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Abstract

We face a unprecedented amount of geospatial data, describing directly or indirectly the Earth Surface at multiple spatial, temporal,
and semantic scales, and stemming from numerous contributors, from satellites to citizens. The main challenge in all the geospatial-
related communities lies in suitably leveraging a combination of some of the sources for either a generic or a thematic application.
Certain data fusion schemes are predominantly exploited: they correspond to popular tasks with mainstream data sources, e.g., free
archives of Sentinel images coupled with OpenStreetMap data under an open and widespread deep-learning backbone for land-cover
mapping purposes. Most of these approaches unfortunately operate under a “master-slave” paradigm, where one source is basically
integrated to help processing the “main” source, without mutual advantages (e.g., large-scale estimation of a given biophysical
variable using in-situ observations) and under a specific community bias. We argue that numerous key data fusion configurations,
and in particular the effort in symmetrizing the exploitation of multiple data sources, are insufficiently addressed while being highly
beneficial for generic or thematic applications. Bridges and retroactions between scales, communities and their respective sources
are lacking, neglecting the utmost potential of such a “global-local loop”. In this paper, we propose to establish the most relevant
interaction schemes through illustrative use cases. We subsequently discuss under-explored research directions that could take

advantage of leveraging available data through multiples extents and communities.

1. Introduction

In the last decade, the photogrammetric, remote sensing and
geographical information sciences communities have witnessed
a sharp increase in initiatives leveraging data of multiple
sources, formats, and resolutions to address either generic or
specific geospatial applications (e.g., land-cover mapping at na-
tional scale or tree disease monitoring in a city, respectively).
Such opportunities stem for the deluge of complementary data
sources at multiple extents, that can also be either generic or
thematically driven, leading to an extremely multi-modal world
(Tuia et al.,, 2024). Now, we have access to multi-format
sources (images, text, vector geodatabases, etc.) at multiple
resolutions and scales, spanning over a large diversity of geo-
graphical extents: e.g., social media correspond to irregularly
sampled local and thematic information covering a global ex-
tent, while a national land-cover database corresponds to a more
regional and generic information with dense coverage. Such di-
versity offers unprecedented opportunities while requiring solv-
ing significant methodological challenges. This explains why,
in our open-data era, the high relevance and heterogeneity of
such data for numerous applications has also stimulated re-
search in side communities such as computer vision and ma-
chine learning (Dimitrovski et al., 2023, Zhu et al., 2023, Brown
et al., 2025).

This has steadily increased the dialogue between disciplines to
foster complementary interactions between their “respective”
data sources (sources they produce, data they acquire or that
they are used to work with), and their respective expectations
(Stammler-Gossmann, 2024). It is now assumed that address-
ing key social and environmental applications and methodolo-
gical findings require a strong and educated interplay between
disciplines (Lariviere et al., 2015, Shi and Evans, 2023).

Despite such a momentum, two major limitations can be noted

in most initiatives involving geospatial data.

(1) Insufficient and asymmetric exploitation of the various
categories of data sources. Such exploitation depends on the
application and the domain the contributors fall into. This is
a community-based bias, where every community defines what
is “auxiliary source” or “metadata” (Wang et al., 2025b). Each
geographical extent and data source has its specific contribu-
tion but many approaches limit themselves to two of them and
ignore the other ones. This narrows down their potential. It of-
ten comes from the fact that one spatial extent is often a master
extent, from which the core information is extracted. The slave
one(s) is(are) only inserted for a specific step (supervision or al-
ternative input source), without (i) being appropriately handled
and (ii) retroaction loop, for the benefit of this slave extent. For
instance, we train or fine-tune an EO-based global deep learning
land-cover model for optimizing the performance on a valida-
tion or a test set (with samples irregularly sampling the Earth
surface) or for minimizing the supervision regime. However,
the inherent bias of the sources is not questioned (Bird et al.,
2014), and upscaling the model to unseen areas may neglect
(i) the validation of other in situ data sources available for the
classes of interest and (ii) the heterogeneity of the input im-
ages when performing quality assessment of the results (here,
master: global, slave: local (Papoutsis et al., 2023)). This is
often cast as a model-centric” perspective instead of the “data-
centric” one (Baek et al., 2025, Roscher et al., 2025).

