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ABSTRACT

Within Al4Life, we ran three Open Calls and three Public Challenges (2023-2025), supporting 22 bioimage analysis projects
from 151 applications and engaging 225 challenge participants, with the aim of applying FAIR deep learning in the life sciences.
Our experience offers a view of the current state of bioimage analysis, the landscape of available tools, as well as the
existing gaps between method developers, tool producers and potential users. It highlights that even after careful selection for
Al-ready projects, most still require substantial effort to apply deep learning, and that the field still relies heavily on established,
well-rounded methods to solve common problems. We come to the conclusion that for scientific Al in biology, the rate-limiting
step is not methods and models but data, annotations, and shared infrastructure underneath them.
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Introduction

Al4Life was a Horizon Europe-funded project (2022-2025) aimed at bringing state-of-the-art Al-based image analysis to life
scientists by establishing and supporting services that promote deep learning FAIRness'-2. With these overarching goals in
mind, the Al4Life consortium conducted various activities, from developing a new format for deep learning models and an
accompanying public repository? to organizing workshops promoting tool adoption. Notably, the consortium sought to foster
interactions between computational and life scientists, bridging the gap between method developers and those applying these
methods. To that aim, we organized three open calls for bioimage analysis projects and three computational challenges.

The Open Calls (OCs) provided life scientists who were facing image analysis challenges with adequate deep learning
workflows developed by a team of Al and image analysis experts from our consortium. Selected projects focused on problems
that were of interest to the larger community and would therefore impact more than a single research group through re-usability
of a solution and open-source tooling. The OCs provided technical support to researchers for a duration of six months, at the
end of which the developed pipeline was documented, transferred to the users, and released online.

Technical solutions developed during the OCs were the result of a specific team of analysts’ work and therefore could
benefit from further investigation by other experts in the field, either by proposing alternative or superior analysis pipelines.
Public competitions have previously proven effective at translating biological questions into well-scoped machine learning
problems and driving methodological advances*~!!. Building on these examples, we organized three Public Challenges (PCs)
centered around image restoration, each targeting a different aspect of microscopy image denoising, and running for two
months.

In this manuscript, we provide an analysis of the OCs and PCs, describe lessons learned from organizing them, and discuss
the pain points encountered along the way. In particular, we believe that our experience reflects the state of the bioimage
analysis field and of the interface between method developers and potential users. By summarizing the best practices that we
would recommend to avoid the pitfalls we faced, we hope to not only help similar initiatives in the future, but also incentivize
the community to continue working towards improved user training, better tool interoperability and FAIRness. A full report and
analysis of both the Open Calls and the Public Challenges are provided in the Supplementary Information (SI) for the interested
readers. In the following sections, we discuss the main lessons and recommendations that we draw from our experience.

Open Calls - Lessons learned

The Open Calls were an opportunity to survey the diversity of image analysis problems faced by life scientists, their typical
workflows and the current state of the existing solutions offered by the community.

The first challenge was to establish a selection process that would narrow support to projects that were ready to start,
solvable within the time frame, and whose solution could be deep-learning-based and transferable to other projects. Our process
is shown in Fig. 1, and described in SI section S1.

Across the three OCs, we progressively moved from pure remote scoring to interactive expert dialogue as OC 1 revealed a
high variance in both data readiness and the actual relevance of deep learning to the proposed problem. Multiple projects were
ultimately solved with classical image analysis or existing tools, including pre-trained deep learning models, while others were
delayed by data transfer or the need to re-acquire data.

To reduce this mismatch, OC 2 and 3 introduced three decisive changes: mandatory upload of representative data, a
template-based application, and a consultation round with experts. The consultations required substantial additional work, but
were the most reliable way to identify ready-to-start projects, re-frame over-ambitious ones, and give useful feedback even to
non-selected applicants. Finally, the reviewing scores were simplified to only 3 categories to increase the transparency of the
scoring: readiness, applicability of deep learning, and scientific excitement (SI section S1.2).

Challenges faced during the OCs are familiar to image analysis facilities and highlight the need to build better community
resources to educate users about the availability of user-friendly tools. As described in SI section S2.3, we observed that many
widely used tools still failed to get into the hands of users (e.g. Cellposelz, CellProﬁler13, QuPath14, ilastik!? s Labkit16, or
the napari!” ecosystem), while users rely heavily on proprietary software, hindering the spread of reproducible analysis and
FAIRness. The nature of microscopy images and scientific goals often leads to complex pipelines, chaining several existing
tools and requiring custom scripting, as exemplified by the pipelines developed for the OC (see SI section S2.5).

The recurrence of specific tools in the developed pipelines demonstrates that these are cornerstones of bioimage analysis.
Notably, this was the case of Cellpose'>'® and StarDist!® for instance segmentation, and Noise2Void for denoising®’. Sim-
ilarly, while the field is moving heavily towards Python under the impulse of scientific Python libraries and deep learning,
ImageJ2/Fiji’!»?? remains an important ecosystem. Several ImageJ2/Fiji plugins provide solutions to widely encountered
challenges and are accessible to non-specialists (BigWarp>?, Labkit'®, TrackMate?*). Well-established tools often owe their
success to both effectiveness and user-friendliness?>. State-of-the-art methods, on the other hand, may suffer from complex
installations and use. Newer architectures (transformers, foundation models, diffusion-based methods) are absorbed by the
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Figure 1. Selection procedure and analysis support workflow for the three Open Calls. The number of experts involved in
eligibility checks, reviewing applications, consultation calls, and members of the selection committee is indicated in the top
row. OC 1 did not include a consultation step.

field selectively, and the OC pipelines suggest the absorption criterion is whether the new method reduces the data and
annotation burden on users rather than whether it improves a benchmark by a few points. This is exemplified by the success of
SAM/SAM22%?7 in segmentation, which has led to a sharp increase in segmentation tools relying on it as a pre-trained model.
Such tools have been used during the OCs, or developed for an OC project®, hinting at a new direction for tool development in
the era of large foundation models developed outside of the field of bioimage analysis.

Another issue apparent from both applications and consultations is the need to spread realistic expectations about the
capabilities and requirements of deep learning algorithms>®-3?. Two different aspects of deep learning in particular appear to be
generally misunderstood: the quality of annotations required to train a deep learning model, and the current capacities of deep
learning methods. For the latter, the consultation round was instrumental in managing user expectations and re-framing the
scope of the projects based on more realistic goals. Data labeling, on the other hand, is a time-consuming activity and labels
quality is often overestimated by users.

Only 8 out of 22 selected projects were fully ready at the start of the support period, with complete, usable data and
sufficient annotations available to start working on the project. Even more striking, only 2 of them had sufficient ground-truth
data to directly envision using deep-learning as a first step (see SI section S2.6). In projects that required substantial data
labeling, the analysis pipelines often made use of alternative methods or attempted to leverage sparse labeling (see SI section
S2.5).

While some projects turned out to be more challenging than expected, most of the incurred delays were a result of difficulty
in exchanging data, in particular large datasets. Often, data exchanged relied on private services, external to the scientific
institutions (see SI section S2.6). Not only does this present a security risk, but it also highlights the lack of shared data
infrastructure across European public research institutions and the dissemination of local solutions.

Furthermore, while most applicants agreed in principle to publicly release their data, the immediate benefit of doing so is
rarely visible to the user when sharing has to happen, typically near the end of a project, when attention has already shifted
elsewhere. The consequence is that data release is consistently deprioritized: of 22 supported projects, only 16 had data
deposited in a public repository by the time of writing, with 2 still pending and 4 unable to contribute data at all (see SI section
S2.6). Furthermore, most of the projects incurred significant delays in releasing data publicly, with 10 projects having data
uploaded more than 6 months after the official end of the project and an overall average of 8 months delay between end of
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support and public data release. FAIR data sharing is not a one-time act at publication but a sustained effort that extends well
beyond the visible end of a project, and current incentive structures do not reward that effort. Concretely, we found it more
effective to identify shareable subsets early, begin the upload process before the analysis pipeline was finalized, and treat the
data deposit as a parallel deliverable rather than a closing step. Even with this strategy, attrition was substantial.

The deeper issue underlying low data-sharing rates is not unwillingness but invisibility of return. Researchers who share
image data rarely see direct credit for it: citations accrue to method papers and biological findings, not to the underlying datasets
that made either possible. As long as this asymmetry holds, FAIR data sharing will remain something individuals do despite
their incentives rather than because of them. Echoing others®!, we believe that in order to meaningfully shift this trend, two
main avenues should be pursued. First, training: most life scientists encounter FAIR principles as compliance language rather
than as a working description of how reusable data is structured, annotated, and deposited>?, and the gap between willingness
to share and data usable by others is wider than most applicants realize at submission time. Second, recognition: dataset
publications, repository deposits, and reusable annotations should count toward hiring, promotion, and funding decisions on a
comparable footing with method publications. Neither change is within the power of any single project, but both are within the
control of the community that funds, hires, and evaluates its members.

Taken together, the lessons from three Open Calls describe a community that is technically capable, intellectually engaged,
and culturally aligned with open science, but is operating under a certain lack of infrastructure, training resources, and shared
norms that AI methods quietly assume.

Public Challenges - Lessons learned

The Public Challenges offered a complementary perspective, producing fixed benchmarks for method developers to explore
diverse solutions.
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Figure 2. Challenge organization process.

The central lesson from the Public Challenges is that the bottleneck is not community interest in biological imaging, but the
rarity of problems that are immediately benchmark-ready. Our initial vision was to draw challenge tasks directly from the Open
Calls, but in practice this proved considerably more difficult than anticipated. Many datasets lacked the quality or quantity that
deep learning benchmarking requires. Beyond data readiness, many proposals were either too narrowly scoped within a specific
biological subfield to attract broad computational interest, or described multi-step experimental workflows that were difficult to
abstract into a single, well-defined task, which is a prerequisite for any accessible and fairly evaluated challenge.

This gap motivated us to shift toward publicly available datasets and synthetically generated data as the foundation for
challenge design (see SI section S3). While no dataset perfectly captures the diversity of real-world biological imaging, curated
public resources offer a practical and transparent starting point: data provenance is known, baselines can be established, and
participants can access training data openly. This approach also naturally promotes reproducibility. Future challenge organizers
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in the biological imaging space should treat data readiness as a central criterion, and the availability of suitable public datasets
as a precondition rather than an afterthought.

