
provides a pipeline for training PyTorch Faster R-CNN models on 
custom datasets. With this pipeline, users can choose between official 
PyTorch models trained on the COCO dataset (Lin et al., 2014), use any 
backbone from Torchvision classification models, or even define their 
own custom backbones. The trained models can then be used for object 
detection tasks on specific datasets. We have integrated the DEEPaaS 
API (López García, 2019) into this existing codebase, and this model is 
accessible as a general-purpose model on the iMagine Marketplace.

Recently, the YOLO model has evolved considerably with the de-
velopment of new versions designed to improve both the accuracy and 
efficiency of the system. YOLOv8 (Jocher et al., 2023) has substantially 
enhanced both the speed and accuracy of object detection compared to 
the previous versions. This model introduces various variants, including 
Nano (n), Small (s), Medium (m), Large (l), and Extra-Large (x), each 
with a different number of parameters that can be trained depending 
on the model variant.

Ultralytics (Jocher et al., 2023) is an active contributor to the open-
source community, providing accessible and cutting-edge solutions for 
various artificial intelligence tasks such as detection, segmentation, 
classification, tracking, and pose estimation. YOLOv8 is provided by 
the Ultralytics organization using the PyTorch framework. This model 
can be used flexibly for classification, detection, object-oriented detec-
tion, and segmentation tasks. We have integrated a DEEPaaS API with 
Ultralytics YOLO and made it available as a general-purpose model 
on the iMagine Marketplace. Depending on the application, users can 
select one of the model variants and train it. The Docker images are 
provided along with these models. The users have the option of either 
starting a deployment on the iMagine platform from this Docker image 
and training the models on the custom data without further effort. 
Alternatively, they can run these Docker containers on both Clouds and 
High-Performance Computing (HPC) infrastructures.

4.1.3. Segmentation methods
The segmentation task in computer vision refers to the process 

of dividing an image into multiple segments or regions to simplify 
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its representation and facilitate the analysis of its content. The goal 
is to group pixels that belong to the same object or share similar 
visual characteristics, such as color, texture, or intensity. A dataset 
used for segmentation tasks, such as semantic segmentation or instance 
segmentation, provides pixel-level annotations for the entire image. 
Unlike in object detection tasks, where bounding boxes are used, each 
pixel in the image is labeled with a class indicating the category of the 
object or region to which it belongs. Segmentation tasks can be roughly 
divided into the following types:

• Semantic segmentation: In semantic segmentation, each pixel 
in the image is assigned a class label that represents the category 
of the object or region to which it belongs. The main objective 
is to classify each pixel into predefined categories without dis-
tinguishing between the individual object instances (Guo et al., 
2018).

• Instance segmentation: Instance segmentation is an extension 
of semantic segmentation, where the goal is not only to clas-
sify each pixel into categories, but also to distinguish between 
different instances of the same object class. This means that 
each individual object instance in the image is assigned a unique 
identifier (Sharma et al., 2022).

• Panoptic segmentation: Panoptic segmentation combines both 
semantic and instance segmentation in a unified framework. It 
aims to segment and detect all objects in the scene, both things 
(e.g., background elements such as sky, road, grass) and objects 
(e.g., cars, people, animals), while also distinguishing between 
individual instances of objects (Kirillov et al., 2019).

Fully Convolutional Networks (FCNs) represent an innovative ap-
proach in the field of semantic segmentation, transforming traditional 
CNNs into fully convolutional architectures. This transformation en-
ables training and prediction for pixel-wise segmentation tasks without 
relying on fully connected layers. A key feature of FCNs is their ability 
to perform dense predictions for image segmentation by replacing 
the fully connected layers typically used for classification with con-
volutional layers. This structural modification allows the network to 
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Table 4
List of the best-known CNNs for segmentation.
 Model name Description  
 Fully Convolutional 
Networks (FCNs) 

FCNs are designed for semantic segmentation and replace the fully connected layers of traditional CNNs with convolutional layers to produce 
dense predictions. The model is effective for generating pixel-wise segmentation maps (Long et al., 2015).

 

 Segment Anything 
Model (SAM) 

SAM is a versatile foundation model for image segmentation that excels in zero-shot learning, allowing it to segment unseen objects and perform 
edge detection, object proposal generation and instance segmentation. It improves speed and accuracy in annotation tasks and is available under a 
permissive open license (Kirillov et al., 2023). 

 

 Mask2Former Features are extracted from the image (at several scale) by a CNN. A pixel decoder scales those features back up to the original image size. A 
transformer decoder receives object queries and information from the pixel decoder to predict a mask and a class (Cheng et al., 2022). 

 

 U-Net U-Net is a convolutional neural network architecture designed specifically for biomedical image segmentation. It has a unique architecture that 
consists of a contracting path to capture context and a symmetric expanding path that enables precise localization (Ronneberger et al., 2015).

 

maintain spatial hierarchies and directly output segmentation maps 
that align with the dimensions of the input image. FCNs facilitate end-
to-end learning and prediction, meaning the network can be trained 
and inferred in a single step, directly mapping input images to seg-
mented outputs. By utilizing only convolutional layers, FCNs preserve 
spatial information throughout the network, which is crucial for ac-
curate pixel-wise segmentation. FCNs have been extensively applied 
across various domains, such as medical imaging, autonomous driving, 
and scene understanding. For example, in biomedical image segmen-
tation, FCNs have demonstrated strong performance in tasks like cell 
segmentation and lesion detection.

The Segment Anything Model (SAM) is a promptable foundation 
model for image segmentation that significantly enhances both the 
speed and quality of computer vision annotations. One of SAM’s most 
compelling features is its capability as a promotable segmentation sys-
tem, demonstrating Zero-Shot generalization to unfamiliar objects and 
images, thereby eliminating the need for additional training. Zero-Shot 
learning is a machine learning paradigm in which a model is trained 
to recognize classes or objects that it has never encountered during 
training. This is achieved by incorporating additional information or 
knowledge about these unseen classes, enabling the model to generalize 
and make predictions for unfamiliar instances. SAM leverages Zero-
Shot learning to segment unseen objects during inference. SAM can be 
prompted to perform edge detection and segment anything, including 
object proposal generation. It can also segment detected objects, ef-
fectively performing instance segmentation. As a proof of concept, it 
can segment objects based on free-form text. SAM is available under a 
permissive open license (Apache 2.0).

Mask2Former is a deep learning model that combines various seg-
mentation tasks, including instance, semantic, and panoptic segmenta-
tion, within a single architecture. Mask2Former leverages transformers 
and a novel masked attention mechanism to efficiently process image 
data by focusing on specific regions, thereby generating accurate seg-
mentation masks. The model captures detailed relationships between 
pixels, leading to improved segmentation quality and computational 
efficiency.

U-Net’s distinctive U-shaped structure consists of two main com-
ponents: an encoder and a decoder, connected by skip connections. 
The encoder, or contracting path, follows the typical architecture of a 
convolutional network. As the input image progresses through the con-
tracting path, its spatial dimensions are progressively reduced, while 
the number of feature channels is increased with each step. Each down-
sampling step doubles the number of feature channels. The decoder, 
or expansive path, aims to recover spatial information and generate a 
segmentation map. Each step in the decoder involves upsampling the 
feature map.

A summary of these best-known models for segmentation tasks 
can be found in Table  4. Furthermore, the detailed application of 
the aforementioned CNN models to aquatic sciences use cases within 
iMagine is described in Section 13.
7 
4.2. Foundation models: The next-generation AI

Foundation models are large neural networks trained on large 
amounts of diverse data, making them a powerful base for fine-tuning 
across various downstream tasks. They serve as a foundational base 
upon which more specific models can be built. These models represent 
a significant advancement in AI due to their ability to generalize 
across tasks, transfer knowledge, and enhance the efficiency of AI 
development.

One of the most notable features of foundation models is their 
capacity for generalization and transfer learning. These models can 
transfer knowledge from one domain to another, enabling them to 
adapt to new challenges with minimal retraining. For instance, a model 
trained on large text data can be fine-tuned to understand scientific 
texts, legal documents, or even new languages. Examples of such mod-
els include GPT (Generative Pre-trained Transformer) (Brown et al., 
2020) and BERT (Bidirectional Encoder Representations from Trans-
formers) (Devlin, 2018). GPT, developed by OpenAI, is trained on 
massive text corpora and excels at generating human-like text, an-
swering questions, translating languages, and more. However, BERT, 
developed by Google, is optimized for understanding the context of 
words within a sentence, making it particularly effective for tasks such 
as question answering and natural language understanding. Another 
important aspect of foundation models is their multimodal capabilities. 
Models like CLIP (Contrastive Language-Image Pretraining) (Radford 
et al., 2021) integrate multiple data modalities, such as text and im-
ages, allowing them to perform tasks that require understanding across 
different types of data. Finally, foundation models streamline AI devel-
opment by reducing the need to train new models for every specific 
task from scratch. This efficiency accelerates the development and 
deployment of AI systems, making it easier to build solutions for a wide 
range of applications.

Leveraging foundation models can be considered the next step 
beyond CNNs for AI-based aquatic services, wherever applicable. How-
ever, iMagine use cases have not yet required their application.

5. Annotation tools

The rapid advancement of deep learning techniques, particularly 
CNNs, has revolutionized image analysis. However, the effectiveness 
of these models is highly dependent on the quality and quantity of 
annotated training data. Annotation tools enable users to label images 
with semantic tags, bounding boxes, polygons, and key points, facili-
tating the creation of annotated datasets tailored to specific research 
objectives and model requirements.

This section summarizes our experience with various annotation 
tools used in aquatic sciences and image processing applications within 
the iMagine project. We evaluate the features, functionality, and suit-
ability of each tool for annotating images and videos, considering 
factors such as annotation complexity, scalability, and integration with 
AI frameworks.
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5.1. BIIGLE

BIIGLE (Langenkämper et al., 2017) is a web-based, open-source 
tool for fast and effective labeling of images and videos. It was orig-
inally developed for monitoring and researching the marine environ-
ment, but it can also be used to annotate various image and videos. 
The video annotation tool allows automatic object tracking. BIIGLE 
features a label tree, which allows labels to be organized either in a 
simple flat structure or a more complex hierarchical format, making 
the labeling process more intuitive. BIIGLE is also highly scalable, 
capable of managing vast collections containing thousands or even tens 
of thousands of images or videos.

Users can download all images and videos into a folder, with files 
being easily loaded from a public web server, cloud storage, or through 
direct volume uploads. The tool also enables annotations to be viewed 
in a structured grid format, ensuring a clear and organized overview of 
labeled data. Additionally, BIIGLE allows users to request annotation 
assistance from others, making collaboration more seamless. Another 
notable feature is its Machine Learning Assisted Image Annotation 
(MAIA) method, which enhances the efficiency of the labeling process. 
Moreover, all labeling information can be downloaded for free in 
user-friendly formats, such as CSV.

Despite its many advantages, the file upload process can be slow 
and the automatic object tracking is only available for point and circle 
tools.

5.2. Roboflow

Roboflow is a platform designed to help developers and businesses 
efficiently manage and deploy computer vision models. It offers a 
comprehensive set of tools for data annotation, model training, and 
deployment, making it easier to develop custom computer vision ap-
plications. Key features include data augmentation, model versioning, 
and seamless integration with popular cloud services.

One of Roboflow’s advantages is that it is primarily a cloud-based 
service, allowing users to access its tools from anywhere. It offers 
a free tier, though usage is subject to Roboflow’s terms of service 
and agreements. When annotating videos, users can regenerate labels 
from previous frames to track objects effectively. Additionally, the 
platform allows data to be partitioned into training, validation, and 
test datasets, ensuring a structured approach to model training. Users 
can also do versioning of datasets, making it easy to manage updates 
and track changes over time. For video annotation, Roboflow provides 
the flexibility to label frames individually and choose the frequency 
of frames to be annotated. Annotations can be exported in various 
formats, including JSON, XML, and TXT, making integration with other 
tools seamless. Moreover, the platform supports model training such as 
YOLO, which streamlines the development process for object detection 
models.

Despite its many strengths, Roboflow has some limitations. It is a 
proprietary service built on closed-source software. On the free plan, all 
uploaded images are public, which may not be suitable for users dealing 
with sensitive data. Additionally, the paid plans can be costly, and 
many advanced features are only available with a subscription. Since 
Roboflow is cloud-based, a stable internet connection is required, and 
there is no official on-premises installation option. For organizations 
handling proprietary or sensitive data, uploading information to the 
cloud may pose privacy and security concerns.

5.3. Label studio

Label Studio is an open-source data labeling tool designed for a wide 
range of data types, including text, images, audio, video and time series. 
It is highly customizable, supports various annotation tasks and can be 
integrated into machine learning pipelines.
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One of Label Studio’s key advantages is its flexibility. The Commu-
nity Edition is fully open-source under the Apache License 2.0, allowing 
users to install and run it on their infrastructure. For those seeking 
additional features and managed services, an Enterprise Cloud version 
is available under a commercial license. The tool supports multiple 
data types and accommodates diverse annotation tasks, such as object 
detection and classification. Additionally, Label Studio facilitates multi-
user collaboration, making it well-suited for large teams working on 
extensive datasets. With an active community and comprehensive doc-
umentation, users have access to valuable support and troubleshooting 
resources.

However, there are some challenges to consider. Running Label 
Studio locally can be resource-intensive, particularly when dealing 
with large datasets or complex annotation workflows. Its performance 
depends on the underlying hardware and system configuration, which 
may vary among users. Installation and setup can also be a hurdle for 
those without technical expertise, as some details in the documentation 
may be lacking. While Label Studio offers a solid set of features, some 
advanced functionalities found in commercial tools, such as enhanced 
security, advanced user management, and priority support, are not 
included in the open-source version. Additionally, its collaboration 
features require network connectivity, which can be a limitation in 
environments with unreliable internet access.

