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Robustness

Background:

Earth observation foundation models (EOFMs) have 
shown strong generalization across multiple tasks.

Motivation:

Real-world images are often affected by corruptions 
such as noise, blur, haze, and geometric distortions.

Question:

How robust are EOFMs under these real-world 
corruptions?

REOBench

A comprehensive benchmark to systematically evaluate 
robustness across tasks and corruptions
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REOBench Dataset

12 synthetic corruptions

5 Severity

Environmental Corruptions

Sensor-induced Corruptions

Geometric Corruptions

6 Task VQA GroundingClassification Segmentation
Object 

Detection
Caption

Cloud, Brightness, Haze distortions that 
caused by atmospheric and lighting changes

Blur, Noise, Compression and Sensor Gaps 
during sensor capture or data transmission

Rotation, Scale, and Translation distortions 
caused by platform motion misalignment



Definition of  Corruption Robustness

• We define robustness as a model’s ability to maintain task performance under realistic geophysical and sensor-induced 
corruptions.

• Robustness is quantified by Relative Task Performance Drop (𝓡𝑻𝑷) — the relative decrease in accuracy under corrupted vs. 
clean data:

𝐶 = {𝐶1, … , 𝐶𝐾} is a set of physically plausible corruption operator, such as haze, cloud occlusion, or sensor noise.

Performance on clean images Performance on corrupted images

Smaller 𝓡𝑻𝑷 ↓ indicates higher robustness ↑



Benchmark Robustness on EOFMs
Evaluate robustness across different tasks, model paradigms, and backbone scales.

• 6 Tasks: classification, segmentation, detection, captioning, VQA, and grounding.

• 3 Model Types: MIM-based (SatMAE, RVSA…), CL-based (RemoteCLIP, GeoRSCLIP), and LLM-based (GeoChat, RS-LLaVA…)

Overall degradation of Scene classification

• All models drop largely under corruptions

• MIM-based methods are most affected

Robustness comparison

• CL & LLM models are more robust than MIM

• High-level semantics less sensitive to noise

Performance ranking

• CL-based models perform best overall

• GeoRSCLIP → highest accuracy

• VHM → smallest performance drop



Benchmark Robustness on EOFMs

Semantic Segmentation

• Both MIM & CL models drop >10% mIoU 
under corruptions

• MIM-based models perform better on both 
clean & noisy data,but decline more under 
corruptions

Object Detection

• Both MIM & CL models drop >8% mAP under 
corruptions

• Comparable results on clean and corrupted 
data



Benchmark Robustness on EOFMs

Image Captioning

• All models degrade under noise.

• Fine-tuned GeoChat improves performance 
with similar robustness.

Visual Question Answering (VQA)

• All LLM-based models show moderate decline 
under perturbations.

• Fine-tuned GeoChat outperforms zero-shot 
models and improves robustness.

Visual Grounding

• All models drop under perturbations.

• Fine-tuned GeoChat improves accuracy and 
robustness.



• Vision-language models more robust 
than vision-centric models

• Classification tasks most sensitive to 
corruptions

• Larger backbones are more robust 
but can hurt fine-grained tasks.

• Motion blur causes largest 
performance drops

• Compound corruptions amplify 
performance degradation

• Multispectral models still brittle 
under perturbations

Robustness Analysis



Robustness Analysis

• Vision-language models more robust 
than vision-centric models

• Classification tasks most sensitive to 
corruptions

• Larger backbones are more robust 
but can hurt fine-grained tasks.

• Motion blur causes largest 
performance drops

• Compound corruptions amplify 
performance degradation

• Multispectral models still brittle 
under corruptions



Thank you for your Attention

Github available here:
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