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Figure 1: Qualitative comparison on cloud-removal benchmarks. (a) Input cloudy, (b) UnCR-
tainTS, (c) EMRDM, (d) GACR, (e) GeoCR without fine-tuning, (f) GeoCR with LoRA adaptation,
and (g) ground-truth cloud-free image.

ABSTRACT

Cloud removal methods are typically specialized to individual datasets and input
configurations, limiting reuse across sensors, spectral bands, and observation set-
tings. We introduce GeoCR, a generalist model that unifies RGB-only-based CR
and multispectral-based CR from single- or multi-temporal cloudy observations,
with optional SAR guidance, within a single network. To accommodate different
spectral and sensing domains, compact input and output stems extend a pretrained
RGB autoencoder while keeping its encoder and decoder trunks frozen. This
shared latent interface enables a single flow transformer to jointly model clean
RGB and non-RGB latents, conditioned on separate cloudy-observation streams
and optional SAR tokens. Through joint pretraining on the training splits of ten
datasets comprising 883,331 cloud-free target images, GeoCR learns a shared
cloud removal prior across these heterogeneous configurations. The same pre-
trained checkpoint supports direct inference without dataset-specific fine-tuning
and efficient adaptation through low-rank adaptation (LoRA). We evaluate GeoCR
against general image restoration and cloud removal methods on test splits of the
contributing datasets under full-band and RGB-only settings. GeoCR achieves
the best FID and DISTS on full-band SEN12MS-CR and Sen2 MTC New and
RGB-only CUHK-CR2, outperforming existing models and demonstrating the ef-
fectiveness of a reusable generative model across diverse settings.

∗Corresponding author.
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1 INTRODUCTION
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Figure 2: Cross-dataset comparison of
cloud removal (CR) methods. We report
FID and DISTS on five cloud removal bench-
marks, independently normalized for each
dataset–metric pair as 100× best/value.

Optical satellite imagery provides rich spatial and
spectral information for monitoring the Earth’s sur-
face. Clouds and haze obscure these observations
and interrupt the temporal coverage needed for con-
sistent analysis (Ebel et al., 2023). Cloud removal
(CR) reconstructs cloud-free optical imagery us-
ing visible content and complementary observations.
The available evidence varies substantially: some
applications provide a single cloudy RGB image,
whereas others offer multispectral time series and
synthetic aperture radar (SAR) measurements. A
reusable CR model must therefore reconstruct miss-
ing content while accommodating different spectral
bands, temporal coverage, and sensing modalities.

Recent methods have advanced CR through
attention-based temporal fusion (Ebel et al., 2023)
and diffusion-based restoration (Zou et al., 2024;
Liu et al., 2025). However, they are typically
trained separately for individual datasets and input
configurations, limiting reuse across observation
settings. Large datasets such as AllClear (Zhou
et al., 2024) provide opportunities for broader train-
ing, but combining heterogeneous sources requires
a model that accommodates differences in both
conditioning observations and output bands. This
raises a central question: Can one model learn a shared CR prior that supports RGB-only-based
and multispectral-based reconstructions from single- or multi-temporal observations, with or
without SAR?

To the best of our knowledge, we address for the first time this question with GeoCR, a generalist
model that brings these observation and reconstruction settings into a single generative framework.
Here, generalist refers to one pretrained checkpoint supporting multiple datasets and observation
configurations. We construct a unified corpus from the training splits of ten CR datasets, compris-
ing 883,331 cloud-free target images. Spanning Sentinel-2, Landsat-8, and high-resolution optical
imagery, this corpus supports joint learning across different spectral, temporal, and SAR configu-
rations. GeoCR learns a shared cloud removal prior from these sources for direct inference and
optional dataset-specific adaptation. This unification requires a common representation for hetero-
geneous measurements. Although optical bands differ in their spectral responses, they can share
spatial structure, including scene layout and object boundaries; SAR provides complementary struc-
tural evidence through a different sensing mechanism. These properties motivate reusing pretrained
spatial features while adapting the interfaces to each measurement domain. Our unified embed-
ding framework connects non-RGB bands and SAR observations to a pretrained RGB autoencoder
through compact, configuration-specific input and output stems. The encoder and decoder trunks re-
main frozen, and the original RGB path is preserved. Training only the stems that require adaptation
provides a common latent interface while retaining the pretrained codec.