5.4. VIAME

The Video and Image Analytics for the Marine Environment (VI-
AME) annotation tools are a suite of tools and utilities designed for 
the annotation, processing, and analysis of video and image data, 
particularly related to the marine environment. VIAME is an open-
source computer vision platform built for users to develop their own AI 
solutions. Continuously evolving, it offers a comprehensive toolkit with 
workflows for creating object detectors, full-frame classifiers, image 
mosaics, rapid model training, image and video search, and stereo 
measurement techniques.

One of VIAME’s biggest strengths is its specialization in underwa-
ter and marine data, making it particularly valuable for researchers 
and marine biologists. The platform is fully open-source under the 
Apache License 2.0, providing users with unrestricted access to its 
tools. It offers a wide range of video and image analysis capabilities, 
including object detection, classification, and tracking. VIAME supports 
both manual and automated annotation, giving users flexibility in 
their workflows. The platform includes both web-based and desktop 
annotation tools, enabling users to choose their preferred working envi-
ronment. It provides robust annotation options, allowing users to define 
objects using polygons, lines, points, and bounding boxes. Additionally, 
VIAME can train models over multiple videos or image sequences using 
standard AI models. A built-in image enhancement feature runs under 
the hood, helping to improve visual data for analysis. VIAME supports 
both GPU and CPU installations and can be configured to run in a cloud 
environment, provided users set it up on services like AWS, Google 
Cloud, or Azure. As a self-contained platform, it can be particularly 
beneficial for researchers who need a dedicated system for their work.

Despite its many advantages, VIAME does have some limitations. As 
an open-source project, it may not have as large or active a community 
as some commercial alternatives, which can make troubleshooting and 
getting support more challenging. The software also requires high 
computational resources, including a powerful CPU and GPU, especially 
when processing large datasets or running complex algorithms. Setting 
up VIAME can be technically demanding, particularly for users who 
are not familiar with command-line interfaces or programming. Unlike 
some cloud-based platforms, VIAME does not provide an official cloud-
hosted instance, meaning users must install and run it locally on their 
machines or servers. Additionally, its documentation and tutorials are 
partially limited compared to other annotation tools. Another limitation 
is its file format compatibility. VIAME only supports the import and 
export of its own VIAME CSV, DIVE JSON Annotation formats, and 
COCO Annotation format, which may restrict interoperability with 
other platforms.
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5.5. VGG image annotator

VGG Image Annotator (VIA) (Dutta et al., 2016; Dutta and Zisser-
man, 2019) is a popular web-based tool used for annotating images. It 
is primarily designed to facilitate the creation of ground truth data for 
training computer vision algorithms, such as object detection, image 
segmentation, and classification models.

One of VIA’s main advantages is that it is completely free to use 
under the BSD-2-Clause License. As a browser-based tool, it runs en-
tirely within a web browser, eliminating the need for installation and 
making it accessible across different platforms. VIA supports multiple 
annotation types, including bounding boxes, polygons, points, and 
image classification tags, offering flexibility for various annotation 
tasks. Users can export annotations in multiple formats, such as JSON, 
CSV, and plain text, ensuring compatibility with different workflows. 
Additionally, VIA is open-source and allows for team collaboration, 
making it suitable for projects that involve multiple annotators. Since 
it is a client-side application, all data is processed locally in the user’s 
web browser, meaning no server hosting is required. This also enables 
users to work offline, making VIA a convenient choice in environments 
where internet access may be limited.

Despite its strengths, VIA has some limitations. Although its in-
terface is intuitive, it lacks some advanced features found in more 
specialized annotation tools. Furthermore, while it works well for small 
to medium-sized datasets, it may struggle with large-scale datasets due 
to the performance constraints of web-based applications.

5.6. Hasty

Hasty positions itself as an all-in-one solution for faster AI model 
creation and deployment, aiming to address three key challenges: slow 
manual annotations, lack of developer feedback and the need to man-
age multiple tools. The platform improves annotation speed by 12×, 
reduces data quality control costs by 90% and streamlines the entire 
development process.

One of Hasty’s biggest advantages is its faster annotation and de-
velopment process, significantly reducing the time required for data 
preparation and model training. A standout feature is its real-time 
training model, which continuously learns and improves as annotations 
are made. This live learning capability helps enhance both accuracy and 
efficiency during the annotation process. Additionally, Hasty provides 
an agile feedback loop, meaning the platform actively learns from user 
actions and offers insights to refine model performance throughout 
development.

However, there are some drawbacks to consider. Hasty is a pro-
prietary platform based on closed-source software, which may limit 
customization and transparency for some users. Although it offers a 
free plan, its functionality is restricted once users exhaust their virtual 
credits. Another limitation is its export format options. Hasty may 
not support all widely used formats, such as YOLO, which can create 
compatibility issues with other tools. Additionally, compared to some 
competing platforms, Hasty lacks advanced keyboard shortcuts, which 
could slow down the annotation process.

5.7. CVAT

Computer Vision Annotation Tool (CVAT) is a widely used open-
source annotation tool designed for labeling digital images and videos, 
particularly for computer vision tasks. It is available under the Apache 
License 2.0, and users have two main free options that are self-hosted 
deployment and the limited CVAT Cloud version.

One of CVAT’s key strengths is its support for various annotation 
types, including bounding boxes, polygons, polylines, points, cuboids, 
and even 3D annotations. It is designed for a range of computer vision 
tasks, such as object detection, image segmentation, and classification. 
The tool offers an intuitive and user-friendly interface. A standout 
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feature of CVAT is its automatic annotation capabilities, which leverage 
pre-trained models for tasks like segmentation, detection, and tracking. 
This includes advanced models like Segment Anything Model (SAM), 
YOLOv7, Text Detection v4, and TransT. Additionally, CVAT allows 
users to integrate their models for customized tasks. The platform also 
supports serverless functions, enabling users to deploy containerized 
applications on either GPU or CPU in a local system. CVAT is highly 
versatile when it comes to deployment, as it supports multiple plat-
forms, including Docker-based installations, making it relatively easy 
to set up across different infrastructures.

However, despite its strengths, CVAT has some drawbacks. One 
major limitation of the free CVAT Cloud plan is that it restricts users to 
a maximum of four annotators, which may not be suitable for larger 
teams. Furthermore, CVAT’s cloud-collaborative features require an 
active internet connection, which could be a limitation in environments 
with poor network access. Additionally, the initial setup process can be 
complex, especially for users unfamiliar with Docker images and con-
tainerized environments. Running CVAT can also be resource-intensive, 
particularly when working with large datasets or automatic annotation 
models, as performance depends heavily on hardware specifications 
and system configuration. Another potential challenge is that some 
Docker containers, such as SAM, are set to ‘‘ALWAYS RESTART’’, 
leading to unnecessary resource consumption. Users need to manually 
adjust Docker policies to optimize system performance.

5.8. Labelbox

Labelbox is a user-friendly data labeling platform designed to sim-
plify the creation of training datasets for machine learning models. It 
provides an intuitive interface that supports various annotation tasks, 
including object recognition, image segmentation, and text classifica-
tion, making it a versatile tool for different machine learning projects.

One of Labelbox’s key advantages is its flexible cloud-based plat-
form, which is available under various pricing tiers, including a free 
Community plan with specific terms of service. It is particularly well-
suited for large-scale projects, as it allows users to efficiently manage 
multiple projects and large datasets. The platform offers collaborative 
tools with role-based access control, making it an excellent choice for 
team-based annotation workflows. Labelbox provides several annota-
tion and tracking features, such as the ability to add and remove labels 
as needed, tag frames, and adjust bounding boxes for tracking. Users 
can choose to annotate videos frame by frame or play the video while 
labeling, offering flexibility in the annotation process. Additionally, 
the platform incorporates AI-assisted labeling features that help auto-
mate and accelerate the annotation process, improving efficiency. It 
also includes comprehensive data management tools, such as dataset 
versioning and quality control mechanisms, and supports multi-domain 
input, including images, videos, and text.

Despite its strengths, Labelbox has some notable limitations. As 
a proprietary, closed-source platform, it lacks the transparency and 
flexibility of open-source alternatives. Additionally, because it is a 
cloud-based tool, it requires a stable internet connection and does 
not support offline usage, which may be a drawback for users who 
need to work in disconnected environments. While Labelbox offers 
a free tier, many advanced features and higher usage limits require 
a paid subscription, which can be costly for some users. Another 
concern for certain organizations is data privacy and security. Since 
Labelbox operates in the cloud, users must upload their data, which 
can be a potential issue for those working with sensitive or proprietary 
information. Furthermore, the platform does not offer an on-premises 
installation option, making it unsuitable for organizations that require 
local data hosting.
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Table 5
Overview of the annotation tools and their features.
 Feature BIIGLE Roboflow Label Studio VIAME VIA Hasty CVAT Labelbox LabelImg Supervisely  
 Active learning – ✓ ✓ ✓ – ✓ – ✓ – ✓   Video support ✓ – – ✓ – ✓ ✓ – – –   Data augmentation service – ✓ – ✓ ✓ ✓ – ✓ – ✓   Workflow management – ✓ ✓ ✓ ✓ ✓ – ✓ – ✓   Document version control ✓ ✓ ✓ – – ✓ ✓ ✓ – ✓   Automation and AI assistance ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ – ✓   Collaboration and review ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ – ✓   Locally hosted ✓ ✓ ✓ ✓ ✓ – ✓ – ✓ ✓  
 Open-source ✓ Paid and 

open-source ✓ ✓ ✓ – ✓ – ✓ –  
 Input format type Images, 

videos
Images, videos, 
datasets

Various Various (e.g., 
images, video) Images Images, 

Annotations
Images, videos Various Images, 

Annotations
Images, videos, 
datasets

 

 Export format JSON, XML, 
CSV, TXT 
etc.

JSON, CSV, 
XML

JSON, CSV, 
XML

Various (e.g., 
CSV, JSON) CSV, JSON Various (e.g., 

JSON, CSV) JSON, XML, 
COCO, YOLO, 
PNG, etc. 

JSON, CSV PASCAL VOC, 
YOLO, CreateML, 
XML, TXT

JSON, CSV, 
XML

 

 Extra feature – Model 
training, 
deployment

Customizable 
interfaces

Specialized for 
marine life Pre-trained 

models for 
images

Automated 
labeling

Customizable 
workflows, 
Automated 
labeling 

Model 
training, 
deployment

Simple UI Model training, 
deployment

 

 Supported tasks Detection, 
Segmentation, 
Tracking

Detection, 
Segmentation, 
Classification

Detection, 
Segmentation, 
Classification, 
NLP

Detection, 
tracking

Classification, 
Detection

Detection, 
Segmentation

Classification, 
Detection, 
Segmentation, 
Tracking

Detection, 
Segmentation, 
Classification

Detection Detection, 
Segmentation, 
Classification

 

5.9. LabelImg

labelImg (Tzutalin, 2015) is a popular open-source tool for graphical 
annotations, specifically designed for object localization and detection. 
It supports only rectangular bounding boxes, limiting its functionality 
to these tasks. However, we still recommend this tool because its sole 
focus on creating bounding boxes ensures a streamlined and user-
friendly experience. labelImg provides all the essential features along 
with handy keyboard shortcuts for efficient annotation.

5.10. Supervisely

Supervisely is a comprehensive annotation platform designed for a 
wide range of data types, including images, videos, LiDAR 3D sensor 
fusion, and DICOM volumes. It enables users to efficiently manage 
datasets, collaborate on projects, and train neural networks. Unlike 
many other annotation tools, Supervisely serves as a unified ecosys-
tem that integrates various open-source tools and customized solu-
tions through Supervisely Apps, interactive web applications that run 
directly in the browser while being powered by Python.

One of the key advantages of Supervisely is its flexibility in ex-
porting annotations to different models, such as YOLO, making it 
compatible with a broad range of machine learning tools. The platform 
also offers seamless integration with numerous open-source applica-
tions available on GitHub, allowing users to run models, generate 
synthetic images, and perform various computer vision tasks. Addi-
tionally, Supervisely provides shortcuts and advanced tools that help 
streamline the labeling process, enabling fast and efficient annotation.

However, Supervisely does have some drawbacks. As a proprietary, 
it is a closed-source platform. Additionally, while the platform is func-
tional, its user interface is not the most intuitive or visually appealing, 
which may hinder usability for some users. Another limitation is the 
GPU dependency of its certain integrated apps, restricting access to 
these features for users without compatible hardware. Furthermore, 
Supervisely has shifted to a paid model, reducing the storage space 
available for free users. This change may pose challenges for projects 
handling large datasets.

5.11. Summary of features per annotation tool

In Table  5, we take a closer look at the comparison of the annotation 
tools and examine them based on several key features:

• Active learning: Some annotation tools employ active learning 
techniques that aim to reduce the annotation effort by strategi-
cally selecting the most informative data samples for annotation, 
thus optimizing the annotation process.
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• Video support: Tools equipped with video annotation capabilities 
that allow users to efficiently annotate frames, segments, or entire 
videos.

• Data augmentation services: Certain annotation platforms pro-
vide data augmentation services that allow users to generate 
augmented versions of their annotated data.

• Workflow management: Users can define sequential or parallel 
annotation tasks, assign them to annotators and monitor the 
progress of annotation projects in real-time to ensure efficient 
collaboration and project management.

• Document version control: Tools that offer robust version control 
capabilities allow users to effectively manage different versions of 
their annotated datasets.

• Automation and AI assistance: Platforms that use artificial intelli-
gence (AI) technologies to automate annotation tasks and provide 
intelligent assistance to annotators can significantly accelerate the 
annotation process, improve to minimize human error.

• Collaboration and review features: Annotation tools that facilitate 
collaboration and review between annotators and project stake-
holders promote effective communication, feedback sharing, and 
quality assurance.

