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ABSTRACT

The number and diversity of remote sensing satellites grows over time, yet the
vast majority of labeled data comes from older satellites. As foundation models
for Earth observation scale up, the cost of (re-)training to support new satellites
grows too, making spectral generalization critical. We introduce GeoCrossBench,
an extension of GeoBench with a new evaluation protocol: it tests in-distribution
performance; generalization to satellites with no band overlap; and generalization
to satellites with additional bands. We also develop a self-supervised extension of
Channel ViT, x'ViT, to improve cross-satellite performance. We show that while
even the best RS foundation models do not outperform general-purpose models
like DINOv3 in our benchmark, our xViT outperforms the runner-up DINOv3.
Finally, we show that performance of all tested models drops by 5-25% when given
additional bands during test time, highlighting that current architectures are not yet
future-proof.

1 INTRODUCTION

The growth of remote sensing (RS) data has led to sophisticated deep learning models capable of
analyzing complex geospatial patterns. Pre-trained foundation models have emerged as a popular
paradigm for learning generalizable representations (Xiong et al., [2024; [Fuller et al., 2023; Jakubik
et al.,2025;|Cong et al,|2022). However, RS data is inherently multimodal, capturing diverse spectral
bands including multispectral, hyperspectral, and synthetic aperture radar (SAR).

While recent foundation models transfer well when train and test bands match, their cross-band
generalization—to bands and sensors unseen during fine-tuning—remains limited. This is a critical
gap: a practitioner might need to transfer a model trained on public Sentinel-2 data to newer platforms
like Planet SuperDove (which introduces new bands) or SatVu’s HotSat (thermal data). The most
extreme case involves transferring between modalities, such as optical to SAR.

We introduce GeoCrossBench to assess this gap with three protocols: (1) in-distribution, (2) no
overlap bands, and (3) superset bands. We evaluate a range of existing foundation models and
introduce a new baseline, x ViT (ChiViT), a ChannelViT (Bao et al.,[2024)) variant pretrained with
iBOT (Zhou et al.;[2022) on a large-scale multi-modal dataset. Our findings underscore the pressing
need for rigorous benchmarks to drive the development of versatile Earth observation models.
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Figure 1: The GeoCrossBench evaluation framework. (1) In-Distribution: Fine-tune and evaluate on
identical bands. (2) No-Overlap: Evaluate transfer to disjoint bands (e.g., RGB—SAR). (3) Superset:
Evaluate on strict supersets of training bands (e.g., RGB—RGB+NIR).

2 RELATED WORK

Foundation Models for Remote Sensing. Recent work has established the utility of foundation
models for RS. SatMAE (Cong et al.}[2022) demonstrated self-supervised pre-training at ViT scale,
while Satlas (Bastani et al.,[2023)) explored large-scale supervised pre-training. Scale-MAE
addressed generalization across spatial resolutions. GeoCrossBench complements these
by focusing on spectral generalization.

Multi-modal Learning. Existing works explore learning from multiple bands but often do not
address extending to new bands. Models like SoftCon and DOFA
2024) learn intra-modal representations, while CROMA (Fuller et al., [2023)) and TerraFM
etal, jointly learn inter-modal representations. However, these usually require specific input
configurations. Our work evaluates the capability to generalize to unseen spectral configurations
without expensive retraining.

3 GEOCROSSBENCH: DATASET AND PROTOCOL

GeoCrossBench extends the GeoBench (Lacoste et al.,[2023)) framework by fusing existing datasets
with Sentinel-1 (SAR) data and introducing new tasks to ensure broad spectral coverage.

3.1 DATASETS

We utilize Sentinel-2 (10 optical bands) and Sentinel-1 (2 SAR bands: VV, VH) across all datasets.
The benchmark covers three core tasks: scene classification, semantic segmentation, and change
detection. Table [I]details the datasets, including new additions like x-senlfloods11 and x-harvey
tailored for cross-band evaluation. For datasets missing SAR in their original release (e.g., OSCD,
EuroSAT), we fused spatially and temporally aligned Sentinel-1 imagery.

3.2 EVALUATION PROTOCOLS

We define three settings to probe different aspects of generalization (see Figure|[I):
1. In-Distribution: Models are trained and evaluated on identical bands.

* RGB — RGB: Standard visual fine-tuning baseline.
* S2 — S2: Full 10-band multispectral fine-tuning.