Building on this interface, we repurpose a pretrained image flow transformer for conditional CR
through flow matching (Lipman et al., 2022). The generator jointly models clean RGB and available
non-RGB latents using the supplied cloudy observations and optional SAR. RGB and non-RGB la-
tents are combined within each optical observation, while different temporal observations and SAR
retain separate conditioning streams. This design lets one generator combine complementary ev-
idence across varying input configurations. After joint pretraining, the same checkpoint supports
direct inference without dataset-specific fine-tuning (w/o FT) and parameter-efficient adaptation
through LoRA (Hu et al., 2021).

We evaluate GeoCR against general image restoration and CR methods on held-out test splits of
the contributing datasets, covering five primary benchmarks under full-band and RGB-only settings.
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Figure 2 summarizes the comparison, with GeoCR (w/o FT) using the same checkpoint across all
five benchmarks. GeoCR achieves the lowest FID and DISTS among the compared methods on full-
band SEN12MS-CR and Sen2 MTC New and RGB-only CUHK-CR2. These results demonstrate
that a shared pretrained model can provide competitive distributional and perceptual quality across
diverse CR configurations without requiring dataset-specific optimization for every setting.

Our contributions are summarized as follows:

• We introduce GeoCR, a generalist model that unifies firstly RGB-only-based CR and
multispectral-based CR across single- and multi-temporal observations with optional SAR
guidance.

• We develop a unified embedding and conditioning framework that extends frozen RGB
encoder–decoder trunks through compact stems and combines observation-specific condi-
tioning streams within a single flow transformer.

• We consolidate ten CR datasets comprising 883,331 cloud-free target images for joint pre-
training. Extensive evaluations under full-band and RGB-only settings demonstrate state-
of-the-art FID and DISTS on three of five primary benchmarks, significantly outperforming
existing CR models.

2 RELATED WORK

General image translation and restoration. Image translation and restoration provide comple-
mentary approaches to recovering images from degraded observations. Pix2pix (Isola et al., 2017)
learns paired mappings through conditional adversarial training, while pix2pixHD (Wang et al.,
2018) extends it to high-resolution synthesis with coarse-to-fine generation and multiscale dis-
crimination. BBDM (Li et al., 2023) formulates image translation as a Brownian bridge between
source and target domains. HI-Diff (Chen et al., 2023) generates compact latent priors with diffu-
sion and integrates them hierarchically into a regression-based deblurring network. These methods
provide general-purpose baselines for evaluating adversarial, bridge-based, and diffusion-assisted
approaches to cloud removal.

Cloud removal (CR). CR methods exploit temporal redundancy, complementary sensor observa-
tions, and generative priors. UnCRtainTS (Ebel et al., 2023) aggregates optical and SAR observa-
tions through temporal attention while estimating reconstruction uncertainty. DiffCR (Zou et al.,
2024) develops an efficient conditional diffusion framework for CR. IDF-CR (Wang et al., 2024)
combines pixel-space restoration with latent diffusion refinement. EMRDM (Liu et al., 2025) es-
tablishes mean-reverting dynamics between cloudy and clear images for single- and multi-temporal
restoration. ThiefCloud (Zhao et al., 2025) learns a cloud-thickness prior for thin-cloud removal,
while GACR (Wang et al., 2026) combines observation-anchored residual flow with alignment to
pretrained visual representations. Related efforts explore unified restoration, multisensor tokeniza-
tion, and spatiotemporal modeling in remote sensing (Cui & Liu, 2026; Lehmann et al., 2026; Zhang
et al., 2025). Our GeoCR focuses on jointly learning a reusable CR prior across heterogeneous
datasets and observation configurations. Its shared latent interface and observation-specific con-
ditioning streams support RGB-only-based and multispectral-based reconstructions with varying
temporal coverage and SAR availability, using one pretrained checkpoint for direct inference and
optional LoRA adaptation.

