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Abstract 
The second ESA-NASA International Workshop on AI Foundation Models for Earth Observation 
brought together the Earth observation and AI communities from academic, commercial, and 
governmental organizations to assess the rapidly evolving role of foundation models in geospatial 
science applications. Hosted by NASA Marshall Space Flight Center in May of 2026, the 
workshop built on the inaugural meeting by shifting focus from early alignment and prototyping 
toward how geospatial foundation models should be pretrained, evaluated, adapted, trusted, 
deployed, and governed. 

Across the workshop, a clear theme emerged: the community has moved beyond questioning 
whether large models can be pretrained on satellite data. Instead, discussions centered on what 
pretraining should teach, what information current models fail to capture, how model outputs can 
be trusted, and when foundation model approaches provide practical value over conventional 
methods. During sessions, attendees repeatedly emphasized that no single pretraining recipe, 
model architecture, benchmark, or deployment strategy fits all downstream tasks, making data 
quality, curation, uncertainty, evaluation design, operational constraints, and user-centered 
validation just as critical as scale. 

The workshop also highlighted a transition from standalone foundation models toward broader 
geospatial AI systems. Open-source tools, scalable serving approaches, embedding products, 
onboard inference, operational decision-support applications, and agentic AI workflows are 
beginning to connect these models with data archives, benchmarks, scientific literature, code, 
and human expertise. This report summarizes pivotal discussions from the workshop and outlines 
future directions for benchmarking, embeddings, adaptation, operationalization, trust, agentic AI, 
and the unique role of public agencies in supporting an open, reliable geospatial AI ecosystem. 

Index Terms: Earth observation, foundation models, geospatial artificial intelligence, 
benchmarking, embeddings, agentic AI, operational deployment, Earth system science. 



I. INTRODUCTION  
In May 2026, the European Space Agency (ESA) and the National Aeronautics and Space 
Administration (NASA) convened the second International Workshop on AI Foundation Models 
for Earth Observation. This year’s workshop was hosted by NASA’s Marshall Space Flight Center 
in Huntsville, Alabama. The workshop built on the first ESA–NASA workshop [1], which brought 
the artificial intelligence, Earth observation, and Earth science communities together around the 
development of open, trustworthy, and scalable geospatial foundation models. The second 
workshop retained this overarching ambition while reflecting a more mature and demanding 
phase of the field. Rather than asking only whether foundation models could be trained for Earth 
observation, participants examined how such models should be designed, evaluated, adapted, 
deployed, and used in scientific and operational settings. The 2026 event brought together 263 
in-person participants and 464 virtual registrants, including agency leaders, researchers, tool 
developers, operational users, commercial practitioners, early-career researchers, and domain 
scientists. This broad participation created opportunities to assess technical advances against 
scientific requirements, institutional constraints, and operational needs. Organic interactions, 
particularly through breakout discussions, were intended to generate new research ideas, 
collaborations, and shared community priorities. 

In his opening remarks, Dr. Rahul Ramachandran outlined the workshop’s central objectives: 
exchanging advances in foundation-model science and applications for Earth observation; 
showcasing emerging artificial-intelligence capabilities; identifying research gaps and priorities; 
encouraging the shared use of datasets, benchmarks, and models; and engaging commercial 
organizations and early-career researchers. He also challenged participants to move beyond a 
narrow focus on computer vision and optical imagery, adopt a systems-level view of Earth 
observation, and establish a dedicated “AI Agents for Science” community. The program was 
organized around four interconnected themes. The first concerned the advancement and 
adaptation of foundation models for multimodal, multiresolution, multitemporal, and vision-
language Earth observation data. The second examined emerging applications, including natural-
language interfaces and agentic artificial intelligence. The third focused on science-based 
benchmarking, model evaluation, uncertainty, and the exploration of learned embedding spaces. 
The fourth addressed responsible artificial intelligence, operational deployment, and commercial 
use cases. Together, these themes emphasized that model architecture, evaluation, application, 
and governance must be considered as components of a shared Earth observation research 
agenda. 

Dr. Nicolas Longepe summarized the inaugural workshop. That event helped align the artificial-
intelligence and Earth observation communities around geospatial foundation models and 
established the long-term goal of moving from research prototypes toward operational, open, 
trustworthy, and scalable systems. The 2026 workshop extended this agenda through a more 
focused examination of reproducibility, benchmarking, hardware compatibility, natural-language 
interaction, compression, embeddings, model limitations, and multi-agent workflows.  

Several scientific and technical directions emerged from the first workshop. Future models will 
need to integrate multiple data modalities, spatial resolutions, and temporal scales while 



combining Earth observation and weather data to better represent biological, phenological, 
atmospheric, and other Earth-system processes. Participants also highlighted the growing 
convergence of physics-based and data-driven modeling, including approaches that incorporate 
physical constraints or hybrid techniques in areas such as radiative transfer and hydrology. Other 
themes included efficient adaptation strategies, such as head-only fine-tuning and knowledge 
distillation, as well as deployment frameworks for edge and onboard computing. The discussions 
also exposed unresolved questions about the value and limitations of geospatial foundation 
models. Geospatial foundation models do not provide clear advantages for every application, 
particularly when their performance is comparable to that of a task-specific architecture such as 
a custom U-Net. Participants therefore emphasized the need for benchmarking frameworks that 
are accessible, reproducible, scientifically meaningful, and actionable. Additional questions 
concerned what foundation models learn, how their representations should be interpreted, how 
confidence and uncertainty should be quantified, and how model limitations should be 
communicated to users. AI-driven compression and embedding pipelines offer promising 
mechanisms for scaling Earth observation analysis, but they introduce further scientific and 
operational concerns. These include determining acceptable levels of compression before critical 
semantic or physical information is lost, integrating physical models into differentiable processing 
pipelines, and ensuring that learned embeddings generalize beyond benchmark datasets to real 
applications. At the same time, natural-language interfaces may make complex Earth observation 
resources more accessible to non-experts, while multi-agent frameworks could coordinate tasks 
such as data discovery, ingestion, model training, analysis, and interpretation. 

The findings of the inaugural workshop directly informed the design of the 2026 event, whose 
sessions revisited those earlier priorities while addressing the new scientific and operational 
challenges that had emerged as the field matured. 

