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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: :
Clean Image Corrupted Image

How robust are EOFMs under these real-world

corruptions? _ . .
What color are the large vehicles seen in the image?

GT: Yellow, GeoChat: Teal, SkKySenseGPT: teal, VHM: vellow.

How many small vehicles are visible in the image?

REOBench GT: 2, GeoChat: 11, SkySenseGPT: 2, VHM: 3.

: : Is there a vehicle located at the top-most position in the provided image?
A comprehensive benchmark to systematically evaluate GT: Ver. GeoChat: Vo<, SkySenseGPT: Vo<, VHM: no.

robustness across tasks and corruptions . . . . .
What is the orientation of the road in the image?

GT: North-South, GeoChat: Right, SkySenseGPT: horizontal, VHM: north-south.



REOBench Dataset

Object
Detection

6 Task Classification Segmentation Caption VQA Grounding

12 synthetic corruptions

Environmental Corruptions

Cloud, Brightness, Haze distortions that
caused by atmospheric and lighting changes
Sensor-induced Corruptions

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

Rotation, Scale, and Translation distortions

caused by platform motion misalignment Rotate

S Severity

Original Motion blur-1 Motion blur-2 Motion blur-3 Motion blur-4 ~ Motion blur-5



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 (Ryp) — the relative decrease in accuracy under corrupted vs.
clean data:

I' 1 Performance on clean images E_I Performance on corrupted images

=

C = {C4,...,Cg}is aset of physically plausible corruption operator, such as haze, cloud occlusion, or sensor noise.



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...)

Table 1: Scene classification performance on AID dataset across different image perturbations. z s
denotes zero-shot evaluation.

Method Backbone Clean H{; %:15;:5 Cloud cz::ﬁﬁ:?? : g:; C]'_;]t?’ Ei?: Haze MI_.?IIEH Rotate l-ki;;rtr Scale Translate Avg Rip
MIM-based
SATLAS|57] Swin-B 9085 8154 8432 73.36 6723 TRI0 7906 8046 3244 TI54 7756 TINL BRSNS 7407 1847
SatMAE [5] ViT-L  72.05 44.82 59.58 67.26 4649 71.33 T1.25 2831 6385 69.15 7045 5974 6612 5986 1692
Scale-MAE [7] VIiT-L 7575 51.80 72.65 39.60 43.69 31.65 4631 5524 1749 6615 47.27 6158 6984 5027 33.64
RVSA [46] ViT-B 8460  56.84 77.33 56.07 53.14 5353 3251 49.19 2345 7688 3512 TL78 7722 5526 34.69
SatMAE++ |47] VIT-L 91.35 64.62 82.64 62.69 60.70 4823 7698 6256 2943 8549 7322 7579 8761 6750 26.11
CL-based
Remote CLIP: 5 |9] ViT-L.  81.10 7832 80.64 73.91 79.43 7683 7672 80.10 57.02 8280 7090 6839 8072 7548 693
Remote CLIP 9] ViT-B  96.85 90.80 95.36 91.13 B8.96 B89.18 9425 8746 6375 9622 9143 8362 9542 BROT R.15
Remote CLIP |9] VIT-L 9545 93.11 93.80 88.77 0421 9247 9420 9337 7445 9501 8699 8337 0406 9032 538
GeoRSCLIP., [10] WIT-L  66.05 62.41 63.47 60.45 6441 6203 6232 6224 4420 6552 5888 5259 o425 6040 BS55
GeoRSCLIP [10] VIT-B 9690 9359 96.04 91.01 0334 9260 9299 9291 5778 9570 8822 7570 9387 EBe65 8.5l
GeoRSCLIP [10] VIT-L 9740 96.27 96,45 92.28 95.62 96.09 9568 96.00 T1.03 97.20 9275 7716 9515 9180 574
LLM-based
GeoChat |12] ViT-L 63.85 od.af 63.26 60.71 odel 63327 6134 o454 4868 6305 6232 5621 6291 o1L72 627
LHRS-Bot | 507 ViT-L 8775 87.38 86.82 78.53 8595 B494 8262 B1.62 6776 8731 7673 7907 BeTl  BLT79 5.65
RS-LLaVA [51] VIiT-L  67.55 65.36 68.95 63.05 67.60 6373 6313 6597 4386 6655 6824 5489 6340 6307 6.63
SkySenseGPT |53] ViT-L 8735 87.72 87.91 79.66 87.67 8478 8308 8171 63.11 8686 8361 7549 8525 8274 5728
VHM [52] ViT-L 8060  79.81 80.67 76.10 80.82 7881 76.92 7955 5974 B047 7543 7257 T3 7671 4.81

