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Abstract

Earth observation foundation models have shown strong generalization across mul-
tiple Earth observation tasks, but their robustness under real-world perturbations
remains underexplored. To bridge this gap, we introduce REOBench, the first com-
prehensive benchmark for evaluating the robustness of Earth observation foundation
models across six tasks and twelve types of image corruptions, including both
appearance-based and geometric perturbations. To ensure realistic and fine-grained
evaluation, our benchmark focuses on high-resolution optical remote sensing im-
ages, which are widely used in critical applications such as urban planning and
disaster response. We conduct a systematic evaluation of a broad range of models
trained using masked image modeling, contrastive learning, and vision-language
pre-training paradigms. Our results reveal that @ existing Earth observation founda-
tion models experience significant performance degradation when exposed to input
corruptions. @ The severity of degradation varies across tasks, model architectures,
backbone sizes, and types of corruption, with performance drop varying from
less than 1% to over 25%. ® Vision-language models show enhanced robustness,
particularly in multimodal tasks. REOBench underscores the vulnerability of cur-
rent Earth observation foundation models to real-world corruptions and provides
actionable insights for developing more robust and reliable models. Code and data
are publicly available at https://github.com/Ix709/REOBench.

1 Introduction

Recent studies have shown that foundation models pre-trained on large-scale datasets have demon-
strated powerful capabilities across multiple domains. Models such as MAE [[1]], CLIP [2]], MiniGPT-
4 3], and LLaVA [4] have achieved remarkable success in multiple vision and vision-language tasks.
These models are capable of extracting representative features from images, and more importantly, can
be quickly adapted to multiple downstream tasks with minimal fine-tuning, significantly improving
the efficiency and effectiveness of task-solving.

In the field of remote sensing, the rapid growth in data volume has sparked significant interest in
developing foundation models for remote sensing image analysis. Earth observation foundation
models (EOFMs) aim to leverage supervised or self-supervised training to build large-scale pre-
trained models that can be adapted to a wide range of downstream tasks, thereby improving the
performance and efficiency of Earth observation applications. In recent years, a growing body of
research has focused on constructing such foundation models tailored for remote sensing. Mainstream
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models can be divided into unimodal pre-trained foundation models (e.g., SatMAE [5]], RingMo [6],
ScaleMAE [7], Spectral GPT [8]]) and vision-language foundation models (e.g., RemoteCLIP [9],
GeoRSCLIP [10], RSGPT [11], GeoChat [[12]). These EOFMs have demonstrated their powerful
performance in numerous downstream tasks. A comprehensive review of EOFMs can be found
in [13419].

Despite advancements in EOFMs, there remains a significant gap in systematically benchmarking
their robustness towards image perturbations. Remote sensing images are particularly susceptible to
factors such as weather conditions or sensor discrepancies, which can introduce significant noise and
variability [20422], posing challenges to current EOFMs. Therefore, developing a comprehensive
benchmark to evaluate and compare the robustness of these models holds great academic and practical
significance. Such benchmarking efforts can guide the design of highly robust EOFMs that effectively
adapt to noise and data variability, ensuring stable and reliable results under diverse conditions.

To achieve this, we introduce REOBench, a comprehensive Benchmark designed to evaluate the
Robustness of Earth Observation foundation models, covering state-of-the-art models based on
masked image modeling, contrastive learning, and large language models. REOBench focuses on
high-resolution optical remote sensing images, which are widely used in real-world applications such
as urban planning and disaster response. We conducted experiments on six widely studied remote
sensing image understanding tasks, covering both vision-centric and vision-language tasks, under
twelve types of perturbations. These include both appearance-based corruptions (e.g., noise, blur,
haze) and geometric distortions (e.g., rotation, scale, translation), applied at varying severity levels
to simulate realistic environmental and sensor-induced challenges. Our evaluation yields three key
findings:

* Existing Earth observation foundation models suffer noticeable performance degradation under
common image corruptions, with particularly sharp drops for the models based on masked image
modeling.

* The degree of vulnerability to image corruptions varies across tasks, model architectures, and types
of perturbations, with performance drop varying from less than 1% to over 20%.

* Vision-language foundation models exhibit greater robustness to visual perturbations compared to
vision-centric foundation models, particularly in image-level scene classification tasks.

In summary, REOBench provides the first large-scale, task-diverse, and perturbation-rich benchmark
for evaluating robustness in EOFMs. It offers actionable insights for the research community and
serves as a stepping stone toward building more reliable, generalizable, and trustworthy Al systems
for Earth observation.