CVAT is the mostly used annotation tool among the iMagine project 
use cases due to its features, such as automatic labeling, which signifi-
cantly streamlined the annotation process. This led the iMagine project 
to integrate CVAT into the iMagine Marketplace, making it available 
for users to deploy the tool directly from the platform.

6. Data repositories and open-source datasets

Open-source datasets play a crucial role in advancing scientific 
knowledge, supporting policy decisions, and promoting collaboration 
in marine research and conservation. Each use case within iMagine 
has created and utilized labeled datasets to train their applications. 
A key objective of iMagine is to make these image training datasets 
accessible to external users. This effort aims to enhance transparency 
by showcasing the images used to train AI models, thereby increasing 
user confidence and understanding of these models. Additionally, it 
seeks to enable the reuse of these images for various purposes, such 
as retraining existing models or training new AI models beyond the 
consortium (Kozlov et al., 2024).

To achieve this goal, the labeled images used for training the 
iMagine use cases are cataloged and made available for download via 
Zenodo. This is the preferred platform for data storage and sharing 
due to several compelling features. First, it offers long-term storage, 
supported by the EU, ensuring the preservation and dissemination of 
research results over time. Second, Zenodo assigns each publication 
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Table 6
Overview of open-source datasets for aquatic sciences.
 Dataset name Description Application  
 FathomNet It serves as a valuable resource for training, testing, and validating cutting-edge artificial intelligence 

algorithms aimed at exploring our ocean and its diverse inhabitants. Drawing inspiration from well-known 
annotated image databases like ImageNet and COCO, FathomNet strives to create a comprehensive 
reference dataset specifically focused on images depicting marine life (Katija et al., 2022). 

Detection  

 MINKA It is a citizen science platform designed to collect and share biodiversity and environmental data, with a 
strong focus on advancing the Sustainable Development Goals (SDGs). It empowers citizen scientists 
through user-friendly tools, expert-validated observations, and accessible data for researchers and 
policymakers, fostering community engagement and knowledge sharing (MINKA, 2024). Martínez (2024a) 
created Python scripts to download pictures from MINKA. 

Various tasks  

 Marine litter assessment Aquatic plastic litter dataset developed for APLASTIC-Q publication (Wolf et al., 2021). Classification  
 ZooScanNet ZooScanNet: plankton images captured with the ZooScan (Elineau et al., 2024). Classification  
 Segmentation masks for 
ZooScan 

Segmentation masks of ZooScan images focusing on images with several objects separated by a human 
operator (Jalabert et al., 2024).

Detection, 
Segmentation

 

 EMSO OBSEA Labeled Images at OBSEA for Object Detection Algorithms (Baños Castelló et al., 2024). Detection  
 EMSO Azores Deep-sea observatories images labeled by citizens for object detection algorithms (Lebeaud et al., 2024). Detection  
 EMSO SmartBay Nephrops (Nephrops norvegicus) Burrow object detection simple training dataset from Irish Underwater TV 

surveys (Melvin, 2024), SmartBay Marine Species Object Detection Training dataset (Cullen, 2024b), 
SmartBay Marine Types Object Detection Training dataset (Cullen, 2024a). 

Detection  

 Oil spill detection Segmented oil spills (Ferrer et al., 2024). Optimization  
 FlowCam plankton 
identification

LifeWatch observatory data: phytoplankton annotated trainingset by FlowCam imaging in the Belgian Part 
of the North Sea (Decrop et al., 2024), LifeWatch observatory data: phytoplankton annotated image library 
by FlowCam imaging for the Belgian part of the North Sea (Lagaisse et al., 2024). 

Classification  

 Shoreline extraction SCLabels: Labelled rectified RGB images from the Spanish CoastSnap network (Soriano-González et al., 
2023).

Segmentation  

 Beach seagrass wrack 
identification 

BWILD: Beach seagrass Wrack Identification Labelled Dataset (Soriano-González et al., 2024b). Detection, 
Segmentation

 

 Rip currents detection RipAID: Rip current Annotated Image Dataset (Soriano-González et al., 2025). Detection  
 Freshwater diatoms 
identification

Large image dataset of freshwater diatoms for training deep learning models (Venkataramanan et al., 
2024), Usefulness of synthetic datasets for diatom automatic detection using a deep-learning approach 
(Laviale and Venkataramanan, 2023). 

Detection, 
Classification

 

 EyeOnWater EyeOnWater training dataset for assessing the inclusion of water images (Krijger, 2024). Classification  
a Digital Object Identifier (DOI), making the datasets easy to locate 
and cite. Additionally, the platform provides robust version control, 
allowing researchers to track changes and to access specific dataset 
versions as needed. Zenodo also accommodates generous storage needs, 
offering 50 GB of free storage per publication with the option to request 
additional space. Finally, it provides detailed usage insights, including 
download and access statistics, enabling researchers to gauge the reach 
and impact of their data effectively (Kozlov et al., 2024).

One drawback is that Zenodo serves as a general repository for 
a wide range of EU results across various disciplines. Its publica-
tion template is primarily designed for reports and papers, making 
it less suitable for describing datasets supported by domain-specific 
vocabularies. However, iMagine has collaborated with Zenodo as part 
of the EU-funded Zenodo-ZEN project to develop a more domain-
specific approach and created a dedicated template for its training 
image datasets, structured as a DCAT profile and supported by aquatic 
vocabularies (Kozlov et al., 2024). This profile was used in dialogue 
with the Zenodo team, to create extensions to the generic Zenodo 
metadata template. As a result, more options are now available in the 
Zenodo upload form, allowing for capturing in more detail important 
information for AI training datasets.

In Table  6, we provide an overview of the available open-source 
datasets for aquatic scientists used or produced by use cases of the 
iMagine project.

7. Preprocessing techniques

Raw data often include noise, corruption, missing values, and incon-
sistencies, making preprocessing essential. Poor data quality can affect 
accuracy and lead to false predictions. For example, Gaussian noise, 
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which adds random variations in pixel values, can blur the objects’ 
edges and fine details. Salt-and-pepper noise introduces random black 
and white pixels, which can obscure important parts of the image. An 
AI model trained on noisy images might misclassify images because the 
noise alters the texture and outline, which are crucial for the model’s 
recognition process.

Therefore, preprocessing through cleaning, integration, transforma-
tion, and reduction is vital for facilitating and more accurate knowledge 
extraction. Techniques such as classification, clustering, and associa-
tion, among others, enhance data quality and improve the performance 
of AI models (Maharana et al., 2022). These techniques are frequently 
used in combination, depending on the specific requirements of the AI 
model, the characteristics of the imaging data and their domain. Here 
are some common preprocessing techniques for imaging data:

7.1. Data cleaning

Raw data is prepared for analysis through data cleaning techniques 
that address issues which could negatively impact the model’s per-
formance. Data cleaning is an essential part of data preprocessing, 
focused on fixing or removing errors, inconsistencies, and irrelevant 
information. It ensures the dataset is accurate, consistent, and com-
plete, helping the model perform better and generalize effectively to 
new data.

Images might come in different sizes. Resizing them to a uni-
form size reduces computational complexity and ensures consistency. 
Furthermore, already trained neural networks require a certain input 
image size (e.g., ResNet50 requires images of 224 × 224), that should 
be fulfilled to use them for prediction of the new images.
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7.2. Scaling

Images are represented as matrices of pixel values that are usually 
unsigned integers ranging from 0 to 255. While these raw values can be 
fed directly into neural networks, doing so may hinder model perfor-
mance, often resulting in slower training. Preprocessing of pixel values, 
such as scaling them to a specific range, centering, or standardizing, 
helps in numerical stability during training and can improve model 
efficiency and training outcomes.

7.2.1. Normalization and standardization
Scaling techniques such as normalization and standardization im-

prove model performance, reduce the impact of outliers, and ensure 
that the data is on the same scale contributing equally to the model. 
Generally, there is no method other than trial and error to know which 
technique is the best for a specific dataset.

Normalization scales the pixel values to a range, usually [0, 1] 
or [−1, 1]. This ensures that all the input data is consistent and 
within a range that the neural network can process effectively. It re-
duces computational complexity and helps in faster convergence during 
training.

Standardization adjusts the pixel values so that they have a mean of 
zero and a standard deviation of one. This is particularly useful when 
the dataset has varying lighting conditions and contrasts. It helps in 
faster and more stable training by ensuring the data distribution is con-
sistent. Standardization can lead to faster and more stable convergence 
during training.

7.2.2. Traditional and just-in-time scaling
Traditionally, the images would have to be scaled before the devel-

opment of the model and stored in memory or on disk in the scaled 
format. The latter approach requires preprocessing the entire dataset 
before training, which can be time-consuming and resource-intensive, 
especially with large datasets, but has the advantage that scaling does 
need to be repeated for every experiment

An alternative approach is to scale the images using a preferred 
scaling technique just-in-time during the training or model evaluation 
process. Keras supports this type of data preparation for image data 
via the ImageDataGenerator class and API. PyTorch supports this type 
of data preparation for image data via the ‘‘torchvision.transforms’’ 
module and its various transformation functions. This method allows 
for on-the-fly data augmentation and scaling, reducing the need for 
extensive preprocessing and storage.

7.3. Handling imbalanced data

Class imbalance occurs when the number of instances of one class 
is significantly higher or lower than the instances of other classes. This 
can cause the model to be biased toward the majority class and perform 
poorly on the minority class.

To handle imbalanced classes, several techniques are used, such as 
resampling methods:

• Resampling (Oversampling and Undersampling): Oversampling 
increases the number of instances in the minority class by dupli-
cating existing instances, augmentation or creating new instances 
synthetically. Undersampling reduces the number of instances in 
the majority class by randomly removing instances.

• Class weight adjustment: Modifying the cost function to give 
importance to the minority class.

• Synthetic data generation: Creating synthetic samples for the 
minority class using techniques like SMOTE (Synthetic Minority 
Oversampling Technique).

7.4. Data augmentation

Augmenting data by applying transformations like rotation, flip-
ping, scaling, and cropping helps in increasing the diversity of the 
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dataset, thereby improving the generalization capability of the model 
and reducing overfitting (when the model memorizes the specific fea-
tures of the training data set, rather than the underlying patterns of 
the broader data set). It is important to note that the augmentation 
technique should transform the training dataset by reflecting realistic 
and relevant variations of the original dataset. This can then help the 
model to better generalize without deviating far away from the real 
scenarios that might be encountered.

7.5. Noise reduction

Noise in images can adversely affect model performance. Tech-
niques such as Gaussian blurring, median filtering, or denoising autoen-
coders can be used to reduce noise as described in the following.

Gaussian blur (Eswar, 2015) is an image processing algorithm used 
to smooth the image. The blurring effect reduces sharp edges and 
creates smooth color transitions at the edges. Gaussian blur, achieved 
by applying the Gaussian function to an image, creates a normal 
distribution of pixel values, smoothing out some randomness, reduces 
noise and minimizes details. It creates an effect similar to viewing the 
image through a translucent lens. It is often used in preprocessing to 
enhance image structure and involves convolving the image with a 
Gaussian kernel matrix.

The median filter (Zhu and Huang, 2012) is a non-linear digital 
filtering technique commonly used to remove noise from images or 
signals. It is widely used in digital image processing because it preserves 
edges while effectively reducing noise, making it a valuable preprocess-
ing step for tasks like edge detection. Unlike a linear filter that averages 
values, the median filter sorts the pixel values within a specified 
neighborhood around each pixel and replaces the central pixel with 
the median value of that group. This technique is especially effective 
at removing ‘‘salt-and-pepper’’ noise, which manifests as random black 
and white specks, while preserving the sharpness of edges in the image.

Denoising Autoencoders (GeeksforGeeks, 2024) are a variation of 
the traditional autoencoder, where the input to the encoder is a noisy 
or corrupted version of the original data. The encoder, a neural net-
work with hidden layers, processes this noisy input to generate a 
low-dimensional encoding. The decoder, another neural network, then 
reconstructs the original data from this encoding. The loss is calculated 
by comparing the reconstructed output with the original, uncorrupted 
input. Training with noisy data as input and clean data as the target 
helps the model to focus on learning meaningful features in the latent 
space, effectively ignoring the noise, which allows it to reconstruct a 
clean version of the input.

7.6. Contrast enhancement

Enhancing contrast can improve the visibility of features in the 
image. Techniques like histogram equalization or adaptive histogram 
equalization can be employed for this purpose (Raveendran et al., 
2021).

7.7. Feature extraction

Depending on the task, extracting relevant features from images 
can be beneficial. Techniques like edge detection (e.g., Sobel, Canny), 
texture analysis (e.g., Gabor filters), or deep feature extraction using 
pre-trained CNNs can be applied.

7.8. Dimensionality reduction

For high-dimensional imaging data, techniques like Principal Com-
ponent Analysis (PCA) or t-distributed Stochastic Neighbor Embed-
ding (t-SNE) can be used to reduce dimensionality while preserving 
important information.
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7.9. Image segmentation

Segmenting images into meaningful regions can facilitate object 
detection, recognition, or tracking tasks. Techniques like thresholding, 
region-growing, or deep learning-based segmentation models can be 
employed.

7.10. Artifact removal

In aquatic imagery, artifacts like motion artifacts, scanner or under-
water camera artifacts can degrade image quality. Data collected during 
the study of aquatic environments often contains unwanted elements 
like noise, distortions, or errors, referred to as artifacts. These artifacts 
can originate from various sources, including measurement equipment, 
environmental conditions, or data processing techniques, potentially 
obscuring or distorting the true characteristics of the aquatic system 
under investigation. Removing these artifacts improves the quality and 
accuracy of the data, enabling more precise analysis, interpretation, 
and decision-making. Techniques like interpolation, artifact detection, 
and correction algorithms can be applied.

8. Performance metrics and evaluation methods

Performance metrics and evaluation methods are essential compo-
nents of any machine learning project, as they provide insights into 
the effectiveness and accuracy of the trained models. These metrics 
quantify the performance of the model and help to assess its suitability 
for the intended task. In the following, common performance metrics 
are described.