(2) Limited two-way interactions. Few initiatives adopt a
back-and-forth or retroaction strategy. Slave level(s) can help
improving the master one in terms of spatial, temporal, se-
mantic information: e.g., training the land-cover semantic seg-
mentation model with geodatabases without handling their ne-
cessary update (missing link: global — local (Fritz et al., 2012,
Li and Xu, 2021)) or with text without questioning how inform-
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ative or biased it is (Daroya et al., 2025, Irvin et al., 2025). This
can be cast into the lifecycle data assessment” or “critical ana-
lysis of the sources” paradigms (Chaplin-Kramer et al., 2017).

Such gaps jointly stem from methodological challenges and dis-
tinct practices between communities (e.g., method-driven, data-
driven, social human vs environmental vs computer sciences)
and disciplines (Navarro et al., 2025). Such a siloed reasoning
prevents holistic approaches (Editorial, 2016) and fully inter-
operable pipelines (Bell et al., 2025). In this paper, we discuss
such limitations through a description of the main categories
and geographical extents of geospatial data (Section 2), before
showcasing how they interact each other sources through main
use cases, and defining subsequent challenges (Section 3). This
eventually leads to present major lines of research that have
been obviated or barely investigated so far (Section 4).

2. Data sources
2.1 How to categorize geospatial data?

Here, we define two main dimensions to categorize and present
the main geospatial data sources.

e The geographical extent: the physical area over which the
source spans (Section 2.2). It is preferred to the concept
of scale or spatial level. We believe it better captures the
discrepancies and complementarities between sources, while
being less confusing between communities.

o The level of representation: to jointly assess how close for
the physical world we are in terms of measurement, structur-
ation or geolocation (Section 2.3). It is often simplified with
the concepts of format or even source.

Geospatial data is often clustered and presented according to the
various resolutions: spatial, temporal, spectral, and semantics.
However, this dimension does not sufficiently point out the di-
versity between communities and offers a fuzzy snapshot of
the situation. The term “modality” is also often adopted in
some communities but discarded here. We have noticed sig-
nificant discrepancies on what is a "modality” in the literature,
especially between communities (e.g., Geographical Informa-
tion Sciences, GIS, (Chapuis et al., 2022) vs computer vision
(Jakubik et al., 2025)), and how the clustering is performed.

In the following, we present both dimensions, without detailing
all conceivable geospatial sources for each of the categories we
define (the reader can refer to multiple review papers in the lit-
erature, e.g., (Dritsas and Trigka, 2025)).

Table 1 provides a tentative quantitative summary of the signi-
ficance of each source according to (i) the resolutions and (ii)
how generic they are (i.e., how far from a specific thematic ap-
plication). Main sources are listed in Figure 1.

2.2 Geographical extent

We define three main levels, assuming a given source can span
over multiple levels, e.g., when capturing a very local phe-
nomenon but over large areas. One can note that the finer extent,
the more educated and specific the information.

The Global extent corresponds to sources densely available
worldwide (e.g., Earth Observation (EO) with numerous satel-
lites providing daily global coverage at multiple spatial, tem-
poral and spectral scales) or that sample the Earth surface over

numerous locations (e.g., navigation traces, Internet-of-Things
-IoT- sensors). They can be either generic or thematic (books,
authoritative documents and social media are good examples
that gather both possibilities).

In parallel, EO data has stimulated researchers of various fields
to develop machine learning models for numerous thematics
and now the so-called foundation/world models (Hong et al.,
2026) and agentic systems (Dihan et al., 2025), able to agnost-
ically ingest any kind of EO data, social media information or
navigation traces. This offers, at another processing level, a new
generic input data for multiple downstream tasks.

At regional extents, national surveys provide remotely
sensed data with higher spatial resolution, still with dense cov-
erage (Kissling et al., 2023). They appropriately complement
vector geodatabases, with higher semantics, statistical data
(e.g., population or weather), as well as observatories, that can
help monitoring specific patterns (Wang et al., 2025a), objects
and landscapes with high temporal revisit over a carefully de-
signed sampling of large extents (Garioud et al., 2025).

At local extents, in-situ sensors, images, traces or text from
social media, field or aerial surveys as well as collaborative con-
tributions through citizen science (Zheng et al., 2018, Liu et al.,
2021) are pivotal to derive on-purpose information, adapted to
specific users’ requirements or environments (Kitchin, 2013).

We consider continental-wide data at the global extent, while
national coverages at the regional one. We assume that the re-
gional extent exhibits a certain spatial homogeneity (in terms of
data coverage or producers), and therefore a lower complexity
that the global one. This explains this categorization.