2 REOBench Dataset

To systematically evaluate the robustness of EOFMs, we construct a benchmark dataset by incorporat-
ing widely used remote sensing datasets spanning diverse tasks. Specifically, we include AID [23]] for
scene classification, ISPRS Potsdam [24]] for semantic segmentation, DIOR [25]] for object detection,
and three subsets from VRSBench [26] for image captioning, visual question answering (VQA), and
visual grounding. These datasets are selected based on their popularity, diversity of content, and
relevance to the tasks under evaluation.

2.1 Corruptions in Remote Sensing Images

Remote sensing platforms are subject to a wide range of visual degradations that differ significantly
from those encountered by ground-based cameras. To systematically evaluate the robustness of
RSFMs, we construct a benchmark comprising 12 synthetic corruptions, categorized into three
types: environmental, sensor-induced, and geometric. Each corruption is generated using physically
or statistically grounded procedures to ensure the resulting images remain photorealistic while
faithfully reflecting failure modes commonly observed in satellite and UAV imagery.

Environmental Corruptions. Atmospheric and illumination variations constitute predominant envi-
ronmental degradations. For instance, Cloud occlusions substantially obscure optical remote sensing
data, severely impacting scene interpretability [27, 28]]. Variations in Brightness resulting from
shifting sun angles affect radiometric stability and degrade feature matching and object recognition



performance [29, 30]]. Haze, caused by aerosol scattering, significantly lowers image contrast and
impairs detection and classification accuracy [32]]. Following established benchmarks [33]], we
simulate these environmental corruptions using physically motivated image augmentation techniques.

Sensor-induced Corruptions. Imperfections during sensor capture or data transmission introduce
various degradations. Gaussian Blur, indicative of defocusing or modulation transfer function
(MTF) degradation, compromises tie-point accuracy and feature localization [34] 33]. Motion
Blur, arising from platform vibrations or rapid movements, negatively impacts object detection and
tracking in aerial inspections [36]. Gaussian Noise and Salt & Pepper Noise, simulating electronic
interference and bit-flip errors respectively, significantly decrease segmentation and classification
accuracy [37,38]]. Sensor Gap degradations, exemplified by the Landsat-7 SLC-off issue, necessitate
specialized gap-filling methodologies [39,[40]]. Furthermore, Compression artifacts, such as those
from JPEG/JPEG2000, substantially impair the quality of CNN feature extraction [41]]. These sensor-
induced corruptions are replicated through established augmentation and simulation protocols in line
with existing research [33] [42]].

Geometric Corruptions. Geometric distortions originate primarily from variations in sensor ori-
entation, altitude, and registration accuracy. Rotation caused by platform roll or yaw introduces
inconsistencies in orientation-sensitive feature extraction processes [43]. Scale alterations resulting
from altitude fluctuations pose significant challenges for detectors lacking robust multi-scale adapt-
ability [44]. Translation, modeling inaccuracies due to GPS drift, registration errors, or parallax,
adversely affects pixel-aligned or patch-based analysis methods [43]]. To effectively simulate these
geometric degradations, we apply spatial transformations, including image Rotation, Scaling, and
Translation, to remote sensing images.

In total, these corruption categories encompass twelve distinct types. Each type of corruption is
applied consistently across all datasets at five severity levels. Fig.[T|illustrates one example of original
and corrupted images.

Brightness

Haze Motion Blur Rotate Salt & Pepper Scale Translate

Figure 1: Example of perturbed images. In the first row, we present the original clean image alongside
images perturbed by five levels of motion blur. The second and third rows illustrate examples of
images corrupted by a range of perturbation types.

2.2 Definition of Corruption Robustness

We formalize the corruption robustness of EOFMs as its ability to maintain task performance in the
presence of realistic geophysical and sensor-induced degradations frequently encountered in Earth



observation. Let f : X — ) denote an EOFMs that maps an input image € X' to a label y € ),
with (x,y) sampled from an underlying geospatial data-generating distribution D. We define a set
of corruptions C = {cy, ..., cx }, where each ¢; € C represents a physically plausible corruption
operator, such as haze, cloud occlusion, or sensor noise. Each corruption occurs with a non-zero
prevalence P¢(cy) > 0. To quantify robustness, we define the relative task performance drop (Rrp),
which measures the degradation in model performance under corrupted inputs relative to its accuracy
on clean data:

P(m,y)ND[f(m) = y} — Eenc [P(z,y)ND [f(C(ZE)) = yH .

RTP - P(w,y)N'D[f(x) = y]

ey

A smaller Rrp indicates greater robustness, as it reflects less relative degradation when encountering
corrupted data.

3 Benchmark Robustness on EOFMs

We evaluate the robustness of EOFMs across six widely studied remote sensing image understanding
tasks: scene classification, semantic segmentation, object detection, image captioning, visual question
answering (VQA), and visual grounding. The evaluated models represent the current state-of-the-art
in remote sensing and can be broadly categorized into the following three types.