The three challenges focused on image denoising in three different settings (see Fig. 2): unsupervised (PC 1), supervised
(PC 2), and domain-specific calcium imaging (PC 3). Together, they provided a useful snapshot of which methods participants
currently reach for under different training regimes (see SI section S4). In all three settings, participants largely relied on
established pipelines: Noise2Void and its variants were the most frequent submissions, reflecting the method’s wide adoption
and ease of deployment. In the unsupervised setting (PC 1), however, COSDD?* placed first on three of the four leaderboards
and a narrow second on the fourth, where an N2V submission edged it by 0.01 dB. This highlights the potential of methods that
have not yet reached mainstream adoption. The supervised challenge (PC 2) attracted more methodological diversity, with
participants adapting U-Net architectures and also trying generative adversarial networks (NAFNet-GAN>*), the latter topping
three out of four leaderboards, suggesting that supervised denoising is both more familiar and more open to experimentation.
PC 3, focused on the more demanding calcium imaging setting, showed the slowest submission rate. Here, a transformer-based
model (Restormer3D?®) topped all four leaderboards, while a well-tuned N2V 3D baseline also remained highly competitive
and consistently placed in the top three. Taken together, these results suggest that established methods remain the default
choice for participants, but that alternative architectures can become clearly advantageous in settings that are technically more
demanding.

Running these challenges also made clear that community benchmarking reveals performance differences that are hard to
see from individual method papers alone: a method may be well-known, yet its relative strength across diverse datasets and
noise regimes only becomes apparent through direct comparison>C.

The geographic diversity of registrants was an encouraging sign of broad community interest (see SI section S4). However,
the overall number of successful submissions remained modest compared to established challenges in computer vision or
medical imaging. We attribute this primarily to the absence of monetary or conference-based incentives: many prominent
challenges offer cash prizes, hardware, or co-location with major venues, sometimes accompanied by paper authorship for top
participants. Without such incentives, participation is driven almost entirely by intrinsic scientific interest, reaching a narrower
audience. This suggests that future challenges in biological imaging would benefit from strong incentives, such as prize money,
hardware, paper authorship for top participants who release their code, broader outreach through community channels such as
the image.sc forum and social media, and closer alignment with conferences or journals to make participation more accessible
and attractive to a wider community.

The three Public Challenges revealed that we are constrained by the scarcity of benchmark-ready biological problems,
openly reusable datasets, and the incentives needed to sustain broad participation.

Discussion

What emerged from both initiatives was not two separate sets of issues, but the same underlying bottleneck viewed from
two different angles. Three years of structured support for 22 bioimage-analysis projects, alongside three public denoising
challenges, gave us an empirical view of the gap between the methods the field has published and the conditions under which
those methods can actually be applied in practice. That gap is the central finding of this work. The algorithms exist, in many
cases as community-supported, sometimes as well-engineered tools, but data are too small, too coarsely annotated, too poorly
standardized, too costly to share, and too fragmented across institutional infrastructures.

The Open Calls showed that this gap can be narrowed project-by-project when expert support is available. 18 of 22 projects
produced reproducible, openly released analysis pipelines, suggesting that targeted bioimage-analysis support can generate
durable value even when starting conditions are uneven. The Public Challenges, by contrast, showed how difficult it remains to
convert real biological needs into benchmarks that are sufficiently well scoped, well resourced, and broadly accessible to invite
community-wide comparison. Together, these two observations sharpen the same point: methodological progress alone does
not translate into practical impact unless the surrounding data and infrastructure are mature enough to carry it.

These observations are easier to dismiss in isolation than together. We observed the dominance of TIFF and proprietary
microscopy formats over next-generation file formats (8 of 151 applications), the persistence of proprietary analysis software
despite mature open alternatives, the fragmentation of data transfer across 14 different services (for 22 projects), and the fact
that many well-adopted open tools remain off the radar of the researchers who would most benefit from them. Each of these is,
on its own, a manageable inconvenience. Together, they describe a field whose data infrastructure, tool ecosystem, and cultural
norms remain some distance from the level of maturity that current Al discourse often assumes.

We do not see this as cause for pessimism. Frontier Al systems trained on web-scale text were possible because the training
data was already there. Our field has none of those conditions fully developed and is now building them deliberately with
the examples of the Image Data Resource’®, the BioImage Archive®’, the Biolmage Model Zoo®, OME-NGFF?%, community
standards>32, and projects such as AI4Life itself. What this work shows is how far that building still has to go, and how
concretely it can be done. The community resources required are not exotic: shared data-transfer infrastructure with institutional
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support, sustained annotation efforts on biologically meaningful datasets, training material that calibrates user expectations of
what deep learning can and cannot do, and incentive structures that reward dataset publication on par with method publication.
None of this is a research problem in the conventional sense. It is infrastructure work, dispersed and undramatic. It is also the
rate-limiting step on what scientific Al in biology will deliver in the coming decade.

Recommendations

If these constraints are largely infrastructural, the response must also be practical. The lessons we draw from three Open Calls
and three Public Challenges therefore fall into actionable recommendations, grouped here by the audience best placed to act on
them.

For life scientists submitting projects
Deep learning generally benefits from very high quality labeling. Before entering any Al collaboration, it is helpful to keep in
mind that labels likely need substantial revision or extension. Plan annotation effort early in the discussion, and treat data and
annotations as one of the slowest-moving parts of any Al collaboration.

When possible, adopt next-generation file formats®® for projects involving volumetric, multichannel, or large-scale imaging.
TIFF and proprietary formats remain workable for small data, but can make downstream reuse and scaling more difficult.

Explore the open-source bioimage-analysis ecosystem (ImageJ2/Fiji>!:?2, CellProfiler'?, QuPath'#, Cellpose!'?, ilastik ',
Labkit!®, napari!’, etc.) before commissioning custom development. In many cases, a method that addresses much of the
problem already exists and may be within reach with some guidance or training. The bioimaging community will be happy to
help you find a good solution on the Image.sc forum®’, and the answers will also help others.

Finally, it helps to approach deep learning with realistic expectations: it is not a generic intelligence applied to images, but
a class of methods with concrete data and annotation requirements”®3°. In our experience, projects are much more likely to
progress smoothly when those requirements are made explicit from the outset.

For image analysts carrying out projects

Verify data and annotation readiness before scoping methods. The Open Call experience showed that remote scoring alone
is often not enough to distinguish ready projects from those that still need some preparation. A structured consultation with
sample data in hand was the most cost-effective filter we found.

Expect to spend a meaningful fraction of any project on data transfer, format conversion, and annotation triage. Budget for
it explicitly.

Default to FAIR pipelines®? from the first commit, not as a publication afterthought. Data uploads after the fact are the most
common point of attrition. Where possible, prefer the tools that are the best fit for the project, including when they are not
the ones you developed yourself. Conversely, recognize that some tools and methods (Cellpose'?, StarDist!®, Noise2Void?’,
ilastik'>, Labkit!®) are cornerstones for good reason and are often worth considering before custom development.

Finally, team up with others. There are many opportunities, and meetings such as "I2K: From Images to Knowledge" or
image analysis networks such as GloBIAS* are a good way to strengthen the international analysts community.

For bioimage-analysis facilities and community organizers
Many widely-used tools still do not reliably reach the users who would benefit from them most, suggesting that the main gap is
one of discoverability and training rather than methods alone.

Maintain community-driven, regularly updated documentation of what current tools can do, what data they require, and
where they fit into typical pipelines.

For open calls or similar support programmes, include sample data in applications, use a fixed presentation template for
project descriptions, and run at least one consultation round before final selection.

Keep scoring schemes simple and interpretable, ideally with three or four categories that can be discussed transparently.
Identify two or three preferred data-transfer channels by data size (with institutional support where possible, e.g. Globus*!:4?),
and start the data-release process before the pipeline is finalized rather than after.

In our experience, these changes substantially improved selection accuracy and reduced project attrition between OC1 and
OCs3.

For method developers, research software engineers and challenge organizers
State-of-the-art methods are most useful to biology when they are also installable, runnable on real data, and accompanied by
clear guidance on when they apply.
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The success of Cellpose'? and Noise2Void*® owes as much to their accessibility as to their algorithmic merits. Conversely,
the rapid uptake of SAM2?7 derivatives in our pipelines shows that the field will absorb foundation models quickly when they
reduce the data burden for users.

When releasing a method, consider what other researchers would need in order to apply it to their own data, and take the
extra steps needed to make that process as easy as possible’>>*?. If developing a tool, ensure accessibility, documentation and
interoperability with existing ecosystems?>>44.

For benchmarking, treat data readiness as a precondition rather than an afterthought: many real biological problems do not
yet naturally fit the shape of a well-posed challenge, and curated public datasets therefore remain the most viable foundation.

Future challenges in this space will benefit from stronger participation incentives. This includes prize money, hardware,
paper authorship for top entries, and closer alignment with conferences and journals to reach beyond the existing community.

For funding bodies and institutions
The most consistent finding across both Open Calls and Public Challenges is that the limiting resource is shared infrastructure.
Recognize fragmented data transfer as an infrastructure gap rather than an individual failure.

Invest in cross-institutional data-transfer infrastructure, in public bioimage repositories*®3’, in annotation efforts on
community-prioritized datasets, and in the open-source tool maintainers who underpin the entire ecosystem.

Treat this work as strategic capacity building for scientific Al in biology, not as a peripheral service layer. The community
is already building these resources*, but the question is whether funding structures will recognize them as the frontier work
that they are.
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S1 Open Calls organization

S1.1 Process description

In this section, we describe the process organization towards which we converged after three OCs. The OCs ran for three
consecutive years (2023, 2024, and 2025), following similar structures: (1) application step, (2) reviewer recruitment, (3)
reviewing process, (4) project ranking, (5) consultation and project selection, and (6) project support. This workflow aimed at
identifying, evaluating, and supporting bioimage analysis projects suitable for Al-based solutions. The process was designed to
balance accessibility for life scientists with rigorous technical assessment, while ensuring efficient use of expert resources. It
combined structured applications, anonymised review, expert consultation, and hands-on project support, with an emphasis on
project readiness, feasibility, and reusability of outcomes. The structure was continuously refined and adjusted throughout the
calls based on the previous year experience, leading to a process organization that can serve as a reference for future open calls.
For each selected project, a team of deep learning and image analysis experts built a suitable pipeline to solve the challenges
faced by the researchers, pipeline which was then released online according to the FAIR principles together with the data used
in the project.

Application. In the first step of the process, applicants submitted a standardized application consisting of a brief project
description and representative image data, including annotations when available. See Appendix A1 for OC3 application form. A
common presentation template of four slides and an example project were used to ensure consistency across applications and to
facilitate rapid assessment of project goals, data characteristics, and existing workflows by the reviewers (see Fig. S1). Guidance
was provided on terminology and ground truth quality with an illustrative figure in the application process, helping applicants
describe their data and challenges accurately, and improving the reliability of reviewer assessments. All applications underwent
an initial pre-screening by the main organizers to exclude submissions that were incomplete or insufficiently documented.
This step focused on the clarity and completeness of the application, ignoring scientific merit, and ensuring that only projects
suitable for external review progressed further.

