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1 | INTRODUCTION

KOSTRYKIN ET AL.

ABSTRACT

Image analysis in the life sciences is constrained by fragmented software ecosys-
tems, heterogeneous data formats, and limited reproducibility. These barriers
hinder the reuse of image analysis methods and the sustainability of tools.
In this article, we describe how the Galaxy platform enables FAIR (Findable,
Accessible, Interoperable, and Reusable) image analysis by providing an inte-
grated environment for data access, workflow execution, provenance tracing,
and training.

We present Galaxy as a computational workbench that supports diverse image
formats and integrates with public, institutional, and private repositories. We
describe a reference structure for FAIR image analysis workflows and illus-
trate how this pattern supports reproducibility, interoperability, and reuse. We
also describe community-driven training and sustainability practices that embed
FAIR principles directly into executable tutorials and shared workflows.
Together, these foundations position Galaxy as a reproducible, scalable, and
community-maintained platform for FAIR image analysis across the life sciences
and beyond.

KEYWORDS
FAIR bioimage analysis, Galaxy, provenance, reproducibility, training, workflows

individual expertise and local environments, rather than
being shareable or reproducible.

Bioimaging is a diverse and dynamic environment with
no single file format that supports all applications and
analysis. The necessity to use file format translators com-
bined with (i) the diversity of computational tools whose
scope, assumptions, and compatibility are often unclear,
and (ii) the heterogeneous computational environments
spanning from desktop applications to high-performance
computing (HPC) systems, makes image analysis in life
sciences challenging. While workflow management sys-
tems such as Nextflow' and Snakemake® offer a way to
structure analyses,’ their utilisation requires proficiency
in programming or scripting languages. This creates addi-
tional barriers that make analyses tightly coupled to

The fragmentation and technical challenges overwhelm
researchers and significantly prevent using state-of-the-art
tools for investigation, therefore impacting discoveries in
a domain like bioimaging, where datasets are commonly
large, multimodal, and closely tied to experimental meta-
data, and where meaningful analysis typically requires
combining tools from multiple software ecosystems.*

Bioimaging data is also increasingly generated along-
side other data types, such as transcriptomics or pro-
teomics. This creates a need for analysis environments that
can accommodate image analysis with established omics
workflows, without requiring researchers to move data
between platforms.
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Together, tool fragmentation, heterogeneous computa-
tional environments, and increasing data multimodality
highlight the lack of integrated environments that sup-
port FAIR> ® (Findable, Accessible, Interoperable, and
Reusable) image analysis in practice.

Applying the FAIR principles to image analysis work-
flows provides a framework for addressing these chal-
lenges. FAIR workflows rely on persistent identifiers for
tools and workflows, machine-readable and standardised
metadata, interoperable workflow definitions, explicit and
exportable provenance, and long-term accessibility of both
tools and data. These elements enable analyses that others
can rerun, understand, adapt, and extend.

To cope with the growing complexity of the analy-
ses, researchers increasingly rely on structured analysis
workflows. Running an analysis workflow requires com-
putational infrastructure that orchestrates a sequence of
analysis steps to transform raw image data into mean-
ingful, interpretable, and preferably quantitative results.”
Such workflows often include data import, pre-processing,
image analysis, statistical analysis, visualisation, and depo-
sition into a data archive. By organising analyses into work-
flows, researchers capture the relationships between steps,
link results to the original data, and lay the foundation for
reproducible and reusable analyses.

While registries and repositories improve the discov-
erability of different software tools, those resources do
not guarantee that they can integrate into coherent and
reproducible workflows. Addressing this gap requires an
execution environment that brings together different tools
for image analysis, enforces structured workflow execu-
tion, and automatically captures provenance and version-
ing, conditions that are essential for FAIR image analysis
in practice.