MIM-based foundation models. Masked image modeling (MIM) has gained popularity through the
pioneering work of MAE [1]]. In the field of remote sensing, notable approaches include SatMAE [5]],
RVSA [46]], ScaleMAE [7], and SatMAE++ [47].

CL-based foundation models. Building on the success of the pioneering work CLIP [2], multiple
contrastive learning (CL) -based foundation models have been introduced in the field of remote
sensing, such as RemoteCLIP [9] and GeoRSCLIP [10]. To investigate robustness with respect to
different backbone sizes, we evaluate two commonly used architectures in our experiments: ViT-B/32
and ViT-L/14 [48]].

LLM-based foundation models. Following the pioneering works of GPT-4 [49], MiniGPT-4 [3]],
and LLaVA [4], multimodal large language models (MLLMs) have attracted significant research
attention in recent years. Notable approaches include GeoChat [[12]], LHRS-Bot [S0], RS-LLaVA [51]],
VHM [52]], SkySenseGPT [53], and Falcon [54]]. In our experiments, we evaluate models with open-
access code and pretrained weights for comparison.

3.1 Implementation Details

For MIM- and CLIP-based models, we take the vision backbones from pretrained foundation models
and append a task-specific head (e.g., MLP, detectors, or segmentors) for each task. For these
LLM-based models, since these generalist models usually freeze their vision backbones and can
naturally handle multiple tasks, we directly evaluate zero-shot performance of these models to test
their robustness.

For the scene classification task, we take the backbone from all pretrained foundation models and
append a single linear layer after the backbone for classification. For the semantic segmentation
(resp. detection) task, we follow RVSA [46] to use UpperNet [55] (resp. Oriented R-CNN [56])
as the segmentor (resp. detector) and replace its backbone with that from pretrained foundation
models. Following RVSA [46], we build a feature pyramid from blocks 4, 6, 8, and 12 using up/down-
sampling. All models are trained for 12 epochs with an initial learning rate of le-5, decayed by 0.1 at
epochs 8 and 11.

For vision-language tasks, including image captioning, visual question answering, and visual ground-
ing, we follow the original paper designs to craft task-specific prompts and evaluate the zero-shot
performance of these foundation models to assess robustness. It should be noted that different
pretrained foundation models are designed to accept images at specific resolutions. When the input
image size differs from the pretrained backbone’s expected resolution, we interpolate the position
embeddings in the backbone to accommodate the new input dimensions.



3.2 Scene Classification

From Table[I] we can draw the following findings: 1) All benchmark methods suffer from serious
performance under image corruptions for the scene classification tasks, especially for MIM-based
methods. 2) CL- and LLM-based methods are more robust towards image corruptions than MIM-
based methods. This is probably because CL- and LLM-based methods are trained by matching
image-text pairs in a shared embedding space, learning high-level semantic features less sensitive to
low-level corruptions. In contrast, MIM-based methods are trained by reconstructing pixel- or token-
level details, making them sensitive to local corruptions. Specifically, VHM [52]] achieves the least
performance drop under image corruptions. 3) CL-based methods usually perform better than MIM
and LLM-based methods on the scene classification task, for both clean and noisy images. Specifically,
GeoRSCLIP [[10] achieves the best scene classification performance under image corruptions.