Project aim
Background:

Goal of the study:

Project title

Current challenges:

Data example Current analysis workflow

Useful information:

Relevant image(s)

Desired outcome:

4 5 Desired outcome

Figure S1. Project template for applications in OC 2 and 3. Each application was requested to upload a presentation in the
format of their choice (.pdf, .pptx, .key, etc.) following this template to standardize the information reviewed by reviewers.

Review. During the application window, we recruited reviewers both internally to Al4Life and in the community of
bioimage analysts. Advertisement for registration as reviewers were sent by emails to image analysis facilities, posted at
conferences (e.g. 12K) and advertised on the image.sc forum'. Once the pool of reviewers was assembled, eligible project
applications were evaluated through anonymized peer review using predefined scoring criteria. Reviewers were guided to assess
project readiness, applicability of deep learning, feasibility within available effort, and scientific excitement, and suitability
for the aim of the OCs (see Section S1.2). Measures were taken to prevent reviewing errors, including controlled project
assignment and consistency checks, and to identify systematic reviewer bias. Review scores were aggregated using a simplified
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and automated scoring scheme to generate a ranked list of applications. A score cut-off was applied to shortlist projects moving
to the next selection phase.

Consultation phase. In OC 2 and 3, shortlisted projects were invited to a consultation phase consisting of discussions with
a panel of image analysts and Al experts. These consultations were used to verify data readiness, clarify technical challenges,
identify appropriate tools, and assess feasibility. When necessary, a second consultation was organized to allow the panel of
experts to come to a shared understanding of the project’s current state. The consultation phase panels were composed of
members of Al4Life partners’ institutes and external image analysts. We ensured that typically three or four experts were
present for each session, with the aim of pairing expert domain knowledge with relevant projects.

Project selection. After the consultation phase, all experts who had participated in the various meetings with the applicants
assembled and discussed the projects. Written feedback from the experts informed the final selection, which was performed
by adjusting the technical feasibility and readiness scores from reviewers. Top-scoring projects were selected in order up to
the maximum capacity for support, and in compliance with the requirements of transnational access imposed by the Horizon
Europe funding.

Project support. Selected projects entered a support phase formalized through signed agreements. Data transfer strategies
were defined early to avoid delays, and open data release plans were developed in alignment with FAIR principles. Al4Life
experts provided hands-on support to develop reproducible, open-source analysis pipelines. Progress was monitored through
regular meetings that addressed data acquisition, labeling needs, pipeline usability, and coordination between experts, with
early user involvement to facilitate adoption beyond the support period.

Project conclusion. At the end of each project, a description of the analysis pipeline was uploaded to GitHub and Zenodo,
alongside any custom code or tool developed for the need of the project. The GitHub repositories served as basis for transferring
the pipeline to users. When possible, data used in the project was also released on the Biolmage Archive?. Finally, all
compatible fine-tuned or de-novo trained deep learning model were saved in the Biolmage Model Zoo format and uploaded to
the Biolmage Model Zoo repository>.

S$1.2 OC3 project ranking
We appointed an international team of expert reviewers who helped us to evaluate project applications according to the following
criteria: readiness of the project, applicability of deep-learning and excitement about the project. Reviews were sent via a form
(see Appendix A2).

All OCs had different criteria, here we only describe OC3 ranking process as these were the criteria to which we converged.
The following criteria were aggregated across all reviewers for each project.

1. Average readiness: U, € [0,5]

2. Average DL applicability: pg; € [0,5]

3. Average Excitement: [,y € [0,5]

4. Sum of AI4Life relevance: sq; € {0,1,2}

5. Sum of Consultation relevance: s, € {0,1,2}

A general score was computed as the sum of the reviewing criteria weighted by the reviewer’s belief that the project was a
good Al4Life project or would greatly benefit from consultation:

Si = (W (8) + Mai (i) + Hex (7)) * (4i () + 5¢0 (7))

The projects were ranked by their S score and projects qualifying for trans-national access (as per the Horizon Europe rules)
were selected for consultation. Projects not qualifying for trans-national access were selected up to the quote allowed by the
funding constraints.

$1.3 Methods

The entire Open Calls process was carried out using Google Forms for the project applications, applications to be a reviewer,
and review submission. Applications for supports were saved with a unique ID in a Google Drive folder accessible only to the
main organizers. The data was automatically anonymized with an Apps Script and copied to a reviewer-only accessible folder.
Each reviewer had only access to the relevant project applications. Scores were aggregated in a Google Sheet, in which the
processing was performed.
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S2 Open Calls outcomes

S2.1 Applications statistics

The OCs received 151 applications throughout the three calls (OC 1: 72, OC 2: 51, and OC 3: 28) from 28 countries worldwide,
spanning all inhabited continents. Most submissions originated from European institutions, particularly from Germany (27
applications), Portugal (20), Italy (14), France (10), and the United Kingdom (10) (see Fig. S2a), while substantial participation
was observed from the United States (16). Of these 151 applications, 32 projects underwent consultations (OC2: 22, OC3: 12)
and 22 were ultimately selected for support (OC 1: 8, OC 2: 7, and OC 3: 7). Due to transnational access constraints from the
funding body, the number of consultations and project supports was capped for non-EU countries. The distribution of home
base countries for the selected projects was coherent with the overall applications (see Fig. S2a, light bars). EU countries with
the most selected projects were Germany (6), France (3), Portugal (2), Italy (2) and the Netherlands (2). Three projects from
non-EU countries were selected, originating from the United States (2), Australia (1) and Canada (1).

@) © @

Germany: g 7] Cell Biology e ¢ Confocal 5 I ]
Portugal {2 I T Neurobiology {Z IEED Bright-Field 4 I ]
USA T2 N Developmental Biology Widefield 2 I U]
Italy {2 L] Marine Biology Ugﬁ't“;f;
France {773 IEET] Plant Biology { SHNER] Multi-Photon E3
UK 18 Cancer Biology {2IES Phase Contrast g ‘E
Switzerland { G Ecology { IE] SMLM A =
Argentina ) Molecular Biology {2JEl Spectral Imaging §
Australia | IE3 Medical Biology {2l Spinning Disk
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Figure S2. (a) Countries in which applications (dark) and selected projects (light) home institutions are based. Others
correspond to single applications from Austria, Denmark, Hungary, Mexico, Serbia, Slovakia, South Africa, and Sweden. (b)
Type of organization from which applications (dark) and selected projects (light) originated. (c) Scientific domains of
applications (dark) and selected projects (light). Note that each application could declare multiple scientific domains. Others
correspond to Agronomy, Biophysics, Genetics, Histology, Morphology, Pathology, Remote Sensing, and Virology. (d)
Imaging methods of the applications (dark) and selected projects (light) by categories: light microscopy (LM), electron
microscopy (EM), X-ray, and others. "Others" category in EM and LM includes projects for which the particular method was
not explicit (EM and LM), or was mentioned by a single application only (LM). "LM Others" includes STED, OCT, ODT, and
flow cytometry (selected project). Selected CLEM project was counted in both LM (wide-field) and EM (Others). (e) Data
formats, as declared during applications (dark) and for the selected projects (light).

Applicants showed a balanced gender distribution (statistics only collected during OC2 and OC3), with a slight predominance
of female applicants (47 females, 30 males), while a small number reported non-binary gender or preferred not to disclose (2).
Applicants represented a wide range of nationalities (see Fig. S3), predominantly European (53 out of 79 applicants). Note that
nationality and gender information were not collected for Open Call 1.

Applicants home institutions were overwhelmingly universities (88 applications, of which 11 were selected) and research
institutes (57 applications, 10 selected), as shown in Fig. S2b, and few applications came from companies (2 applications, 1
selected) or hospitals (1 application).

Submitted projects covered a broad range of scientific domains, with a strong concentration in cell biology and adjacent
fields. The most frequent domains declared during applications (see Fig. S2c¢, dark bars) included cell biology (67 applications),
neurobiology (18), developmental biology (17), marine biology (13), plant biology (12), and cancer biology (11), reflecting
both core bioimaging communities and applied life-science use cases. Less frequent submissions spanned specialized areas
such as structural biology, physiology, or immunology. Note that applications could declare multiple scientific domains. Once
again, selected projects were sampled appropriately from these domains (see Fig. S2c, light bars), with a majority of them
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Figure S3. Self-declared applicant nationalities collected during OC 2 and 3. "Others" category consists of Chile, Croatia,
Czech, Greece, Indonesia, Ireland, Israel, Japan, Malaysia, Netherlands, New Zealand, Sweden, Switzerland, and Turkey. EU
nationals accounted for 53 out of 79 applicants (some applicants were multinationals).

belonging to cell biology (11 projects), and spanning most declared scientific domains. Structural biology, while being declared
by only 4 applications, was well represented with 2 selected projects.

§2.2 Data statistics

We extracted the source imaging approaches from the applications, with applications potentially declaring multiple ones.
Applications were predominantly using light microscopy (121 applications, see Fig. S2d), far more than electron microscopy
(21) and X-ray (10). Other types of techniques (17 applications) included natural images and photography (12), mostly by
projects from ecology, plant biology, and agronomy domains, and few applications with satellite images (2), Scanography
(1), AFM (1), or MRI (1). Within light imaging, widespread imaging methods dominated the applications, with confocal (28
out of 121 applications), bright-field (19), or widefield (14). More recent and specialized techniques, such as Airyscan, light
sheet, multi-photon, or single-molecule localization, were used by a few applications (4 to 5 applications). The rest of the
methods covered a wide range of the microscopist toolbox. For many applications, the particular imaging method was not
explicit and was therefore grouped in the "Others" category in light microscopy, together with single occurrences (STED, OCT,
ODT, flow cytometry). Electron microscopy methods covered the most common methods available to scientists (e.g. VEM,
cryoET, cryoEM, FIB-SEM). Several applications only mentioned scanning or transmission electron microscopy, and were
grouped together with undefined EM methods ("Others", see Fig. S2d). X-ray imaging or spectroscopy was largely dominated
by computed tomography, with 8 applications out of 10. None of the X-ray applications was selected.

For all applications, applicants could declare image dimensionalities and data formats. There were slightly more applications
declaring 2D (99 out of 151 applications) than 3D (83). Multi-channel imaging concerned 63 applications, and time-series were
limited to only 40 applications out of the total. Note that, here again, each application could select multiple categories.

Finally, TIFF format was by far the most common declared data type involved in the application (115 out of 151 applications,
see Fig. S2e), before proprietary microscopy formats (61), or standard non-scientific image formats (37). Next-generation file
formats, such as HDFS5 or Zarr, were declared in only 8 applications in total. Here again, multiple options could be selected by
each application.