Galaxy, a well-established web-based computational
workbench,® proposes to fill this gap by providing a
common workflow environment in which the FAIR prin-
ciples are embedded by design for users without pro-
gramming experience. Galaxy emphasises accessibility,
provenance tracking, interactive workflow construction,
and integrated sharing of workflows and histories (an
example workflow invocation is shown in Figure 1). Like
Nextflow and Snakemake, Galaxy supports containerised
tools through technologies such as Docker and Singular-
ity/Apptainer, facilitating reproducibility across different
computational environments. Galaxy integrates natively
with high-performance computing clusters, providing
transparent scalability for large-scale analyses, further
ensuring reproducible and efficient resource utilisation.
A thorough comparison of Galaxy with other workflow
management systems can be found in Loach et al.”

Galaxy addresses the key barriers to FAIR image analysis
workflows by providing:

1. a user-friendly interface that makes data and software
tools findable and accessible,

2. interoperability across data formats and between soft-
ware tools,

3. provenance of analyses to ensure reproducibility,

4. integration with research data management (RDM)
systems, and

5. scalable execution environments.

In addition, human-in-the-loop workflows can combine
headless tools with interactive applications, enabling both
automation and exploratory analysis within a single envi-
ronment.

A key feature of Galaxy lies in its open access to scalable
HPC resources. Users can run compute-intensive work-
flows on institutional clusters through public servers at
no cost (https://galaxyproject.org/use/?platform_group=
public-servers), benefiting from parallelisation and repro-
ducibility without managing infrastructure.

The Galaxy ecosystem is sustained through a
community-driven model of development, training,'*
and curation of tools" and workflows. Contributions from
researchers and developers worldwide ensure continuous
updates, quality control, and alignment with emerging
standards. This collaborative foundation makes Galaxy
not only a reliable workbench but also a sustainable
ecosystem for FAIR image analysis.

This article describes how the Galaxy computational
workbench enables FAIR image analysis, robust work-
flow provenance tracing, and a rich community-sustained
training ecosystem. We demonstrate how Galaxy enables
image analysis workflows to be reusable and interoper-
able, providing example workflows that illustrate these
principles in practice.

2 | FAIRIMAGE DATA MANAGEMENT
AND ANALYSIS IN GALAXY

Galaxy’s user interface provides findability and accessibil-
ity by enabling anyone, regardless of their technical exper-
tise, to run analyses using thousands of different software
tools. It captures every analysis step; represents multi-
tool workflows in both human- and machine-readable
formats; curates tools with metadata; and enables tool
and workflow execution on scalable, public infrastruc-
ture without requiring local installation or programming
expertise.

Galaxy supports FAIR image analysis by acting as a
computational workbench that integrates different data
repositories and storage solutions, software ecosystems
for both automated and interactive analyses, and HPC
resources within a single environment. Users can combine
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Example invocation of a workflow for quantification of staining areas in histology'® for an input of six brightfield microscopy

images. Each box of the workflow invocation graph represents a tool. The box colour changes over time and indicates the current state of the

tool run (grey for queued, orange for in-progress, green for completed). The large boxes are groups of tools that represent the key steps of the

workflow, comprising pre-processing' > (‘Image Preparation’), image analysis via intensity thresholding'® (‘Stained Area Detection’),

visualisation (‘Generate ROIs of Stained Region’), and feature quantification (‘Total Area Computing’, ‘Quantification and Sanitation Steps for

Outfile’, and ‘Final Results — Tabular File’).

methods from different domains while complying with the
FAIR principles.

A common task in image analysis is the need for
human input for validation, annotation, or visual inspec-
tion of intermediate results. Galaxy supports interactive,
human-in-the-loop workflows that combine automated
and manual tasks. When running such workflows, execu-
tion is automatically paused so that intermediate results
can be visually inspected or annotated using Galaxy inter-
active tools such as CellProfiler,'® QuPath,” ilastik,®
napari,'” AnyLabeling,?’ Vitessce,”! or Jupyter Notebooks.
For instance, YOLO segmentation workflows?” integrate
interactive annotation with automated model training.
When the user finishes manual corrections and validation,
the workflow automatically resumes, converting anno-
tations into the required format and performing model
training (https://gxy.io/GTN:T00550). This human-in-the-
loop execution model integrates desktop-like user inter-
actions and HPC resources within a single environment.
Compared to fully manual workflows, it reduces tedious,
repetitive, and error-prone tasks while achieving better
model performance than fully automatic workflows.