This paper follows the style and purpose of the 2025 ESA–NASA workshop report [1]. It is neither 
an exhaustive review of the geospatial foundation-model literature nor a proceedings volume that 
summarizes every presentation equally. Instead, it synthesizes the principal session-level 
outcomes and cross-cutting directions that emerged during the workshop. Its purpose is to 
document where the community appears to be heading, identify the scientific and operational 
tensions that remain unresolved, and clarify the shared infrastructure needed to move from 
promising models toward reliable Earth observation systems. 

 

II. AGENCY PERSPECTIVES: FROM 
STRATEGY TO COORDINATION 
 

Moderated by Dr. Rahul Ramachandran of NASA, the Agency Perspectives session examined 
how public institutions can respond to an AI landscape evolving faster than many organizational 
strategies and operational systems. Representatives from NASA, ESA, NOAA, and Oak Ridge 



National Laboratory outlined their institutional priorities, the roles agencies can play alongside 
industry and academia, and opportunities for sustained cross-agency collaboration.  

Matthew McClure presented AI as a fundamental capability for NASA science, with the potential 
to accelerate discovery, improve the analysis of large and complex datasets, and support systems 
that can adapt and operate more independently in demanding environments. His presentation 
connected AI with advanced computing, visualization, scientific instruments, and mission 
infrastructure, framing NASA’s “5+1 AI for Science Strategy” as part of a coordinated effort to 
integrate AI across scientific workflows rather than pursue isolated applications. 

Emily Sylak-Glassman described NASA Earth Science Division’s GeoAI portfolio as an end-to-
end effort spanning missions, research, data systems, modeling, technology, and decision 
support. NASA is working to make its datasets AI-ready, improve data discovery and access, 
explore onboard processing, and determine where the agency should lead, support, or leverage 
advances from industry, academia, and nonprofit organizations. Within Earth Science Data 
Systems, the Earth Data Intelligence strategy emphasizes AI-assisted production pipelines, 
scalable infrastructure, intelligent data access, reproducible workflows, governance, and 
standards. Earth Action’s strategy places decision-makers and applied users at the center of 
foundation-model development. Its activities include supporting applications based on the Prithvi 
Earth Observation and Weather and Climate models, incorporating disaster-science requirements 
into model design, and creating pathways for applied researchers and users to shape 
benchmarks. The program is also testing whether foundation models make applications faster, 
less expensive, equally accurate, or easier to scale than established approaches, while examining 
whether language models communicate uncertainty well enough for decision support. 

Giuseppe Borghi situated Earth observation AI within ESA’s agency-wide AI Strategy Plan, which 
spans mission design, operations, autonomous systems, infrastructure, data exploitation, and 
scientific applications. ESA Φ-lab supports this strategy by moving transformative ideas from early 
research toward application and commercialization, linking technology readiness with business 
readiness and European industrial competitiveness. The Φ-lab portfolio includes foundation 
models, generative and agentic AI, digital assistants and twins, explainable AI, physics-informed 
machine learning, onboard processing, and advanced computing. These technologies support 
ESA’s broader transition from Earth observation data toward actionable information, with 
partnerships across member states, public institutions, industry, and international organizations 
serving as a central mechanism for implementation. 

Rob Redmon characterized NOAA’s approach as moving AI “at the speed of trust” from science 
into operations. NOAA evaluates AI according to whether it improves the accuracy, timeliness, 
efficiency, and effectiveness of its weather, climate, ocean, coastal, and resource-management 
missions. The NOAA Center for AI supports this work through governance, AI-ready data and 
metadata standards, training, communities of practice, partnerships, and reusable workflow 
resources. NOAA’s applications illustrate the breadth of this operational focus, including 
experimental ensemble forecasting, AI-driven global weather models, lightning prediction, harmful 
algal bloom forecasting, automated fish detection, tropical-cyclone datasets, sonar analysis, and 
real-time fire monitoring. These examples demonstrate that operational AI requires more than an 



accurate model: it also depends on dependable data pipelines, realistic testing, workflow 
integration, sustained maintenance, and clear communication of uncertainty and limitations. 

Forrest Hoffman presented the Department of Energy’s Genesis Mission as a national effort to 
connect AI, high-performance computing, scientific instruments, secure data, simulation tools, 
and national-laboratory expertise. The mission seeks to identify scientific and technological 
challenges in which AI can demonstrate a meaningful advantage, while the Genesis Mission 
Consortium brings together laboratories, universities, industry, nonprofits, government partners, 
and other organizations to contribute computing resources, technical expertise, and related 
capabilities. The American Science Cloud supports this vision by providing a common platform 
for AI-ready datasets, model services, large-scale training, simulations, scientific instruments, 
secure computing, and cross-laboratory workflows. This approach highlights the role of national 
laboratories as infrastructure providers, scientific integrators, and testing environments in which 
commercial technologies can be evaluated against public research objectives. 

Across the presentations, agencies were not positioned as direct competitors with industry in 
model scale or development speed. Their distinct strengths lie in stewarding long-term scientific 
datasets, defining mission requirements, establishing standards, supporting reproducibility, 
validating systems in consequential settings, and maintaining infrastructure for sustained public 
use. Depending on the context, agencies may act as partners, customers, funders, conveners, 
validators, infrastructure providers, and guardians of public value. The presentations also 
emphasized that moving AI from research into operations is an institutional as well as a technical 
challenge. Agencies must balance rapid innovation with governance, security, scientific credibility, 
workforce capacity, and continuity of service. Over the next five to ten years, AI is likely to become 
embedded throughout the Earth observation lifecycle, from mission design and onboard 
processing to data discovery, forecasting, analysis, and decision support. Realizing that future 
will require complementary roles for agencies, industry, laboratories, and the scientific community, 
together with continued human oversight and clear accountability. 

 

III. TECHNICAL KEYNOTES: 
REPRESENTATION, OPENNESS, AND 
COMPUTING CONVERGENCE 
The technical keynotes situated Earth observation (EO) foundation models (FMs) within a broader 
paradigm shift in scientific computing and representation learning. Juan Bernabe Moreno (IBM 
Research) described the evolution from task-specific models toward foundation model platforms 
and, increasingly, agentic systems. In traditional workflows, separate models are typically 
developed for each individual use case. Foundation models disrupt this pattern by leveraging 
broad pretraining to create reusable representations that can later be fine-tuned, adapted, or 



connected to downstream tools. Moreno also positioned AI, high-performance computing, and 
quantum computing as converging technologies for scientific discovery, arguing that these 
paradigms increasingly complement one another in scientific workflows. 