Cloud removal datasets. CR datasets cover diverse sensing conditions and reconstruction set-
tings. RICE (Lin et al., 2019) provides paired imagery for thin- and thick-cloud removal,
while CUHK-CR (Sui et al., 2024) offers high-resolution RGB–NIR observations. SEN12MS-
CR (Ebel et al., 2020) pairs cloudy and clear multispectral optical imagery with SAR measurements.
Sen2 MTC Old (Sarukkai et al., 2020) and Sen2 MTC New (Huang & Wu, 2022) provide multiple
cloudy observations for temporal reconstruction. AllClear (Zhou et al., 2024) expands geographic
coverage and multisensor time series, demonstrating the benefits of larger training sets and comple-
mentary observations. These resources differ in spectral coverage, radiometric processing, spatial
resolution, temporal sampling, and SAR availability. Our GeoCR accommodates these differences
through a common representation and conditioning framework, enabling joint pretraining across
heterogeneous CR datasets.
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Stage 2: Joint Cloud Removal Pretraining

DiT 𝐯𝐯𝜃𝜃

Stage 1: Stem Adaptation to a Shared Latent Interface
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Figure 3: GeoCR framework. A shared latent interface enables joint cloud removal across hetero-
geneous spectral, temporal, and SAR configurations.

3 GEOCR

GeoCR learns a shared CR prior through two pretraining stages followed by direct inference or
dataset-specific adaptation. Figure 3 illustrates the framework. Stage 1 trains compact input and
output stems for ten-band non-RGB and SAR observations while keeping the shared pretrained
encoder–decoder trunks and original RGB path frozen. Stage 2 learns a shared cloud removal prior
through conditional flow matching on the heterogeneous corpus, jointly generating clean RGB and
non-RGB latents. Each cloudy optical observation and the optional SAR input retain separate con-
ditioning streams. Finally, the same pretrained checkpoint is used directly (without fine-tuning) or
adapted through LoRA (Hu et al., 2021).

Problem setting. Each training sample contains a cloud-free optical target x = (xrgb,xnon) and
K cloudy optical observations {(xrgb,c

k ,xnon,c
k )}Kk=1, optionally accompanied by SAR imagery xsar.

Here, the superscripts ‘c’ and ‘non’, respectively, denote cloudy observations and non-RGB spectral
bands that may be absent from the target or conditioning observations. We use d to index the
spectral and radiometric configuration that selects the corresponding non-RGB stem. For ten-band
non-RGB inputs, we distinguish top-of-atmosphere (TOA) reflectance and bottom-of-atmosphere
(BOA) imagery.

3.1 STAGE 1: STEM ADAPTATION TO A SHARED LATENT INTERFACE

Shared pretrained encoder and decoder. As shown in Figure 3, different optical bands can share
scene layout and spatial boundaries despite differences in their spectral responses. This motivates
sharing pretrained spatial features while adapting the interfaces to different measurement domains.
Let E0 and D0 denote the shared encoder and decoder trunks of a pretrained RGB autoencoder (Labs,
2025), excluding their input and output projections. For a representation m, we define

Em = E0 ◦ S in
m , Dm = Sout

m ◦ D0, (1)

4



Preprint

where m ∈ {rgb, (non, d), sar}. The input and output stems, S in
m and Sout

m , each of which consists
of a single convolutional layer. The RGB stems are the inherited pretrained projections; additional
stems are initialized from these projections. All routes share the same frozen trunks, E0 and D0.

Reconstruction-based stem adaptation. For input xm, the reconstruction and stem objective are
defined as ˆ︁xm = Dm(Em(xm)) , Lm

stem = Exm [∥ˆ︁xm − xm∥1] , (2)

where the ℓ1 reconstruction error is measured in the preprocessed input domain. Only the input and
output stems selected for adaptation are optimized while E0 and D0 remain fixed. We train stems
for the ten-band non-RGB and dual-polarization SAR configurations, while retaining the original
RGB path without stem training. Each route reconstructs its own observation, so this stage learns
a representation interface without requiring a cloudy-to-clear mapping or an RGB reconstruction
target for non-RGB measurements. Fixing the trunks constrains adaptation to their pretrained feature
interfaces while allowing the stems to accommodate different channel layouts and measurement
statistics. All stems and trunks remain frozen after Stage 1.