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

Method Backbone Clean Bé‘f:t?:\ifs Cloud Co‘:l\{)i;zzsllson GDf:}t);; C;’;lliis Sz‘::: Haze Ml;)llll:;n Rotate P:;}I)[er Scale Translate Avg Rrp
MIM-based
SATLAS |57 Swin-B 90.85 82.54 84.32 73.36 67.23 78.10 79.16 8046 3244 7254 7756 7254 8854 7407 1847
SatMAE |5 VIT-L  72.05 44.82 59.58 67.26 4649 71.33 7125 2831 6385 69.15 7045 59.74 66.12 59.86 16.92
Scale-MAE [7 ViT-L 7575 51.80 72.65 39.60 43.69 31.65 4631 5524 1749 66.15 4727 61.58 69.84 50.27 33.64
RVSA |46 ViT-B  84.60 56.84 77.33 56.07 53.14 5353 3251 49.19 2345 7688 3512 71.78 7722 5526 34.69
SatMAE++ [47 VIT-L  91.35 64.62 82.64 62.69 60.70 48.23 76.98 62.56 29.43 8549 7322 7579 87.61 67.50 26.11
CL-based
RemoteCLIP. [9] ViT-L  81.10 78.32 80.64 7391 7943 76.83 7672 80.10 57.02 8280 7090 6839 80.72 7548 6.93
RemoteCLIP [9 ViT-B  96.85 90.80 95.36 91.13 88.96 89.18 9425 8746 63.75 9622 9143 83.62 9542 8397 8.15
RemoteCLIP [9 ViT-L 9545 93.11 93.80 88.77 94.21 9247 9420 93.37 7445 9501 8699 8337 9406 90.32 538
GeoRSCLIP. [10 ViT-L  66.05 62.41 65.47 60.45 6441 62.03 6232 6224 4420 6552 5888 5259 6425 6040 8.55
GeoRSCLIP [10! ViT-B  96.90 93.59 96.04 91.01 93.34 92.60 9299 9291 57.78 9570 8822 7570 93.87 88.65 851
GeoRSCLIP [10 ViT-L  97.40 96.27 96.45 92.28 95.62 96.09 9568 96.00 71.03 97.20 9275 77.16 95.15 91.80 5.74
LLM-based
GeoChat [12 VIT-L  65.85 64.67 65.26 60.71 64.61 6332 6234 6454 48.68 6505 6232 5621 6291 61.72 627
LHRS-Bot [50 ViT-L 8775 87.38 86.82 78.53 8595 8494 8262 8762 67.76 8731 7673 79.07 86.71 8279 5.65
RS-LLaVA [51 ViT-L  67.55 65.36 68.95 63.05 67.69 6573 63.13 6597 4386 6655 6824 5489 6340 63.07 6.63
SkySenseGPT [53 VIT-L 8735 87.72 87.91 79.66 87.67 8478 83.08 8771 63.11 86.86 83.61 7549 8525 8274 528
VHM (52 ViT-L  80.60 79.81 80.67 76.10 80.82 78.81 76.92 79.55 59.74 80.47 7543 7257 7973 7672 4.81

3.3 Semantic Segmentation

The ISPRS Potsdam dataset provides both non-eroded and eroded labels, corresponding to annotations
with and without object boundaries, respectively. In our experiments, we use the non-eroded labels
for model evaluation and report the mean IoU for MIM- and CL-based methods. We omit LLM-based
methods for semantic segmentation due to the lack of open-source MLLMs for this task. From Table
[2l we can draw the following findings: 1) both MIM- and CL-based methods suffer from serious
performance under image corruptions for the object detection task, with a mIoU drop of more than
10%. 2) MIM-based methods achieve much better performance than CL-based methods on clean
and noisy images. This is probably because MIM-based methods can capture local details by pixel
reconstruction, while CL-based methods align global visual embeddings with text features, thus
losing fine-grained details. Specifically, ScaleMAE [[7] achieves the best segmentation performance
under image corruption, with an average mloU of 60.02%. 3) MIM-based methods suffer from
a more serious performance drop under image corruptions than CL-based methods. Specifically,
GeoRSCLIP [10] achieves the best robustness across image corruptions, with a drop of 10.01% of
mloU under corruptions.

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

Method Backbone Clean Bg f:[:;i:g Cloud C(;;nrﬁ;;::on g;;i C]';ll]l;g (131?)‘::; Haze M];)II;:" Rotate PeS;;l)ter Scale Translate Avg Rrp
MIM-based
SatMAE (5] ViT-L  59.51 50.18 37.39 48.23 51.15 57.89 4183 4495 5752 56.02 3607 5481 59.09 4959 16.67
ScaleMAE (7 ViT-L  68.92 64.37 6543 49.96 41.84 6480 54.89 63.89 06449 6451 5212 6545 6838 60.02 1291
RVSA [46] ViT-B  69.82 64.71 65.67 47.99 4534 66.89 4889 61.52 6525 6558 4526 66.87 69.23 5943 14.88
SatMAE++ [47 ViT-L  62.68 5391 59.06 49.74 5394 6038 4432 48.80 6044 5834 3945 5813 6194 54.04 13.78
CL-based

RemoteCLIP [9 ViT-B  50.28 42.32 45.27 39.33 37.78 5026 48.46 36.61 50.06 46.48 4691 4839 49.63 45.12 10.26
RemoteCLIP [9 ViT-L  56.69 54.51 52.73 43.24 51.19 50.82 45.12 50.47 51.82 53.68 3898 54.59 5653 5031 11.25
GeoRSCLIP [10]  ViT-B  51.44 42.89 46.41 40.37 38.64 51.35 49.79 3856 S5I1.15 4789 4824 49.28 5087 46.29 10.01
GeoRSCLIP [10]  ViT-L  56.81 54.97 52.53 43.28 4137 5049 427 4941 5136 5354 3698 5466 56.64 4899 13.77




3.4 Object Detection

We evaluate robustness on the corrupted images from the DIOR dataset. We report mAP for MIM-
and CL-based methods. We omit LLM-based methods for the object detection task due to the lack
of open-source LLMs for this task. From Table [3] we can draw the following findings: 1) both
MIM- and CL-based methods suffer from serious performance under image corruptions, with a mAP
drop of more than 8%. 2) MIM- and CL-based methods achieve comparable performance for object
detection on clean and noisy images. RVSA [46] attains the highest mAP of 70.96% on clean images
but experiences the most severe performance decline under image corruptions. 3) MIM-based and
CL-based methods exhibit a similar degree of performance degradation when subjected to image
corruptions. Among them, SatMAE++ [47]] demonstrates the most robust detection performance
under noisy conditions.