8.1. Confusion matrix

A confusion matrix is a table that illustrates the performance of 
an algorithm, typically used in supervised learning classification tasks. 
It compares the actual target values with those predicted by the ma-
chine learning model, presenting the number of True Positives (TP), 
True Negatives (TN), False Positives (FP), and False Negatives (FN). 
The rows of the matrix represent the actual classes and the columns 
represent the predicted classes, or vice versa.

The confusion matrix provides a detailed insight into the perfor-
mance of a classification model, showing not just overall accuracy but 
also how well the model distinguishes between different classes, such 
as correctly identifying positives versus negatives.

• TP: These are the cases in which the model correctly predicts the 
positive class. If the actual class is positive (e.g., the presence of 
a disease), and the model also predicts it as positive, it is a true 
positive.

• FP: These are the cases in which the model incorrectly predicts 
the positive class. If the actual class is negative, but the model 
predicts it as positive, it is a false positive.

• TN: These are the cases in which the model correctly predicts the 
negative class.

• FN: These are the cases in which the model incorrectly predicts 
the negative class.

8.2. Accuracy

The ratio of correctly predicted instances to the total instances. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁

(1)

8.3. Precision

The ratio of correctly predicted positive observations to the total 
predicted positives. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃 (2)

𝑇𝑃 + 𝐹𝑃

13 
8.4. Recall

The ratio of correctly predicted positive observations to all observa-
tions in the actual class. 
𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(3)

8.5. F1 score

The harmonic mean of precision and recall, useful for imbalanced 
datasets. 
𝐹1𝑠𝑐𝑜𝑟𝑒 = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
(4)

8.6. ROC-AUC

ROC Curve (Receiver Operating Characteristic Curve): A graphical 
plot that illustrates the diagnostic ability of a binary classifier system. 
AUC (Area Under the ROC Curve): Measures the entire two-dimensional 
area underneath the entire ROC curve.

8.7. Mean Square Error (MSE)

The average of the squared differences between predicted and actual 
values. A lower value indicates better performance. 

𝑀𝑆𝐸 = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦𝑖)2 (5)

8.8. Mean average precision (mAP)

It measures the accuracy of a model in detecting objects and lo-
calizing them within an image. A higher mAP score signifies better 
performance. 

𝑚𝐴𝑃 = 1
𝑛

𝑛
∑

𝑖=1
𝐴𝑃𝑖 (6)

, where 𝐴𝑃𝑖 is the average precision for the 𝑖th class. AP is the area 
under the precision–recall curve for a single class. It summarizes the 
precision–recall curve into a single value representing the average 
precision at different recall levels.

8.9. Intersection over Union (IoU)

Intersection over Union (IoU) measures the overlap between two 
boxes, with greater overlap indicating a higher IoU. It is primarily 
used in object detection to train models to accurately predict bounding 
boxes around objects. For instance, a green box (correct) and a blue 
box (predicted) should ideally overlap perfectly, achieving an IoU of 1. 
IoU is also employed in non-max suppression to eliminate redundant 
boxes around the same object. In this method, the bounding box with 
higher confidence is selected and all remaining bounding boxes that 
have an IoU less than a predefined IoU threshold with the selected box 
are removed.

8.10. Minimal Intersection over Union (Min IoU)

Minimal Intersection over Union (Min IoU) is the area of overlap 
of two bounding boxes divided by the minimum area of the two 
bounding boxes. This measure is helpful while trying to understand 
how bounding boxes are overlapping each other, and execute a cleaning 
algorithm similar to Non-Maximum Suppression.

8.11. Cross-Entropy (CE)

It quantifies the difference between the predicted probability dis-
tribution generated by the model and the true probability distribution, 
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which is usually represented by a one-hot encoded vector indicating the 
correct class. CE is often used as a loss function during model training. 
For a single sample, the CE loss can be expressed as: 

𝐻(𝑝, 𝑞) =
𝑐
∑

𝑖=1
𝑝𝑖𝑙𝑜𝑔(𝑞𝑖) (7)

, where 𝑝𝑖 is the true distribution, 𝑞𝑖 is the predicted probability for 
class 𝑖, and c is the total number of classes. For a dataset with multiple 
samples, the CE loss is averaged across all samples.

8.12. The Fraction Skill Score (FSS)

It was originally introduced in the context of probabilistic weather 
forecasting analysis (Roberts and Lean, 2008). It evaluates forecast 
accuracy by accounting for the uncertainty and variability of weather 
events. Specifically, the FSS measures the skill of probabilistic predic-
tions by comparing them to a ground truth (e.g., satellite observations). 
Unlike a traditional overlay method, this metric considers not only the 
common area between simulation and observation but also the spatial 
distribution within that area. The FSS is calculated as: 

𝐹𝑆𝑆 = 1 −
∑𝑛

𝑖=1(𝑓𝑖 − 𝑜𝑖)2
∑𝑛

𝑖=1(𝑓
2
𝑖 + 𝑜2𝑖 )

(8)

, where 𝑓𝑖 is the forecast fraction, 𝑜𝑖 is the observed fraction, and the 
summation runs over all grid points 𝑖. The FSS ranges from 0 to 1, where 
1 indicates a perfect match between the forecast and observation, and 
0 indicates no skill.

9. Monitoring model performance

While assessing various preprocessing techniques, AI models, choos-
ing right metrics etc., it is essential to keep track of these experiments 
and compare them. Experiment tracking tools are software platforms or 
frameworks designed to help researchers and data scientists efficiently 
manage and monitor their machine learning experiments (Berberi et al., 
2025). These tools provide features for organizing, recording, visual-
izing, and analyzing experimental data, making it easier to track the 
progress of experiments, compare results, and reproduce findings. Here 
are some popular tools for tracking experiments.

9.1. TensorBoard

TensorBoard is a powerful tool that provides the visualization and 
tooling needed for machine learning experimentation. It was originally 
developed for use with TensorFlow, but it has since been adapted 
to work with other deep learning frameworks, including PyTorch. 
TensorBoard allows you to visualize various metrics, graphs, and other 
details about your model.

• Visualization: Provides detailed visualizations of metrics such as 
loss and accuracy to help understand model performance.

• Graph Analysis: Allows you to view the calculation graph and 
helps with troubleshooting and optimization.

• Embeddings: Projects embeddings into low-dimensional spaces 
for easier interpretation.

• Flexibility: Supports visualizations of histograms, images, text and 
more.

• It can be self-hosted solutions.

9.2. MLflow

MLflow simplifies machine learning development by integrating 
experiment tracking, packaging code into reproducible runs, and facili-
tating model sharing and deployment. It provides lightweight APIs that 
are compatible with any ML application or library (such as TensorFlow, 
PyTorch, XGBoost) and can be used in various environments such as 
Jupyter notebooks, standalone applications, and the cloud. Key features 
of the tool are:
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• Model Registry: MLflow includes a centralized model registry for 
managing and versioning models.

• Experiment Tracking: With MLflow, you can log parameters, met-
rics, artifacts (e.g., model files) and other metadata from your 
machine-learning experiments.

• MLflow Projects: Packaging ML code in a reusable and repro-
ducible form to share with other data scientists or transfer to 
production.

• MLflow Models: Managing and deploying models from various ML 
libraries to multiple model serving and inference platforms.

• It can be self-hosted.
In the context of iMagine, we have deployed an MLflow tracking 

server primarily for experiment tracking. We added another layer on 
top of the MLflow server that enables users to self-register in MLflow 
via the project common AAI (EGI Check-In) and to manage permissions 
to their experiments and models with other users. We implemented 
automatic backup of the in-use databases and enabled manual restore 
operations. The code related to the dockerized solution is available 
at Laures et al. (2024).

9.3. Weights & Biases

Weights & Biases (W&B) provides a comprehensive platform that 
facilitates experiment tracking, visualization and collaboration on ma-
chine learning and artificial intelligence projects.

• Experiment Tracking: W&B enables users to comprehensively 
track machine learning experiments. It logs metrics, hyperpa-
rameters, and other relevant information during model training, 
providing a clear record of experiment configurations and results.

• Visualization: The platform provides interactive visualizations 
that help users identify trends in model performance, compare 
experiments and identify areas for improvement.

• Collaboration: Teams can collaborate effectively via W&B by 
sharing experimental results, visualizations, and insights. This 
promotes transparency and knowledge sharing within research 
and development teams.

• Integration: W&B integrates seamlessly with popular machine 
learning frameworks such as TensorFlow, PyTorch and scikit-
learn. This integration simplifies the logging and visualization of 
experiments directly from these frameworks.

• Dashboard and project management: Users can manage their 
machine learning projects and experiments via a user-friendly 
dashboard. It provides tools to efficiently organize, search, and 
analyze experiment data.

• Hyperparameter optimization: it provides capabilities for hyper-
parameter optimization (HPO) as part of its suite of experiment 
tracking and management tools.

• It cannot be self-hosted solutions.
• It has various payment plans, the Free one is limited, but there is 
one for academia.

TensorBoard and MLflow are flexible tools that allow for self-
hosting, offering users enhanced control over their deployment and 
data management. In contrast, W&B does not offer a self-hosting option, 
as it operates as a cloud-based service. W&B offers a range of payment 
plans tailored to different user requirements, including a limited free 
tier. Additionally, W&B provides a dedicated plan for academia, specif-
ically designed to support researchers and students working on machine 
learning projects.

10. Data biases and fairness in models and data

Generally, scientific models rely heavily on data to make predic-
tions, draw conclusions and make decisions. However, these models are 
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not immune to biases inherent in the data on which they are based, 
which can lead to unfair predictions. Understanding data bias and 
ensuring fairness in models is important to the integrity and reliability 
of the predictions and recommendations they provide.

Data biases arise when modeling or analysis data fail to accurately 
reflect reality. In aquatic sciences, for instance, Phenotypic variability 
of natural systems, where a species may have different morphologies 
depending on its age and location, can introduce substantial biases into 
aquatic datasets. These biases affect population estimates, community 
analyses, and the evaluation of ecosystem health. Data biases can stem 
from:

• Sampling Bias: Certain regions or species may be over- or under-
represented, leading to inaccurate depictions of less-studied or 
remote areas. In other words, data collection does not incor-
porate adequate randomization that results in class imbalance. 
This imbalance biases the model toward the majority class, as 
it encounters and learns from it more frequently. This leads to 
underperformance when predicting the minority class, resulting 
in poor generalization and skewed predictions.

• Measurement Bias: Errors in data collection methods, such as 
sensor inaccuracies or inconsistent sampling, can distort results.

• Temporal Bias: Data collected at specific times may overlook 
seasonal variations or long-term trends, impacting models that do 
not account for these changes.

• Geographical Bias: Some areas may be over-represented due to 
ease of access or historical research focus, leading to an incom-
plete understanding of broader or regional conditions.

• Group attribution bias: The tendency to generalize observations 
or characteristics from individual aquatic organisms or specific 
events to an entire species or ecological group, that can result in 
oversimplified or inaccurate conclusions.

• Morphological Bias: Ontogenetic alterations, can introduce size 
bias in datasets, as sampling may favor certain age groups. Phe-
notypic, morphology or behavior variability in response to en-
vironmental conditions, can lead to misinterpretations of size or 
age distributions if these environmental effects are not accounted 
for. Additionally, sexual dimorphism, with males and females 
differing in size or behavior, can cause sex-based bias if sampling 
methods do not differentiate between sexes or favor one over the 
other.

10.1. Addressing fairness and reducing bias

Fairness in aquatic sciences models involves making sure that pre-
dictions and analyses are just and do not disproportionately impact any 
group or area. Implementing strategies to ensure fair research practices 
minimizes the influence of subjective biases. These strategies include:

• Equitable Representation: Ensuring that data from all relevant 
regions, species, and conditions are inclusively represented to 
create models that generalize well.

• Impact Assessment: Analyzing how model results influence dif-
ferent stakeholders, such as local communities and conservation 
efforts.

• Bias Mitigation: Identifying and addressing biases through tech-
niques like re-sampling, applying domain expertise, or using sta-
tistical adjustments to ensure a balanced dataset. Conducting 
studies across multiple populations and habitats that include a 
wide range of species to provide a more comprehensive un-
derstanding of aquatic ecosystems. Standardization of sampling 
methods across space and time, collecting environmental data 
(e.g., temperature, salinity) alongside biological samples, and 
using multiple sampling techniques to capture a full range of 
sizes and life stages can minimize morphological biases. For class 
imbalance bias reduction, see Section 7.3.
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• Transparency and Open Science: Openly available research allows 
verification and further study by the scientific community, facil-
itating thorough and unbiased peer review processes to critically 
assess research findings and methodologies.

In 2016, a basic framework of principles known as FAIR (Findable, 
Accessible, Interoperable, and Reusable) was introduced to enhance 
the management and governance of data and facilitate the reuse of 
scientific information (Wilkinson et al., 2016). Originally designed for 
scientific data, these principles have since extended to various digital 
assets, including AI models and datasets.

To improve the management and sharing of research data, FAIR 
EVA (Aguilar Gómez and Bernal, 2023), has been developed within the 
European Open Science Cloud context. It is designed for specific data 
management systems, such as open repositories, which can be tailored 
to individual use cases in a scalable and automated environment. The 
tool aims to be flexible and adaptable, supporting various environ-
ments, repository software, and disciplines, in line with the flexibility 
of the FAIR Principles. FAIR EVA tool in the context of iMagine has 
been used to improve FAIRness of published training datasets.

11. Model delivery

The accessibility and reusability of trained AI models are important 
for researchers to foster collaboration and accelerate innovation. Once 
the AI model is trained and validated, it can be shared on the iMagine 
Marketplace and deployed to the aquatic image service in the produc-
tion environment. In this section, we have identified six different model 
deployment patterns to offer AI models in production. For each one, we 
detail the best practices to help use cases with the adoption of the tools 
and services available in the iMagine AI Platform that best fits their 
needs. Additionally, the trained and validated models can be offered 
and made accessible to external users through different approaches. We 
refer to them in this section.