$2.3 Tool statistics

Applicants had the opportunity to mention the tools that they tried or use for image analysis in the context of their project. While
in OC 1 tools were mentioned as free text, we added tools and tools categories suggestions to OC 2 and 3 (see section Al). In
Fig. S4a, we aggregated the answers from all OCs into the categories used in OC 2 and 3. As expected from a call dominated by
life sciences applicants, ImageJ2/Fiji*> was the most cited tool (116 out of 151 applications). Scripts ("ImageJ macro, Python,
R, Matlab, etc.") were cited in 60 applications. Note that ImageJ2/Fiji macros were categorized in scripts, thus underestimating
the use of ImageJ2/Fiji by the applicants. The next category was commercial analysis software ("Zeiss, Arivis, Imaris, Amira,
Huygens, etc.") with 41 applicants declaring using them. Additional commercial tools used for statistical analysis and plotting,
namely GraphPad Prism and Excel, were mentioned in 25 applications. Specialized libraries for machine learning (PyTorch,
TensorFlow, scikit-learn, etc.) were cited 19 times. Interestingly, popular tools in the image analysis community, such as ilastik®
(15), Cellpose”-® (14), napari® (14), CellProfiler'? (12), QPath'! (8), Labkit'? (4), or Icy'? (2), were cited less than 15 times
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each. Tools allowing training a deep learning network and specifically focused on bioimages were scarce, mostly Cellpose (14)
and StarDist'# (7). Finally, 29 projects declared using other tools. A complete list of the individual tools cited in OC 1 can be
found in (see Fig. S5a). The categorized answers from OC 2 and 3 are shown in Fig. S5b, including all individual tools from
the "Others" category.

(@) (b) Projects
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Figure S4. (a) Tools and tool categories declared in the applications as used or tested for the purpose of the project. The
"Others" category was available at application time for users to specify additional tools. (b) Discrete analysis steps and their
occurrences in every project selected for the three OCs. Red columns indicate failed projects. The right-hand side plot shows
the distribution. We indicate in the bottom row whether the project used deep learning. (c) Number of projects using one of
three software ecosystems (Python, Fiji, napari). Dark bars indicate to the number of project pipelines partially carried out on
the corresponding ecosystem, while green bars denote the number of project pipelines entirely performed in that ecosystem.
Project pipelines could make use of multiple software ecosystems. (d) Number of projects using classical image analysis,
random forest classification (shallow learning), and various deep-learning flavours (training a model from scratch, using a
pre-trained model, and fine-tuning a pre-trained model). Project pipelines could use a mix of these categories. (€) Number of
projects requiring various degrees of labeling effort (sparse, moderate, and dense labeling). Sparse labeling corresponds to
squiggles typically drawn for training random forests or to point annotations, while moderate labeling to adding a few masks
for Cellpose fine-tuning, and dense to complete annotation of a dataset for de-novo training.

S2.4 Selected projects

Once projects were selected, expert image analysts were tasked with developing a FAIR pipeline to solve the challenges
encountered by the applicants, while ensuring that they could use it in the future. Summary of selected projects can be found
in Table S8. In the next sections, we provide an analysis of the pipelines developed for these projects. A description of the
resulting pipelines, and links to code and data repositories can be found in Table S9.

S2.5 Project Pipelines
The pipelines converged to a limited set of recurring image analysis tasks (see Fig. S4b), dominated by segmentation (19 out of 22
pipelines), pre-processing (5), and detection (5), sometimes combined with denoising (3), tracking (3), or registration/alignment
(2). One project focused on super-resolution only. We excluded final quantification as it was the end goal of most projects.
Each pipeline relied on different tools and scripts, highlighting the heterogeneity of the analysis goals and the specialization of
image analysis tools, as well as preferences of the analysts themselves. The implemented solutions relied on a mix of widely
adopted community tools, domain-specific tools and project-specific developments. See Fig. S6 for a breakdown of the various
tools and programming/scripting languages used in each image analysis task. All tools used in the OCs are listed in Fig. S7.
All projects used either Python or ImageJ2/Fiji (see Fig. S4c), via custom scripts or tools, or both together in heterogeneous
pipelines. Out of the 22 projects, 21 used Python-based tools, of which 14 solutions were Python only (including Python-based
tools, light green bars in Fig. S4c). ImageJ2/Fiji was used in 7 projects, but none of the pipelines solely consisted of steps in the
ImageJ2/Fiji ecosystem. In on project, the core of the pipeline was carried out in ImageJ2/Fiji, and the Python component
was an optional labeling step. napari was also used in 7 projects, 5 times for deep learning related plugins (FeatureForest'>,
nnlnteractive!®, Noise2Void!’ plugin), one time to train a random forest classifier (APOC!®), and once for image visualization
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Figure S5. (a) Tools mentioned by users in their OC 1 application as free text. (b) Individual tools and categories of tools
selected by users in their OC 2 and 3 application. Additional tools could be mentioned by users as free text (see line separation

for "Others").
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Figure S6. The various tools and libraries used in the project pipelines by analysis steps, to the exclusion of labeling,
post-processing and quantification. Project pipelines could make use of several tools in a single analysis step. A project
compared denoising algorithms in CAREamics (Noise2Void, Noise2Noise), DeepCAD-RT, CellMincer and HDN. The two
instance segmentation steps using StarDist were carried out in DeepIlmage] and DL4MicEverywhere. All super-resolution tools

were used in a single project.
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Figure S7. Summary of tools used in the project pipelines.

(OC2-38). A majority of projects required custom scripts to process images or call specialized tools and libraries. The pipelines
delivered Jupyter notebooks (13 projects), Python scripts (7 projects), and ImageJ2/Fiji macros (4 projects). Finally, 2 projects
delivered containers to the users.

The application of deep learning to bioimages was the focus of the OCs. In the majority of projects, some flavour of deep
learning was applied (17 out of 22, see Fig. S4b), while 5 projects also used shallow machine learning (random forests) and 11
projects additionally performed some classical image analysis explicitly (filtering, watershed, morphological operations, etc.).
A total of 6 projects employed solely deep learning, without shallow learning or classical image analysis. Random forests pixel
classification, without any deep-learning generated features, was mostly carried out in Labkit'> (4 projects) and one time with
APOC'3. Classical image analysis was essentially performed in Python (10 projects out of 11), with a mix of scikit-image'® (9),
OpenCV?Y (3), SciPy!? (2), and Skan?! (1), and one time purely in ImageJ2/Fiji. In 3 projects (OC2-26, OC3-17, and OC3-18),
the entire pipeline consisted of classical image analysis only, without shallow or deep learning steps.

Some pipeline steps did not involve deep-learning. Pre-processing was performed with ImageJ2/Fiji macros in 2 projects,
and with various Python libraries (FlowKit>?, OpenSlide?®, SciPy?*, scikit-image) in three others. Detection was performed
using classical image analysis with domain-specific tools (Big-FISH??, Picasso’®), Python scripts using scikit-image (2 projects),
or ImageJ2/Fiji macros (1). Registration and alignment were also performed using BigWarp?’ and probreg?®. Finally, the last
step not performed using deep learning was tracking, although the generation of the instances used for tracking was obtained
using deep learning methods. Tracking was present in 3 pipelines and was carried out using TrackMate?® (2 projects) or
LapTrack’® (1).

As expected, deep learning was the approach of choice in denoising, segmentation (instance and semantic) and super-
resolution. Among the various pipelines that involved deep learning, pre-trained models were used in 7 projects (Cellpose and
SAM?23! | either directly or via its use within FeatureForest), while 5 projects fine-tuned models (Cellpose) and 7 pipelines trained
models entirely from scratch. De-novo trained models were either trained using an existing tool (CAREamics>?, CellMincer,
DeepCAD-RT?*, DeePiCt?, HDN®, Noise2Void!”, StarDist!#) or custom scripts (3 projects). Denoising was the main focus
of project OC2-13 that compared various approaches for the denoising of calcium imaging, leading to the application of
CellMincer, DeepCAD-RT, HDN, Noise2Noise?”and Noise2Void!”, where the latter two were trained within CAREamics. Two
other projects applied denoising using Noise2Void (using the original n2v tool and the more recent CAREamics), demonstrating
that it remains the most accessible denoising deep learning-based algorithm. Instance segmentation was dominated by Cellpose
(6 out of 11 projects), specifically Cellpose2®. StarDist was used twice, once from within DeepImageJ®® via CellProfiler'? and
the other using DL4MicEverywhere®. The other instance segmentation approaches were a custom training of Detectron2, of a
U-Net* from Monai*!, and an application of SAM23!. Semantic segmentation with deep learning was either carried out using
random forests trained from the embeddings of SAM?2 (FeatureForestls, 3 projects), or a de-novo trained model (DeePiCt, 1
project). Other semantic segmentation steps were done using random forests directly (Labkit'? in 3 projects, APOC'® jointly in
one of these projects). Finally, the super-resolution project compared several methods: CARE*? (using the CSBDeep library),
ResMatching®® and the variational auto-encoder (VAE) from HDN.
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While the deep learning methods used in the OC pipelines often differ from each other by their purpose and features,
the majority of the methods were UNet-based (13 out of 17, see Fig. S8), with 4 visual transformers-based approaches
(SAM2-derived) and two other architectures (Mask R-CNN, variational auto-encoder).

UNet
SAM2
Variational Autoencoder

Mask R-CNN

2 4 6 8 10 12
# of Projects

Figure S8. Deep learning architectures or framework used in the OC pipelines. Note that in one project, SAM2 encoder was
used both in FeatureForest and in a hybrid SAM2+UNet model.

As a consequence of the prevalence of segmentation in the analysis steps, 13 of the 22 projects required annotations (see
Fig. S4e). Since gold-standard annotations were scarcely available (see next section), methods requiring a sparse or moderate
amount of annotations were often adopted (6 out of 22). That was specifically the random forests-based pipelines, Labkit and
FeatureForest, which required sparse squiggles-like annotations, and the point labels used for SAM2. Cellpose fine-tuning
only necessitated a few additional masks, corresponding to a moderate labeling effort (4 projects). De-novo training of a deep
learning network for segmentation purposes, on the other hand, required dense annotations (5 projects). A single project had
enough gold standard annotation at the start of the project to train a deep neural network (OC3-14), albeit only for one class out
of the four originally expected to be segmented. Annotations were either performed in the segmentation tools directly (Labkit,
APOC, FeatureForest, Cellpose), in software with annotation tools (napari’, BIIGLE**, Amira*, Dragonfly*®, LabelMe*’,
AnyLabeling*®), or with deep learning tools (nnInteractive!®). Of the aforementioned tools, Labkit is a ImageJ2/Fiji plugin,
while APOC, FeatureForest, and nnInteractive are napari plugins. In two cases, user annotations had already been generated in
PAPARA(ZZ)I*° and QuPath'!, and these tools were used to export the annotations.

Finally, image visualization was often performed with ImageJ2/Fiji (5 projects) or napari (6). Many Python scripts and
notebooks used Matplotlib *° to visualize results (11 projects), and one notebook employed Bokeh®!. Domain-specific tools
were also used to check results, with the example of BIIGLE* (1 project), CellProfiler!? and Picasso?® (D).