3.2 STAGE 2: JOINT CLOUD REMOVAL PRETRAINING

Optical and SAR latents. We encode cloud-free targets and cloudy conditions using the corre-
sponding frozen routes having the following latents in a shared RGB latent space:

zrgb = Ergb(xrgb), znon = Enon,d(xnon),

zrgb,ck = Ergb(xrgb,c
k ), znon,ck = Enon,d(xnon,c

k ).
(3)

Each available optical component (rgb or non) is mapped to a latent with the same channel dimen-
sion and spatial grid. We concatenate the RGB and non-RGB latents along the channel dimension
to form joint multispectral (MS) representations of the target and each cloudy observation as:

zms = [zrgb | znon], zms,c
k = [zrgb,ck | znon,ck ], (4)

where [· | ·] denotes channel-wise concatenation and ‘ms’ stands for multispectral, combining RGB
and non-RGB information. An unavailable non-RGB component is replaced by a zero latent of the
corresponding shape. This retains a common input layout for RGB-only and multispectral samples.
When available, SAR is encoded as zsar = Esar(xsar). We denote the complete set of available
optical and SAR conditions by C.

Repurposing a pretrained generator. We initialize GeoCR from a pretrained image flow trans-
former (Labs, 2025) and condition it on spatial observations instead of language. The noisy target,
cloudy optical conditions, and optional SAR condition are projected into spatial tokens. Each of
the K cloudy observations forms a separate conditioning stream, yielding 1 +K streams including
the target, with one additional stream when SAR is available. Multi-stream blocks use separate pa-
rameter sets for target, optical-conditioning, and SAR tokens, with parameters shared across the K
optical-conditioning streams. All streams interact through joint attention. The subsequent single-
stream blocks jointly process all tokens with shared parameters. Only target tokens are passed to the
final velocity head; the optical and SAR tokens provide conditioning information.

Conditional latent flow matching. For each target latent zms, we sample an independent Gaus-
sian source ϵ ∼ N (0, I) and a time t ∼ U(0, 1). The linear path zt and target velocity u are

zt = (1− t)ϵ+ tzms, u =
∂zt
∂t

= zms − ϵ. (5)

The generator vθ predicts this velocity conditioned on the available observations:

LFM = E
[︂
∥vθ(zt, t; C)− u∥22

]︂
. (6)

Only the generator is optimized in this stage. The expectation spans the heterogeneous training
corpus and its available observation configurations, so a common velocity model vθ learns RGB
and multispectral restoration from single- and multi-temporal inputs with or without SAR guidance.
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Table 1: Overview of the GeoCR pretraining corpus. Counts refer to cloud-free target images
in the training splits. Spectral bands describe the targets unless otherwise noted; cloudy conditions
indicate the number of optical input frames. Tile sizes are in pixels. L1C: Level-1C; TOA/BOA: top-
/bottom-of-atmosphere reflectance; RGB: red, green, and blue; NIR: near-infrared; SAR: synthetic
aperture radar; GSD: ground sampling distance. B8 and B10 denote Sentinel-2 band identifiers.

Source Imagery source Spectral bands Delivered
tile

GSD
(m)

Cloudy
cond.

SAR
cond.

Clean
targets

AllClear (Zhou et al., 2024) Sentinel-2 + Sentinel-1 13 (L1C, TOA) 2562 10 1–3 ✓ 662,022
SEN12MS-CR (Ebel et al., 2020) Sentinel-2 + Sentinel-1 13 (L1C, TOA) 2562 10 1 ✓ 107,143
WHUS2-CRv (Li et al., 2022) Sentinel-2 13 (BOA; B10: L1C, TOA) 3842/1922/642 10 1 ✗ 18,816
Sen2 MTC Old (Sarukkai et al., 2020) Sentinel-2 3 (RGB; +NIR for cloudy inputs) 2562 10 3 ✗ 88,874
Sen2 MTC New (Huang & Wu, 2022) Sentinel-2 4 (RGB+B8, BOA) 2562 10 3 ✗ 2,380
T-CLOUD (Ding et al., 2022) Landsat-8 3 (RGB, 8-bit) 2562 30 1 ✗ 2,234
RICE2 (Lin et al., 2019) Landsat-8 3 (RGB, 8-bit) 5122 30 1 ✗ 553
CUHK-CR1 (Sui et al., 2024) Jilin-1 KF01B 4 (RGB+NIR, 8-bit) 5122 0.5 1 ✗ 508
CUHK-CR2 (Sui et al., 2024) Jilin-1 KF01B 4 (RGB+NIR, 8-bit) 5122 0.5 1 ✗ 426
RICE1 (Lin et al., 2019) Google Earth 3 (RGB, 8-bit) 5122 – 1 ✗ 375

Table 2: Quantitative comparison on CUHK-CR2. Its RGB evaluation setting supports both
RGB-only image translation/restoration methods and specialized cloud removal methods, enabling
comparison across all ten baselines. Bold and underlined values indicate the best and second-best
results, respectively. Additional results are provided in the Appendix.