2. No-Overlap Bands: A challenging setting testing transfer to completely distinct sensors.

* RGB — SI and S2 — S1: Generalization from Optical to SAR.
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Table 1: Overview of the datasets included in GeoCrossBench. The ones marked with * are not part
of the original GeoBench.

Dataset Name Image Size #Classes Sensors/Bands Train Val Test
Classification
x-bigearthnet 120 x 120 43 S2 (10) + S1 (2) 20000 1000 1000
X-s02sat 32 x 32 17 S2 (10) + S1 (2) 19992 986 986
x-brick-kiln 64 x 64 2 S2 (10) + S1 (2) 15063 999 999
X-eurosat 64 x 64 10 S2 (10) + S1 (2) 2000 1000 1000
Semantic Segmentation
x-cashew-plantation 256 x 256 7 S2 (10) + S1 (2) 1350 400 50
x-SA-crop-type 256 x 256 10 S2 (10) + S1 (2) 3000 1000 1000
x-harvey-building 256 x 256 2 S2 (10) + S1 (2) 375 94 461
x-senlfloods11 512 x 512 2 S2 (10) + S1 (2) 252 89 90
Change Detection
x-harvey-flood 256 x 256 2 S2 (10) + S1 (2) 375 94 461
x-oscd 224 x 224 2 S2 (10) + S1 (2) 24 cities 14 cities 10 cities

* RGB — N’S;S,: Transfer to Near-Infrared and SWIR bands (S2 BSA, B11, B12).
3. Superset Bands: Tests robustness when provided with more bands at test time than during training.

* RGB — RGBN: Adding Near-Infrared (B8).
* §2 — §2+S1: Fused Optical+SAR inference after Optical-only training.

4 xVIT: A NEW BASELINE FOR CROSS-BAND TRANSFER
We extend ChannelViT (Bao et al.l 2024) into x ViT (ChiViT), using a hierarchical pretraining recipe.

Architecture. Standard ViTs tokenize a patch of size P x P x C into a single token. In contrast,
x ViT tokenizes each single-channel patch P x P x 1 independently. We apply a learnable channel

embedding "™ in addition to the positional embedding. The input sequence to the Transformer
encoder becomes [e“™S; ... ; Wz, ; + e?os + e ] The projection W is shared across channels.

Pretraining. We pretrain using the iBOT (Zhou et al.||2022) paradigm on over 23 million images.
We employ Hierarchical Channel Sampling during pretraining, where the model sees varying subsets
of bands, forcing it to learn robust representations that do not rely on the presence of the full spectrum.

5 EXPERIMENTS AND DISCUSSION

We evaluate specialized RS foundation models (TerraMind, DOFA, SatlasNet, etc.) against general-
purpose vision models (DINOv3, DINOv2). Table2]and Figure 2] summarize the results.

In-Distribution: General-Purpose Models prevail. Even top RS models fail to consistently
outperform general-purpose vision models like DINOv3 in the In-Distribution setting. This suggests
that the scale of pretraining (billions of natural images) provides a feature foundation that current
domain-specific models, despite their specialized pretraining, have not yet surpassed for standard
RGB or optical tasks.

No-Overlap: xViT shines. The limitations of current models appear when generalizing to unseen
bands. In the No-Overlap setting (e.g., S2 — S1), all models suffer a severe 2-4x drop in performance.
However, xViT significantly outperforms all competitors here (see Figure [2a). By tokenizing
channels independently, xViT learns to extract value from SAR or SWIR bands based on their
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(a) Radar plot for all models and datasets we tried. (b) Linear probing results on x-so2sat.

Figure 2: Performance summary on GeoCrossBench. (a) Radar chart of model performance. (b)
Linear probing on x-so2sat shows that accessing oracle bands (mixture) improves performance on
the S1 split.

specific embeddings, rather than failing because the input distribution (channel count/stats) has
shifted fundamentally.

Superset: Adding bands hurts. Counter-intuitively, providing models with more information at
test time (e.g., RGB — RGBN) degrades performance by 5-25%. Current architectures appear to
overfit to the training band configuration; they treat the additional band as a noise source rather than a
signal, lacking the mechanism to integrate it zero-shot.

Is the benchmark saturated? To verify that the poor performance on S1 isn’t simply due to a lack
of signal in radar data, we performed a linear probing experiment (Fig. [2b). We trained a linear probe

Table 2: Performance evaluation of all tested models on GeoCrossBench. The * symbol indicates the
frozen backbone. The performance metrics of each setting represent the average scores across all
GeoCrossBench datasets.