Table 3: Object detection performance (mAP) on the DIOR dataset across different image perturba-
tions.

Method Backbone Clean Bgug‘hlr:?s Cloud C‘K‘;ﬂgz‘:“ GD:L‘: (?;111‘1;5 (IEI‘:;::; Haze M;ll:;" Rotate PS:;; Scale Translate Avg Rrp
MIM-based
SatMAE [5 VIiT-L 62.30 56.84 57.86 55.80 5836 55.38 5844 5934 5692 56.60 53.76 51.58 6090 56.82 8.81
ScaleMAE [7 ViT-L 70.20 64.80 65.98 62.50 64.46 62.58 63.82 66.10 63.08 63.44 60.50 53.08 6826 63.22 9.94
RVSA [46 ViT-B 70.96 60.59 65.02 61.58 64.60 6235 62.87 6398 6288 64.04 56.61 5597 69.69 6251 1191
SatMAE++ [47 ViT-L 65.20 59.44 61.02 60.30 59.88 59.66 61.06 61.72 59.56 59.14 58.64 4848 6470 59.47 8.79
CL-based

RemoteCLIP [9 VIiT-B  60.40 56.72 56.28 56.78 5456 53.68 5736 5590 5342 5454 5440 4492 5972 5486 9.17
RemoteCLIP [9 ViT-L  70.20 66.52 66.62 63.84 6540 63.62 63.68 66.76 62.66 6352 59.16 5742 68.64 6399 8.85
GeoRSCLIP [10] ViT-B  60.20 56.28 56.04 56.08 55.46 5338 5692 5550 5338 5398 5348 4698 5932 5473 9.09
GeoRSCLIP [10] ViT-L  69.80 66.12 65.34 65.34 6496 63.62 6290 66.04 62.02 6268 56.04 5740 68.10 63.38 9.20

3.5 Image Captioning

Table ] presents the zero-shot image captioning performance of GeoChat [12]], SkySenseGPT [53]],
VHM [52], RS-LLaVA [51], and the recently introduced Falcon model [54]. Following the VRS-
Bench protocol [26], caption quality is evaluated using the GPT-4-based CLAIR metric [S SH Given
that geometric distortions—such as rotation, scaling, and translation—can substantially alter im-
age content, we exclude performance measurements under these corruption conditions for image
captioning, VQA, and visual grounding tasks.

As shown in the upper part of Table[d] all models experience performance degradation under noisy
conditions. Among them, the Falcon [54] model achieves the best overall performance, significantly
outperforming other methods on both clean and corrupted images. However, it also suffers the largest
performance drop of 6.28%. In contrast, RS-LLaVA [51] demonstrates the strongest robustness
to image corruptions, exhibiting the smallest decrease in CLAIR score, with only a 2.03% drop.
Additionally, we present results for GeoChat [12]], fine-tuned on the VRSBench training set, as shown
in the lower part of Table[d The fine-tuned GeoChat model on the target dataset exhibits significantly
improved performance compared to its zero-shot counterpart, with similar performance drop under
corruptions.

Table 4: Image captioning performance (CLAIR) on the VRSBench-Cap dataset across different
image perturbations. ft 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] ViT-L  41.39 40.06 40.45 37.65 40.20 39.76 38.48 4038 3992 37.61 39.59 435
SkySenseGPT [53]  ViT-L ~ 48.29 47.21 46.64 4422 4625 4552 4497 46.14 4513 4436 45.60 5.57
VHM [52] ViT-L  52.02 50.19 50.82 50.26 50.57 51.22 5046 50.39 50.72 49.48 50.46 3.00
RS-LLaVA [51] ViT-L  51.30 5115 50.43 51.78 50.54 52.01 47.84 50.57 49.88 48.12 50.26 2.03
Falcon [54] DaViT-B  61.90 59.98 60.09 57.13 59.48 57.43 5631 59.85 59.94 51.83 58.01 6.28
GeoChaty, [12] ViT-L  71.26 69.00 68.93 66.60 69.45 68.63 67.83 69.98 69.02 63.87 68.15 4.36

3.6 Visual Question Anaswering

Table [5] reports VQA performance across various image perturbations. Following the VRSBench
protocol [26], VQA performance is evaluated using the GPT-4-based matching accuracyﬂ From

3We use the gpt-40-mini-2024-07-18 model to compute the CLAIR scores.
“We use the gpt-40-mini-2024-07-18 model to compute the matching accuracy for VQA.