Method Venue FID↓ DISTS↓ KID↓ DINO↑ LPIPS↓ SSIM↑ PSNR↑

General image translation/restoration methods
pix2pix (Isola et al., 2017) CVPR’17 194.8 0.241 0.1201 0.538 0.319 0.452 19.46
pix2pixHD (Wang et al., 2018) CVPR’18 257.1 0.262 0.2130 0.379 0.304 0.401 19.34
BBDM (Li et al., 2023) CVPR’23 514.6 0.542 0.5827 0.131 0.737 0.326 17.68
HI-Diff (Chen et al., 2023) NeurIPS’23 165.7 0.192 0.0769 0.664 0.253 0.638 23.54

Cloud removal methods
UnCRtainTS (Ebel et al., 2023) CVPRW’23 165.6 0.265 0.0761 0.529 0.345 0.586 22.12
DiffCR (Zou et al., 2024) TGRS’24 245.2 0.285 0.1874 0.615 0.353 0.582 22.85
IDF-CR (Wang et al., 2024) TGRS’24 167.0 0.214 0.0873 0.645 0.270 0.641 23.18
ThiefCloud (Zhao et al., 2025) TCSVT’25 136.3 0.226 0.0593 0.668 0.232 0.638 23.88
EMRDM (Liu et al., 2025) CVPR’25 104.4 0.167 0.0259 0.727 0.208 0.654 23.61
GACR (Wang et al., 2026) ECCV’26 125.0 0.178 0.0496 0.739 0.217 0.620 23.45

Ours
GeoCR (w/o FT) – 93.6 0.153 0.0200 0.784 0.194 0.607 23.21
GeoCR (LoRA) – 94.7 0.152 0.0194 0.779 0.196 0.601 23.11

3.3 INFERENCE AND ADAPTATION

For each dataset, we use the shared Stage 2 generator while keeping all autoencoder trunks and
stems frozen. We consider two modes: (i) direct inference without dataset-specific optimization,
denoted as GeoCR (w/o FT), and (ii) low-rank adaptation (LoRA) (Hu et al., 2021), denoted as
GeoCR (LoRA). Only the adapters are optimized on the target dataset’s training split using the
Stage 2 flow-matching objective. In both modes, inference integrates the learned conditional flow
from Gaussian noise and decodes the resulting RGB and, when required, non-RGB latents through
the corresponding frozen decoder routes.

4 EXPERIMENTS

4.1 PRETRAINING AND EVALUATION DATA

Multi-source pretraining corpus. We construct a unified corpus from the official training splits of
ten cloud removal datasets, comprising 883,331 cloud-free optical targets. Table 1 summarizes their
sensing platforms, spectral bands, radiometric representations, and observation availability. The cor-
pus combines Sentinel-2, Landsat-8, and high-resolution imagery, including RGB and multispectral
targets, single- and multi-temporal cloudy inputs, and optional SAR guidance. These configurations
jointly contribute to the shared GeoCR prior through the common latent interface.

Evaluation benchmarks. We build on the released training and test partitions, and apply the split
corrections and duplicate exclusions documented in Appendix. Evaluation uses the resulting held-
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Table 3: Quantitative comparison on Sen2 MTC New. (a) Full-band setting. (b) RGB setting.
(a) Full-band (RGB + NIR)

Method FID↓ DISTS↓ KID↓ DINO↑ LPIPS↓ SSIM↑ PSNR↑

UnCRtainTS 113.4 0.258 0.0597 0.471 0.428 0.588 17.15
DiffCR 95.9 0.297 0.0388 0.499 0.312 0.599 19.26
ThiefCloud 143.6 0.333 0.0767 0.310 0.508 0.481 14.92
EMRDM 96.6 0.218 0.0459 0.533 0.314 0.640 18.20
GACR 87.4 0.223 0.0358 0.535 0.320 0.626 18.90

GeoCR (w/o FT) 52.9 0.182 0.0032 0.642 0.221 0.661 20.77
GeoCR (LoRA) 52.7 0.181 0.0031 0.643 0.220 0.660 20.76