11.1. Model sharing via iMagine marketplace

The simplest option is to provide the trained models via the iMag-
ine Marketplace component of the Platform. The trained and val-
idated models are integrated with API (recommended is DEEPaaS 
API (López García, 2019), REST API for AI/ML/DL) and dockerized. 
This enables external users to download the AI modules as Docker 
images and run them on their own or third-party external compute re-
sources. This pattern corresponds with approach 2, ‘‘Marketplace down-
load service delivery’’. In addition, the Marketplace offers ‘‘Marketplace 
inference service delivery’’ to run trained AI models for inference on 
the connected back-end cloud resources. The latter is also available for 
non-partners via short-lived (10 min) ‘‘Try’’ endpoints.

11.2. Processing files in an event-driven approach

To support this pattern, the iMagine project provides the OSCAR 
framework (Pérez et al., 2019; Risco et al., 2021). OSCAR is an open-
source platform built on Kubernetes for event-driven data processing of 
serverless applications packaged as Docker containers. The execution 
of these applications can be triggered both by detecting events from 
object-storage systems, such as MinIO or dCache (asynchronous calls) 
or by directly invoking them (synchronous calls). The main benefit of 
this approach is the scalability of the inference jobs, as the OSCAR 
cluster can autoscale, adapting its size to the workload transparently 
for the users (and freeing up the resources when they are not needed). 
For this pattern, producers and providers of the aquatic analysis service 
can choose between two options:
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• Deploy a model in the project’s OSCAR serverless inference plat-
forms: the iMagine OSCAR clusters support multitenancy and 
offer accounting thanks to the Prometheus and GoAccess services. 
They can collect metrics like resources consumed by inference 
executions, the number of deployed services over a period of 
time or the geolocation of the users interacting with the services. 
With this approach, models can be made accessible through the 
iMagine Marketplace component of the Platform. This allows 
users to choose and run the trained AI models for inference on the 
connected back-end cloud resources of the iMagine infrastructure 
(corresponds with approach 1, ‘‘Marketplace inference service 
delivery’’). Moreover, the main advantage of this option is that 
the operational responsibility of the platform is on the project. 
However, users will need an EGI Check-in account to access 
the OSCAR platform and the computing resources provided for 
inference are limited. Currently, there are two OSCAR clusters 
available for the iMagine project, called OSCAR Inference and 
OSCAR Inference-walton.

• Deploy your OSCAR cluster: use case partners can decide to have 
their instance of the OSCAR framework, deployed by the project 
partner on computational resources from the iMagine consortium 
or even on third-party external compute resources. Support and 
documentation are offered in this case to deploy the OSCAR open-
source platform, but the management of the platform relies on the 
project partner.

11.3. Processing streams of data

For applications that need to process streams of data, and want to 
avoid the phase where the algorithm loads the weights of the AI model 
for each file, the iMagine project offers mainly two options:

• OSCAR exposed services: OSCAR allows the secure deployment of 
auto-scaled services that expose their API, so users can directly 
interact with it. This is recommended for applications already 
integrated with the DEEPaaS API. Nevertheless, partners can also 
decide to design their own service presentation layer and model 
execution scheme and offer it through OSCAR exposed services. 
With the latest developments, authentication via Ingress has been 
enabled to better secure access to exposed services.

• The training Nomad cluster: partners can also deploy an inference 
endpoint at the training Nomad cluster.

With these approaches, models will only load the weights once. 
Thus, the primary advantage of this approach is its readiness; once 
the endpoint is established, the model remains loaded in memory, 
enabling rapid responses to inference queries. However, these methods 
do not release CPU and RAM resources, as they remain allocated even 
when the service is idle. Therefore, these approaches are particularly 
useful for applications that require real-time predictions rather than 
batch processing. Notice that this pattern is related to approach 1, 
‘‘Marketplace inference service delivery’’ and 3, ‘‘Inference service 
delivery’’.

11.4. Processing historical data

Another pattern we have detected is the need to process historical 
data, consisting typically of a significant number of files that need 
to be processed with the AI model. For this approach, partners can 
benefit from OSCAR Batch. This is a tool designed to perform batch-
based processing using the OSCAR framework. OSCAR Batch includes a 
coordinator service where the user provides a MinIO bucket containing 
files for processing. This service calculates the optimal number of par-
allel service invocations that can be accommodated within the cluster 
and distributes the image processing workload accordingly among the 
services. It ensures the efficient use of available CPU and memory 
resources in the OSCAR cluster. Notice that both the MinIO storage 
instance and the OSCAR cluster are provided for iMagine partners.
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11.5. Composing inference pipelines involving several AI models

Additionally, iMagine project partners can also benefit from low-
code composition tools, to graphically compose inference AI pipelines 
through the AI4Compose component. AI4Compose is a framework re-
sponsible for supporting composite AI by allowing the workflow com-
position of multiple inference requests to different AI models. This 
solution relies on Node-RED and Elyra, two widely adopted open-source 
tools for graphical pipeline composition, employing a user-friendly 
drag-and-drop approach. Node-RED, in combination with FlowFuse to 
support multitenancy, serves as a powerful graphical tool for rapid com-
munication between different services; meanwhile, Elyra provides a vi-
sual Notebook Pipeline editor extension for JupyterLab Notebooks (sup-
port available in EGI Notebooks) to build notebook-based AI pipelines, 
simplifying the conversion of multiple notebooks into batch jobs or 
workflows.

AI4Compose is integrated with OSCAR, being able to invoke the 
services pre-created in the platform (users can use for that the project’s 
OSCAR serverless inference platforms, or their OSCAR instances). The 
integration with OSCAR is made through flow and node implemen-
tations offered as reusable components inside both Node-RED and 
Elyra visual pipeline compositors. With AI4Compose, users will gain 
agility and resource efficiency as they can leverage the management 
of the computing platform to OSCAR, which provides a highly scalable 
infrastructure to support complex computational tasks. Furthermore, AI 
scientists can easily design, deploy and manage their workflows using 
an intuitive visual environment, reducing the time and effort required 
for the maintenance of inference pipelines.

11.6. Retraining AI models

Finally, users may request a retraining of an already trained AI 
model using their data to make the model more precise for the specific 
classification/prediction cases they are facing. This can also be sup-
ported by the project, which corresponds with approach 4, ‘‘Retraining 
service delivery’’.

12. Drift tools

In aquatic imaging services, such as those used to monitor marine 
life or underwater environments, conditions such as lighting, water 
clarity, dirt on the camera and species behavior can vary significantly. 
These variations can lead to a deterioration in model performance if 
not properly controlled. Drift tools are important in AI, particularly 
in production settings and aquatic image services, as they identify 
and manage the gradual decline in model performance. In AI models, 
data drift happens when the distribution of input data shifts from 
the model’s original training data, causing a drop in accuracy and 
reliability. Drift tools enable continuous monitoring and allow early 
detection of shifts in data distribution or model performance. This 
ensures that models remain accurate and reliable, leading to more 
effective AI systems in such a dynamic environment.

Frouros (Sisniega and García, 2024) is a drift detection tool for 
machine learning systems that was developed as part of the AI4EOSC 
project. It aims to identify significant changes during inference, such 
as concept drift (changes in the learned concept) or data drift (changes 
in feature distributions), which can degrade model performance. By 
detecting these changes, users can determine whether the model predic-
tions are unreliable due to changing feature-target relationships, data 
changes or problems in the data acquisition pipeline.

Frouros is implemented in Python and supports both concept and 
data drift detection with 32 detectors, including classical and state-of-
the-art methods. It outperforms existing libraries in the variety and 
number of detectors offered. Frouros is designed for simplicity and 
offers:

• Datasets: Real or synthetic datasets for testing purposes.
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• Detectors: Organized into categories for concept drift and data 
drift.

• Callbacks: Allows execution of custom code at key stages, similar 
to PyTorch Lightning and Keras.

• Metrics: Contains evaluation metrics such as prequential error 
metrics to assess detector performance.

Frouros provides an easy-to-use, comprehensive toolkit for ensuring 
the reliability of AI models in dynamic environments.

It was also found that for the case of the Video Quality Assessment, 
the pre-trained DOVER VQA model (Wu et al., 2022, 2023a; Wu, 2022) 
may be of great use.

13. Real-world use cases

In this section, we provide an overview of our mature and prototype 
real-world use cases, carried out by relevant user communities, and 
their experience in developing and implementing the best practices 
outlined in this manuscript.

13.1. Marine litter assessment

In this use case, the main objective is to classify drone images using 
a tile-wise approach. This process consists of two steps: first, detecting 
litter accumulations, and then identifying the specific litter categories 
present. A key aspect of this task was aligning the original classification 
categories with EU guidelines for litter monitoring strategies, while 
refining the previously existing processing methodology.

For data labeling, a pre-labeled dataset was used, and tests were 
conducted to align these initial categories, designed for AI applica-
tions and drone images, with official EU litter lists, particularly the 
JLIST (MSFDTechnicalGroup, 2024). The original objective was to 
translate the existing labels into JLIST categories. However, test results 
revealed that the detailed JLIST, tailored for manual on-site beach 
litter assessment, is neither suitable nor translatable for use with drone 
footage. This is due to factors such as image resolution, which is 
insufficient for detailed manual identification. Additionally, the images 
contained numerous overlapping objects and object fragments that 
could not be identified solely from the images.

The main performance metrics considered were the standard ones 
for classification tasks, including Accuracy, Precision, Recall, and F1-
Score. In terms of preprocessing, the input tiles were resized to standard 
dimensions of 128 × 128 and 64 × 64 pixels. Augmentations were also 
applied, including horizontal flips, vertical flips, and random rotations. 
No specific cleaning of the dataset or handling of noise and anoma-
lies was performed. The impact of the dataset’s unbalanced nature 
on model performance was investigated by comparing the Precision, 
Recall, and F1-Score for each individual class. The results showed stable 
and consistent values for both underrepresented classes and those with 
a larger number of images in the dataset. Therefore, no data balancing 
techniques were applied.

For classification tasks, two CNNs were used to detect and identify 
plastic litter. Four state-of-the-art CNN models for plastic litter detec-
tion were tested, comparing larger models with smaller ones in terms of 
their number of parameters. Among the smaller, more compact models, 
MobileNetV2 demonstrated higher performance than SqueezeNet1.1. In 
the category of more complex CNN models with more tunable param-
eters, the results indicated that DenseNet121 outperformed ResNet50.

The training datasets are published on Zenodo, and the trained 
AI models are shared via the iMagine Marketplace. For deployment, 
standard strategies within the iMagine project are utilized, with the 
processing methodology and model inference available as a Docker 
container on AI4OS DockerHub and GitHub. Additionally, the models 
are integrated into OSCAR for user-friendly inference runs. Currently, 
a drift detection tool has not been implemented, as a continuous data 
stream requiring such monitoring is not anticipated.
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Analogous to the improvement of the plastic litter detection model 
through the use of more modern CNN architectures, the plastic litter 
quantification model will similarly be improved in upcoming work 
by adopting more up-to-date model architectures. In the longer term, 
expanding the datasets may represent an important direction with the 
aim of providing a comprehensive and diverse dataset to facilitate 
broader use by external users. This includes the use of different imaging 
systems, such as different drones or stationary cameras, with varying 
resolutions and orientations to the water surface. The identification of 
individual litter objects could also be a useful extension for environ-
mental conditions that do not contain large accumulations of litter. 
However, detecting individual objects requires alternative machine 
learning approaches, such as segmentation or object detection, which 
could be explored using additional and more diverse datasets in the 
future.

13.2. ZooScan - EcoTaxa pipeline

The service is a complete rewrite of the existing ZooProcess soft-
ware, utilizing modern libraries. It incorporates AI components to 
1. sort images containing multiple objects and 2. separate touching 
plankton objects in such images, as the subsequent analysis, classifying 
images into detailed taxonomic groups and measuring specific features, 
requires only one object per image.

Processing begins with a large scanned image of a preserved plank-
ton sample on a dedicated instrument (the ZooScan). Initial preprocess-
ing steps on the full images, such as background subtraction, simplify 
segmentation by enabling the use of basic thresholding techniques. 
However, this approach can lead to under-segmentation when objects 
are in contact. In such cases, semantic, instance, or panoptic seg-
mentation models offer improvements over regular computer vision 
methods.

The first step is to identify under-segmented images by training 
a binary classifier to distinguish between images containing a single 
object and those containing multiple objects. A MobileNet network pre-
trained on ImageNet was used and fine-tuned with the use case dataset. 
MobileNet was selected based on prior experience in classifying such 
images, which indicated that small and efficient networks are sufficient 
to capture the necessary characteristics in relatively small, sparse, and 
grayscale plankton images.

To prepare the training set, we took advantage of existing datasets 
in which images of multiple objects were already sorted separately from 
the rest. The preprocessing steps, before the network, were standard 
data augmentation (rotation, resizing, cropping, etc.) and the resizing 
to a common input size was done dynamically, as part of this data 
augmentation. We used just in time scaling because it was easy to 
implement that as one operation within the data augmentation chain. 
We repeated the experiments a few times, but since model training was 
still relatively short, it was not relevant to scale all images beforehand.

The dataset was imbalanced, containing significantly more images 
of single objects than of multiple objects. To address this, a combination 
of resampling and weights was used to bias the classifier toward pre-
dicting multiple objects. The objective was to maximize recall for these 
instances, ensuring that as many as possible were correctly identified 
for the next step, that is, segmentation.

The evaluation metrics included binary cross-entropy (the loss func-
tion used for model training), overall accuracy, recall, and precision of 
the ‘‘multiple’’ class. No specific tool was used to track the experiments, 
as the training process was relatively straightforward.