Represent. Observations Vector data Text
Extent & &K ¢ e &K 2 & 4 0
Spatial res. e O e O [
Temp. res. [ ) [ ] o [
Semantics o e O
Attributes e o o
Genericity @ @ o

Extent & : global ata: regional @ local

Significance @@ : high—low : high & low
Table 1. Main categories of geospatial sources, assessed w.r.t.
their significance in providing information according to (i) their
resolutions, (ii) the availability of (additional) bio-geophysical
attributes, and (iii) the genericity (i.e., whether they have been
produced or acquired for a specific purpose). Such assessment is
performed according to our personal evaluation. The spectral
resolution is ignored for simplicity.

Example: a global land-cover database (vector) is designed to
be generic, has a medium spatial resolution, but probably a high
temporal one (since updated with EO sensors), few semantic
information (limited nomenclature) and few attributes
(e.g., height or density of objects).

2.3 Levels of representation

We classify the level of representation by distinguishing three
types of input data: observations, vector data, and text. Our cat-
egorisation is based on the format of initial acquisition process,
rather than on the format or information issued from any trans-
formations that may subsequently be applied to it (e.g., extract
locations as point vector data from text, or segment an image
into feature-based vectors.
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Figure 1. Main geospatial data sources and their most widespread one-way interactions (one per pair of levels of representations). All
conceivable possibilities are not displayed for the sake of simplicity.

® -source- @ indicates how a source spans over the three geographical extents. slave ~ master showcases a use case between
a slave and a master source, coloured by the lifecycle stage it corresponds to.

2.3.1 Observations. This includes quantitative data of the
Earth surface (and its objects), acquired by either space-based,
airborne, or ground-based devices. We also integrate reanalysis
data e.g., from environmental models. The full range of spatial,
spectral and temporal resolutions is available. The global extent
includes for instance Earth Observation satellite data, the re-
gional one large-scale or national surveys (e.g., orthophotos, 3D
lidar), while the local one in-situ observatories, IoT networks,
local field campaigns such as crowdsourced or UAV measure-
ments. Most of the time, they come without any semantics (see
Table 1). However, one may note that the smaller the extent, the
less generic and the more thematic the observation. At the same
time, an effort is made to gather and normalize local field data
to propose global datasets sampling multiple places (Cherif et
al., 2025). Deep learning models (in particular world models)
that have been trained to encode such observations, either with
or without semantics, are also included in this category.

2.3.2 Vector data. This category gathers structured data
that can be fed into geodatabases or already integrated into such
databases, with a high level of semantics and often (comple-
mentary) attributes. Most of the time pre-processed, this no
longer represents raw level data (which makes the main dif-
ference with Observations that is most naturally structured us-
ing a vector model). Again, this ranges from authoritative to
citizen-based sources, and from agnostic to thematic purposes.
At global, and regional extents, this includes land-cover/land-
use maps or any geolocated administrative or statistical data
(e.g., census, population data (Utazi et al., 2025)); at regional
and local ones, navigation traces (Lock and Pettit, 2022), 3D
models and any local representation of a territory (Yin et al.,
2023). We integrate in such a category field data/ground truth
information used for calibrating or validating statistical models

tailored for Earth surface semantic description.

2.3.3 Textdata. Any geolocated textual information, or that
can be geolocated, e.g., with Named Entity Recognition, is rel-
evant, either for authoritative or informal sources (Syed et al.,
2025). It captures information lacking in the two other categor-
ies, especially at regional and local extents. This also brings
a strong historical depth (Li et al., 2024), more direct con-
textual or relationship information compared with raw sensed
observations, but with limited generalisation ability. Alternat-
ively, at global extents, social media bring a massive yet un-
structured, local, and biased source of information, especially
for non officially documented areas or topics (D’Ulizia et al.,
2022). In parallel, Language-Image Pre-training deep-based
models and more specifically Vision-Language Models (VLM)
have emerged as a trustworthy solution for numerous geospatial
applications (Danish et al., 2025), even without georeferenced
textual data. Again, the more global, the more generic.

3. Current situation in geospatial data interactions

The way several data sources are combined in our communities
illustrate the current bias and missing links. Such combina-
tions can be determined by (i) the underlying process at stake
(Section 3.1) and (ii) the magnitude of such interactions (Sec-
tion 3.2). While the first step can be performed through more
or less popular use cases, the second one is only carried out
based on our perception of the field. An exhaustive quantitative
analysis could only be performed through a suitably formalized
ontology-based framework (Cubaud et al., 2026).