The Galaxy computational workbench supports interop-
erability between individual image analysis tools, allowing
researchers to combine them into a single reproducible
workflow. This approach makes workflows easily share-
able, as all steps, from pre-processing and segmentation to
analysis and visualisation, can be executed within the same
integrated environment (Figure 2).

2.1 | Data access and formats in Galaxy

Bioimaging generates large amounts of data that neces-
sitate quality control, curation, and thorough annotation,
even before processing and eventual publication.”” The
Galaxy ecosystem addresses these challenges by enabling
access to a wide range of file formats, public and private
repositories, and integrated storage solutions, while
supporting interoperability between tools and workflows.
By connecting data access with workflow execution and
automated provenance tracing, Galaxy ensures that both
raw data and all intermediate results are captured in a
reproducible way. This helps researchers to apply FAIR
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FIGURE 2 Galaxy-supported FAIR image analysis workflow reference structure. Data can be imported from local storage, private

repositories (e.g., Dropbox, Google Drive), institutional systems (e.g., OMERO,* Nextcloud), and public resources (e.g., IDR,** Zenodo,

25

BIA?®). Workflows can be discovered, imported, and executed from community registries such as the WorkflowHub?” in RO-Crate®® format or

from training tutorials available at the Galaxy Training Network."* Within Galaxy, analyses are organised into structured workflows covering

pre-processing, image analysis, and post-processing steps, followed by visualisation and feature quantification. Output data, workflows, and

workflow runs can be exported to storage systems or shared as FAIR digital objects (e.g., RO-Crate).

principles and facilitate reproducible, shareable, and
reusable image analysis across a wide range of modalities.

211 | Supported file formats

Image analysis workflows often require support for a
wide range of file formats. Many commercial imag-
ing devices write data in a Proprietary File Format
(PFF), which varies by vendor and even imaging modal-
ity. Researchers, therefore, rely on file format convert-
ers to translate PFFs into open and standard file for-
mats. For example, the Bio-Formats library* from the
Open Microscopy Environment (OME) can translate over
160 PFFs (https://bio-formats.readthedocs.io/en/stable/
supported-formats.html) and map their metadata into a
common model.

In Galaxy, the Bio-Formats library is integrated as a
tool that enables conversion of many image formats sup-
ported by Bio-Formats into TIFF, a format supported by
a majority of image analysis tools in Galaxy. For visu-
alisation purposes (e.g., teaching, publication, or visual
inspection), images can also be exported in PNG format,

which is widely supported by most tools but generally not
intended for quantitative analysis.

Not all image formats supported by Bio-Formats can
be converted using the file format conversion tools in
Galaxy. The broader imaging community is actively work-
ing with vendors to ensure that they can adopt OME-Zarr,>!
a community-driven next-generation file format spear-
headed by the OME initiative. OME-Zarr is an emerging
cloud-optimised file format designed to efficiently han-
dle large, multi-dimensional datasets; OME-Zarr enables
selective remote access to multi-terabyte datasets using
web standards, thereby making image data and subsets
thereof accessible over HTTP/S via a URL. This allows
tools and users to fetch portions of the data on demand
(e.g., image sections, individual frames, or z-slices) with-
out requiring full local downloads, either for (i) chunk-
wise processing of the image data or for (ii) narrowing of
the analyses to specific regions of interest. OME-Zarr thus
permits efficient processing of very large image data, and
Galaxy offers the ability to convert images using its con-
version tool based on Bio-Formats. The number of Galaxy
analysis tools supporting OME-Zarr is growing, therefore
enabling FAIR-compliant access and processing within
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Galaxy workflows. Several public repositories, such as the
Biolmage Archive (BIA)*® or the Image Data Resource
(IDR),** make newly published datasets available in the
OME-Zarr format.