Overall degradation of Scene classification

e All models drop largely under corruptions

e MIM-based methods are most affected
Robustness comparison

e CL & LLM models are more robust than MIM

e High-level semantics less sensitive to noise
Performance ranking

e CL-based models perform best overall

e GeoRSCLIP - highest accuracy

e VHM - smallest performance drop



Benchmark Robustness on EOFMs

Table 2: Semantic segmentation performance (mloU) on the ISPRS Potsdam dataset under different
image perturbations,

Method Backbone Clean HE.E;‘&?“ Cloud C[Trﬂﬁx,[m E:; G[;L::;" Ei?:: Haze h"};ﬁ?" Rotate I-‘favml}t:r Scale Translate Ave Ryp
MIM-based
SatMAE [5] Vil-L 59.51 50.18 37.30 4873 5115 5789 4185 4495 5757 5607 Je07 3BT 5909 4959 Tes7
ScaleMAE |7] WVIiT-L 6892 64.37 65.43 49.96 4184 6486 5489 6389 o449 6451 5112 6545 6838 6002 1291
RVSA [46] VIT-B  69.82 64.71 63.67 47.99 4534 6689 4889 6152 6525 6358 4526 6687  69.23 5043 1488
SatMAE++ [47] ViT-L  62.68 53.91 59.06 4974 5394 o038 4432 4880 6044 5334 3945 5813 6194 5404 1378
CL-based

RemoteCLIP [9 VIl-B 50.7% 47.37 4577 39.33 FTTE 3026 4846 Jeel 5006 4ed8  d69T 4839 4963 45012 10326
RemoteCLIF [9 VIiT-L  56.69 54.51 5273 43.24 51.19 5082 4512 5047 51,82 5368 3898 545% 5653 5031 1125
GeoRSCLIP [10]  WIT-B 51.44 2.89 46.41 40.37 386d 5135 4999 3856 5115 4789 4824 4928 5087 4629 10.01
GeoRSCLIP [10]  WiT-L  56.81 54.97 52.53 43.28 41.37 5049 427 4941 5136 5354 3698 5466 5664 4899 1377

Table 3: Object detection performance (mAP) on the DIOR dataset across different

image perturba-

1ons.

Method Backbone Clean H&ﬂ‘;}'i’ Cloud C[inrﬁrl_;;s;:m g:;i GP;L&? EZT:: Haze Ml;}li?n Rotate I-‘fd‘p;}::r Scale Translate Ave  Hpp
MIM-based

SatMAE ]3] ViT-L 2.30 56.84 57.86 55.80 5836 53338 5844 5934 5692 5660 3376 5158 6090 3682 BRI

ScaleMAE [7] VIT-L - 70.20 64.80 65.98 62.50 pddn 6258 6382 6610 6308 6344 630 5308 6826 6322 004

EVSA [45] ViT-B - 70,96 6,59 65.02 61.58 adel 6235 6287 6308 A2ER  ad0d  Se6l 5597 6069 6251 11.91

SatMAE++ [47] VIT-L 65.20 59.44 61.02 60,30 5988 566 6106 6172 5956 5914 SBed 4R4R 0 6470 5047 BTY
CL-based

FemoteCLIP |9 VIT-B a0.40 56.72 56.28 36,78 3456 5368 5736 5500 5347 5454 A0 4497 50T HMEs UTT

RemoteCLIP |2 VIT-L - 70.20 66,52 66,62 63.84 6540 6362 6368 6676 6166 6352 5016 5742 eBed 63090 BAES

GeoRSCLIP [10]  VIT-B  &0.20 56.28 56.04 56.08 5546 5338 5692 5550 5338 5398 5348 4698 5932 5473 909

GeoRSCLIP [10]  WVIT-L  69.80 66.12 65.34 65.34 6496 6362 6290 6604 6202 6268 5604 5740 6810 6338 920

Semantic Segmentation

e Both MIM & CL models drop >10% mloU
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

Table 4: Image captioning performance (CLAIR) on the VRSBench-Cap dataset across different

image perturbations. ff denotes models trained on the VRSBench training set.

_ ) . Brightness Compression Data Gauss Gauss Motion  Salt .
Method Backbone  Clean Contrast Cloud Artifacts Gaps Blur Noise Haze Blur  Pepper Avg R
GeoChat [12] VIiT-L  41.39 40.06 40.45 37.65 40.20 39.76 3848 4038 3992 37.61 39.59 4.35
SkySenseGPT [53] VIT-L  48.29 47.21 46.64 44.22 46.25 45.52 4497 46.14 4513 4436 45.60 5.57
VHM [52 VIiT-L  52.02 50.19 50.82 50.26 50.57 51.22 5046 5039 5072 4948 5046 3.00
RS-LLaVA [51] VIiT-L  51.30 51.15 50.43 51.78 50.54 52.01 47.84 5057 4988 4812 50.26 2.03
Falcon [54] DaViT-B  61.90 59.98 60.09 37.13 3948 5743 5631 3985 5994 5183 58.01 6.28
GeoChaty; [12] VIiT-L  71.26 69.00 68.93 66.60 69.45 68.63 67.83 6998 69.02 63.87 68.15 4.36