Mikolaj Czerkawski (Asterisk Labs) emphasized the importance of open Earth intelligence and 
open-source geospatial AI, while highlighting the tension between quality and coverage in 
foundation model development. He discussed BetaEarth [2], an open-weight, open-embedding 
model used to explore whether a foundation model can be emulated exclusively from its 
embeddings. Additionally, Major TOM [3] and its extension revealed current systematic biases, 
noting that most models exhibit significantly larger errors for the Southern Hemisphere alongside 
longitudinal biases. A critical observation from this work was that generative foundation models 
tend to collapse toward average values, failing to capture the full distribution of possible outputs. 
Czerkawski concluded that "datasets are foundational more often than AI models" and introduced 
upcoming projects aimed at traceable, trustable, and scalable AI compression of Earth data. 

Pierre Gentine (Columbia University) connected foundation models to physical representation 
learning. His keynote emphasized that useful latent spaces must separate meaningful physical 
and semantic modes rather than merely reconstructing pixels. The discussion traced the evolution 
of Earth observation foundation model architectures through recent iterations, including Prithvi-
EO-2.0 (featuring 600M parameters, 4.2M training files, and 6 spectral bands) [4] and AlphaEarth 
Foundations, which fuses optical, radar, LiDAR, climate, and text into 64-bit embeddings [5]. 
Gentine highlighted the distinctive challenges of Earth observation: sensor heterogeneity, 
temporal dynamics, geographic distribution shifts, data-label scarcity, and scale mismatch. These 
complexities explain why a straightforward transfer of natural language processing or natural 
image computer vision remains insufficient for Earth system science. 

Together, the keynotes framed a central tension for the workshop: while foundation models 
promise reusable, scalable, and adaptable AI-native representations, Earth observation requires 
those representations to remain physically meaningful, open for community use, efficient for 
operational deployment, and transparent for scientific trust. 

IV. GOOD PRACTICES FOR GEOFM 
DEVELOPMENT AND DEPLOYMENT 
The session on good practices demonstrated that the community is actively building the software 
and infrastructure stack needed to transition from research prototypes to repeatable workflows. 
TerraKit [6] was introduced as an open-source Python library for multimodal and multiresolution 
geospatial dataset curation, enabling users to retrieve data from multiple sources and prepare it 
for training, fine-tuning, and inference. Similarly, TerraTorch [7] was presented as a standardized 
geospatial fine-tuning toolkit built on PyTorch, PyTorch Lightning [8], and TorchGeo [9] that 
supports model factories, custom model integration, and generic embedding generation. 

Several presentations addressed the operational gap between successful model training and 
scalable inference. Work featuring vLLM [10], Kubernetes [11], and KServe [12] emphasized that 



production success metrics must extend beyond accuracy to include latency, throughput, request 
handling, and deployment scalability. GEOStudio [13] extended this workflow into an integrated 
exploration and orchestration environment, seamlessly connecting dataset curation, fine-tuning, 
inference, infrastructure, graphical interfaces, and LLM-agent workflows. 

Practical application examples highlighted the real-world value of these tools. For instance, the 
Hawaii Cropland Data Layers project explored how satellite embeddings can support operational 
crop mapping. Additionally, a discussion on onboard autonomy illustrated how geospatial 
foundation models may eventually support processing directly on satellites, shifting inference and 
decision logic closer to the sensor. These examples suggest that best practices now span the 
entire lifecycle: data access, curation, fine-tuning, benchmarking, inference, serving, deployment, 
interfaces, agents, and edge or onboard autonomy. 

Ultimately, the main takeaway was that sound methodology is no longer confined to model 
architecture alone. It now encompasses reproducible workflows, interoperable software, 
standardized interfaces, scalable serving, user-facing systems, and deployment-aware design. 
This robust infrastructure will be necessary to sustain the next generation of scalable geospatial 
AI. 

V. BENCHMARKING AND EVALUATION: 
FROM LEADERBOARDS TO CAPABILITY 
Benchmarking emerged as a central focus of the workshop. The first benchmarking session 
emphasized that no single geospatial foundation model reigns supreme; instead, evaluation 
should help users understand when and why a specific model should be applied, rather than 
merely ranking models by aggregate scores. To address this, GEO-Bench-2 [14] was presented 
as a capability-oriented framework designed to evaluate models across different dataset types, 
resolutions, temporal structures, and downstream tasks. This framing reflects a broader shift from 
simple performance measurement to comprehensive capability assessment [15]. 

Other presentations expanded the scope of evaluation far beyond standard accuracy metrics. 
Holistic benchmarking now considers representation robustness, interpretability, perturbation 
stability, embedding-space comparisons, resource requirements, power consumption, and 
carbon impacts. Specifically, GELOS [39] focused on an embedding-centered evaluation 
approach. Furthermore, studies on dynamic irrigation, operational-trust taxonomies, coastal and 
marine benchmarks, and adversarial robustness demonstrated that evaluation is becoming both 
broader and more use-case specific. The consensus was not that every benchmark must include 
every dimension, but rather that the community requires evaluation approaches that reflect the 
real-world constraints under which models operate. 

The second benchmarking session deepened this discussion through comparative and domain-
specific case studies. A comparison of TerraMind [16] and THOR [17] revealed that architectural 
and experimental design choices – such as patch size, decoder design, data regime, modality 
fusion, compute budget, and frozen versus fine-tuned backbones – can swing performance by 



5% to 20%. Consequently, these choices often outweigh the importance of model identity and 
pretraining strategy alone. Notably, increased compute did not always yield better results. 
Adversarial robustness testing further revealed that high accuracy does not guarantee 
robustness, and scale does not imply security; for example, a standard ResNet-50 demonstrated 
greater average robustness in segmentation tasks than larger, transformer-based foundation 
models. Independent benchmarking of 11 foundation models across six LULC datasets revealed 
that a CNN baseline (SSL4EO-ResNet50 [18]) remains competitive with many newer 
architectures, prompting the observation that researchers may be prematurely overlooking CNNs. 