For segmentation, instance segmentation using MaskRCNN and 
panoptic segmentation using Mask2Former were tested, with the latter 
yielding better results. However, the masks produced by deep net-
works do not align perfectly with the object contour pixel-per-pixel, 
which poses challenges for extracting contour-based shape information. 
Additionally, they are less reproducible than simple threshold-based 
segmentation. To combine the intelligence of a deep model with the 
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reliability of a deterministic computer vision approach, deep masks 
were used to define the centroids of regions. These regions were then 
expanded using the Watershed algorithm to cover all non-background 
pixels based on simple threshold segmentation. This approach ul-
timately produces masks with borders that match threshold-based 
segmentation, while ensuring that different regions, corresponding to 
the original detections of the deep network, remain properly separated 
as distinct objects.

For classification, the training dataset was assembled from existing 
data, in which human operators had manually traced white lines to 
separate touching objects. This provided a ground truth indicating 
multiple objects and their correct separations. All examples in the 
dataset were utilized, as they represented realistic scenarios, including 
more extreme cases. Furthermore, it was acknowledged that rarer cases 
(e.g., large clusters of objects sticking together) were not well handled 
in the predictions. However, rather than removing these cases from 
training, the preferred approach is to include more examples of such 
instances to create a more balanced dataset. No data augmentation has 
been applied, and no weighting schemes for segmentation are currently 
in use.

The dataset was published on the SEANOE platform, with a meta-
data record in Zenodo (Elineau et al., 2024; Jalabert et al., 2024). 
The evaluation metrics included Intersection Over Union (IoU) relative 
to the manually defined ground truth, as well as the difference in 
the number of retrieved objects between the ground truth and the 
results after applying the Watershed algorithm. No specific experiment 
tracking tool was used, instead, the results of various attempts were 
recorded in a comprehensive spreadsheet.

For both components (classification and segmentation), the trained 
models and associated code will be shared following standard proce-
dures in iMagine, including a GitHub repository within the ai4os-hub 
organization and the Marketplace. For the production service, the ded-
icated inference service through OSCAR is utilized, as it provides the 
fast and scalable inference capabilities required for this use case. Users 
will access this service through a third software component, which 
is also under development. This component will feature a Graphical 
User Interface (GUI) to facilitate scan acquisition, metadata entry, AI 
component invocation, and result upload for further processing in the 
EcoTaxa tool (Picheral et al., 2017).

Drift detection tools have not yet been considered. However, at a 
later stage, the model trained on ZooScan images from one type of 
plankton net will be applied to images from another plankton net. 
While the imaging instrument and settings remain unchanged, ensuring 
consistent output, the two nets capture different taxa and organisms 
of varying sizes. The extent of the expected performance decline will 
provide insights into the generalization potential of the current model. 
If performance decreases by more than a few percentage points in IoU, a 
single model will be retrained using example images from several nets.

13.3. Marine ecosystem monitoring at EMSO OBSEA

OBSEA is an underwater observatory that has been acquiring multi-
parametric data since 2009. Over the years, various cameras have been 
deployed, resulting in a vast archive of images dating back to 2011. 
Historically, this data has been manually analyzed to extract ecological 
information about the fish community in the area, a process that is 
highly time-consuming and repetitive.

The primary objective of this use case is to apply AI techniques to 
automate the detection and classification of fish specimens captured 
by OBSEA’s cameras and generate a time series of fish detections. This 
approach enables scientists to efficiently process the data, allowing 
them to focus on research rather than manually counting fish in im-
ages. Despite the availability of extensive historical data, many earlier 
cameras suffered from biofouling issues and low resolution. However, 
in July 2023, several new HD cameras were deployed. Leveraging these 
cameras, a new dataset with high-quality images has been generated.
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For image labeling, several tools were tested, including Roboflow, 
Label Studio, and BIIGLE. Although some of these tools offer useful 
features, most exhibited issues such as bugs, slow performance, or 
subscription requirements. Consequently, LabelImg was selected as the 
preferred solution. This simple yet effective Python package facilitates 
image labeling. While LabelImg does not offer advanced features at first 
glance, its simplicity allows for easy integration with custom scripts for 
dataset management and semi-automatic labeling.

After labeling a small dataset, several AI algorithms were tested, 
including Faster RCNN and YOLOv8. The latter provided an optimal 
balance between precision and speed, making it well-suited for this ap-
plication. Additionally, the different variations of the algorithm (Nano, 
Small, Medium, Large, and XLarge) allow for training models with 
varying speed-to-precision ratios. In this case, the Nano version is used 
for real-time video inference for dissemination purposes, while the 
XLarge version is employed for slower but more precise inference in 
images for scientific applications.

To cover the seasonality of the fish community and minimize biases 
in the training data, a dataset of one year is being collected from 
July 2023 to July 2024 using newly installed HD cameras. Due to 
the nature of the ecosystem, the dataset is initially highly imbalanced, 
as species that form the base of the trophic chain appear hundreds 
or even thousands of times more frequently than large predators. 
To mitigate this imbalance, the dataset has been supplemented with 
images of uncommon species from the MINKA community (MINKA, 
2024). Currently, the dataset consists of 5354 images classified into 21 
classes, with more than 35,000 labeled instances (Baños Castelló et al., 
2024).

The algorithm was trained on the iMagine platform using the default 
module and the command-line interface. To enhance model perfor-
mance, YOLOv8’s built-in data augmentation techniques were applied. 
The hyperparameters for data augmentation were optimized accord-
ing to the official documentation. Once an initial functional version 
of the algorithm was developed, an inference module named ‘‘OB-
SEA Fish Detection’’ (Martínez, 2024b) was uploaded to the iMagine 
Marketplace.

To compare different versions of the algorithm, the mAP@50 metric 
was selected. This metric represents the mean of the average precision 
for all classes with an IoU threshold of 50%. In this application, 
both precision and recall are equally important, making mAP@50 a 
suitable metric for the evaluation of overall performance. To follow the 
experiments, ClearML and MLflow platforms were used to monitor the 
training process. The latest experiment achieved an mAP@50 score of 
0.83. The trained model is publicly available at Zenodo (Baños et al., 
2025).

The most challenging aspect of data preparation was managing 
the characteristics of underwater images, particularly water turbidity. 
Turbidity in seawater causes objects located a few meters away from 
the camera to appear blurred, making it difficult even for the human 
eye to clearly identify fish specimens. As a result, fish often appear 
as indistinct smudges in the background. To address this challenge, a 
trade-off was made by labeling only those fish that exhibited identifi-
able features suitable for species classification (e.g., tail shape, stripe 
patterns, etc.).

The next steps involve deploying two models into production: a full-
fledged version for scientific data production and the Nano version 
optimized for faster inference, enabling real-time video analysis at 
the cost of reduced performance. In addition, inference is planned 
for the entire data archive, starting from 2011, to extract biological 
information. For this task, the OSCAR framework will be utilized for 
large-scale batch inference.

13.4. Marine ecosystem monitoring at EMSO azores

The dataset is from the ‘‘Deep Sea Spy’’ project (DeepSeaSpy, 2024), 
in which images of deep-sea habitats are annotated by citizen scientists. 
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The objective is to automatically identify animals based on these an-
notations by training a deep learning neural network (YOLOv8). Since 
the annotations were provided by citizens, it is necessary to address 
challenges specific to citizen science. Therefore, a data cleaning step is 
essential to ensure that the YOLOv8 model can effectively learn from 
the dataset.

The untouched dataset consists of 3979 images and 253,323 anno-
tations, with 3403 images originating from the Juan de Fuca Ridge and 
576 from the Azores. With 15 different species represented, a certain 
degree of data imbalance is unavoidable, as citizen annotations tend 
to favor species that are easier to identify. Therefore, the next steps 
will focus on two specific species, Buccinidae and Bythograeidae, for 
several reasons. First, these species belong to different habitats, with 
Buccinidae found in the Juan de Fuca Ridge and Bythograeidae in the 
Azores, making them the most annotated species in their respective 
regions. Second, the dataset imbalance makes it challenging to train 
a multiclass model that performs well across all species. Additionally, 
the quality of the images may lead to identification confusion between 
species within the same habitat. Third, species that are more difficult to 
identify tend to have a higher rate of incorrect annotations from citizen 
scientists, which negatively impacts the accuracy of the trained model. 
Furthermore, because the images differ significantly between the two 
habitats in terms of layout, composition, and species distribution, it is 
essential to have one representative species from each habitat. Lastly, 
each species may require specific data cleaning, as bounding box areas 
and annotation densities vary. Focusing on a limited number of species 
will allow for more effective cleaning strategies without compromising 
data quality.

Corrections were made to the original annotations to address iden-
tified issues and enhance the model’s performance. Specifically, the 
labeling of bounding boxes was adjusted from lines to rectangles while 
ensuring that line angles did not result in unusable rectangular bound-
ing boxes. Additionally, a padding of 25 pixels was applied to one of 
the two target species, Bythograeidae, as the trained YOLOv8 models 
demonstrated improved performance with this adjustment.

The primary challenge encountered was annotation redundancy. To 
address this, a two-step cleaning approach was implemented, lever-
aging redundancy as a means of cross-validating the presence of an 
animal. First, the pipeline unifies bounding boxes based on an IoU 
threshold. Bounding boxes with an IoU of 0.6 or higher relative to 
any other bounding box are retained, while the others are discarded. 
Next, the minimal IoU between overlapping bounding boxes is mea-
sured. If the IoU is 0.4 or higher, the bounding boxes are kept in the 
final dataset. Through this process, the dataset was reduced to 20,979 
annotations. These specific IoU thresholds were determined through 
extensive testing, visual validation, and model performance evaluation. 
The best-performing models were selected by experimenting with dif-
ferent cleaning parameters. Model experiments are tracked by storing 
files locally and maintaining documentation of the work performed.

It is planned to conduct automatic identification on other species. 
However, it may be more effective to wait for additional images or 
annotations before proceeding. The untouched Buccinidae dataset orig-
inally contained 98,282 annotations, which were reduced to 14,662 af-
ter the two-step cleaning process. The untouched Bythograeidae dataset 
initially had 2426 annotations, which were reduced to 305 following 
the same process. The difference in the number of annotations between 
Bythograeidae and Buccinidae is primarily due to the disparity in the 
quantity of available images.

To evaluate performance, the results of YOLOv8 model training 
were analyzed. The metrics used for evaluation included Precision, 
Recall, and mAP@50-95.

For the training on Buccinidae, expert annotations were used as 
validation for the model trained on citizen annotations. The best-
performing model achieved a Precision/Recall of 0.6 but exhibited low 
confidence in its detections, with an mAP@50-95 of 0.15 compared 
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to an mAP@50 of 0.5, indicating higher precision at lower confidence 
levels.

For the training on Bythograeidae, no expert annotations were 
available for validation; therefore, a portion of the citizen-annotated 
dataset was used instead. The best model achieved a precision/recall of 
0.4 and, similar to the Buccinidae model, demonstrated low confidence 
in its detections, with an mAP@50-95 of 0.1 compared to an mAP@50 
of 0.3, again suggesting higher precision with lower confidence.

The dataset and trained models are available on SeaNoe platform, 
with a metadata record in Zenodo (Lebeaud et al., 2024) to ensure 
accessibility. The AI models will be deployable through the iMagine 
module named Deep Sea Detection. The use of a data drift detection 
tool is not being considered, as species detection is highly specific to 
the sample location. No other deep-sea sample location has the same 
species repartition as the one in this use case.

13.5. Marine ecosystem monitoring at EMSO SmartBay

In EMSO SmartBay, three use cases are being examined: marine 
species detection at the SmartBay Underwater Observatory, video qual-
ity assessment of the SmartBay Observatory video feeds and archive, 
and Nephrop burrow detection for prawn fishery surveys. In the marine 
species detection and prawn burrow use cases, a self-hosted instance 
of CVAT has been used for image annotation. Images are collected and 
uploaded to a self-hosted instance of MinIO object store (MinIO, 2024). 
In MinIO, the images are stored in S3-compatible storage buckets, 
which function as cloud storage accessible via HTTP URLs and are 
added to CVAT as S3 storage locations. Folders of images are then 
used to create annotation projects and annotation tasks. The images 
in a task are manually annotated within the CVAT web interface using 
bounding boxes labeled according to the object classes defined in the 
CVAT project. Once annotation tasks are completed, the annotation 
data (images and labels) can be exported from CVAT in COCO format. 
The task datasets are then uploaded to Roboflow projects for collation, 
training dataset analysis, and preparation for export in YOLOv8 format.

The focus has been on training YOLOv8 object detection models 
for marine species and Nephrop burrow data. An on-premise GPU has 
been used for training, with plans to utilize the iMagine platform for 
additional model training runs. Additionally, the MLflow instance on 
the iMagine platform has been introduced to record model training 
runs. This tool facilitates the collection of metrics on training and 
model performance, as well as to explore which dataset and training 
optimizations can improve model performance.

In EMSO SmartBay, obtaining published versions of annotated 
North East Atlantic marine species datasets or prawn burrow datasets 
in usable annotated formats has proven challenging. To supplement 
local imagery, CC-BY licensed images from the MINKA portal, a citizen 
science-based public repository of marine species pictures, have been 
utilized. A copy of the MINKA downloader tool (Martínez, 2024a), 
developed by EMSO-OBSEA, has been used to download images of 
target species. Although this data lacks bounding box annotations, it 
remains valuable as it provides community-identified reference images 
of species, which can be annotated and incorporated into training 
datasets.