Table[3] it is evident that all LLM-based models experience a moderate decline in performance under
image perturbations. Overall, VHM [52]] achieves the best accuracy across both clean and noisy
images. LHRS-Bot [50], RS-LLaVA [51], and Falcon [54]], despite showing relatively lower overall
accuracy, exhibit less sensitivity to image corruptions. Additionally, the GeoChat [[12] fine-tuned
on the VRSBench training set surpasses zero-shot models in terms of absolute performance, while
exhibiting a slightly smaller performance drop under perturbations, indicating improved robustness.

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

Brightness Compression Data  Gauss Gauss Motion  Salt
Method Backbone  Clean " s C1090 ™ Antifacts Gaps Blur  Noise Haze gy Pepper Avg Rre
GeoChat [12] ViT-L  56.63 53.89 54.82 55.14 5599 5588 5544 56.22 5408 54.04 55.06 2.77
LHRS-Bot [50 VIT-L  35.72 3572 35.69 3572 3572 3572 3572 3572 3534 3572 3556 0.45
SkySenseGPT [53]  ViT-L  60.21 59.26 59.73 57.93 59.64 59.21 5827 59.63 59.17 5727 5890 2.18
VHM [52 VIT-L  61.72 60.91 61.07 60.40 61.49 6091 6091 61.12 59.97 60.39 60.90 1.33
RS-LLaVA [51 VIT-L  57.25 57.04 57.14 55.45 5725 57.14 5597 5721 5525 5582 56.47 1.36
Falcon [54] DaViT-B  33.27 32.83 32.70 32.19 33.30 3343 3285 3276 3297 3155 3273 1.59
GeoChaty, [12] ViT-L 7579 75.13 74.97 73.84 75.63 74.89 7446 7543 7476 7277 74.65 1.50

3.7 Visual Grounding

Table [6] presents the zero-shot visual grounding performance of comparing methods. We report
grounding accuracy at an IoU threshold of 0.5. As shown in the upper part of Table [6] all methods
experience noticeable declines in performance under image perturbations. The GeoGround [59]
model achieves the best performance on both clean and perturbed images, with a grounding accu-
racy of 75.93% and the smallest drop of 4.48%. In comparison, the Falcon [54]] model, despite
not being trained on VRSBench, demonstrates competitive visual grounding capability, but expe-
riences a more significant degradation in performance when exposed to image corruptions. The
fine-tuned GeoChat [[12] model shows substantial improvements over its zero-shot counterpart, with
a substantially reduced performance drop under noisy conditions.

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. ft indicates models fine-tuned on the VRSBench training set.

Brightness Compression Data Gauss Gauss Motion  Salt N
Method Backbone - Clean Contrast Cloud Artifacts Gaps Blur Noise Haze Blur  Pepper Avg R
GeoChat [12] ViT-L  18.96 17.09 16.54 16.52 16.19 16.61 1693 17.09 1691 16.57 16.72 11.81
VHM [52] ViT-L  37.20 34.66 35.29 34.18 3548 35.01 3578 3554 3221 3458 3474 6.61
GeoGround™ [59]  VIT-L 7593 73.57 71.57 71.30 7223 7323 7292 74.06 7211 71.77 72.53 4.48
Falcon [54] DaViT-B  73.30 71.31 69.92 65.83 68.61 70.79 64.28 71.04 68.17 59.53 67.72 7.61

GeoChaty, [12] ViT-L  55.50 53.79 52.20 50.51 53.06 53.11 51.57 5423 5299 49.82 5236 5.66

4 Discussion

In this section, we further analyze the robustness of EOFMs across model architectures, tasks,
corruption categories, and backbone sizes.

4.1 Vision-Centric vs. Vision-Language Foundation Models

As shown in Fig.[2] vision-centric foundation models (MIM-based) tend to suffer greater performance
degradation under visual perturbations compared to vision-language models (CL- and VLM-based).
This difference is especially pronounced in image-level scene classification tasks, where MIM-based
models exhibit an average performance drop exceeding 25%. In contrast, vision-language models
consistently demonstrate stronger robustness across tasks, maintaining performance drops below 10%
in most cases. This is probably due to the complementary grounding effect of language supervision.
We also note that the robustness gap between vision-centric and vision-language models is less
significant for segmentation and detection tasks.