Here, we limit ourselves to pair-wise interactions both for the
sake of simplicity and since few examples exist of higher in-
teractions, apart from multi-modal foundation models (EO im-
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Table 2. Current level of interactions between the three main categories of geospatial data, w.r.t their geographical extent (pair-wise
analysis only). Master indicates the primary exploited source, that is combined with a slave one for carrying out one of the four

processes identified as critical in the data lifecycle. We therefore

also specify which process is prominently addressed in each

interaction. An interactive version, detailing use cases for each case is available at https://www.umr-lastig.fr/global-local/.

ages + labels from geodatabases + pseudo-labels for VLMs)
and change integration frameworks in national mapping agen-
cies (combination of alerts from EO change detection pipelines
+ from end-users or collaborative campaigns + from authorit-
ative documents).

3.1 Which interaction cases today?

Main interactions are categorized according to the main stages
that exist in the lifecycle of geospatial data. We illustrate each
stage with the main use cases that exist in the communities.

In Table 2, we provide the most significant process for each con-
ceivable pair of data sources. In Figure 1, we specify only the
most popular use case for each pair of levels of representation.

For this analysis, we retain the following four main stages.

o Modelling: It describes the process that turns a given source
into a more informative level: semantization, attribute estim-
ation, noise removal, enriched encoding (for Artificial Intel-
ligence - Al - models). It can cover the calibration of rule-
based, statistical, and physical models but not their inference.
The term “analysis” is alternatively employed in the literat-
ure. The main use cases are:

> Indexing for data retrieval or matching, necessary for large
archives, in particular those including non georeferenced
documents (e.g., images and texts from Galleries, Librar-

ies, Archives and Museums).

Integration, for interoperability, fusion, cataloguing mul-
tiple sources. It includes normalization, standardization,
or ontology-based solutions. It is all the more necessary
when coupling data from different producers/contributors
or distinct spatial supports (e.g., statistical or forest invent-
ory data may not represent fully localized information).

Training a machine learning (ML) model, in particular, in
recent years Al (world or thematic) models, using ground
truth data from almost any other source. The level of su-
pervision depends on the amount of available reference
data for the task at hand: discrete (e.g., semantic segment-
ation) to continuous (e.g., regression) labels.

> Spatio-temporal planning or optimization, such as trans-
portation optimization, accessibility, urban planning, etc.

e Mapping: The process that applies a model or any other in-
formation extraction process to derive a geolocalized know-
ledge (not the case beforehand). The identified use cases are:

> Information extraction from un-or mis-registered data
sources: co-registration of two sources, or registration of
one of the two sources, 3D information retrieval, up- and
down-sampling (temporal, spatial, spectral), geolocating

text from maps or images.

Inferring or fine-tuning a ML model for a particular task,
for retrieving again either discrete (land-cover/land-use
maps) or continuous variables (bio-geophysical parameter
estimation) or both (object detection), as well as image
descriptions (captioning).

Validation: The process that either measures whether the
geospatial data fits the expected specifications (e.g., accord-
ing to a given stakeholder) or quantifies the performance of
the modelling or the mapping stage. The main use cases
therefore involve:

> Quality assessment, e.g., of an observation (noise? cor-
rect registration?), of vector data (does the geodatabase
meet the expected thematic or geometric accuracy?), of
text data (does the information included in an authoritat-
ive document correspond to an object in the real-world?)

Performance assessment of data sources or of a machine
learning model, here mainly based on reference data that
can stem either from the methodological communities
(computer vision, or machine learning), or a thematic one,
for specific environmental tasks.

Accuracy assessment process design: protocols defining
how to suitably make such assessment with reference
data, in particular using external knowledge (e.g., strati-
fied sampling w.r.t. a thematic map). Such use case can be
similarly adopted for training a machine learning model
("Modelling” process). The reader can refer to (Olofsson
et al., 2014) for an example in the change detection case.
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e Updating: It describes the process that integrates timely and
reliable information into existing geospatial data, in partic-
ular geodatabases (Zhang et al., 2018). This mainly corres-
ponds to:

> Change detection from EO images, thematic vector data,
or crowdsourced campaigns;

> Change integration in vector geodatabases: it can be in-
serting new objects or new attributes of existing objects
("Augment information” in Figure 1, e.g., building heights
from RADAR data or from town planning documents).

We voluntarily neglected several key stages of the lifecycle as
well as challenges related to interconnections between sources
and let the reader refer e.g., to (Breunig et al., 2020).