The collaborative benchmarking discussion reinforced these concerns from a practitioner 
perspective, with participants questioning whether existing datasets, protocols, and leaderboards 
are sufficient for real-world evaluation. They argued that benchmarks should inform users what a 
model is doing, when it is likely to work, which constraints matter, and how results connect to 
operational decisions. Additionally, a tournament-style vote across eight benchmarking innovation 
categories produced a decisive result: time-series benchmarks were identified as the most 
critically needed capability, winning unanimously in the semifinal and narrowly defeating thematic 
benchmarks in the final. The community also called for end-user-defined benchmarks under 
realistic conditions rather than the curated settings that dominate current leaderboards. From a 
research and development standpoint, participants emphasized the need for community-wide 
shared practices and tools to enforce consistent, fair, and transparent evaluations. 

Overall, benchmarking is shifting from leaderboard competition to a scientific and operational 
design problem. The most useful benchmarks will help practitioners select models for specific 
scenarios, understand failure modes, evaluate robustness, and connect model behavior to real-
world decisions. The next phase of benchmarking must therefore ask not only which model scores 
highest, but which model works for which task, under what data and compute constraints, with 
what uncertainty, and for whose ultimate decision. 

VI. EMBEDDINGS AS INFRASTRUCTURE 
FOR DISCOVERY AND DECISION 
WORKFLOWS 
Embeddings were discussed throughout the workshop not only as internal model representations 
but also as potential geospatial infrastructure. This collaborative discussion raised foundational 
questions about how embeddings are located on Earth, how they operate across spatial and 
temporal resolutions, how they should be stored and discovered, and whether precomputed 
embeddings require a dedicated benchmark category. Participants emphasized that embeddings 
can lower barriers for new geospatial data users, while questioning whether they solve real-world 
problems on their own or require additional interpretation, validation, and iteration. 

Practical concerns for embedding ecosystems were deemed just as important as scientific 
questions. The discussion highlighted community infrastructure, potential cloud-native storage 
and metadata practices, and the need to distinguish broad foundation models from domain-



specific ones. Convergence speed, data efficiency, usability for non-specialists, and cross-version 
compatibility were identified as critical evaluation dimensions. A particularly vital issue was 
backward compatibility: if embeddings become outdated whenever a model changes, they risk 
becoming single-use artifacts rather than durable data products. 

The embeddings session demonstrated how these questions are transitioning into real-world 
applications. Context-aware, multimodal spatiotemporal embeddings were presented as a way to 
provide a unified latent representation per location and timestamp, allowing downstream models 
to select the precise spatial and temporal context needed for a task [19]. Queryable Earth showed 
how text-aligned embeddings enable natural-language searches over Earth observation imagery, 
with larger vision-language models achieving 86% captioning accuracy (rising to 94% with 
geolocation context). Finally, PiCSRL [21] combined physics-informed spectral indices with 
reinforcement learning for adaptive environmental sensing, achieving 98.4% accuracy in harmful 
algal bloom detection with representations that generalize better than raw-band models. 
Deployable learned compression demonstrated 124x to 315x compression ratios at PSNR above 
35 dB on payload-grade ARM processors, directly addressing the LEO downlink bottleneck. 

The report-outs summarized this shift directly: embeddings are becoming the deliverable. Difficult 
tasks such as change detection can sometimes be reframed as similarity lookups; non-experts 
can interact with Earth observation data without relying on expert and task-dependent data 
pipelines; and learned representations may become a bridge between raw imagery, databases, 
agents, and decision-support tools. However, this future requires embedding-specific 
benchmarks, storage standards, metadata conventions, versioning practices, compatibility 
strategies, and clearer success stories beyond proof-of-concept demonstrations. 

VII. LATEST ADVANCES IN AI 
FOUNDATION MODELS 
The sessions on latest advances demonstrated that the frontier of Earth observation foundation 
models is shifting from mere scale toward purposeful pretraining, uncertainty quantification, 
temporal reasoning, language interfaces, physical structure, and operational utility. Presentations 
highlighted a wide range of innovations, including knowledge-guided multimodal pretraining [22], 
TerraMind 2.0, THOR [17], TerraVerse, and spectral targeted masking [23]. Researchers also 
introduced stochastic generative modeling of Copernicus data [24-25], partial differential equation 
(PDE) foundation models for planetary atmospheres [26], reliability-aware foundation models [27], 
semantic change captioning, open-world change detection, zero-shot regional weather 
forecasting, geospatial vision-language models, and spatiotemporal cloud and convection 
prediction. 

A recurring theme throughout these sessions was the fundamental question of what pretraining 
should teach. For example, knowledge-guided variable-step forecasting [22] utilized relationships 
among environmental modalities to define a pretraining objective, moving away from a sole 
reliance on masked reconstruction or next-token prediction. Similarly, SpecTM [23] introduced 
targeted spectral masking that prioritizes diagnostic wavelengths carrying physical information; 



this approach achieved 1.8x to 2.2x accuracy improvements over physics-blind baselines using 
only 5% labeled data. Furthermore, PDE foundation models pretrained on partial differential 
equation dynamics enabled accurate Martian atmospheric forecasting using just four years of 
reanalysis data on a single GPU. Together, these presentations underscored a broader 
consensus in the field: EO foundation models must learn the underlying relationships among 
weather, land cover, spectral response, temporal dynamics, and physical processes, rather than 
focusing strictly on pixel-level reconstructions. 

Other advances emphasized temporal awareness, compute adaptivity, multimodality, and 
efficient scaling. TerraMind 2.0 introduced temporal disjoint sampling, multi-resolution processing, 
and multi-codebook quantization, achieving 10x parameter efficiency gains on temporal tasks at 
constant accuracy. Its open-vocabulary semantic segmentation – trained on 9 million annotated 
samples from OpenStreetMap and Overture across 174 countries – outperformed SAM3 [41], 
DINOv3 [42], and GeoPixel [43] by over 115%. Meanwhile, THOR [17] illustrated a 
complementary approach through GSD-aware positional encoding and FlexiViT-style randomized 
patch sizes, performing strongly in low-labeled-data regimes. TerraVerse and COP-GEN further 
pointed toward generative and simulation-oriented applications for foundation models. 