4.2 Robustness Across Different Tasks

Fig. 2| further highlights that vulnerability to perturbations varies substantially across tasks. MIM-
based models are particularly sensitive in classification tasks, while CL-based models maintain
greater stability across classification, segmentation, and detection tasks. This can be attributed to the
contrastive objective, which encourages learning of invariant and robust representations. LLM-based
models, on the other hand, show the smallest performance degradation in vision-language tasks
such as image captioning and visual question answering (VQA)—typically below 5%. These results
suggest that LLM-based methods excel in corruption-robust generalization, particularly in tasks that
benefit from multimodal alignment.
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4.3 Robustness Across Different Backbone Sizes

For scene classification, the larger backbone (ViT-L) demonstrates greater robustness, showing less
performance degradation under image corruptions. However, for fine-grained tasks such as semantic
segmentation and object detection, ViT-L suffers larger performance drops compared to ViT-B. This
suggests that while a larger backbone may enhance robustness in high-level recognition tasks, it may
also amplify sensitivity to image corruptions in pixel- or region-level tasks.

4.4 Robustness Across Perturbation Types

As shown in Fig. ] the performance degradation of MIM-, CL-, and LLM-based models varies
notably across different visual perturbations. Motion blur causes the most severe drop, especially for
MIM, which loses around 60% in performance, indicating a high sensitivity to spatial distortions. In
contrast, translation has the least impact, suggesting minimal disruption to pattern recognition. Across
perturbation types, LLM-based models consistently exhibit the strongest robustness, maintaining
performance drops below 10% in most cases. This reinforces the value of language supervision in
promoting the learning of more semantic and perturbation-invariant features.



4.5 Robustness Across Compound Perturbations

Real-world images often suffer from multiple simultaneous degradations (e.g., haze combined
with noise). To investigate this, we evaluate object detection performance under selected compound
perturbations on the DIOR-R dataset. The results from Table[7|reveal that models exhibit substantially
lower accuracy under compound perturbations compared to single perturbations. For example, the
detection performance of RemoteCLIP drops from 56.72% under Brightness to 40.58% under all
three combined perturbations. Moreover, certain combinations of perturbations, such as Brightness
+ Compression, produce synergistic effects, causing performance declines that exceed the sum of
individual perturbation effects.

Table 7: Object Detection performance (mAP) on DIOR-R under compound corruptions

Model Clean Brightness Clouds Compression Brightness Bnghtnes§ Clouds . All Three
+ Clouds  + Compression + Compression

Brightness (V) (] (V] o

Clouds (V] (V] o V]

Compression (V] o (] o

RemoteCLIP  60.40 56.72 56.28 56.78 49.98 45.36 52.57 40.58

GeoRSCLIP  60.20 56.28 56.04 56.08 50.27 44.90 52.39 40.94

4.6 Robustness in Multispectral Remote Sensing

In addition to high-resolution RGB imagery, multispectral data provide complementary spectral
information that can improve scene understanding and robustness in Earth Observation. To assess the
robustness of EO foundation models beyond optical imagery, we conduct preliminary experiments
on two representative multispectral datasets: fMoW-Sentinel2 [60] and BigEarthNet [61]], using two
recently proposed foundation models, SatMAE [3]] and EarthDial [62]. The results, summarized in
Table[§] show substantial performance drops under image perturbations, underscoring the brittleness
of current EO foundation models when applied to multispectral data.

Table 8: Scene classification performance on the multispectral dataset across different image pertur-
bations.

Brightness Compression Data  Gauss Gauss Motion ‘ Salt . S ’
Contrast " Aifacts Gaps Blur  Noise Haze gy, Rotate Pepper Scale Translate  Avg Ree

SatMAE |3 fMoW-S2 [60 59.75 37.46 58.69 33.58 50.01 2935 36.64 41.57 40.12 3893 51.79 4335 59.68 4343 27.31

EarthDial [62] BigEarthNet [61] 46.521 31.47 46.48 45.40 3497 3637 38.69 33.25 39.84 29.51 2271 39.18 4530 3693 20.62

Method Backbone Clean

5 Related Works

Robustness Research in Remote Sensing. Deep learning (DL)-based methods have achieved
significant success in remote sensing image processing; however, their black-box nature raises
concerns regarding interpretability, transparency, and vulnerability to adversarial examples. Recent
studies have begun to address the robustness of DL models in this domain. Kazmi et al.[20] present
a comprehensive literature review on adversarial attacks in aerial imagery processing, but do not
provide an in-depth analysis of model robustness. Mei et al.[21] examine the robustness of DL-based
methods for remote sensing image understanding, with a focus on image classification and object
detection tasks. Lian et al. 63} 22] propose techniques to enhance adversarial robustness specifically
for object detection in aerial imagery. [64] aims to improve the adversarial robustness of scene
classification models in remote sensing via CAM-guided feature learning. These works only study the
robustness of task-specific models. In contrast, our work for the first time investigates the robustness
of foundation models in remote sensing.