Table 5: VQA performance (Accuracy) on the VRSBench-VQA dataset
perturbations. ff indicates models fine-tuned on the VRSBench training set.

across different image

Brightness

Compression

Data

Gauss

Gauss

Motion

Salt

Method Backbone  Clean Contrast Cloud Artifacts Gaps Blur Noise Haze Blur  Pepper Avg R
GeoChat [12] VIT-L  56.63 53.89 54.82 55.14 5599 55.88 5544 56.22 54.08 54.04 5506 277
LHRS-Bot |50 VIT-L  35.72 35.72 35.69 35.72 3572 3572 3572 3572 3534 3572 3556 045
SkySenseGPT [53] VIT-L  60.21 59.26 59.73 57.93 59.64 5921 58.27 59.63 59.17 57.27 5890 2.18
VHM [52 VIT-L  61.72 60.91 61.07 60.40 61.49 6091 6091 61.12 5997  60.39 6090 1.33
RS-LLaVA |51] VIT-L  57.25 57.04 57.14 55.45 57.25 57.14 5597 57.21 55.25 55.82 5647 1.36
Falcon |54] DaViT-B  33.27 32.83 3270 32.19 3330 3343 3285 3276 3297 31.55 3273 1.59
GeoChaty: [12] ViT-L  75.79 75.13 14.97 73.84 75.63 7489 7446 7543 7476 T277 T465 1.50

Table 6: Visual grounding performance on the VRSBench-Ref dataset across different image pertur-
bations. We report grounding accuracy at an IoU threshold of 0.5. * indicates the GeoGround model
includes VRSBench in its training data. ff indicates models fine-tuned on the VRSBench training set.

. L . Brightness Compression Data Gauss Gauss ) Motion  Salt . o
Method Backbone ~ Clean Contrast Cloud Artifacts Gaps Blur Noise Haze Blur  Pepper Avg  Rm
GeoChat |12] ViT-L 18.96 17.09 16.54 16.52 16.19 le.61 1693 17.09 1691 16.57 16.72 11.81
VHM [52] VIT-L  37.20 34.66 35.29 34.18 35.48 35.01 3578 3554 3221 3458 3474 6.6l
GeoGround™® [59] VIT-L  75.93 73.57 T1.57 71.30 7223 7323 7292 T4.06 7211 TL77T 7253 448
Falcon [54] DaViT-B  73.30 71.31 69.92 65.83 68.61 70.79 6428 7T1.04 68.17 59.53 67.72 7.6l
GeoChat s, [12] VIT-L ~ 55.50 53.79 52.20 50.51 53.06 53.11 51.57 5423 5299 49.82 5236 5.660

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.



Robustness Analys

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

e (Classification tasks most sensitive to
corruptions

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

* Motion blur causes largest
performance drops
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Figure 2: Robustness across different
tasks and model architectures. We report
the average Rtp across models.
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Figure 3: Robustness across different

backbone sizes. We report the average
Rrp for RemoteCLIP and GeoRSCLIP.
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Figure 4: Robustness across different types of corrup-
tions. We report the Rrp across models.



Robustness Analysis

Table 7: Object Detection performance (mAP) on DIOR-R under compound corruptions
Model Clean Brightness Clouds Compression Brightness Bl'lghtl]E:S*..S C‘l::uu.ds . All Three
+ Clouds + Compression + Compression
Brightness o ] V] ]
Clouds V] v v/ Vv
Compression (v (v (v (v
RemoteCLIP 60.40 56.72 56.28 56.78 49.98 45.36 52.57 40.58
GeoRSCLIP 60.20 56.28 536.04 56.08 50.27 44.90 52.39 40.94
Compound corruptions amplify
performance degradation Table 8: Scene classification performance on the multispectral dataset across different image pertur-
_ o bations.
MUItISPECtraI mOdeIS Stl” brlttle Method Backbone Clean Brightness Cloud Compression Data Gauss Gauss Haze Motion Rotale Salt Scale Translate Ave R
. Contrast Artifacts Gaps Blur Noise ' Blur Pepper ' =
under Corrupt|0ns SatMAE |5] MoW-52 |60] 59.75 37.46 58.69 33.58 50.01 2935 36.64 41.57 4012 3893 5179 4335 59.68 4343 2731
EarthDial [62] BigEarthNet [61] 46.521 31.47 46.48 45.40 3497 3637 3869 3325 3084 2051 2271 39.18 45.30 36.93 20.62
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