2.1.2 | Access to public, institutional, and
private repositories

Galaxy is designed to be storage-agnostic and provides a
wide range of options for storing and accessing data for the
user. For example, on the European Galaxy server (https://
usegalaxy.eu), users can freely access 250 GB of personal
storage plus 2 TB of scratch storage. Data can be directly
uploaded from local storage or retrieved remotely from
any URL. OME-Zarr datasets can also be downloaded on-
demand during job execution (namely, deferred datasets),
supporting (i) adherence to Galaxy storage quotas and
(ii) analyses of large files by streaming the image data (or
subsets thereof) from remote storage (instead of acquir-
ing large local copies). In addition, Galaxy offers a direct
connection to multiple external cloud storage services,
including Amazon S3, Microsoft Azure, and OneDrive, as
well as S3-compatible institutional storage and European
infrastructures. This flexibility is vital for maintaining
data sovereignty and compliance with regional data pro-
tection regulations (e.g., GDPR) when handling sensitive
bioimaging datasets.

Furthermore, Galaxy provides access to public depo-
sition resources such as Zenodo” or public repositories
hosting curated bioimage datasets and analysis results
associated with peer-reviewed publications (e.g., IDR or
BIA). Users with institutional OMERO instances can
transfer image data directly into Galaxy workflows. Pro-
cessed outputs and linked metadata can then be automat-
ically saved back to these management systems, ensuring
that stored data remains structured, reducing the risk of
manual errors.*

Finally, Galaxy also supports linked documentation via
electronic lab journals and laboratory management sys-
tems such as RSpace (https://www.researchspace.com) or
eLabFTW,** embedding experimental context within the
image analysis workflow. By integrating with these exter-
nal experiment recording systems, Galaxy ensures that
data and metadata are linked. This connectivity allows
users to import, analyse, and, when appropriate, deposit
datasets while preserving provenance.

2.2 | FAIR image analysis workflows

In Galaxy, users can create analysis workflows by freely
combining analysis tools. The ability to tailor the sequence

of steps allows for the transformation of raw image data
into interpretable and, preferably, quantitative results. This
flexibility facilitates reproducibility and reuse. The gener-
ated workflows are therefore adaptable to different imag-
ing modalities, dimensionalities, or domain-specific ques-
tions.

In this section, we describe a reference structure for
image analysis workflows in Galaxy that serves as a
framework and facilitates modularity and interoperability.
Earlier reference structures for image analysis workflows
in Galaxy were designed for specific analysis tasks, such
as cellular phenotyping.** Our reference structure encom-
passes a broader range of applications and comprises four
steps described below.

While this reference structure distinguishes individual
steps of image analysis for clarity and modularity, not
all tools map to a single step. Some modern tools (e.g.,
Cellpose,* 3 SuperDSM*"> *) intentionally span multiple
steps by integrating pre-processing, image analysis, post-
processing, and, in some cases, quantitative output within
a single workflow step. BiaPy*’ also provides configurable
deep-learning pipelines that combine data preparation,
model training or inference, post-processing, and optional
extraction of object-level measurements within a single
workflow step (see the BiaPy end-to-end workflow tutorial:
https://gxy.io/GTN:T00571). The rest of this section con-
siders the more general case of using individual tools for
individual workflow steps.

2.21 | Pre-processing

Pre-processing comprises data preparation like file for-
mat conversion as well as pixel-level operations such as
channel selection, intensity normalisation, background
removal, and filtering (e.g., Gaussian or median filtering
for image denoising) that are applied to improve overall
image quality to ensure suitability for downstream anal-
ysis. Images may also be cropped (e.g., to select regions
of interest) or resampled (e.g., to establish isotropic voxel
sizes).

2.2.2 | Image analysis

The core analysis step transforms raw or pre-processed
image intensities into structured biological representa-
tions. In practice, this includes detecting or segmenting
objects using either supervised methods like PlantSeg,*’
Cellpose, YOLOvV8 or unsupervised methods such as
RFOVE,*" *? SuperDSM, or thresholding- and watershed-
based approaches*> ** to generate segmentation masks or
point detections. From these intermediate representations,
for example, tracking methods can be employed by linking
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objects over time into trajectories*> while registration tools
align images across channels, time points, samples, or
modalities.*®

By standardising on a small set of intermediate data
representation types (e.g., segmentation masks, centroid
tables, transformation matrices), Galaxy enables inter-
changeable combinations of tools within the same work-
flow. For instance, tools for processing, analysis, and inter-
active visualisation of multiplex tissue imaging datasets
in Galaxy*’ adhere to the Minimum Information about
Highly Multiplexed Tissue Imaging (MITI) data levels,
which define common data types and file formats for
each step in image processing.*® In this framework, seg-
mentation, detection, tracking, and registration operations
are treated as part of a unified analysis stage that pro-
duces standardised intermediate representations that can
be directly consumed by downstream tools in Galaxy.