S2.6 Project readiness and outcome analysis
Only 8 out of 22 selected projects were fully ready at the start of the support period, with complete, usable data and sufficient
annotations available to start with. The remaining projects required some form of intervention before or during execution:
additional data acquisition, re-imaging, or further ground-truth annotation.

Data shareability was assessed at the application stage across all 151 applicants: 93 indicated their data was fully shareable,
53 partially shareable, and only 5 not shareable (see Fig S9). In OC 2 and 3, the option to declare the data as non-shareable was
not available as it was a mandatory outcome of the OC projects.

Fully Shareable
Partially Shareable
Not Shareable *

0 20 40 60 80

Figure S9. Portion of their data that is shareable as declared by the applicants. "Not Shareable" was only available as an
answer in OC 1.

Data transfer to the image analysis team was a recurring bottleneck, with 3 out of 22 projects experiencing significant
delays. Delays arose both from applicant-side constraints, including slow uploads and late data submission, and from technical
limitations, such as the absence of a unified data-transfer solution across institutions. Across 22 projects, 14 different data-
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transfer methods were used, ranging from commercial cloud services to institutional platforms and one-time physical hard
drives sent via postal services (see S10), highlighting the fragmentation of current data-sharing practices.

Google Drive
Institutional
Box
Dropbox
GARR

Gmail

Hard Drive
OneDrive
SURFdrive
SwissTransfer
Switch Drive
Sync
WeTransfer
sDrive CNRS

# of projects

Figure S10. Data transfer methods used during project support as declared by the image analysts. Institutional refers to any
service provided by the home institution of the applicants or the analysts. "Hard Drive" refers to a physical hard drive sent by
the post.

All projects were assessed at the end of the project by the support team experts for data readiness for deep learning,
taking into account annotation quantity, quality, and coverage. Only 2 out of 22 projects were considered to have sufficient
ground-truth data for deep learning. Among the others, 3 projects had no ground-truth annotations available at the start of the
support period, and 3 further projects required substantially more annotation than originally provided during project runtime to
reach the intended analysis objectives. In 4 out of 22 projects, data quality was lower than initially expected, causing delays and
requiring corrective steps due to corruption, saturation, imaging noise, or other acquisition issues. All readiness and quality
assessments reported here were filled out by the experts directly involved in supporting each project.

A small number of projects (2 out of 22) did not achieve the initially defined objectives by the end of the support period. In
these cases, outcomes were limited by factors such as insufficient data readiness, overly ambitious or evolving project scope, or
technical issues encountered during execution.

All projects pipelines, except for two failed projects (OC2-14 and OC2-21), one under publication embargo (OC2-23), and
one currently in its final steps (OC3-26), were uploaded to GitHub with scripts, notebooks, or detailed descriptions on how to
reproduce the pipeline. All GitHub repositories were also archived to Zenodo. For 12 of the projects, data was uploaded to
the Biolmage Archive, while 4 were uploaded to Zenodo (see Fig. S12). Illustrating the difficulty in transferring data, track
metadata and incentivize users in publicly sharing it, 2 projects are still awaiting data upload. 4 projects had no useful data to
upload: 2 failed projects, 1 software-only project for which data was not applicable, and 1 case where the applicant stopped
responding after the project ended. Among the 16 projects with publicly released data, we observed significant delays in
sharing the data publicly (see Fig. S11). We used two indicators: the official end of support project and the last update to the
public pipeline. Indeed, project support may have been extended beyond the official support time frame due to multiple factors:
incurred delays in transferring or acquiring data, final steps requiring more polishing, issues in the pipeline surfacing after
official support has ended, etc.. Data was publicly available within a month of the end of the official support for 1 project only
(see Fig S11a), while the data for another 10 projects (out of 16) took more than 6 months to upload, of which 3 took more than
a year. The average time from the end of official support to public data release was 8 months. The last changes to the pipelines
were consistently done after the end of the official release. Consequently, the distribution of estimated time between the last
pipeline modification and data release leads to shorter time frames (see Fig S11b). Nonetheless, the average time to public data
release remains sizable in that case: 4.5 months. Only 2 projects saw data being released at the same time as the final touches to
the public pipeline (OC1-6 and OC1-10). 8 datasets were uploaded online more than 3 months after the pipeline was finalized,
of which 2 took 7 months and 2 more than a year. Note that 2 projects, OC2-23 and OC3-26, do not have yet a public pipeline
as one is currently under embargo (OC2-23) and the other one is not yet finalized (OC3-26).

Finally, 5 trained models were uploaded to the Biolmage Model Zoo, 2 projects’ models were uploaded to Zenodo (OC2-13,
0OC3-19), and 1 additional model was deposited alongside its dataset on the Biolmage Archive. Pre-trained models that were
not fine-tuned were not uploaded to the Biolmage Model Zoo. Links to the pipelines, data and models can be found in Table S9.
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Figure S11. (a) Time in months between end of official support and public data release for all projects with released data.
(b) Time in months between last update of the public pipeline and public data release for all projects with released data. OC1-6
and OC1-10 coincidentally released data and carried out the last update to the pipeline, while OC2-23 (embargo) and OC-26
(ongoing) have released data but no public pipeline.
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Figure S12. Repository used for openly released data. "Ongoing" refers to selected project whose data is not yet released at the
time of writing. "No Data" corresponds to the two failed projects, one lost contact, and one project whose aim was to write a
software plugin.
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$2.7 Methods

All the application stats were extracted from the application forms filled by applicants across the three open calls. All the
responses were concatenated together in an Excel sheet and mined directly or otherwise curated. Some categories resulted
in lists of entries (e.g., data formats, imaging methods, image analysis tools), which were then individually split. We then
manually curated the answers to standardize the terms (e.g. "Lighsheet" vs "light-sheet"). Nationalities (only OC 2 and 3)
and countries of home institution (Fig. S2a and S3) were compiled directly from user answers. Since the scientific domains
(Fig. S2¢) where free text, users could enter answers that were not strictly speaking scientific domains (e.g. confocal imaging).
In a second-pass curation, we removed any such entry. The list of available data formats was a detailed list in OC 1 (specific
formats and a free text field), while it corresponded to the general categories shown in Fig. S2e in OC 2 and 3. We therefore
automatically allocated the answers of OC 1 into the categories of OC 2 and 3. The type of home organization (Fig. S2b) was
manually investigated based on web searches.

Imaging methods (Fig. S2d) were not a field in the application, and were manually derived from specific mentions in the
project description field, data description field, project summary presentation, and investigation of uploaded data. Wherever
ambiguity could not be lifted, the applications were categorized as "Others". CLEM application was split into "Widefield"
and electron microscopy "Others" (transmission electron microscopy). One successful application mentioned "SHG" among
other imaging methods but the project did not make use of that particular data, it was therefore excluded from the statistics.
While there are overlaps between categories (e.g., SMLM and Widefield, Fib-SEM and vEM) or techniques that are strictly
imaging methods (e.g., Expansion), we reported the denomination used by the applicants. TEM and SEM added ambiguity in
the classification of EM methods and where aggregated into "Others" as a result. Natural images (e.g. underwater photography,
seed pictures) were aggregated into a single "Photography" category. Scanography refers to images generated by using a
scanner.

Tools declared by the applicants required manual curation and web search to confirm the existence of the tools/software/library
and their correct spelling. In OC 1, tools were declared as free text. Based on the statistics from OC 1, we introduced individual
and categories of tools in the application form OC 2 and 3. In order to plot Fig. S4a, we categorized the answers from OC 1
using the same categories as in OC 2 and 3.

To compile the statistics of the selected projects (Fig. S4b, c, d and e), we investigated each GitHub repository to extract
analysis tasks, programming language, tools, library and software usage, labeling effort, deep learning usage, training mode
(pre-trained model, fine-tuning, de-novo training).

Project outcomes and data readiness were assessed by the support team member assigned to each project and recorded
at the end of the support period. Each assessment included explicitly structured fields: a readiness score on a 1-5 scale, the
support team’s judgment of whether sufficient ground-truth data was available for deep learning, the self-reported ground-truth
status provided by the applicant at project initiation, the data transfer method used, and the overall project outcome. In addition,
each assessor provided a free-text comment describing any issues encountered during the project. The statistics on data transfer
delays, re-imaging events, annotation insufficiency, and data quality problems reported in this section were derived from
systematic analysis of these free-text comments.

To estimate the delay between the end of project and public data release for the 16 projects that did release data, we used
two different end of project dates. The first one is the official end of project support time frame: December 31% 2023 (OC 1),
October 31°" 2024 (OC 2), and August 31*" (OC 3). However, projects may have incurred delays and actual project support be
extended in time. We therefore added an estimated end of project support using the latest git commit modifying the public
pipeline. Public data release was readily available from Biolmage Archive and Zenodo releases. The two projects with no
public pipelines were excluded from the average calculation in the case of the end of support date estimated from the pipeline
commits.

S3 Public Challenges

Problem selection. During the Open Calls we observed that biological image analysis pipelines typically involved pre-
processing, often denoising, followed by segmentation and downstream analysis. While segmentation remains a key step,
state-of-the-art tools such as Cellpose’ and StarDist!# already perform robustly on many common biological imaging tasks.
Downstream analysis, by contrast, tends to be highly project-specific, making it difficult to formulate it as a general-purpose
challenge.

Image restoration, particularly denoising, stood out as a more broadly applicable and impactful task. Improvements in
denoising directly influence the performance of subsequent steps, such as segmentation and quantification, and enable the
effective use of low-signal or low-quality data, which is common in biological imaging. We therefore identified a clear need
for improved denoising methods and for systematic benchmarking of existing approaches, and more broadly, for objective
comparison of methods under controlled, reproducible conditions, which is a prerequisite for understanding the true state of the
field.
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Depending on the data at hand, image denoising may require fundamentally different approaches. We therefore designed
three challenges to cover complementary denoising settings, each targeting a distinct data regime.

Hosting platform selection. Hosting a deep learning challenge requires robust infrastructure for dataset management,
solution submission, automated evaluation, and public leaderboards. Several established platforms (Kaggle, Grand Challenge)
already provide these capabilities. In addition to technical considerations, established platforms offer built-in visibility and
access to an engaged user base, which is critical for reaching the broader machine learning community.

After a comparative evaluation, we selected Grand Challenge, a European platform specializing in medical imaging
challenges. Although no existing platform focuses exclusively on biological imaging, Grand Challenge offered the closest
alignment with our requirements. Its emphasis on medical imaging, support for reproducible Docker-based submissions and
compliance with European data regulations made it a strong fit.