In-Distribution No-Overlap Superset
Fine-tuned on RGB S2 AVG # RGB S2 RGB AVG # RGB S2 AVG # Overall
Tested on RGB S2 S1 S1 N’S;S, RGBN 82481 AVG
xViT 61.81 6353 6267 6 1796 2093 [[8037" 2309 3 5849 1 44.51
DINOv3 6246 630 6273 5 17.62 17.19 & 27.76 | 2086 5 52.48 56.05 2 42.88
iBOT 6473 61.73 6323 2 1883 14.63 | 2695 20.13 8 52.36 547 3 42.32
TerraMind 5778 | 66.32 6205 8 28.1 2494 2882 2729 |1 49.97 344 4218 15 4148
ViT-B 62.77 6272 6275 4 1887 1475 25.18 196 10 46.03 158280 52.13 4 41.22
DINOv2 © 6526 6253 6389 | 17.36 1501 = 2585 1941 11 | 5452 4759 51.06 5 41.16
xViTs 56.95 5842 57.69 13 19.02 1892 @ 27.12 21.69 4 4775 486 4817 8 39.54
DINOv2« 6177 5658 59.17 10 1628 1584 [ 303 2075 7 51.13 3886 450 10  38.66
DOFA 61.71 6439 63.05 3 1734 11.77 1312 1408 23 | 50.53 4862 4957 © 38.21
TerraFM 61.85 6235 621 7 159 1353 2082 1675 14 4076 = 5023 455 9 37.92
TerraMinds 5236  61.63 57.0 14 2326 22.38 _ 2479 2 44.63 3032 3747 20 37.62
SatlasNet 4923 169121 59.18 9 1462 1461 154 1488 18 38.88 [S8IS8N 4873 7 3721
iBOT= 62.02 50.9 56.46 16 15.3 13.94 _ 1978 9 48.63 38.13 4338 12 37.0
ResNet50 60.43 5735 5889 11 1329 1348 19.69 1548 16 4153 4833 4493 11 36.3
DINOV3« 5851 490 5375 19 1491 17.17 [B0B7TN 2081 6 | 4669 3354 4011 18 3574
DOFA# 59.1 58.03 5857 12 1523 1446 14.83 14.84 19 38.77 4505 4191 16 35.07
TerraFM= 56.7 5672 5671 15 1491 12.16 | 2481 1729 12 4094 3524 38.09 19 345
CROMA 51.58 565 54.04 18 16.18 1226 1671 1505 17 34.04 | 51.61 4282 14 3413
ViT-Bs 5342 50.02 51.72 21 16.18 14.03 21.65 1729 13 4287 3984 4135 17 34.0
Prithvi 52.61 56.88 5474 17 1396 11.87 1471 1352 24 32.82 [ 53.04 4293 13 33.7
ResNet50s 53.13 5022 51.68 22 1233 1344 1781 1453 21 4161 31.04 3632 21 31.37
SatlasNets 436 5174 47.67 23 1218 135 1345  13.04 25 249 37.17 31.04 22  28.08
CROMA= 4099 497 4534 24 1457 130 15.6 1439 22 20.14 3748 2881 23 2735
AnySAT 4734 5881 53.08 20 16.19 13.79 183 16.09 15 1472 1377 1424 25  26.13
Prithvis 4396 2839 36.17 26 1268 10.04 13.29 120 26 3069 2605 2837 24 2358
AnySATs 4035 47.01 4368 25 1335 13.57 17.52 1481 20 13.0 12.64 1282 26 22.49
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on a mixture of frozen representations from all available bands (RGB, S2, S1, etc.) on x-so2sat. The
result was a significant performance boost on the S1 test set compared to models trained only on
S2. This confirms that the useful information exists in the data and the frozen representations, but
standard fine-tuning paradigms fail to access it when the modality changes.

6 CONCLUSION

GeoCrossBench reveals that while remote sensing foundation models are maturing, they remain brittle
to spectral shifts. General-purpose models are surprisingly effective in-distribution, but specialized
architectures like ' ViT are required to handle the distinct challenge of cross-band generalization. We
release this benchmark to encourage the development of future-proof models that can adapt to the
ever-expanding constellation of Earth observation sensors.
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