2.2.3 | Post-processing and visualisation
Post-processing steps refine segmentation and tracking
results, for example, by removing spurious objects or tra-
jectories, refining trajectories or segmentation masks, or
splitting falsely merged objects, typically using simple
rules or forward computations. These steps may include
rule-based filtering (e.g., removal of small objects), mor-
phological operations, or consistency checks between
channels or time points. Treating these corrections as
explicit workflow components avoids manual, undoc-
umented editing and supports reproducible tuning of
analysis parameters.

Results can be visually inspected using different visuali-
sation approaches and tools. While images can be directly
inspected in Galaxy, users can also leverage interactive
tools such as napari or Jupyter Notebooks for a more
feature-rich visualisation environment. Galaxy also offers
specialised tools like Vitessce for flexible visualisation of
single-cell datasets and multimodal data. Additionally,
Vizarr,* a tailored viewer for Zarr™’ files, has recently
been added to Galaxy to enable interactive exploration of
OME-Zarr files.

2.2.4 | Feature quantification

Workflows may also convert masks, points, or trajecto-
ries into quantitative measurements. Typical examples
include morphological features (area, shape descriptors)
or intensity-based statistics of objects or image regions,**
co-localisation metrics, and motion descriptors (displace-
ments, diffusion coefficients). These features are exported
as annotated tables that remain linked to their prove-
nance through Galaxy histories and can be further pro-

cessed using statistical or machine learning-based tools
within the same environment (e.g., SCIMAP,”' Squidpy*?),
thereby preserving reproducibility and traceability.

By adopting this reference structure, that is, pre-
processing, image analysis (e.g., segmentation, tracking,
registration), post-processing, and feature quantification,
Galaxy provides a template that can be reused and spe-
cialised across experiments. Different tools can be swapped
in at each step without breaking the overall workflow.
The resulting analyses and workflows can be registered,
shared, and adapted by others. This approach does not
eliminate the diversity of image analysis tasks, but it
offers a practical level of standardisation that facilitates
FAIRness, training, and interoperability across the image
analysis community.

2.3 | Galaxy features supporting
FAIRness

Galaxy sustains FAIR principles by design, providing a
framework in which workflows, tools, and data remain
findable, accessible, interoperable, and reusable. Its archi-
tecture ensures that every analysis step is captured,
enabling reproducibility and traceability across diverse
datasets and tools.

2.3.1 | Metadata and semantic annotation of

tools

Galaxy records, at every step of the analysis, rich meta-
data for tools and workflows that can both be anno-
tated with EDAM?? ontology terms (https://edamontology.
org) or bio.tools>* identifiers. Limited support for BioIm-
age Informatics Index (BIII, https://biii.eu) identifiers is
also available.

Currently, tools for image processing and image analysis
in Galaxy are annotated with the EDAM Operation Term
3443 (‘Image Analysis’), supporting their findability within
the large Galaxy toolset. The EDAM Bioimaging ontol-
ogy (https://bioportal.bioontology.org/ontologies/EDAM-
BIOIMAGING), currently under development, is an exten-
sion of the EDAM ontology with terms specific to bioimage
analysis that allows a more fine-grained annotation of the
individual tools and workflows according to the specific
analysis tasks.

2.3.2 | Reproducibility, workflow provenance,
and versioning

Workflow execution in Galaxy is traced through persistent
histories and RO-Crate exports®® to preserve provenance
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and metadata for both intermediate and final results.
Workflows are human- and machine-readable, fully ver-
sioned, and can be shared through public workflows
repositories like WorkflowHub,?’ enabling precise repro-
ducibility and reuse.