Evaluation paradigms themselves also came under scrutiny. COP-GEN [25], a stochastic 
generative model, challenged the field's reliance on single-reference metrics by evaluating 
whether model output distributions match true observation distributions. Specifically, COP-GEN 
covers 90% of the real observation manifold versus just 2.8% for deterministic approaches, and 
spans 63% of the real per-band reflectance range versus 18%. The argument that evaluating 
distributions, rather than single samples, is essential for generative EO models stood out as one 
of the session's most important methodological contributions. Finally, SHRUG-FM [27] addressed 
the common limitation that foundation models rarely provide calibrated confidence. It disentangles 
aleatoric and epistemic uncertainty by feeding input data flags, embedding distribution flags, and 
decoder uncertainty into interpretable decision trees for selective prediction. 

The second session on latest advances placed trust and language at the center of the discussion. 
Research in semantic change captioning, open-world change detection, and geospatial vision-
language modeling demonstrated a shift beyond simply asking where an image changed toward 
understanding what changed, how it changed, and how users can express EO questions in 
natural language. Additionally, zero-shot regional weather forecasting showed that pretraining on 
reanalysis data introduces realistic high-resolution structures in entirely held-out regions, reducing 
local data requirements by 95 to 100%. Together, these directions point toward a future in which 
users interact with imagery through language-mediated, model-backed analytic systems. 

The major takeaway is that model scale is no longer the sole frontier. Instead, the community is 
increasingly investigating what models know, how they know it, what physical or semantic 
relationships they encode, how uncertainty is surfaced, and how users can effectively interrogate 
model outputs. 



VIII. ADAPTING FOUNDATION MODELS 
TO GEOSPATIAL DATA AND SPECIFIC EO 
TASKS 
The adaptation session emphasized that a model being “foundational” does not mean it is 
universally sufficient. Geospatial foundation models must frequently be adapted to the specific 
signals, resolutions, modalities, labeling regimes, and scientific constraints of Earth observation 
tasks. Presentations covered scaling studies [28] on MajorTOM and FastTOM using the PhilEO 
Bench [29], phase-aware temporal models for conflict damage mapping, contrastive learning for 
P-band PolSAR soil moisture retrieval [46], and methods for handling sparse, asynchronous in 
situ air pollution data. Additional topics included the integration of agricultural reference data from 
satellites and field photos, ICESat-2 applications for canopy height change, and regional-scale 
biomass monitoring. 

Scaling and benchmarking work [28] demonstrated that while increasing model size and data 
scale can yield performance gains, optimal choices ultimately depend on the specific task, 
labeled-data availability, architecture, compute constraints, and data regime. CNN-based 
approaches often remain efficient for smaller datasets, whereas transformer-based models can 
exploit very large datasets but require greater resources. Furthermore, low-shot settings, pixel-
wise regression, decoder choice, and task-specific data structure all influence which model 
architecture is most appropriate. 

The phase-aware SAR presentation provided a stark example of the limitations of current 
foundation models. In conflict damage mapping, SAR coherence carries the strongest signal for 
building damage detection, yet no current foundation model integrates phase information. 
Quantitative results underscored this gap: amplitude-only approaches achieved a mere 5% 
precision, and amplitude-based foundation model z-scores reached 44%, whereas coherence-
based methods achieved 61%. This disparity demonstrates that a modality entirely absent from 
FM pretraining can dramatically outperform the models themselves in rare-event detection. 
Consequently, these findings suggest that anomaly-based downstream workflows combining FMs 
with physics-derived features may be more appropriate for extreme events than end-to-end 
approaches. 

Other presentations reinforced the need to combine foundation model representations with 
external data and task-specific information. For instance, integrating sparse in-situ NO2 
measurements into FM embeddings improved the R-squared value of air pollution mapping from 
0.71 to 0.84 and halved the mean prediction error. Similarly, AgroVision [44] combined satellite 
time series, geotagged field photographs from the EU's LUCAS survey (comprising 250,000 fully 
open-source samples across 40 crop types), and embeddings from five different FMs. This 
integration demonstrated that multi-modal fusion overcomes single-modality observational 
limitations and achieves highest accuracy on crop type classification. Furthermore, canopy-height 
change mapping using AlphaEarth satellite embeddings with ICESat-2 LiDAR data revealed 



asymmetric forest dynamics across the southeastern United States, characterized by stronger 
growth in northern regions and greater losses along the Gulf Coast due to hurricane impacts. 

Ultimately, successful adaptation depends on identifying what a model has learned, what it lacks, 
and what external information must be introduced for a given task. This makes model adaptation 
central to scientific utility rather than being a secondary step after pretraining. 

IX. OPERATIONAL AND COMMERCIAL 
USE OF FOUNDATION MODELS IN EARTH 
OBSERVATION 
The operational and commercial sessions demonstrated that foundation models are beginning to 
deliver tangible value in applied settings. However, they also underscored that operational 
success depends primarily on usability, trust, latency, spatial context, uncertainty, and decision 
relevance. 

Practical testing of Prithvi-EO-2.0 on forest biomass, land use, and landscape change revealed 
how embeddings improve spatial context beyond traditional pixel-based methods. Notably, the 
embeddings approach achieved the highest accuracy in Land Use and Land Cover (LULC) 
classification. Prithvi also detected features missed by imperfect training datasets, prompting the 
observation that apparent "false positives" were often actually correct. Prediction of forest 
biomass also illustrated the challenges of mapping with chip-based paradigms, with chip 
boundary and positional artifacts emerging when wall-to-wall maps are built. As one discussion 
theme emphasized, maps matter: operational users require outputs they can readily interpret and 
trust. 

Several commercial and operational deployments highlighted exactly where FMs are already 
creating value. For instance, OroraTech demonstrated wildfire detection from its eight satellite 
constellation using dense MWIR embeddings [30]. In this setup, fires naturally separate from 
background within frozen embeddings without requiring labels, achieving a 70% to 90% joint 
detection rate with VIIRS while detecting smaller fires much sooner. Similarly, MineSite, built on 
Clay embeddings [31], applies cosine anomaly change detection to monitor artisanal mining, 
border activity, and dam risks. The system assesses three years of activity in under 30 minutes, 
enabling non-expert decision-makers to leverage FM products effectively. In addition, EarthDaily 
Analytics presented an agricultural forecasting tool that predicts corn harvest dates with 7-day 
median error up to 60 days in advance, though accuracy degrades significantly at coarser 
resolutions and lower temporal frequencies. As the presenter explicitly noted, "datasets are 
foundational more often than AI models," reinforcing that commercial applications still require 
scientific rigor. 