Student summer bursars have conducted the majority of the an-
notation work. However, the Marine Institute aims to develop an 
accessible on-premise platform or solution for collating and annotating 
imagery datasets. The ‘‘Histogram Equalization’’ tool in CVAT has been 
used during data annotation. This tool, implemented in CVAT using a 
JavaScript port of OpenCV, enhances image contrast, allowing features 
to be more easily distinguished in overexposed or underexposed (very 
bright or very dark) images. The enhancement is applied solely for an-
notation purposes and does not alter the image for training. However, 
bursar students utilized ‘‘noise’’ and ‘‘exposure’’ augmentation tech-
niques in Roboflow to enhance certain training datasets for Nephrops 
and marine species.
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For the Nephrops Burrow Detection use case, one of the student bur-
sars annotated 3331 image frames from various prawn fishing ground 
stations. This approach was taken to capture a range of burrow images 
from different seabed types within the fishing area seabed types. Five 
annotation classes were used: prawn burrow, small prawn burrow, 
crab burrow, closed burrow, and gate-kept burrow (a prawn burrow 
with a prawn visible inside). Additionally, 1171 control images of 
the seabed without any labeled features were included, resulting in 
a total of 4502 images in the initial dataset. However, the dataset 
was highly imbalanced, containing over 5000 annotations of prawn 
burrows but only 79 gate-kept burrows. To address this issue, the 
annotated dataset is imported into a project on the Roboflow platform, 
is analyzed and refined to balance the class distribution by reducing 
the disparity in class numbers. This process reduced the total image 
count to 468. Roboflow’s image augmentation features such as ‘‘noise’’ 
and ‘‘exposure’’ were then applied to copies of the images to further 
enhance and expand the dataset, increasing the final dataset for model 
training to 1200 images.

Initially, two ‘‘burrow complex’’ annotation classes were included, 
representing prawn burrows connected ‘‘back to back’’ or in a ‘‘T’’ 
shape pattern. However, these classes were removed as they appeared 
to cause confusion in the model. An approach in Python using YOLOv8 
Oriented Bounding Boxes is explored, along with object tracking and 
counting functionality in YOLOv8. This approach aimed to analyze the 
angles of burrows in relation to each other to improve the identification 
and counting of ‘‘burrow complexes’’ in video sequences.

For the Video Quality Assessment use case, a ‘‘Proof of Concept’’ 
was implemented using the pre-trained DOVER VQA model (Wu et al., 
2022, 2023a; Wu, 2022). This model and the example scripts provided 
by the DOVER VQA GitHub repository have proven useful ‘‘out of the 
box’’ for scoring videos based on both technical and aesthetic quality. In 
limited experimentation with the model so far, the scoring system has 
been effective in distinguishing between poor and high-quality video 
footage.

In future work, EMSO SmartBay and the Marine Institute aim to 
improve the models by supplementing the initial training datasets
(Melvin, 2024; Cullen, 2024a,b) with further images and annotation 
classes. It is also aimed at supplementing the Nephrops burrow im-
agery and annotations with more imagery from Irish Nephrops fishing 
areas. Furthermore, the approaches developed in the iMagine project 
are intended to be applied to object detection tasks in various other 
fishery surveys and species detection, as well as to support in-house 
infrastructure for capturing species counts and video quality metrics.

13.6. Oil spill detection

In this use case, a consortium consisting of Orbital EOS, the Uni-
versity of Trento (UniTN), and CMCC is developing an end-to-end, 
AI-enhanced oil spill detection system. To achieve this goal, a system 
capable of detecting oil spills from satellites using AI (developed by 
Orbital EOS) was implemented, successfully recording several incidents 
worldwide. This dataset was organized and made available on Zen-
odo (Ferrer et al., 2024) and the THREDDS Data Server (Unitn, 2024), 
ensuring public access to these observations. Using this dataset, an AI 
hybrid modeling approach was implemented, integrating the MEDSLIK-
II oil spill model (De Dominicis et al., 2013) with Bayesian Opti-
mization (Frazier, 2018), an AI-driven parameter search, to optimize 
simulation results based on two oil spill observations.

Initially, satellite imagery is collected and labeled internally, and 
proprietary models developed by Orbital EOS are applied to these 
datasets. These models identify oil spills in the available images, gen-
erating estimates of the spill type (i.e., mineral or biogenic), location, 
area, and volume. Both active (i.e., Synthetic Aperture Radar) and 
passive (i.e., optical) sensors are used to sample the ocean surface and 
model outputs are delivered in standardized format. These estimations 
are then used in subsequent steps of the processing chain, which 
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includes generating real or hypothetical oil spill scenarios. This process 
accounts for potential false positives, where an oil spill is detected but 
did not actually occur in the real world.

From this approach, a dataset of events ranging from 2018 to 2022 
was collected and systematized into a database by the University of 
Trento. This dataset contains approximately 300 events related to 172 
oil spill images from around the world. A THREDDS catalog has been 
deployed at UniTN premises to support environmental scientists from 
various disciplines in browsing and accessing the provided datasets as 
open data (Unitn, 2024), for any purpose they may have. The THREDDS 
catalog includes both oil spill images and NetCDF data (MEDSLIK-II 
simulation outputs) available also in JSON representation. The entire 
dataset serves as a benchmark baseline for future research activities and 
is expected to be further expanded over time.

Based on the oil spill image detections dataset, CMCC integrated 
these components in an end-to-end pipeline that includes a data-driven 
approach to improve the accuracy of oil spill events simulated by the 
MEDSLIK-II model (Accarino et al., 2025). Numerical simulations rely 
on a set of physical parameters whose values affect the shape of the 
simulated spill in space and time.

In this use case, a Bayesian Optimization approach is employed to 
estimate the optimal physical parameter configuration that maximizes 
a specific score function.

The Fraction Skills Score (FSS) is used to quantify how closely 
numerical simulations match the segmented oil spill images. MEDSLIK-
II simulations are initialized with the physical parameters estimated 
by the Bayesian Optimization method. An optimization framework is 
established in which the simulation is repeated multiple times until a 
converge criteria is reached.

The individual simulations are compared, and the optimal set of 
parameters is selected. Due to the nature of this approach, experiment 
tracking was not required, as variations in image sets and environmen-
tal conditions can cause results to differ between events. At the end of 
the optimization process, the parameters that maximize the metric are 
identified, generating an optimal simulation that produces a visually 
representative image of the oil slick.

Due to the factors described above, the solution does not incorporate 
a deep learning model itself. Instead, the results are derived from a 
physical model with AI-enhanced parameters. Additionally, data drift is 
not considered in this approach, as both the images and environmental 
conditions contribute to uncertainty in the optimization process. More-
over, the continuous development of the oil spill model may further 
influence the functionality of the Bayesian Optimization algorithm.

Future work will address evaluation of improved metrics for the 
optimization process, as well as further validation on additional oil 
spill events. Possibly, explorations of fully ML-based oil spill models 
in place of the traditional numerical ones (e.g., Lagrangian) will also 
be considered.

This framework is available on the iMagine Marketplace. The hy-
brid model is designed for advanced users who are proficient in uti-
lizing satellite imagery and shape files to perform the optimization 
independently.

13.7. Flowcam plankton identification

FlowCam is a high-throughput imaging device that produces be-
tween 300,000 and 400,000 particle images annually in the current 
monitoring context. To store and analyze this high volume of data, 
semi-automatic data pipelines were established to preprocess raw out-
put data and store it in an internal database. Convolutional Neural 
Networks, based on an Xception architecture (Chollet, 2017), have 
been trained on manually validated FlowCam images of phytoplankton 
cells to accelerate the identification of particle images. After inference, 
images are manually checked by scientists using an in-house developed 
labeling tool to ensure data quality. The current model was trained 
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using a dataset consisting of 337,613 images across 95 classes, with 
the training set available on Zenodo (Decrop et al., 2024).

A module of the FlowCam phytoplankton identification service has 
been developed on the iMagine platform. Users can customize the 
train/validation/test split according to their preferences and apply data 
augmentation using the Python Albumentations package (Buslaev et al., 
2020). The categorical Cross-Entropy loss function was used for the 
phytoplankton classes. The full monitoring image library, consisting 
of 1,865,953 manually validated FlowCam images targeting eukaryotic 
microphytoplankton in the 55–300 μm range, is openly available in the 
Marine Data Archive (MDA) and linked to an IMIS discovery dataset 
record (Integrated Marine Information System) available via Lagaisse 
et al. (2024).

A well-known challenge in working with this type of imaging 
dataset is the significant class imbalance, with a few overly abundant 
classes and many rare classes represented by only a few images. 
To address this issue, thresholds were established for each trained 
class during training set sampling from the image library, ensuring a 
minimum of 100 images per class and a maximum of 10,000 images. 
Augmentation techniques are implemented to artificially upsample rare 
classes and are available through the FlowCam module on the iMagine 
platform. Additional functionality has been included in the module 
to enhance the applicability of models and training datasets across 
different FlowCam device versions. This is achieved by providing code 
for image transformation to account for variations in image resolution 
and differences between RGB and grayscale images.

To evaluate model performance after training, Jupyter notebooks 
are provided for users to assess key metrics such as Precision, Recall, 
and F1 score at the class level. Currently, drift monitoring is not 
included, as models are trained on ground truth data and regularly 
retrained using annually validated monitoring data. However, drift 
monitoring could be considered for future implementation.

13.8. Underwater noise identification

The model’s objective is to predict the distance to the closest vessel. 
However, challenges arise due to vessels that are either dark or exhibit 
irregularities in their Automatic Identification System (AIS) transmis-
sions. To address this issue, a strategy was implemented to connect 
local minima (i.e., the closest vessels) within a specified window frame. 
This approach enables the continuous annotation of recordings based 
on the distance to the nearest AIS data point. The selection of the 
window frame size is crucial. A smaller window frame increases the 
dataset’s temporal resolution by providing more data points but also 
raises the risk of missing the closest vessel if there are gaps in AIS 
data transmission. Conversely, a larger window frame reduces the 
likelihood of missing the closest vessel due to intermittent data, but 
results in decreased temporal resolution. Therefore, determining an 
optimal window frame is essential to balance the trade-off between data 
resolution and accuracy in vessel identification.

Through experimentation and filtering, a 6 min window frame was 
predominantly used. However, during the latter half of the year, a 
transition to a 5 min window frame was implemented for the Grafton 
data. This adjustment resulted in 240 and 288 data points for the 
5 min and 6 min windows, respectively, within a 24-h period. Despite 
these efforts, approximately 8% of the data had to be excluded due to 
irregularities in AIS data. Ultimately, 27,524 WAV 10-s audio segments 
were generated over 116 days, including 40 days with overlapping 
stations and 76 unique days. All acoustic recordings were converted 
to single-channel, with a sampling rate of 48 kHz, and segmented into 
10-s non-overlapping windows. The dataset is published at Decrop et al. 
(2025).

To prepare the data for distance classification, we segmented the 
audio into 10-s, non-overlapping windows, categorizing each segment 
by its proximity to the nearest vessel. Categories were divided into 1 
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km bins: 0–1 km, 1–2 km, 2–3 km, 3–4 km, 4–5 km, 5–6 km, 6–7 km, 
7–8 km, 8–9 km, 9–10 km, and 10+km.

The Biolingual model (Robinson et al., 2024), a pre-trained version 
of CLAP-LAION partially trained on underwater bioacoustics data, was 
selected for transfer learning. Two distinct strategies were employed 
to leverage this model. In the first approach, feature extraction, the 
pre-trained layers were used to obtain high-level representations from 
Log-Mel spectrograms, which were then passed through three custom 
layers designed for the task. In the second approach, fine-tuning, the 
model was initialized with the pre-trained weights, but all layers were 
retrained from scratch, followed by a single linear output layer.

During training, the model was both trained using a costume loss 
function. To enhance the loss function, a weighted penalty was intro-
duced based on the severity of the prediction error. For instance, a 
prediction that is off by 1 km is penalized less than one that is off 
by 5 km. Instead of standard one-hot encoding, the loss function was 
modified to reflect the degree of the error.

The dataset was initially divided into training, validation, and test-
ing sets. To ensure data independence, full-day deployments from 
different locations and dates were assigned to each set (i.e., data re-
mains independent within the same day but not across different days). 
For any given day and location, the data was entirely allocated to either 
the training, validation, or testing set, with no overlap across these sets 
for the same day. The distribution split was 79.4%, 10.6%, and 9.9%, 
reflecting the uneven availability of data points across different days. 
The data was collected from two stations and covered most of 2022 to 
mitigate data bias.

Although fine-tuning typically leads to better performance thanks 
to its comprehensive retraining, it also comes with significantly higher 
computational costs. Feature extraction, on the other hand, is more 
efficient, as it only updates the final layers of the model. Choosing be-
tween these approaches thus involves balancing performance improve-
ments against computational demands—an important consideration for 
real-world applications.

The model has yet to be published together with the data, but is 
currently running on the imagine platform. Currently, drift monitoring 
is not included; however, it could be considered in the future. In the 
future, the model could be tested and/or retrained in new environments 
to compare the performance.

13.9. Beach monitoring

This use case aims to automate beach seagrass wracks identifi-
cation, shoreline extraction, and the detection of rip currents from 
beach imaging systems, including operational platforms and crowd-
sourced acquisition initiatives, to address open research questions and 
contribute to current developments (Soriano-González et al., 2024a; 
Fernandez-Mora et al., 2025; Khan et al., 2025).

For each coastal feature and imaging system, a training dataset was 
created, either programmatically using R software or manually using 
CVAT. Datasets were published in the Zenodo iMagine community open 
repository (Table  6). The shoreline dataset was the simplest to generate, 
as it built upon previous research (González-Villanueva et al., 2023). 
Beach wracks and rip currents datasets required more expertise and 
time. The amorphous nature of both coastal features made it difficult to 
clearly identify their borders, and suitable images that clearly displayed 
them were difficult to find.

For model development, the general workflow involved training in 
the iMagine platform, monitoring performance and managing exper-
iments using MLFlow, all within the iMagine ecosystem. For model 
evaluation, common performance metrics such as accuracy, loss, pre-
cision, recall, F1-score, and IoU were considered. However, specific 
models and data preprocessing steps were identified and tested for each 
individual case.