Organization process. Each challenge began with the definition of a concrete and achievable task, which was formulated
to be understandable to participants without prior experience in bioimage analysis. Appropriate datasets were then selected
based on multiple criteria, including sufficient size for training deep learning models, alignment with the challenge objective,
coverage of different imaging modalities, and representation of diverse biological sample types.

For each challenge, we prepared comprehensive documentation describing the scientific motivation, task definition, dataset
characteristics, relevant background literature, and detailed instructions for accessing the data and submitting solutions via
the hosting platform. To lower the barrier to participation, we also provided starter code and clear instructions for packaging
submissions using Docker. Throughout the challenge periods, ongoing technical support was offered, including assistance with
submission issues, clarification of task requirements, and guidance related to the challenge infrastructure.

Top-performing participants were required to release their training code publicly as a condition of recognition and were
invited as co-authors of this summary paper. Participants who did not publish their code or who could not be reached for
follow-up are acknowledged instead.

Challenges organized. The three challenges were unsupervised denoising (PC 1), supervised denoising (PC 2), and
domain-specific denoising for calcium imaging (PC 3). In PC1, the data consisted of noisy data only, while PC2 focused on
methods trained on noisy-clean image pairs. PC3 required methods to preserve temporal signal structure in addition to spatial
image quality, and was inspired by an Open Call project (OC2-13).

Each challenge included four leaderboards corresponding to different datasets or task variants (full details are provided
in Table S1). Datasets were selected from openly available sources with ground truth, or, where new data were introduced,
training data were made publicly available on Zenodo. To ensure fair evaluation, test sets for leaderboards with ground-truth
labels were privately hosted on the platform and not released to participants.

Table S1. Datasets used in the Public Challenges.

Challenge Leaderboard Dataset Imaging modality Dim. Training data

Hagen et al.: Structured noise  Hagen et al.>? [data] Confocal microscopy 2D 79 images
Unsupervised Microscopy SUPPORT: Structured noise ~ SUPPORT>? [data] Confocal microscopy 3D 1 volume (1001 z-slices)
Denoising Challenge W2S: Unstructured noise W2S>* [data] Widefield microscopy 2D 120 images

JUMP: Unstructured noise JUMP? [data] Fluorescence microscopy 2D 517 images

Planaria: 3D denoising Planaria*?¢ [data) Confocal microscopy 3D 17,945 paired 3D crops
Supervised Microscopy De-  Tribolium: 3D denoising Tribolium*>° [data] Multiphoton laser-scanning 3D 15,500 paired 3D crops
noising Challenge Nuclei: 2D denoising Nuclei®”-*® [data] Widefield/spinning disk confocal 2D 2,477 image pairs

FMD: 2D denoising FMD> [data] Confocal/two-photon/wide-field 2D 63,669 image pairs
g::]clilum Imaging Denoising  Ajj jeaderboards AI4Life-CIDC25 [train data, val data] ~ Synthetic calcium imaging 3D 5 time-series volumes

allenge

All submissions were evaluated automatically: PC 1 and PC 2 were scored using scale-invariant PSNR, while PC 3
employed a spatiotemporal PSNR metric to account for the temporal component of the signal (see methods).

S4 Public Challenges outcomes

S4.1 Challenge statistics

In total, the three challenges attracted 225 registered participants from 41 countries and resulted in 145 successful submissions
(with 289 total submission attempts). Participation was geographically diverse, with the largest contingents from China (44),
India (28), the United States (27), the United Kingdom (15), and Italy (12), alongside participants from 36 additional countries.
These statistics are represented in Table S2.
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Table S2. Countries by registrant count.

Other countries: Germany (5), Spain (5), Switzerland (5), Bangladesh (4), Iran (4), Pakistan (4), Belgium (3), Canada (3),
Czechia (3), Sweden (3), Taiwan (3), Brazil (2), Colombia (2), Ecuador (2), Israel (2), Armenia (1), Australia (1), Denmark (1),
Egypt (1), Greece (1), Indonesia (1), Ireland (1), Malaysia (1), Morocco (1), Nepal (1), Nigeria (1), Portugal (1), Romania (1),
Slovakia (1), Sri Lanka (1), and Tanzania (1).

Country Registrants
China 44
India 28
United States of America 27
United Kingdom 15
Italy 12
Hong Kong 7
South Korea 7
France 6
Tirkiye 6
Vietnam 5
Other 66

Engagement varied across challenges. The Unsupervised Microscopy Denoising Challenge (PC 1) drew the largest audience,
with 148 registrants and 68 successful submissions. The Supervised challenge (PC 2) attracted far fewer registrants (19)
but produced 34 successful submissions, the highest submission-to-registrant ratio of the three, suggesting a highly engaged
participant base. The Calcium Imaging Denoising Challenge (PC 3) attracted 58 registrants and had 43 successful submissions
out of 72 total attempts, which we attribute to the increased task difficulty: calcium imaging requires handling volumetric data
under complex noise conditions, likely demanding substantially more effort from participants. Reflecting this, PC 3 ran for
considerably longer than the other two challenges, with the submission window extended multiple times in response to slow
initial uptake. Overall, the number of successful submissions remained modest relative to established challenges in computer
vision or medical imaging. The statistics are presented in Figure S13. Full submission counts per challenge and per leaderboard
are also provided in Table S3 and S4.

[ | Registrants I Total Submissions [ Successful Submissions

Unsupervised Microscopy

Denoising Challenge 161

Supervised Microscopy
Denoising Challenge

Calcium Imaging
Denoising Challenge

o

50 100 150
Number of participants

Figure S13. Participation statistics across the three AI4Life denoising challenges. Each Challenge is broken down in three
categories: number of registrants, total number of submissions, and number of successful submissions.
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Table S3. Registrants and submissions per challenge.

Challenge Period Registrants Total Successful
Submissions Submissions

Unsupervised Microscopy Denoising Chal-  Jun-Jul 2024 148 161 68

lenge

Supervised Microscopy Denoising Chal- Jun-Aug 2025 19 56 34

lenge

Calcium Imaging Denoising Challenge Jun 2025-May 2026 58 72 43

Total 225 289 145

Table S4. Challenge leaderboard submissions

Challenge Leaderboard Total Successful

Submissions Submissions

Unsupervised Microscopy Denoising Hagen et al: Structured noise 55 23

Challenge SUPPORT: Structured noise 23 9

JUMP: Unstructured Noise 48 19

W2S: Unstructured Noise 35 17

Supervised Microscopy Denoising Challenge Planaria: 3D denoising 15 5
Tribolium: 3D denoising 11

Nuclei: 2D denoising 17 14

FMD: 2D denoising 13 8

Calcium Imaging Denoising Challenge Content Generalization: Preliminary 12 8

Content Generalization: Final 37 16

Noise Level Generalization: Preliminary 6 6

Noise Level Generalization: Final 17 13

Within each challenge, 2D denoising tasks consistently attracted more submissions than their 3D counterparts. In the
Supervised challenge (PC 2), for example, the Nuclei (2D) leaderboard received 14 successful submissions versus 5 for Planaria
(3D).

S4.2 Submitted solutions

Across all three challenges, submissions were dominated by a small number of established method families. Noise2Void'”-32
and its variants were the most widely adopted approach, appearing across all three challenges and encompassing a range
of extensions including probabilistic, structured, and 3D variants. U-Net-based architectures, including a ResUNet® and
a method based on CARE*?, appeared exclusively in the supervised challenge (PC 2). Noise2Fast®' and Noise2Noise’’
variants each contributed two submissions. Noise2Noise-based approaches appeared in the unsupervised and calcium imaging
settings. A small number of submissions used more modern and specialized architectures, including COSDD®?, HDN?®, a
transformer-based model, and a classical method (a correlation-weighted spatial filter).

The algorithm types used are mentioned in Table S5.

Leaderboard results revealed several notable patterns. In the unsupervised challenge, COSDD (University of Birmingham)
placed at or near the top across all four leaderboards, consistently outperforming the dominant Noise2Void-based submissions.
In the supervised challenge, NAFNet-GAN®? (Universidad Carlos III de Madrid) ranked first on both 3D and one of the 2D
leaderboards, while placing third in the last leaderboard. Notably, a small number of participants placed consistently across
multiple leaderboards within the same challenge, suggesting that general-purpose implementations can perform competitively
across diverse datasets. The top 3 participants are shown in Table S6.

Many leaderboard entries corresponded to iterative variants of the same underlying approach, reflecting parameter tuning
and dataset-specific adaptations rather than fundamentally distinct methods. Overall, the submitted solutions provide a
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Table S5. Algorithm types used across challenges.

Algorithm type Users
Noise2Void and variants 13
UNet and variants 3
Noise2Fast 2
Noise2Noise and variants 2
COSDD 1
Classical 1
HDN 1
Transformer 1
Other/Unknown 3
Total 27

representative snapshot of current denoising practices across different supervision regimes and data modalities.

Among the top-3 participants across all three challenges, 13 open-source repositories were published containing training
code for reproducibility of the results. All are archived on Zenodo to ensure long-term availability, and links are compiled in
Table S7.

S$4.3 Methods

Submission and evaluation. Participants packaged their trained models and inference code as Docker containers. To lower the
barrier to entry, we provided a template container with example code and detailed submission instructions for each challenge.
Submissions were executed on the Grand Challenge platform against privately held test sets not released to participants.
Predicted outputs were then evaluated using a dedicated metrics container developed by the organizers.

Metrics. PC 1 and PC 2 were scored using scale-invariant PSNR (SI-PSNR), a variant of the standard peak signal-to-noise
ratio that is invariant to the scale of the predicted signal.

PC 3 was ranked using a spatiotemporal SNR metric (stSNR), combining a spatial SNR computed per frame with a temporal
SNR computed per spatial location across time. This composite metric captures both image quality and the preservation of
temporal signal dynamics, which is critical for calcium imaging where the temporal trace carries the biological signal of interest.

Full details and metric formulas are available on the respective challenge pages.

Challenge statistics. Raw submission and participation data were downloaded directly from grand-challenge.org. Country
and institutional affiliation were taken from user profile information provided on the platform. A submission was counted as
successful if both the inference container and the metrics evaluation container completed without error and produced an output
in the expected format.

Algorithm types were manually inferred from the metadata provided by participants at submission time (algorithm name
and comment fields) and, where available, from the linked code repositories. Submissions were assigned to algorithm families
(e.g., Noise2Void and variants, U-Net and variants) based on this information. For the algorithm family summary Table S5,
submissions were de-duplicated such that each unique combination of challenge, participant, and algorithm family was counted
once.

The top-3 Table S6 reports the single best-scoring submission per participant per leaderboard. Where a challenge
administrator placed in the top three (PC 3), their result is included as a reference baseline and noted as such in the table caption.
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Table S6. Top 3 participants per leaderboard, showing only the best-scoring submission per participant. For Challenge 3, the
challenge administrator (edoardogiacomello) placed in the top 3 on all leaderboards; his results are included as a baseline
reference, allowing readers to contextualise participant performance relative to an expert submission.