A transition from static classification toward dynamic, predictive modeling was evident. 
Hierarchical data assimilation for wind farm digital twins blended LiDAR, wind towers, satellite, 
and numerical weather data across three scales, proving less computationally expensive and 



more accurate than monolithic approaches when local observations exist. Multi-hazard 
vulnerability modeling combined three foundation models (Prithvi [32], PrithviWxC [33], and 
Granite-LST [34]) to generate hourly land surface temperature fields. This approach identified 
33,000 additional Indianapolis residents at risk for extreme heat that had been missed by static 
vulnerability indices. Overall, this trajectory represents a shift from EO-informed static indices to 
multi-model, calibrated dynamic systems. 

The key conclusion was that operational adoption will depend less on whether a method is labeled 
a “foundation model” and more on whether it produces timely, trustworthy, and usable information 
for real-world decisions. While FMs are valuable for improving context, reducing labeling burdens, 
enabling faster monitoring, supporting higher spatial or temporal resolution, and integrating 
uncertainty into decision workflows, they must be validated against operational needs, rather than 
just research benchmarks. 

X. AGENTIC AI FOR EARTH 
OBSERVATION AND SCIENTIFIC 
WORKFLOWS 
Agentic AI emerged as one of the most forward-looking themes of the workshop. The oral session 
demonstrated that geospatial agents are rapidly evolving beyond simple demos and chatbots into 
sophisticated scientific systems. These systems integrate planners, specialized tools, sub-agents, 
generated code, retrieval-augmented generation (RAG), knowledge graphs, memory, structured 
states, and human evaluation [37]. 

Trust served as the dominant design theme across these developments. For instance, a 
knowledge-graph-backed pipeline designed for EO literature gap analysis constructs persistent 
graphs across academic papers. It successfully identifies support, contradiction, and refinement 
relationships with associated confidence scores, all while preserving strict provenance from the 
synthesized gaps back to specific sentences, sections, and papers. Similarly, SciELF, a fact-
checking benchmark developed alongside five NASA domain experts specializing in climate, 
hurricanes, and astrophysics, demonstrated current technological limits. While verification 
systems achieve an F1 score of approximately 0.84 within their domain, their performance 
degrades significantly when applied to out-of-domain web sources. To counter this, a two-stage 
fact-correction pipeline successfully raised factual precision from 0.42 to above 0.90. Throughout 
these discussions, presenters emphasized that "human expertise and knowledge is definitely the 
most valuable thing you can get" for robust scientific benchmarking. 

Application-level agents further highlighted this transition from experimental prototypes to 
operationally useful systems. Drawing from three years of production experience in building geo-
LLM agents, Development Seed distilled a core design principle: "Don't let the LLM generate the 
analysis; use the tooling to write code that produces it." Their recommended architecture relies 
on a light orchestrator paired with smart deterministic tools, rich tool descriptions, narrow code-
generation scope, data passed by reference rather than directly in-context, and established EO 



infrastructure like STAC [35]. Additionally, the Hydrology Copilot [45], a cloud-native, multi-agent 
system for drought analysis built on NASA's NLDAS-3 dataset, completes complex, multi-decade 
climatology analyses in just two to three minutes. Crucially, it generates transparent, inspectable 
Python code instead of black-box outputs. As the presenter noted, "NASA data is free but 
expensive to use," and the speed of this workflow is transformative. 

The EVE platform [36], developed under ESA Phi-Lab in collaboration with Pi School, Mistral, and 
Wiley, provided one of the most developed examples of an LLM-based assistant for EO. It 
features a 24B-parameter model fine-tuned on a 2.8-billion-token, domain-specific corpus, 
utilizing retrieval-augmented generation across approximately 270,000 open-access documents, 
chunk-level source attribution, and a dedicated hallucination detection module. Over 350 users 
from academia, space agencies, and government have piloted the system over a six-month 
period. In parallel, an agentic AI framework for ILAMB [38] benchmarking proposed connecting 
foundation models with process-based Earth System Model evaluation, demonstrating automated 
multi-variable, multi-model benchmarking that traditionally takes months to complete. 

Following the oral session, an ad-hoc collaborative discussion session was scheduled with the 
theme of building a community for AI agents. Conversations in this session extended beyond 
technical concerns into governance, sharing, reproducibility, credit, and accountability. 
Participants discussed how scientists might contribute to agentic workflows through user groups, 
structured subject-matter-expert intake, reusable scripts, shared evaluations, and public 
examples. They also emphasized the need to cite agents in papers, preserve execution artifacts 
and tool traces, benchmark agents across various models and use cases, and clarify liability when 
an agent produces incorrect results. 

Ultimately, agentic AI may become the connective tissue between foundation models and 
scientific use. However, the workshop made clear that widespread adoption will require 
community practices for transparent traces, reproducible workflows, versioned tools, proper 
citations, safety, cybersecurity, accessibility, and domain-expert co-design. Without these 
safeguards, agents risk becoming another opaque layer between users and Earth observation 
data. 

XI. GENERAL REMARKS AND FUTURE 
DIRECTIONS 
A. Purposeful Pretraining Beyond Model Scale 

The workshop discussions suggest that the next phase of Earth observation foundation-model 
development should be guided less by model size alone and more by explicit decisions about 
what pretraining is intended to teach. Reconstruction, masking, and generative objectives remain 
useful, but they should be assessed according to whether they encode the temporal, spectral, 
spatial, semantic, and physical relationships required by downstream applications. For many 
Earth science tasks, reproducing plausible pixels is not equivalent to learning environmental 



processes, rare-event signatures, or meaningful cross-modal relationships. Pretraining design 
should therefore begin with a stated capability hypothesis, such as learning seasonal dynamics, 
identifying diagnostically important spectral features, representing relationships among 
environmental variables, or transferring across sensors and spatial scales. 

Greater transparency about pretraining data and objectives would also make model capabilities 
and limitations easier to interpret. Developers should document the sensors, modalities, 
geographic regions, time periods, spatial resolutions, environmental conditions, and physical 
variables represented in the training corpus, as well as important omissions. Evaluation should 
then test whether the resulting representations retain the intended information across geographic 
regions, seasons, resolutions, and downstream tasks. This would help distinguish broadly 
reusable representations from models whose apparent generality depends on overlap between 
pretraining data and evaluation conditions. 

