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LLM Landscape
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GPT-5:
The image appears to be a satellite view of a green vegetated area with a river or water body meandering 
through the center. The bright, light-colored region represents the river or stream, while the surrounding 
dark to medium green areas indicate dense vegetation or forested land.

LLM’s Performance on Querying Satellite Data
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Desired Description: This satellite image, captured during the summer season in Austria, showcases a diverse 
landscape within the ”temperate, no dry season, warm summer” climate zone. The dominant feature is the mixed 
forest, which covers approximately 905,000 square meters and is distributed across two large areas of 525,000 
square meters and 380,000 square meters. The mixed forest shares borders with coniferous forest ( 298,000 sqm), 
which is distributed over four individual areas, including one larger area of 236,000 square meters and three 
marginal areas, inland waters ( 142,000 sqm), broad-leaved forest ( 72,000 sqm), and arable land ( 72,000 sqm). 
The inland waters are also adjacent to the broad-leaved forest. This complex interplay of forested areas, water 
bodies, and agricultural spaces highlights the varied ecosystem present in this region of Austria during the 
summer season.

LLM’s Performance on Querying Satellite Data
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Available also at:Impact:

Available at http://bigearth.net

G. Sumbul, et al., BigEarthNet-MM: A Large Scale Multi-Modal Multi-
Label Benchmark Archive for Remote Sensing Image Classification 
and Retrieval. IEEE GRSM, 2021.

K. Clasen, et al., " reBEN: Refined BigEarthNet Dataset for Remote 
Sensing Image Analysis", IEEE IGARSS, 2025. 

✓  To support the studies on search and 
retrieval, we developed BigEarthNet that: 

▪ consists of 549,488  Sentinel-1&2 
images. 

▪ advances studies for the analysis of 
large-scale EO data archives. 
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BigEarthNet: A Benchmark Archive for EO
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Results on the main tasks of the BigEarthNet.txt benchmark split for the fine-tuned adapted RS-InternVL model from 
InternVL3-1B as well as best results from VLMs in RS and CV, which are EarthMind and LLaVa for captioning, EarthDial and 
Qwen for binary VQA, EarthMind and Qwen for MCQ, and EarthMind  and GPT for referring expression detection. Reported 
metric for captioning is BLEU-4, while that for binary VQA, and MCQ is accuracy, and that for referring expression detection is 
mIoU. All results are in percent (%).

Results: BigEarthNet.txt
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Foundation Models for EO

The research on EO FMs has been mainly evolved along 
three directions:

✓ Scaling up model size and training data to increase 
representation capacity; 

✓ Introducing architectural innovations that improve the 
representation accuracy; 

✓ Integrating multiple data modalities to enhance multi-
modal learning. 
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Challenge: Selecting Foundation Models for RS Tasks

• The number of remote sensing foundation models 
is large and continuously increasing. 

• Models differ in modalities, applications, 
resolutions, hardware requirements, etc. 

• Model information is scattered (papers, model 
cards, repositories, etc.) and inconsistently 
described. 

•  Selection depends on user-specific needs 
(application, region, data, compute) and requires 
significant manual effort.  
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I want to map different crop 
types in Africa. I have some 

Sentinel-2 data and a few 
labels from last year.

What’s your hardware setup?
Are the labels sparse or well-

distributed?

Running on cloud, no GPU 
worries. But label data is 

sparse.

 Selected base model: Presto 
Issues detected: 

label sparsity, task shift, efficiency need
 Suggested adapters:

LoRA, Spatial resizing, Pseudo-labeling
Optimized Config:

{ precision: "fp16", batch_size: 8, engine: 
"ONNXRuntime" }

 Performance Estimation:
Expected F1: 0.78, Confidence: Medium

Can you check if this setup 
actually works?

 Ran test on Ethiopia + Morocco
Baseline F1: 0.68 → Adapted F1: 0.78

+0.10 gain → Accept adaptation

Please deploy the model for 
my task.

 Model deployment.

            Final Report:

Challenge: Selecting Foundation Models for RS Tasks
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REMSA (Remote-sensing Model Selection Agent)

B. Chen, et al. “Foundation Model Selection for Remote Sensing via a Constraint-Aware Agent”, under review. 
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FMD (Foundation Model 
Database)
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B. Chen, et al. “Foundation Model Selection for Remote Sensing via a Constraint-Aware Agent”, under review. 
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REMSA (Remote-sensing Model Selection Agent)

LLM Agent Core: 
• Interpreter: parses user queries into structured constraints. 
• Task Orchestrator: manages workflow and tool calls. 
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REMSA (Remote-sensing Model Selection Agent)

External Tools: • Retrieval Tool: finds candidate FMs from FMD via structured and semantic search • Ranking Tool: applies in-
context reasoning to prioritize models • Clarification Generator: asks targeted follow-up questions when needed during reasoning. 
• Explanation Generator: produces transparent justifications. 
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Agent-BigEarth
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Agent-BigEarth

Before                                                                                               After
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PROTEUS: The Copernicus Agent for Next-Generation 
Environmental Intelligence
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✓ Multi-Agents Collaboration for EO

✓ LLM-driven planning and workflow 

automation; 

✓ Geospatial agent-grounded reasoning; 

✓ Agent protocols for ground–space 

coordination; 

✓ Integration with geospatial Foundation 

Models; 

✓ Applications across both upstream 

mission design and downstream service 
delivery. 

Agentic AI for Earth Observation

Workshop on Agentic AI 
for Earth Observation

Date: 19-21 October 2026   
Venue: Langenbeck-Virchow-Haus, Berlin
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©ESA

Visit Our Group Webpage
https://rsim.berlin
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