Foundation Models in Remote Sensing. In general, there are four types of foundation models
in remote sensing: MIM-based, CL-based, LLM-based, and diffusion-based methods. (1) Masked
Image Modeling (MIM) has gained popularity through the pioneering work of MAE [1]]. These
methods typically employ an encoder network to learn feature representations by masking a portion
of the image tokens, followed by a decoder network that reconstructs the masked image pixels in
a self-supervised manner. In the field of remote sensing, notable approaches include SatMAE [3],



RingMo [6]], RVSA [46], ScaleMAE [7], SatMAE++ [47], and DOFA [65]. (2) Contrastive Learning
(CL) employs separate encoders to project images and texts into a shared embedding space, using a
contrastive objective to align the resulting embeddings. Building on the success of the pioneering
work CLIP [2], several contrastive learning-based foundation models have been introduced in the
field of remote sensing, including RS-CLIP [10], RemoteCLIP [9]], GeoRSCLIP [10], SkyCLIP [66],
S-CLIP [67], SatCLIP [68], and GeoCLIP [69]. (3) Following the pioneering works of MiniGPT-4 [3]]
and LLaVA [4], multimodal large language models (MLLMs) have attracted significant research
attention in recent years. For instance, RSGPT [11] introduces the first GPT-based MLLM tailored for
remote sensing image understanding. Other notable approaches include GeoChat [12], EarthGPT [70],
EarthMarker [71]], Popeye [72], RS-LLaVA [51], VHM [52], LHRS-Bot [50], SkyEyeGPT [73l],
SkySenseGPT [53], RSUniVLM [74], and Falcon [54]. (4) Diffusion-based foundation models learn
the joint distribution between text prompts and images through a forward noising process followed by
a reverse denoising process. Recent studies have applied these models to synthesize satellite 75} [76],
aerial [[77], hyperspectral [78]], and multi-resolution imagery [79].

6 Conclusion and Future Work

In this work, we present REOBench, the first comprehensive benchmark for evaluating the robustness
of EOFMs across six core tasks and twelve perturbation types. Our evaluation reveals that existing
EOFMs experience noticeable performance degradation under image corruptions. We also observe
significant variations in robustness across model types, task categories, and backbone sizes, offering
valuable insights for future development of robust models. We hope REOBench will serve as a
standard benchmark to drive the creation of more robust and reliable models for Earth observation.

Despite its contributions, this work has several limitations. First, the evaluation is limited to high-
resolution optical imagery, excluding other key modalities such as multispectral (e.g., Sentinel-2),
hyperspectral, and SAR data. Second, the benchmark’s dataset and task coverage are not exhaustive.
While it includes widely used datasets (AID, Potsdam, DIOR, VRSBench), they may not fully reflect
global variation in geography, resolution, or sensor types. Additionally, important tasks such as
change detection, region captioning, and object counting are currently not included.

7 Broader Impact

REOBench aims to improve the reliability of Earth observation foundation models by systematically
evaluating their robustness to real-world noise and perturbations. This is critical for high-stakes
applications such as disaster response and environmental monitoring. By identifying vulnerability
patterns across tasks and models, our benchmark can guide the development of future robust models.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: See the Abstract and Introduction sections.
Guidelines:

e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: See the Conclusion and Future Work section.
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: No theoretical results in this study.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We provide implementation details on how to use foundation models for
downstream tasks in Section 3.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We release our dataset at Huggingface and code at GitHub.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: See Section 3.1.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We report the average performance drop under image corruptions in our
experiments.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We include details about computing resources in the supplementary.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: We follow the NeurIPS Code of Ethics in this study.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: See Broader Impact section.
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

e If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: We require users to adhere to the usage guidelines of our dataset.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The source datasets used in this study, including AID, ISPRS Potsdam 2D
Labeling, and VRSBench, are properly cited and available online as open-access resources
and are free for academic use.

Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets

has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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13.

14.

15.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We provide detailed and well-structured documentation of our dataset in the
supplementary and the project page.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: LLMs are not used as an important, original, or non-standard component of
the core methods.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.

22


https://neurips.cc/Conferences/2025/LLM

	Introduction
	REOBench Dataset
	Corruptions in Remote Sensing Images
	Definition of Corruption Robustness 

	Benchmark Robustness on EOFMs
	Implementation Details
	Scene Classification
	Semantic Segmentation
	Object Detection
	Image Captioning
	Visual Question Anaswering
	Visual Grounding

	Discussion
	Vision-Centric vs. Vision-Language Foundation Models
	Robustness Across Different Tasks
	Robustness Across Different Backbone Sizes
	Robustness Across Perturbation Types
	Robustness Across Compound Perturbations
	Robustness in Multispectral Remote Sensing

	Related Works
	Conclusion and Future Work
	Broader Impact