B. Task-Aware Model and Adaptation Selection 

The workshop provided little support for the idea that a single model will be optimal across the full 
range of Earth-observation problems. Model suitability depends on the target phenomenon, 
sensor modality, spatial and temporal resolution, label regime, geographic transfer requirement, 
compute budget, latency constraint, and level of uncertainty characterization required by the user. 
Broad multimodal models may be valuable when tasks benefit from reusable context or limited 
labels, while specialized self-supervised models, conventional neural networks, physics-based 
methods, or hybrid workflows may remain more effective when the relevant signal is narrow, well 
understood, or absent from foundation-model pretraining. The phrase “foundation model” should 
therefore describe a development approach rather than imply universal superiority. 

Adaptation studies should report not only whether performance improved, but also which 
information had to be added before the model became useful. Relevant additions may include in 
situ observations, field imagery, task-specific labels, physical indices, SAR phase or coherence, 
numerical-model outputs, or domain-specific temporal features. These additions reveal which 
capabilities were not present in the pretrained representation and whether adaptation is correcting 
a modest domain mismatch or compensating for a fundamental omission. Comparisons should 
also include competitive conventional and specialized baselines so that the value attributable to 
pretraining can be separated from the value of the added data, decoder, or workflow. 

A practical selection framework could organize models along a small set of decision axes: 
required modality, spatial support, temporal structure, label availability, geographic transfer, 
computational resources, deployment environment, and tolerance for uncertain outputs. 
Reporting results along these axes would be more useful than presenting a single aggregate 
score because it would allow researchers and practitioners to identify models that are appropriate 
under their actual constraints. Such a framework could also accommodate mixtures of experts or 
agentic systems that select among broad models, specialized models, deterministic tools, and 
physical methods for different parts of a workflow. 

C. Diagnostic Evaluation of Model Capabilities 



Benchmarking should evaluate identifiable model capabilities under controlled, reproducible, and 
sufficiently realistic conditions. Priority areas include time-series reasoning, geographic transfer, 
thematic specialization, robustness to perturbation and missing data, uncertainty calibration, 
semantic correctness, spatial coherence, and performance under scarce-label conditions. The 
purpose of these benchmarks is to expose capability boundaries and support fair comparison, 
rather than to reproduce the full complexity of an operational workflow. The community should 
converge towards a set of shared benchmarks, tools and practices to facilitate fairness and 
reproducibility. 

Evaluation should also reflect the conditions under which systems will operate. Relevant 
dimensions include inference latency, memory and energy requirements, label and data-access 
costs, update frequency, geographic coverage, hardware compatibility, and performance 
degradation under resolution or temporal-density changes. For user-facing products, evaluation 
may additionally need to measure whether outputs are spatially consistent, interpretable, timely, 
and suitable for the decision being supported. Including these constraints would make benchmark 
results more predictive of real-world usefulness and reduce the gap between research 
performance and operational adoption. 

The workshop discussions further suggest that benchmark design should involve end users and 
independent evaluators earlier in the process. End users can define realistic decision contexts, 
acceptable failure rates, meaningful spatial and temporal units, and the costs associated with 
false positives, false negatives, delayed outputs, or uncertain predictions. Independent testing, 
hidden evaluation sets where appropriate, versioned protocols, and reproducible evaluation 
environments can reduce overfitting to familiar leaderboards. Benchmarks themselves should 
also be periodically assessed against downstream outcomes: if high benchmark performance 
does not predict usefulness in realistic workflows, the benchmark should be revised rather than 
treated as authoritative. 

D. Embeddings as Managed Geospatial Infrastructure 

The workshop showed that embeddings are becoming reusable products rather than temporary 
intermediate outputs. To function as durable infrastructure, embedding collections should be 
accompanied by metadata describing the source observations, model name and version, spatial 
footprint, timestamp or temporal aggregation, spatial resolution, modality, preprocessing, 
uncertainty information where available, and intended or validated uses. Users should also be 
able to determine whether an embedding represents a single acquisition, a temporal composite, 
a location-specific history, or a multimodal fusion product. Without this information, embedding 
stores may lower the technical barrier to access while increasing uncertainty about what the 
representation actually contains. 

Versioning and compatibility are particularly important because embeddings may be costly to 
generate and may support many downstream products. Model updates should not silently 
invalidate existing indexes, labels, similarity thresholds, or trained downstream models. The 
community should explore versioned embedding specifications, compatibility tests, migration 
procedures, and reference datasets that quantify how representation spaces change across 



model releases. Where backward compatibility cannot be preserved, providers should clearly 
communicate the consequences for downstream users and archive the information needed to 
reproduce earlier products. 

Embedding-specific evaluation should examine transferability, temporal stability, geographic bias, 
data efficiency, semantic retrieval quality, sensitivity to resolution and preprocessing, and 
suitability for different classes of downstream tasks. Such evaluation should also identify cases in 
which embedding similarity is misleading or in which a representation suppresses rare but 
decision-relevant signals. Shared embedding infrastructure can make Earth-observation data 
more accessible, but it does not eliminate the need for interpretation, calibration, or task-specific 
validation. 

E. Operational Validation of End-to-End Systems 

Operational validation should begin after a model has been incorporated into a complete product 
or workflow. The relevant unit of analysis is therefore not the pretrained backbone alone, but the 
resulting map, forecast, alert, monitoring service, risk estimate, or decision-support system. 
Evaluation should determine whether that system remains reliable over repeated use, integrates 
with established practices, communicates uncertainty effectively, and improves outcomes relative 
to the method currently used. 

Claims of practical benefit should be evaluated against current practice rather than only against 
other foundation models. Depending on the application, the relevant comparator may be a 
conventional neural network, a physics-based model, a manual analysis workflow, an existing 
operational product, or a hybrid system already trusted by users. Evaluation should ask whether 
the new approach improves coverage, timeliness, spatial or temporal detail, labeling efficiency, 
uncertainty communication, or the quality of a downstream decision. This comparison would also 
clarify where foundation models introduce unnecessary complexity without producing a 
corresponding user benefit. 

Domain experts and intended users should participate in problem formulation, validation, interface 
design, and acceptance testing. Their involvement is especially important when model outputs 
require interpretation, when error costs are asymmetric, or when local conditions are poorly 
represented in training data. User-centered validation can also reveal whether uncertainty 
displays, maps, natural-language interfaces, or automated recommendations are being 
interpreted as intended. The workshop discussions suggest that operational trust is more likely to 
emerge from sustained co-design than from technical performance claims alone. 
 