3.2 Which level of interactions today?

Table [2] details our perception of the current level of interac-
tions between the three levels of interactions over the three pro-
posed geographical extents. As presented in Section[I] we split
between Master and Slave sources to reflect community or dis-
cipline bias toward its primary source of information. This res-
ults in a non-symmetrical description. Only pair-wise analysis
is provided, our goal is mainly to roughly exacerbate the cur-
rent shortcomings. On one hand, we subjectively evaluated how
significantly each interaction is addressed in the literature. No
meta-analysis was performed since we found particularly diffi-
cult and time-consuming to suitably harvest and analyse such an
amount of papers in multiple communities with very different
vocabularies (the use of ontology-based representations would
allow a more formal description of processes and enable the de-
rivation of quantitative indicators but was left to a subsequent
study). On the other hand, we also tried to identify which pro-
cess is primarily handled when coupling two specific sources.
One can first see that Table 2 is rarely symmetric (for both
aspects), which shows the one-way interactions. The tightest
links correspond to "Observations — Observations” and ~Ob-
servations — Vector”, which mainly correspond to the massive
effort in multi-modal EO image analysis, leveraging additional
image sources or vector data to foster information and semantic
extraction, respectively. The weakest links mainly navigate
around text data (’Vector — Text” and "Text — Text). It still
remains under-exploited and considered as a “slave” source in
the computer sciences communities (Zhu et al., 2022, Mast et
al., 2026), apart from social media data exploitation and inter-
active Vision-Language Models (Soni et al., 2025). The his-
torical depth of existence of the sources of their adoption in a
given community can also been noticed when comparing the
nine main blocks of Table 2. ”Observations and ”Vector” are
popular slave sources since, respectively, many EO images have
been made available and authoritative bodies have produced,
maintained, and released land-cover geodatabases over the two
last decades.

The exploitation of a given geographical extent or level of rep-
resentation appears also to be correlated to specific processes.
“Text” and local extent are key elements for Validation” and
”Updating”. Conversely, ”Observations” and ~’Vector” mainly
relate to "Mapping”, and ’Observations” basically consider all
slave sources as ”Validation”. “Modelling” is prominent for
the global extent”, i.e., the farthest process (spatially speaking)
from mapping and validation issues.

4. Main lines of research

We do not enumerate and discuss on current methodological
challenges related to multi-modal geospatial data processing,
extensively discussed in the literature (Mallet and Le Bris,
2020, Koldasbayeva et al., 2024, Tuia et al., 2024, Roscher et
al., 2025) and on the limited efficiency of machine learning re-
search behind most approaches today (Karl et al., 2024). We
rather focus on key perspectives or missing works for identic-
ally processed sources from distinct communities and favour
retroaction loops between levels of representations and geo-
graphical extents.

Extending AI models. First, among the well-known Al gen-
eric model-centric issues, few can be adopted here:

> Handling unseen sources: a pivotal challenge is the ability
to infer a model with unseen data during the training stage, of-
ten coped with fine-tuning solutions (Debuysere et al., 2026).
This would ease the adoption of such models to new end-users
and their feed with expert/local knowledge. Current effort is
made with self-supervised Al collaborative models, mostly with
EO images, with co-learning (Mena et al., 2025), distillation
(Garcia et al., 2020), modality-agnostic or modality-incomplete
learning strategies (Zhang et al., 2023). Effort should also be
put on Test-Time Training strategies (Sun et al., 2020) for in-
herent distribution shift handling.

> Federated learning: it targets to train an Al model with data
from multiple devices or infrastructures without centralization
(Tuia et al., 2024). This subject becomes of utmost import-
ance with the multiplication of national or local research infra-
structures and challenges in national governance preservation
(Cramer and Riiffin, 2025). In the same flavour, Mixture-of-
Experts strategies are perfectly tailored to handle multiple het-
erogeneous data sources (Bi et al., 2025).

> Knowledge-based learning: inserting domain- or community-
based knowledge is of utmost importance, in particular the
formal representations proposed by ontologies (Zhao and Lee,
2024). This bridges the gap between image-based communities
with their other computer sciences and GIS counterparts.

> Handling domain shifts, domain generalization issues and in
particular covariate shifts, e.g., with adaptive sensing solutions
(Baek et al., 2025) with specific objectives, instead of scaling
existing architectures and training data. Mixture-of-Experts and
other domain expertise combination strategies are also suitable
(Kuriyal et al., 2025, Lee et al., 2026).