Challenge Leaderboard User Affiliation Solution name Metric
Unsupervised SI-PSNR 1
I]\)’[;fl;‘l’:;f;y Hagen et al: Structured  bensalmon University of Birmingham COSDD 31.4847
Challenge foise meroft Human Technopole N2V 30.8962
shanetoy Seoul National University Classical 30.8406
SUPPORT: Structured bensalmon University of Birmingham COSDD 30.4415
noise 897574323 University of Shanghai for Science and N2V 297744
Technology
edoardogiacomello Human Technopole N2v 28.8547
JUMP: Unstructured kalexis National and Kapodistrian University N2V 35.6424
Noise of Athens
bensalmon University of Birmingham COSDD 35.6282
mcroft Human Technopole N2V 35.4957
W2S: Unstructured Noise bensalmon University of Birmingham COSDD 35.6855
edoardogiacomello Human Technopole N2v2 35.0505
mcroft Human Technopole N2v 34.3323
Supervised SI-PSNR 1
]l\){::;‘l’:lc:;y Planaria: 3D denoising  Guillermo_Rey Universidad Carlos I1I de Madrid NAFNet-GAN 327359
Challenge sungjunc01 Hong Kong University of Science and UNet Care Hybrid 31.4879
Technology
Tribolium: 3D denoising  Guillermo_Rey Universidad Carlos III de Madrid NAFNet-GAN 27.9314
hu2274898 Beihang University ResUNet 25.7342
sungjunc01 Hong Kong University of Science and UNet Care Hybrid 24.8724
Technology
Nuclei: 2D denoising wangyuanchen Harbin Institute of Technology UNet 31.7287
sungjunc01 Hong Kong University of Science and UNet Care Hybrid 30.8930
Technology
Guillermo_Rey Universidad Carlos III de Madrid NAFNet-GAN 30.1082
FMD: 2D denoising Guillermo_Rey Universidad Carlos IIT de Madrid NAFNet-GAN 38.1628
wangyuanchen Harbin Institute of Technology UNet 37.1843
sungjunc01 Hong Kong University of Science and  Unet Care Hybrid 30.4427
Technology
Calcium Imaging StSNR 1
Denoising - P
Challenge g:gﬁ; Sr?nerahzatlon: aagamsheth Ahmedabad University Restormer3D 23.92
edoardogiacomello Human Technopole N2V 3D 21.69
mcroft Human Technopole Noise2Noise 20.94
Content Generalization:  aagamsheth Ahmedabad University Restormer3D 23.72
Final edoardogiacomello Human Technopole N2V 3D 22.14
chhayanshporwal Rajasthan Technical University Kota ~ N2V 3D 21.18
Noise Level aagamsheth Ahmedabad University Restormer3D 18.46
S;?ﬁ;ﬁzi;on: mcroft Human Technopole Noise2Noise 15.79
edoardogiacomello Human Technopole Baseline 9.18
Noise Level aagamsheth Ahmedabad University Restormer3D 18.08
Generalization: Final - =23 jogiacomello  Human Technopole N2V 3D 16.75
chhayanshporwal Rajasthan Technical University Kota ~ N2V 3D 15.59
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Table S7. Code repositories for all top-3 participants for every leaderboard, grouped by challenge. “—” indicates no code was
submitted.
Challenge Username Affiliation Solution
bensalmon University of Birmingham GitHub
. mcroft Human Technopole GitHub
Unsupervised
Microscopy shanetoy Seoul National University GitHub
Denoising 2897574323 Univ. of Shanghai for Sci. GitHub
& Tech.
edoardogiacomello Human Technopole GitHub
kalexis Nat. & Kapodistrian Univ. —
Athens
guillermo_rey Univ. Carlos III de Madrid GitHub
Supervised
Microscopy sungjuncO1 Hong Kong Univ. of Sci. & GitHub
Denoising Tech.
hu2274898 Beihang University GitHub
wangyuanchen Harbin Institute of —
Technology
aagamsheth Ahmedabad University GitHub
Calcium edoardogiacomello Human Technopole GitHub
Imaging .
Denoisi mcroft Human Technopole GitHub
enoising
chhayanshporwal Rajasthan Technical Univ. GitHub
Kota
guillermo_rey Univ. Carlos III de Madrid GitHub
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A1 Appendix: OC3 application form
The form had five short sections in which we tried to understand the needs of the potential project:

* Applicant personal information

* General information about the project

* The existing image data

* The current image analysis workflow (if any)

* Questions about potential impact and dissemination

Data protection policy

The data you enter below will be used for the dissemination of information pertaining to the execution of the Horizon
Europe Funded Al4Life project (Grant number: 101057970). In accordance with the Grant Agreement, your data
will be retained during the project and deleted when it has ended as soon as the retention period established by the
EC is over. If you would like to update or delete your data during the course of the project, please contact us using
ai4life@eurobioimaging.eu.

Confidentiality
The scientific data you provide will be treated confidentially and the reviewers will sign a confidentiality and non-disclosure
agreement.

Funding
Al4Life has received funding from the European Union’s Horizon Europe research and innovation programme under grant
agreement number 101057970.

Applicant Details

- Please re-enter your e-mail address:

- Given Name:

- Surname:

- Institution or employer:

- Are you working in an academic institution*? (Yes / No)

- Gender* (Male / Female / Non-Binary / Prefer not to say):

- Nationality*:

* Answers to these question will be used for statistics, as part of our reporting to the European Commission.

Project Details

- Title of the project:

- What is/are the scientific domain(s) of the project?

- Describe the aim of the project:
Describe the type of data, modality and desired end result of the analysis, as well as the scientific relevance.

- Share a presentation (.pdf) using the Al4Life Open Call template or similar.
The template contains the following:
 Slide 1: Project title

e Slide 2: Aim of the study in bullet points
* Slide 3: Example of the data and any relevant descriptions (legend, arrows, etc.)

* Slide 4: Current analysis workflow (e.g., the various steps), if applicable, and desired outcome.
Feel free to reorganize the text in the template, but make sure that you do not use information that could
identify you (names, university, own article reference, etc.), in order to guarantee blind reviews. Keep the
technical details to the minimum necessary to judge the image analysis task; remember that the reviewers will
not be specialists from your particular field of study!
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- What is the limitation in analyzing your data we can help you overcome? Select the most fitting examples or describe
your use-case below.

v Improving your image analysis workflow

v Advice on training data creation

v Consultancy on available tools and solutions
v’ Catering your problem to other experts

v’ Other:

Your Existing Data
We would like to know more about the data you already have (type, size, format...).

- Please provide a small sample of your data (max 100 MB size, e.g. you can crop your images, only give a few slices,
etc.).

- What does your image data show?
We are interested in a top-level description, e.g. the model organism(s), the type of labelled structures (without too much details),
and the relationship between the structures in the data and the aim of your study.

- What type of image data do you have?
v 2D images

v" 3D images
v’ Time series
v Multi-channel images
v Other:
- How much project relevant data do you have (in Gigabytes)?

- Which format do you typically store your data in (tiff, jpg, png, czi, nd2, hdf5, zarr, ..)?

Raw image Approximative High quality
(no label) labels labels

- Do you have any labeled data ("ground truth")? (None / Approximative labels / High-quality labels)
- Which percentage of your data is labeled/annotated?

- Is your data shareable or partly shareable?
If your project is selected, part of the data analyzed (in agreement with you) will be shared publicly at the end of the Open Calls,
alongside the resulting analysis workflow.

(O Ican only share parts of it (e.g. controls).

(O Ican share all data publicly.
If you can only share part of your data...

- What fraction of your data is shareable? Tell us all we need to know to understand better your situation.

Your Existing Analysis
In this section, we’d like to know if you have already analyzed your data, and which approach or workflow you used.

- Do you already have an analysis pipeline?
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v

Yes, and the outcome is pretty good.
Yes, but the outcome is not satisfying my minimum requirements.

Not yet.

- Which software tools do you typically use to analyze image data?

Imagel/Fiji

Scripts (ImageJ macro, Python, R, Matlab, etc.)

Commercial software (Zeiss, Arivis, Imaris, Amira, Huygens, etc.)
Machine learning frameworks (PyTorch, TensorFlow, scikit-learn, etc.)
Cellpose

CellProfiler

Deeplmagel

Icy

ilastik

Labkit

napari

QuPath

Relion/CryoDRGN

StarDist

Webknossos

Online notebooks (ZeroCostDL4Mic, etc.)

Graphpad Prism, Excel, etc.

Other:

- Which software tools are typically used in your field?
(The same options as above)

- Is there any part of your image analysis workflow that is currently done manually?

Impact and Dissemination

Our aim is to help you to make the best out of your image analysis and we would love to share the outcomes with the
whole community.

- How impactful would be any improvement to your analysis on the rest of your community?
(O Highly impactful, most would use the analysis pipeline
(O Moderately impactful, some other labs would reuse the analysis pipeline
(O Not directly impactful, our analysis is very specialised for now
- Would you be interested in helping us promote the outcome of the Open Call? (Yes / No)

- If your application is unsuccessful, would you be interested in posting your problem publicly to our bartering corner?
(Yes / No)

Open-science principle
As part of AI4Life open-science and FAIR mandate, a subset of the data (in agreement with the data owners) and the whole
analysis pipeline developed during the Open Call will be publicly shared with the community for each selected project.
Raw data and annotations will be deposited on the Biolmage Archive, while the analysis workflows will be shared on
GitHub, and any trained model uploaded to the Biolmage Model Zoo.
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Data protection policy

The data you enter below will be used for the dissemination of information pertaining to the execution of the Horizon
Europe Funded Al4Life project (Grant number: 101057970). In accordance with the Grant Agreement, your data
will be retained during the project and deleted when it has ended as soon as the retention period established by the
EC is over. If you would like to update or delete your data during the course of the project, please contact us using
ai4life @eurobioimaging.eu.

v' Taccept this policy.

A2 Appendix: OC 3 review form

1. From O (not at all) to 5 (hell yes!):

(a) Readiness of the project
(b) Applicability of deep-learning
(c) Excitement about the project

2. Is this a good Al4Life project? (yes/no)
3. Could this project be solved through consultation without taking it as an Al4Life project? (yes/no)

4. Additional notes:
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A3 Appendix: Open Calls projects

Table S8: Selected projects in OC 1, 2 and 3.

Open Calls [Project ID] - Title Description

[3] - Treat CKD The aim of the studying is to characterize the effect of Chronic
Kidney Disease (CKD) on the density of collagen in specific
tissues, such as the heart and kidney, using mouse and rat tissue
slices.

[6] - Murine skeletal muscle analysis The goal is to study the regulation of the metabolic properties in
murine skeletal muscles, and the specific challenge is to segment,
align and identify cells across individually acquired sections.