F. Traceable, Reproducible, and Accountable AI Systems 

Trust in geospatial AI depends on the full workflow, not only on the performance of the trained 
model. Scientific results are shaped by the data and preprocessing used, the model and 
adaptation strategy selected, the evaluation protocol applied, the software environment in which 
the analysis runs, and the conditions under which the system is deployed. Users should therefore 



be able to determine which data, model, and software versions produced an output; how the 
system was adapted and evaluated; and how uncertainty and known limitations were handled. 
Model cards and dataset documentation provide a useful foundation, but consequential workflows 
also require versioned dependencies, inspectable evaluation artifacts, and provenance records 
that make results auditable and reproducible. 

Agentic systems introduce additional traceability requirements because they can retrieve 
information, generate code, select tools, transform data, and revise intermediate results. Scientific 
agent workflows should preserve retrieved sources, generated code, tool calls, execution logs, 
model and tool versions, structured intermediate states where feasible, and the artifacts used to 
produce final conclusions. These records would allow users to distinguish a reproducible analysis 
from an unsupported natural-language response and would support debugging when an agent 
selects an inappropriate dataset, tool, or computational procedure. 

Agent evaluation should include factuality, tool-selection accuracy, code and execution 
correctness, reproducibility, failure detection, sensitivity to model or tool updates, and 
performance outside the agent’s primary domain. Systems used for consequential scientific or 
operational tasks should also define when human review is required, who is authorized to approve 
outputs, and who remains accountable when the system fails.  

G. Public Agencies as Coordinators and Stewards 

Public agencies have a distinct role that does not depend on matching the scale of private-sector 
model development. ESA, NASA, and partner organizations can steward trusted archives, 
preserve long-duration records, support open standards, convene diverse communities, and 
provide independent evaluation infrastructure. They can also help ensure that model development 
remains connected to Earth science priorities, operational users, and public-interest applications 
rather than being driven only by benchmark visibility or commercial demand. This comparative 
advantage is particularly important where scientific validity, continuity, geographic inclusion, and 
public accountability are central requirements. 

Specific shared infrastructure could include curated evaluation datasets, independent benchmark 
services, reproducible computing environments, embedding registries, metadata and versioning 
standards, model and dataset documentation templates, and repositories for traceable agent 
workflows. Agencies could also support sustained comparisons among foundation models, 
specialized models, conventional approaches, and hybrid systems without presuming that one 
model category should prevail. Coordinating these resources across agencies and international 
partners would reduce duplicated effort and make evaluation results easier to compare and reuse. 

Agency-supported programs should prioritize use cases for which market incentives may be 
insufficient, including long-term environmental monitoring, low-resource regions, rare hazards, 
open scientific infrastructure, and applications requiring transparent validation. Procurement, 
funding, and partnership mechanisms can encourage open interfaces, documented limitations, 
reproducible evaluations, and continuity beyond short project cycles. Agencies can also use their 
convening authority to bring researchers, commercial developers, infrastructure providers, 



domain experts, and operational users into the same validation and governance process. 
 

H. A Coordinated Agenda for the Next Phase 

Taken together, the workshop discussions point toward an ecosystem rather than a single 
technical solution. The immediate need is for interoperable evidence: clear accounts of what 
pretraining is intended to encode, diagnostic evaluations of what models can and cannot do, 
adaptation studies that reveal missing information, reusable and versioned representations, 
operational validation against real decisions, and traceable systems that preserve human 
oversight. Progress in one area cannot substitute for weaknesses in the others; a powerful model 
evaluated on an uninformative benchmark or embedded in an opaque workflow will remain difficult 
to trust and use. 

The field should therefore resist defining progress primarily through the size, number, or novelty 
of foundation models. More consequential indicators include whether models capture task-
relevant Earth-system relationships, whether users can select them under realistic constraints, 
whether outputs improve established workflows, whether results can be reproduced, and whether 
institutions can sustain the required data and evaluation infrastructure. The workshop’s broader 
message is that the speed of technical development should be matched by the speed at which 
the community builds evidence, standards, and trust. 
 

 

XII. CONCLUSION 
The 2026 ESA–NASA International Workshop on AI Foundation Models for Earth Observation 
showed that the field has entered a more mature and demanding phase. The central question is 
no longer simply whether large models can be pretrained on Earth observation data, but what 
those models should learn, which signals and processes they fail to capture, how their outputs 
should be evaluated and trusted, and under what conditions they provide meaningful advantages 
over specialized or conventional approaches. This shift places greater emphasis on purposeful 
pretraining, data quality, task-aware adaptation, uncertainty, and evidence of scientific or 
operational value. 

Three broader changes in emphasis emerged across the workshop. First, progress is shifting 
from scale alone toward representations that capture relevant temporal, spectral, spatial, 
semantic, and physical relationships. Second, evaluation is moving from aggregate leaderboards 
toward diagnostic assessments of capability, robustness, constraints, and decision relevance. 
Third, foundation models are increasingly being treated as components of larger geospatial AI 
systems that include curated data, embeddings, adaptation tools, scalable inference, operational 
interfaces, scientific software, agentic workflows, and human expertise. 



Credible progress will require stronger connections across the full model and system lifecycle. 
Developers and users need clearer documentation of pretraining data and objectives, guidance 
for selecting models under realistic task and resource constraints, benchmarks that expose 
capability boundaries, reusable and versioned embedding infrastructure, and validation against 
maps, forecasts, alerts, and decisions. Agentic systems will require additional safeguards, 
including inspectable tool use, preserved provenance, reproducible execution artifacts, and 
explicit human accountability. Together, these requirements provide a basis for distinguishing 
technically impressive demonstrations from systems that are scientifically defensible and 
operationally useful. 

ESA, NASA, and partner agencies can play a catalytic role by stewarding trusted data, supporting 
open evaluation and reproducibility infrastructure, convening research and user communities, 
enabling independent validation, and sustaining public-interest applications that may not be 
adequately supported by short-term market incentives. If the first ESA–NASA workshop helped 
align the Earth observation and foundation-model communities, the second clarified the work 
required to turn that alignment into practice. Success should therefore be measured not by the 
number or size of new models, but by whether foundation-model-enabled systems become 
reliable, transparent, and useful instruments for Earth science, Earth action, and decision-making. 
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