> Mitigating bias transfer when adopting large geospatial Al
models (Ramos et al., 2025): e.g., world models inevitably
come with pre-training bias that should addressed. Continual
pretraining is a solution (Mendieta et al., 2023) along with more
real-world benchmarks.

> Estimating uncertainty and moving to interpretability. Rel-
evant explainable Al solutions should target to develop inter-
pretable models instead of focusing on deriving ad-hoc mid-
architecture outputs from existing AI models (Rudin, 2019).

Real-world benchmarking and validation.
to the previous point, key aspects are:

Heavily related

> Consistent and muti-faceted benchmarks: existing ones rarely
capture source and environmental variations, logical depend-
ency between processes (Zou et al., 2025), as well as stakehold-
ers and other community expectations. Discussions across dis-
ciplines should be initiated in this direction (Wang et al., 2024).
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> Spatially and temporally consistent reference data across data
sources and extents for validation. Such reference is not always
reliable, missing in most challenging environments and at very
large scales or outdated. Data curation of fine-tuning training
data can be also an efficient solution for bias transfer issues
(Wang and Russakovsky, 2023).

> Handling genuine applications (economics, history, social
sciences) to help understanding complex cases. This would en-
gage discussions across disciplines on how to build data and
how to design non brute-force statistical incremental models
(Alix-Garcia and Millimet, 2023). This would favour the adop-
tion of barely investigated sources or combinations of sources,
beyond the current VLM perspective (Ge et al., 2025).

Adopting a user-centric perspective. Pure predictive per-
formance on mainstream data sources is over, which calls for:

> Disantangling data producer, model designer, and end-user
perspectives. Most communities are multi-sources. Yet, re-
searchers remain focused on producing datasets for challenging
existing machine learning models or stimulating research on
their own communities, driven by maximizing well-known met-
rics. This does not call data and models into question and does
not open the field for retroaction loops. Is my data adapted to
my problem? Is my model correctly leveraging my data? Can
my model outputs be beneficial for my input data or other data
sources? New benchmarks and interdisciplinary initiatives are
highly recommended (Kim et al., 2023).

> Adopting a critical analysis of the sources or a hermeneutics
perspectives. Opening data and models is useful. Yet the genu-
ine potential is not correctly assessed: it requires their adoption
in other communities to develop an objective assessment of the
data and models we produce on a daily basis, and more adapted
metrics on what should be maximized (Kommers et al., 2026).

> Quo vadis human-centric machine learning? It has emerged
as the research field that investigates the methods of aligning
ML models with human “’goals”, merging the challenges of ex-
plainability, interpretability, privacy, etc. (Tang et al., 2025).
The key question is whether such paradigm fits to the geospa-
tial domain which is less restrictive than e.g., computer vision
(Khirodkar et al., 2024).

> Enforcing source diversity. Among the sources listed in Sec-
tion 2, geospatial numerical traces and text sources remain
barely explored, due to their heterogeneous quality and lack of
representativeness (Arribas-Bel, 2014). However, for most of
the challenges mentioned above, they should no longer be over-
looked and favored with respect to standard “’additional modal-
ities”, namely weather data, elevation, or land-cover maps.

Discoverability, and reuse of existing research. Open mod-
els and data does not suffice to comply with FAIR principles
(Hu et al., 2025).

> Closing the gap in the discoverability and comparability of
available benchmarks, models, and algorithms across research
communities. Much progress is still needed, even in context
where FAIR principles are applied, especially by developing
ontologies and knowledge graphs to reduce the semantic gap
between communities (Arvor et al., 2019).

> Improving the tools for providing curating and comparable
research resources, and user feedbacks on such resources. This

includes papers, data, algorithms with descriptive and a crit-
ical analysis (Bucher et al., 2025). Agentic Al can be adopted
in order to organize, annotate, and suggest relevant resources
(Siebenmann et al., 2026).

5. Conclusion

In a native multi-source world, a key issue is to adequately and
optimally exploit all available geospatial, even rare, sources.
Community and discipline bias exist and siloed reasoning has
dominated for numerous years. It results in a privileged ad-
option of specific sources for specific processes, without ret-
roaction loops. At the same time, the current predominance
of Al models lead to a more and more agnostic approach of
data fusion problems, shading the particularity of each source.
We advocate that an in-between strategy, considering all data
sources at the same level, would be beneficial to leverage all
sources. The geospatial-related communities should therefore
devote more research efforts in barely documented fusion con-
figurations and how to take advantage of main outputs of other
communities or disciplines for our own key applications.
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