[10] - Image-guided gating strategy for | The goal of this project iss to create an automated gating strategy

image-enabled cell sorting of phyto- | for a cutting-edge commercial flow cytometer to sort phytoplank-

plankton ton from lab-grown cultures or field samples.

[11] - Segmentation and tracking of ep- | The aim of this project is to develop a modular pipeline to seg-

ithelial cells ment and track epithelial cell nuclei in time-lapse fluorescence
microscopy datasets, focusing on live imaging of dynamic epithe-

oC 1 lial monolayers.

[47] - Automated detection and quan-
tification of senescent cells

Here, we aim at providing a semi-automated workflow to identify
and quantify senescent cells in embryonic mouse neural tube
tissue imaged by confocal microscopy.

[52] - Atlas of Symbiotic partnerships
in plankton

The aim is to develop a segmentation workflow for identifying key
organelles in FIB-SEM image volumes of microalgae engaged in
symbiosis using limited annotations.

[66] - Automated and integrated cilia
profiling

This project involves developing an automated detection and anal-
ysis of cilia length in cultured cells overexpressing motor proteins
of the kif family. The goal is to correlate motor protein expression
levels to cilia length.

[74] - Leaf tracker plant species proof

Developing a deep learning—based pipeline for instance segmen-
tation and time-resolved tracking of plant leaves in RGB images
across developmental stages.

Continued on next page
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Table S8: Selected projects in OC 1, 2 and 3. (Continued)

Open Calls [Project ID] - Title Description

[11] - Automated species annotation in | The project aim is to create an automated image-annotation

turbid waters pipeline to monitor the ecological status of vulnerable marine
habitats by detecting various species in underwater photographic
images.

[13] - Optimizing calcium image acqui- | The goal of the project is to benchmark various deep learning

sition with machine learning denoising | methods to denoise calcium imaging data acquired from in vivo

algorithms brain recordings.

[14] - Diatom symbioses at planetary | The aim of the project is to identify symbiotic interactions be-
scale tween plankton species sampled from many ocean sites as part of
the Tara Ocean project.

[21] - Automated segmentation of actin | Here, the aim is to segment actin filaments in cryo-ET tomograms,
oCc2 filaments in intact cells (EM) building a model that can generalize to future tomograms to

produce quality segmentations.

[23] - Enhancing the effective resolu- | Developing a deep learning pipeline capable of enhancing low-

tion of intra-vital microscopy with digi- | resolution in-vivo two-photon microscopy images to match the

tal expansion microscopy 4x resolution improvement obtained by expansion microscopy.

[26] - Ultrastructural protein mapping | The project focuses on accurately aligning widefield fluorescence

through Correlation of Light and Elec- | microscopy and transmission electron microscopy images to com-

tron Microscopy bine molecular and ultrastructural information for high-resolution
analysis of endo-lysosomal alterations.

[38] - NeuroScan - A 3D human mo- | The goal of the project is to segment nuclei and Islet] positive

tor neuron disease platform for high | nuclei in 3D neurospheres from their respective channels.

throughput drug screening

[3] - Improving nuclei segmentation us- | Enhancing DeepImage] to run StarDist and other Biolmage.io-

ing Cellprofiler and StarDist compatible models directly within CellProfiler, ensuring seamless
execution of advanced segmentation and feature-extraction rou-
tines.

[11] - 3D Matrix Motility Map (3DM3) | This project aims to analyze cancer cell dissemination in 3D extra-
cellular matrices.

[14] - The speed of life in trees The goal of this study is to automatically measure the fractional
areas of vessels, axial and ray parenchyma, and fibers across the
entire wood tissue slices and multiple species.

[17] - Imprints of Wind Disturbances | To analyze differences in wood quality among trees experiencing

oC3 on Wood Anatomy varying degrees of wind disturbances. This requires an auto-
matic segmentation of tree lumen and membrane in confocal
microscopy.

[18] - Detection of Nuclear Pore Com- | To identify nuclear pore complexes in DNA-PAINT images, in-

plexes with shape variability imaged by | cluding those that deviate from the canonical structure in terms

DNA PAINT of diameter, stoichiometry, and circularity.

[19] - Segmentation of sparse bacteria | To segment and analyze bacteria clusters in human biopsies

in human tissue and characterize the biological microenvironment of niches (in-
tra/extracellular, cell type, cluster size).

[26] - Automatic microtubule doublet | To automatically detect and pick doublets with the correct polarity

picking in tomograms (i.e., all pointing the same) in Cryo-EM tomograms of cilia.
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Table S9: Project pipeline descriptions and outcomes

oC

ID

Pipeline

Outcomes

OoC1

In order to estimate collagen density in tissue sections, we used Labkit to classify
pixels into background, cells, tissue and collagen classes. Fiji scripts were developed
for image normalization, masking and quantification, while region exclusion masks
were generated either manually in Fiji or using FeatureForest.

repo, data

With the aim to analyze skeletal muscle fiber organization, we aligned different muscle
slices to each other using BigWarp. We then segmented the cells with Cellpose. Finally,
to link the resulting cell segmentation across multiple slices, we used the Fiji Trackmate
plugin.

repo, data, model

10

To generate gates for selecting cells in a cell sorting experiments, we then applied
linear discriminant analysis to select relevant features. We used these features to
generate polygonal gates on the 2D histograms with a similarity treshold between
samples. Finally, we exported the gates in a FlowKit compatible format for gating
strategy upload to the instrument.

repo, data

11

To segment and track epithelial cells and nuclei in a wound-healing fluorescence time
series, we first denoised the images with Noise2Void (n2v library). We then used
Cellpose to perform cell bodies and nuclei segmentation, and finally used TrackMate
to track the cells over time.

repo, data, model

47

In order to quantify marker intensity in senescent and non-senescent nuclei in mouse
neural-tube cross-sections, the pipeline first sum-projects stitched 3D stacks along
Z, segments nuclei with Cellpose, and performs coarse first-pass senescent-cell-body
pixel classification with Labkit in Fiji. Then, we detected senescent cell bodies using a
threshold on their size and extracted a 3D volume around them. We trained a new pixel
classifier with APOC for precise segmentation, matched the resulting 3D senescent-cell
mask to the closest 2D nucleus, and exported nuclear marker intensities and senescence
labels for downstream analysis.

repo

52

To segment organelles in 3D FIB-SEM plankton datasets, we developed FeatureForest,
a napari plugin that combines Segment Anything Model 2 (SAM2) embeddings with
a random forest classifier trained from sparse scribble annotations. This allowed to
segment various organelles throughout large volumes.

repo, data

66

So as to correlate motor-protein expression levels with cilia length in fluorescence
microscopy images, we segmented expressing cell bodies and nuclei using fine-tuned
Cellpose models and segmented cilia using Labkit. We then measured perinuclear
fluorescence intensity and cilia length to compare cilia morphology between expressing
and non-expressing cells across the image datasets.

repo, data, model

74

To automatically track leaf growth and movement in time-lapse plant imaging datasets,
we first labeled individual leaves using LabelMe and AnyLabeling. Finally, we fine-
tuned Detectron2 and segmented the entire dataset. Finally, we tracked the resulting
instances over time using LapTrack and exported morphological features from individ-
ual leaves generated using OpenCV.

repo, data, model

Continued on next page
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Table S9: Project pipeline descriptions and outcomes (Continued)

oC

ID

Pipeline

Outcomes

0C2

11

To transform point annotations from an earlier study of underwater species into in-
stances, we developed a pipeline using these point annotations as prompts for SAM?2 to
generate instance masks. The results were exported to the COCO format, compatible
with BIIGLE.

repo, data

13

In order to evaluate existing denoising deep-learning algorithms on time-resolved
calcium imaging, we applied Noise2Noise (CAREamics), Noise2Void (CAREamics),
HDN, DeepCAD-RT, and CellMincer on the applicants’ and public data.

repo, data, models

14

The project uncovered an alignment issue between data (from a large survey) and
annotations and could not progress further.

repo

21

In order to segment actin filaments in cryo-electron tomography data, we generated
training annotations from in a semi-automated fashion with Amira and manually in
Dragonfly. We then trained a 3D U-Net model using DeePiCt.

repo

23

To perform superresolution from in-vivo two-photon microscopy images, we trained
several deep-learning approaches using matching pairs of low resolution two-photon
microscopy images and high resolution expanded samples. We trained CARE (CSB-
Deep), a variational auto-encoder (adapted from HDN), and a ResMatching model.

repo, data

26

So as to align high-resolution TEM images with fluorescence microscopy channels,
we detected fiducial markers in both modalities using Big-FISH spot detection (fluo-
rescence) and template matching (electron microscopy). Then, the probreg package
was used to perform point-cloud registration between the detections. Finally, the
fluorescence image was warped to overlay the markers onto the electron micrograph.

repo, data

38

To quantify segment nuclei in two different channels, we used Cellpose on images pre-
processed with scikit-image and visualized in napari. Segmentation was then further
improved by automatically processing resulting masks and fine-tuning the model.

repo, data

Continued on next page
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Table S9: Project pipeline descriptions and outcomes (Continued)

generated high-quality 3D ground-truth annotations using nnInteractive. Then, we used
the generated masks together with manual particle annotations as input to a custom
UNet for instance segmentation for training.

ocC ID Pipeline Outcomes

3 In order to enable StarDist models to generate features in CellProfiler, we have adapted | repo
DeepImagel to run directly in the CellProfiler plugin for ImageJ2/Fiji and load models
from BioimageModel.io.

11 | To analyze cancer cell interaction with the extracellular matrix in live-cell imaging | repo, data, model
of breast tumor spheroids embedded in collagen, we first denoised the images with
Noise2Void (either in n2v or CAREamics) and then applied Cellpose to segment the
cell nuclei.

14 | With the aim to segment different cell types in wood tissue slices, we designed two | repo, data
different approaches. For one cell type, we used existing labels to train the decoder of a
hybrid SAM2-UNet model. For the other cell types, we used FeatureForest to perform
segmentation from iterative user-provided squiggles.

OC 3 | 17 | To investigate how wind disturbance affects wood anatomy, we performed cell lumen | repo, data upload

and wall segmentation using classical image analysis in Fiji macros. in progress

18 | To classify irregular nuclear pore structures in localization microscopy, we performed | repo, data upload
drift correction, image rendering and detection of individual nuclear pores in Picasso. | in progress
We then separated, segmented and performed morphological analysis of each individual
nuclear pore using scikit-image, Scipy and OpenCV.

19 | In order to automatically segment in 3D Staphylococcus aureus bacteria in tissue | repo, data, model
samples, we trained a 3D StarDist model in DL4MicEverywhere.

26 | To detect microtubules doublet in cryo electron microscopy tomograms, we first | repo, data
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