The Galaxy Training Network'* (GTN) further rein-
forces best practices by automatically depositing work-
flows into WorkflowHub as part of tutorial development.
This embeds workflow sharing and versioning directly
into the creation of FAIR training materials, ensuring con-
sistency between documented methods and executable
analyses, but also makes the workflows easily searchable
and citable.

In addition, to support reproducibility, the ISCC-SUM
tool suite can be used in Galaxy. This provides content-
based fingerprints that enable reproducibility checks by
validating final or intermediate results by implementing
the International Standard Content Code® (ISCC). ISCC-
SUM (https://sum.iscc.codes) is file-type agnostic and not
limited to bioimaging data; it can be extended to vari-
ous heterogeneous data types, such as omics data. This
content-based validation complements Galaxy’s workflow
provenance tracing, providing format-independent repro-
ducibility assurance aligned with FAIR principles, which
can be applied for validation when reproducing analyses
(see the ISCC-SUM tutorial: https://gxy.io/GTN:T00572).

3 | COMMUNITY, TRAINING, AND
IMPACT

The long-term sustainability of a platform like Galaxy
cannot depend solely on its technical capabilities and
funded resources (e.g., compute, development team), but
it also depends on the strength of its developer and user
communities.”® Community building, engagement, and
training are critical to raising awareness, promoting adop-
tion, establishing common practices, and ensuring the
integration and maintenance of tools and workflows.

This section describes the community-building strate-
gies, training and outreach activities, and impact measure-
ments for the image analysis ecosystem in Galaxy.

3.1 | Community building

As is often the case when developing software solutions,
the early adoption of Galaxy was constrained by the avail-
ability of integrated tools. Over the last few years, the
toolset has grown thanks to the sustained contributions
from the community, including developers, image ana-
lysts, workflow authors, facility staff, and trainers. This
collective effort has expanded the range of image analy-

sis tasks that can be performed within Galaxy. Importantly,
tools and workflows developed by the community benefit
all users as contributions are shared and can be deployed
on all Galaxy servers worldwide.

For the past few years, the FAIR Image Data Workflows
Expert Group (https://www.eurobioimaging.eu/expert-
groups/fair-image-data-workflows-expert-group) has run
monthly meetings to coordinate the community efforts.
Since 2023, three community projects have been accepted
at the BioHackathon Europe, annually organised by
ELIXIR (https://biohackathon-europe.org), enrolling new
contributors every time. These projects have resulted in
three preprints,”’° which include community conven-
tions for annotation of tools to ensure internal consistency.
The community also organised two dedicated hackathons
(April 2024 and April 2025) to improve the codebase,
develop tutorials, contribute to the ecosystem, and initi-
ate collaborations with initiatives like EDAM, BIA, the
Al4Life project,’” OME, BIOMERO,®' and Fractal.®* %

Training in image analysis using Galaxy has been pro-
vided through various events in the past few years. Over
60 participants attended in-person courses on Microscopy
Image Analysis held at Heidelberg University in 2016,
2019, and 2023. More recently, two workshops were run
at the annual OME 2026 meeting in Diisseldorf, focus-
ing on the integration of Galaxy with data management
tools like OMERO and attended by more than 30 par-
ticipants. To reach out to a broader audience, trainings
were also delivered via webinars, including the GloBIAS
Bioimage Analysis Seminar Series (2025), the EMBL-EBI
Course on Microscopy Data Analysis and the Biolmage
Archive (2025,2026), and the Euro-Biolmaging Image Data
Community Days (2025, 2026), attended by more than 200
participants worldwide.

The community maintains a dedicated section on
the Galaxy Community Hub (https://galaxyproject.org/
community/sig/image-analysis). In addition, Galaxy
Labs® has been employed to create a community-tailored
landing page that offers users a consistent interface with
curated tools, workflows, and training materials that
can be deployed on any Galaxy server. A production
deployment is already available on the French Galaxy
server (https://imaging.usegalaxy.fr) and is scheduled to
be deployed on other public servers.