For beach seagrass wrack identification, the U-Net (segmentation), 
YOLO (object detection and mask segmentation) in their different 
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versions and scaled variants, and a combined approach leveraging the 
object detection capabilities of YOLO and the zero-shot segmentation 
capabilities of SAM were tested. For YOLO training, the random data 
augmentation setting was applied, introducing image transformations 
such as flips, translation, HSV (Hue Saturation Value) adjustments, scal-
ing, and mosaicking. By enhancing the model’s generalizability, this ap-
proach helped mitigate dataset imbalances and improved performance 
across a broader range of images. For SAM segmentation, images were 
cropped to the bounding boxes generated by the best-performing YOLO 
model. The primary limitation of this combined approach was the un-
certainty introduced by error propagation from YOLO bounding boxes 
to SAM predictions. A comparison of the three approaches suggested 
that YOLO should be prioritized. However, detecting and segmenting 
lower density beach wracks was consistently challenging independently 
of the method used, indicating that it is a more complex class.

For shoreline extraction, the U-Net and Bidirectional Long Short-
Term Memory (Bi-LSTM) networks were tested. For U-Net training, 
patchify was used to split images of varying sizes into smaller patches 
with 50% overlap, ensuring compatibility with the U-Net architecture 
(256 × 256). Rather than resizing, patchify was chosen to prevent the 
creation of excessively large steps in the shoreline due to pixel interpo-
lation during the downsampling process. For Bi-LSTM training, images 
were split into rows, with each row processed independently by the 
Bi-LSTM network (589,292 rows). To maintain consistent row lengths, 
rows were equally padded with black pixels on both the right and left 
sides when necessary. This row-wise approach enabled training models 
individually for each beach due to its lower requirement for input 
images compared to U-Net. This separate training strategy significantly 
enhanced the performance of Bi-LSTM and demonstrated its suitability 
when training data is limited. From the shoreline extraction case, two 
major conclusions were drawn: (i) The tidal range significantly impacts 
model performance; microtidal beaches are less complex than mesotidal 
beaches, especially those with flooded terraces. (ii) While segmentation 
metrics typically consider the entire image, the validation for shoreline 
extraction methods must prioritize the areas around the shoreline, as 
this is where errors are most important, and likely to occur.

For rip currents’ detection, both one- and two-stage detectors mod-
els are currently under analysis. From the training dataset to model 
development, rip currents are being treated as oriented objects, related 
to the waves’ direction and the shoreline position, with variable width 
and length, and with ambiguous borders and shapes. While the rip 
current case is still in its early stages, preliminary results using a 
subset of the training dataset indicate that one-stage detectors, such 
as RT-DETR (Real-Time DEtection Transformer) and YOLO, may be 
more suitable for our rip current detection application. The processing 
speed advantage of these detectors is essential for the near real-time 
detection needed in an early warning system, and further extends their 
applicability to both static imagery and high frame rate video analysis.

The central challenge across all addressed cases lies in data imbal-
ances. These imbalances are evident both in the number of images from 
different sites – each representing a specific beach or coastal stretch 
with similar geometry – and in the temporal distribution of images. 
These factors are influenced by uncontrollable elements such as citizen 
participation variations across areas and times, the concentration of 
operational systems in specific regions, and the natural occurrence of 
coastal features and processes in particular beach areas or seasons. 
Future efforts will focus on expanding the training datasets, and investi-
gate data augmentation and drift monitoring techniques. Additionally, 
key future objectives include advancing model development, enhancing 
model robustness and generalizability to new scenarios, and transition-
ing the models into practical applications via deployable modules.

13.10. Freshwater diatoms identification

The use case aims to develop a diatom-based bioindication ser-
vice using automatic pattern recognition algorithms for microscope 
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images from freshwater benthic diatom samples. From a computer 
vision perspective, the main challenge for developing a pipeline for 
diatom identification lies in the fact that our target organisms (diatoms) 
include a considerable number of often very subtly different categories, 
in comparison with more standard problems. In comparison to existing 
alternatives, the aim was to provide a tool that is fast and robust while 
being reliable with a high level of repeatability, but also with training 
sets allowing transferability to the greatest number of end-users.

In addition, the primary bottleneck was the limited size of the initial 
training dataset, since the COVID-19 crisis strongly constrained the 
acquisition of new imaging data. Yet, it was also an opportunity to test 
the use of synthetic datasets. The proof of concept for the prototype 
was thus established by pre-training the models using a synthetic 
dataset (simulated microscope images) and then fine-tuning them with 
a limited real dataset (real microscope images). The synthetic dataset 
was created by: 1. collecting individual images of diatoms from at-
lases (approximately 15,000 individual diatom thumbnails representing 
around 200 diatom species, with at least 30 images per species), 2. 
applying data augmentation by varying the size and orientation of 
the thumbnails, and 3. generating virtual microscope images using 
seamless techniques to paste the thumbnails onto a gray background, 
thereby mimicking a realistic set of microscope images containing 
various diatoms.

Using the synthetic dataset, the performance of the detection net-
work (YOLOv5) improved by up to 25% in precision and 23% in recall 
at an IoU threshold of 0.5 (Venkataramanan et al., 2023b). The current 
online version now uses YOLOv8 for both detection and classification.

The diatom thumbnails dataset was also used to train a deep learn-
ing classifier with EfficientNet as the backbone. The classifier was 
evaluated based on the accuracy score, which was 94%. Of the approx-
imately 200 diatom species included in the dataset, 113 were classified 
with 100% accuracy. Additionally, other classification methods were 
explored to better address the high inter-class similarity and intra-class 
variance among the different diatom species. These factors can make it 
challenging for traditional classification methods to accurately distin-
guish between species. To tackle this issue, a method was proposed for 
learning feature representations that group visually similar images of 
each class together while ensuring that inter-class features are widely 
separated. This approach was also tested using a standardized plankton 
image dataset (WHOI-Plankton Dataset) (Venkataramanan et al., 2021).

Furthermore, a method for estimating uncertainty in classifica-
tion performance was introduced. This method uses the proximity 
of a data point to different class features to estimate uncertainty in 
the network’s prediction. It also demonstrates how this approach can 
provide a reliable estimate of prediction confidence and detect out-
of-distribution samples (Venkataramanan et al., 2023a). This method 
has also been tested on another dataset of diatom images recently 
published (Venkataramanan et al., 2024).

Standard evaluation metrics were used, including classification 
accuracy, Expected Calibration Error (ECE), Negative Log-Likelihood 
(NLL), Area Under the Receiver Operating Characteristics curve (AU-
ROC), and Area Under the Precision-Recall curve (AUPR). The effec-
tiveness and generalizability of the proposed feature representation and 
uncertainty estimation methods were demonstrated through testing on 
various standard datasets (COCO, MNIST, CIFAR, SVHN).

To further improve the current models and develop new ones, 
a larger dataset of real diatom microscope images is being consoli-
dated. Highly trained diatom experts are focusing on the taxonomic 
classification task using BIIGLE (rotating bounding boxes), while less 
experienced experts, such as students, are working on object segmenta-
tion using Labelbox (instance segmentation masks), and more recently 
SAMv2. These datasets will then be used to retrain the detection and 
classification pipeline.

The new dataset will also be employed to test a pipeline based 
on instance segmentation using YOLO and morphological parameter 
extraction from the obtained segmentation masks. The results will 
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further support biologists in their morphometric analyses (Chéron et al., 
2025). This approach will be compared with unsupervised methods 
(e.g., GANs) capable of exploring the morphological variability of 
diatoms in an unsupervised manner.

To date, the diatom thumbnails dataset has been published in the 
institutional repository (DOREL), which is connected to the national 
repository (Laviale and Venkataramanan, 2023). This dataset is cur-
rently updated with more images and more species. The different 
models have been published on GitHub and are available on the Mar-
ketplace of the iMagine Project. The real image dataset will be released 
in the future. Currently, there is no need for drift monitoring of the 
developed model, but it may be considered in the future.

14. Results and discussion

Through collaboration across a wide range of real-world appli-
cations (Table  1), from marine litter detection to freshwater diatom 
classification, the iMagine project established best practices and guide-
lines for producers and providers of image sets and image analysis 
applications, and adapted its AI platform to support their diverse tasks.

During the project, we identified several key challenges, such as 
limited data availability, time-consuming labeling, proper selection of 
AI algorithms, resource constraints for training and deploying models, 
ensuring the reproducibility of trained models, managing data and 
model drift in production environments. Data preparation, particu-
larly handling the characteristics of underwater images, such as water 
turbidity, proved to be a significant hurdle. Image annotation is a time-
consuming task in producing training datasets. Annotation redundancy 
and inconsistencies in citizen science data also posed challenges, along 
with the need for expert intervention in labeling highly specialized 
datasets (e.g., plankton taxonomists and ictiologists). Data imbalance 
was another common issue, requiring strategies such as resampling, 
class weight adjustment, applying data augmentation techniques, and 
exploring the use of generative AI for synthetic data generation. These 
factors required more time and expertise, creating bottlenecks in the 
development of various use cases.

For every challenge and step in the AI development process (Fig. 
1) we proposed a solution. Data annotation tools were suggested and 
provided. To tackle data scarcity and promote transparency, labeled 
datasets have been published on public repositories such as Zenodo, 
following the FAIR principles. Resource constraints were mitigated by 
providing access to federated cloud infrastructures, allowing users to 
utilize the computing power of multiple providers. All trained models 
are publicly available, and the corresponding code has been container-
ized using Docker to ensure reproducibility. For model deployment, the 
OSCAR system offers a scalable and reproducible inference environ-
ment that supports AI models in containers with minimal setup. The 
Frouros framework is recommended to support continuous monitoring 
and detection of data and model drift during operation. Although the 
resources on the iMagine platform are primarily designated for the use 
cases within the project, everybody can try the modules for 10 min. 
Furthermore, all the code for modules and tools developed is publicly 
available and open-source. This accessibility makes it easier for marine 
scientists and other researchers to adopt and integrate advanced AI 
workflows into their own work using their resources.

While the iMagine platform provides a comprehensive framework 
for AI-based image analysis in aquatic sciences, one limitation of the 
current approach is the relatively small number of use cases. Although 
the selected use cases span various areas of marine and freshwater 
sciences, they may not fully represent the wide range of challenges and 
data types encountered across the broader aquatic science community. 
We addressed this limitation, in part, through open calls during the 
project, which allowed for the inclusion of additional use cases.

15. Conclusion and outlook

This paper summarizes the experiences we have gained from var-
ious use cases in aquatic sciences, all related to the development of 
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image analysis applications that take advantage of AI techniques. The 
sharing of knowledge, challenges, acquired know-how, and solutions 
were established through the Competence Center, a distributed sup-
port team within the iMagine project. The work covered all stages 
of AI/ML life-cycle. This paper presented these in dedicated sections: 
neural networks relevant for image and video analysis, annotation of 
images for constructing training datasets with the following open access 
publication, data preprocessing methods necessary to apply before AI 
model training can start. It also included an overview of the evaluation 
metrics and experiment tracking tools, highlighting FAIRness aspects 
and addressing data biases, as well as how trained AI models can 
be shared with the community on the iMagine platform and made 
available for inference. Finally, all iMagine use cases provided insights 
into their application of the aforementioned techniques.

Based on the study and insights from the iMagine use cases, CVAT 
was the tool most commonly used by the use cases due to its user-
friendly interface, robust annotation features, and flexibility.

In terms of the deep learning model, YOLO was the most com-
monly used model for object detection, and it demonstrated strong 
performance across many use cases. For segmentation, the ZooScan 
- EcoTaxa Pipeline service found that in aquatic imagery, panoptic 
segmentation using Mask2Former achieved better performance than 
instance segmentation with Mask R-CNN.

Regarding data availability, Zenodo offers a robust solution by 
providing an open access platform for researchers to share, store, 
and manage datasets. Moreover, the FAIR EVA tool in the context of 
iMagine, has been used to improve the FAIRness of published training 
datasets concerning the metadata used in Zenodo, along with the 
training dataset.

MLflow was found to be the most practical solution for AI/ML 
experiment tracking. As a result, an MLflow server is provided to the 
project use cases for the efficient management and tracking of the 
machine learning experiments.

To make the AI models developed during the iMagine project avail-
able to other scientists, the models are coupled with DEEPaaS API 
and published as Docker images on the iMagine platform, while the 
source code is shared on GitHub. For the inference services, the OSCAR 
serverless system provides a reliable solution, offering efficient and 
scalable deployment capabilities.

Future work should focus on addressing the identified bottlenecks 
and limitations of the approach. For underwater image analysis, explor-
ing advanced image enhancement techniques to mitigate the effects of 
turbidity would be beneficial. The use of automatic and semi-automatic 
annotation with pretrained models in annotation tools would help 
streamline the labeling process. Expanding datasets with more diverse 
and balanced samples will further improve model performance. The use 
of synthetic datasets generated with the help of generative AI may also 
be considered. Implementing data drift monitoring systems could help 
ensure the long-term reliability of both the models and the deployed 
data acquisition processes. Exploring additional deep learning architec-
tures and data preprocessing steps could lead to further performance 
gains. The Federated Learning technique (McMahan et al., 2017) could 
be applied to distributed aquatic datasets. iMagine has started collab-
orating with the DEAL project to explore this decentralized training 
technique in real-world scenarios. Leveraging foundation models may 
be considered the next step beyond CNNs for AI-based aquatic services, 
wherever applicable. For citizen science data, developing more robust 
data-cleaning pipelines and potentially incorporating expert validation 
could enhance data quality. Furthermore, continued development and 
refinement of the iMagine platform and its Marketplace will facilitate 
broader access to and utilization of the AI models and tools developed. 
Cooperation with other EU projects in the field (such as Blue-Cloud), 
and the expansion of the variety of use cases will further enrich the 
study and promote best practices.
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