3.2 | Training materials at the Galaxy
Training Network

Training activities are largely made possible by the Galaxy
Training Network (GTN), which provides openly acces-
sible and versioned tutorials. Those materials serve as
step-by-step guides and documentation of workflows with
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use cases. All image analysis tutorials are reviewed and
maintained by the community; the material is available
on GitHub, enabling collaborative updates.®> GTN tutori-
als comply with Bioschemas® standards and are annotated
with a custom set of terms that closely aligns with the lat-
est available version of the EDAM Bioimaging ontology (cf.
Section 2.3.1), making them easier to discover.

The entry point for tutorials on image analysis
in Galaxy is the GTN landing page for the ‘imag-
ing’ topic (https://training.galaxyproject.org/training-
material/topics/imaging), which displays a continuously
growing set of curated tutorials covering tasks such as
image pre-processing, segmentation, and feature extrac-
tion, while also introducing advanced analyses like tissue
multiplexing, parameter optimisation, and the integration
of machine learning models. Tutorials have been created
to cater to users with different levels of expertise. For
newcomers, the tutorial “Where to start with bioimage
analysis in Galaxy’ (https://gxy.io/GTN:T00573) provides
a foundational overview of image data representations,
data types, tools, and analysis possibilities within the
Galaxy ecosystem, including identifying entry points via
Bio-Formats or OMERO. Building on these fundamen-
tals, tutorials such as ‘Introduction to image analysis’
(https://gxy.io/GTN:T00181) offer hands-on guidance
for pre-processing filters and segmentation strategies.
For more experienced researchers, the platform provides
specialised tutorials for high-throughput workflows,
including tracking and multi-step segmentation and
feature extraction using CellProfiler, application of
BioImage.IO models (https://bioimage.io) for Al-driven
image analysis. This ensures a transition from basic data
handling to complex, multi-step analysis within a unified,
FAIR-compliant environment.

3.3 | Impact and sustainability
Community building and training efforts are reflected in
the expansion of available tools, tutorials, and usage.

To assess the evolution of the image analysis toolset in
the Galaxy ecosystem, we evaluated the number of tools
and contributor activities. To do so, we focused on four
GitHub repositories: bmcv/galaxy-image-analysis, bgruen-
ing/galaxytools, goeckslab/tools-mti, galaxyproject/tools-
iuc, and lldelisle/tools-11delisle, where most tools and tool
integrations for image analysis in Galaxy are developed.
Figure 3A shows a continuous increase in the number of
available tools for image analysis in Galaxy, distributed
across the four mentioned GitHub repositories, as can be
seen in Figure 3B. The number of unique contributors
has also increased since 2016, in particular since 2020,
as shown in Figure 3C. This clearly indicates community

engagement and reduced reliance on a core group of devel-
opers, contributing to improved sustainability through the
distributed nature of maintenance and expertise.

We also assessed usage metrics for image analysis tools
on the European Galaxy server, the server currently used
by the majority of the tool users. The number of registered
users has grown to over 600, with a steadily increasing
adoption since 2022 (Figure 4A), which is also reflected in
the number of tool runs (Figure 4B). Note that the num-
ber of users and tool runs started to be collected in late
2018, which was several months after the European Galaxy
server was first launched.

The Galaxy Training Network conveniently provides
yearly cumulative activity statistics. We extracted this data
for the ‘imaging’ topic to assess how our training resources
evolved. Figure 5 shows the continuous growth of training
resources on image analysis at the GTN. Each tutorial is
usually accompanied by at least one corresponding work-
flow, which is also reflected in the cumulative growth of
the training resources.

Beyond documenting quantitative growth, our assess-
ments suggest that sustainability is being reinforced
through diversification of contributions, an increased
number of workflows and tutorials, and growing user
adoption. They also highlight the need for continued
investment in the adoption of new tools, alignment with
evolving standards, and sustained community engagement
to maintain the long-term sustainability of the ecosystem.

The data and code used for our assessments are
made publicly available: https://usegalaxy.eu/u/videmp/
h/galaxy-imaging-community-stats-15-05-26.

4 | ROADMAP AND FUTURE
DIRECTIONS

We have discussed how Galaxy can advance FAIR image
analysis workflows through robust data management,
adoption of community data formats, implementation of
interoperable and reproducible workflows, provenance
tracing, and community-driven training. Our vision for
Galaxy is to serve as an open and integrated platform where
image analysis workflows, metadata, training materials,
and computational resources converge. By integrating
these components within a single environment, Galaxy
strengthens FAIRness by preserving explicit links between
data, analysis steps, and execution context. Rather than
replacing specialised desktop tools or domain-specific soft-
ware, Galaxy complements them by integrating tools and
software into structured, reproducible workflows embed-
ded within the broader scientific ecosystem.

Galaxy has key strengths that make it well-suited for
image analysis. The versatility of Galaxy has been demon-
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strated in diverse computational science consortia projects
such as COVID-19 monitoring®” and large-scale genome
assembly across vertebrate animals.® These projects have
showcased Galaxy’s capabilities for reproducibility, scala-
bility, and distributed reuse across users and institutions.

Galaxy is particularly well-suited for analyses that ben-
efit from explicit workflow structure, provenance trac-
ing, and integration with shared computational and data
infrastructures. The modular architecture of workflows
in Galaxy allows the combination of automated analysis
with human-in-the-loop interaction and integrating tools
originating from different scientific communities.

While Galaxy has traditionally been used in genomics, it
now supports a wide range of interactive, automated, and
exploratory analyses across different domains.®” Being a
shared platform by different communities makes cross-
disciplinary workflows increasingly feasible, allowing
methods developed in one field to be adapted and reused
in others. Ongoing projects, such as FIESTA-OSCARS
(https://oscars-project.eu/projects/fair-image-analysis-
across-sciences), further explore this potential by inves-
tigating the reuse of image analysis workflows across
bioimaging, environmental imaging, and astronomy.

Looking ahead, the image analysis community in
Galaxy continues to expand support for emerging stan-
dards and practices. In particular, OME-Zarr is becoming
central to handling large, multi-dimensional image data,
and future Galaxy development will ensure that both
new and existing tools increasingly support this format
natively. For example, future efforts could include expand-
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ing support for preclinical image data, building on already
existing training resources (e.g., tutorial on segmentation
of anatomical structures in 3-D images: https://gxy.io/
GTN:T00574), or the adoption of the SpatialData’® frame-
work, which builds upon OME-Zarr to provide a FAIR
format for unified storage of image data and downstream-
derived datasets (e.g., annotations, label masks, and
quantified feature tables), further improving provenance
tracing, particularly for complex spatial omics datasets.
In parallel, work is ongoing to strengthen Galaxy’s inter-
operability with external repositories and research data
management systems, including tighter integration with
resources such as the BIA, to better support end-to-end
FAIR workflows from data ingestion to deposition.

While Galaxy already provides strong support for
FAIR image analysis, several areas offer opportuni-
ties for further growth. Image analysis workflows often
involve rapidly evolving tools, heterogeneous metadata
practices, and domain-specific assumptions that compli-
cate standardisation. Community discussions have high-
lighted the need for improved metadata harmonisation
and clearer conventions for workflow design. Address-
ing these challenges requires continued collaboration
between tool developers, infrastructure providers, and user
communities.

By design, Galaxy is not the most suitable environment
for highly interactive exploration of image data. Tasks that
demand rapid, low-latency visual feedback or intensive
graphical interaction, such as exploratory inspection of raw
image stacks or fine-tuning segmentation parameters, are
often more efficiently performed in standalone desktop
applications. Similarly, the shared and scheduled nature of
public Galaxy servers, as with any HPC or cloud infrastruc-
ture, can introduce waiting times that obstruct real-time
interaction. In practice, many users adopt a complemen-
tary approach: they explore data and optimise parameters
locally, then translate the resulting procedures into repro-
ducible Galaxy workflows for scalable execution, sharing,
and long-term reuse.

The continued growth of demand for image analysis in
the life sciences requires platforms that combine flexibility
with reproducibility, scalability, and FAIR data practices.
The Galaxy computational workbench is well-equipped
to fulfil this role as an integrated platform for bioimage
data and software analysis tools, workflows, and training
resources. Its open architecture, active global commu-
nity, and established infrastructure provide a sustainable
foundation for FAIR image analysis.
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