(b) RGB-only

Method FID↓ DISTS↓ KID↓ DINO↑ LPIPS↓ SSIM↑ PSNR↑

pix2pix 161.6 0.305 0.1188 0.224 0.480 0.541 20.16
pix2pixHD 153.9 0.292 0.1121 0.274 0.365 0.646 24.00
BBDM 179.4 0.392 0.1243 0.243 0.504 0.652 24.48
HI-Diff 125.8 0.302 0.0695 0.390 0.398 0.742 25.66

GeoCR (w/o FT) 79.1 0.252 0.0223 0.489 0.313 0.706 25.41
GeoCR (LoRA) 78.4 0.265 0.0313 0.520 0.333 0.712 25.07

Table 4: Quantitative comparison on SEN12MS-CR. (a) Full-band setting. (b) RGB setting.
(a) Full-band (13 spectral bands)

Method FID↓ DISTS↓ KID↓ DINO↑ LPIPS↓ SSIM↑ PSNR↑

UnCRtainTS 80.5 0.276 0.0497 0.440 0.313 0.884 28.77
EMRDM 75.7 0.274 0.0475 0.467 0.304 0.873 28.70
GACR 96.9 0.331 0.0679 0.358 0.333 0.828 27.76
GeoCR (w/o FT) 28.4 0.202 0.0091 0.571 0.215 0.866 29.29
GeoCR (LoRA) 29.5 0.205 0.0098 0.569 0.216 0.866 29.19

(b) RGB-only

Method FID↓ DISTS↓ KID↓ DINO↑ LPIPS↓ SSIM↑ PSNR↑

pix2pix 145.9 0.317 0.1000 0.281 0.465 0.632 21.64
pix2pixHD 70.8 0.239 0.0443 0.420 0.277 0.772 27.23
BBDM 96.1 0.284 0.0536 0.331 0.367 0.710 25.44
HI-Diff 62.7 0.284 0.0342 0.438 0.320 0.837 28.28
GeoCR (w/o FT) 43.9 0.244 0.0246 0.532 0.326 0.712 22.15
GeoCR (LoRA) 52.1 0.263 0.0375 0.529 0.308 0.781 24.59

out test samples. Our five primary benchmarks include SEN12MS-CR, Sen2 MTC New, CUHK-
CR2, WHUS2-CRv, and T-CLOUD. Full-band experiments retain the dataset-specific optical band
configuration, while RGB-only experiments use RGB optical inputs and targets. Within each setting,
all methods are evaluated on identical test samples and spatial extents. GeoCR (w/o FT) uses one
jointly pretrained checkpoint across datasets; GeoCR (LoRA) adapts it using only the corresponding
training split. Additional benchmark results, test-set sizes, and detailed input configurations are
provided in the Appendix.

4.2 IMPLEMENTATION DETAILS AND EVALUATION PROTOCOL

Implementation details. All models are trained on 256 × 256 crops and NVIDIA B200 GPUs.
Stage 1 trains 51.1K stem parameters around the frozen FLUX.2 (Labs, 2025) VAE for 400K updates
(global batch size 64, two GPUs). We use AdamW with a constant learning rate of 10−4, without
warmup or gradient clipping. Stage 2 optimizes all 3.853B parameters of FLUX.2 4B for 500K
updates (global batch size 64, four GPUs) in bf16, using AdamW with zero weight decay, a 2K-
update linear warmup to 10−4, and cosine decay to 10−6. All conditions are replaced with a learned
null token with probability 0.1; SAR is independently dropped with probability 0.3, and non-RGB
conditioning is dropped with probability 0.05. Additionally, 5% of AllClear batches use SAR-only
conditioning. Stages 1 and 2 take 47.0 and 195.3 hours, respectively. Downstream LoRA starts from
the Stage 2 checkpoint and uses 10K updates with global batch size 32 on one GPU. With a learning
rate of 10−4 and rL = αL = 16, LoRA adapts all 80 transformer linear layers, updating 23.1M
parameters (0.60%). For our GeoCR, inference uses only four Euler steps on a uniform time grid
without classifier-free guidance and a fixed per-sample noise seed.

Baselines. We compare with ten methods spanning general image restoration and specialized
cloud removal. General-purpose baselines comprise pix2pix (Isola et al., 2017), pix2pixHD (Wang
et al., 2018), BBDM (Li et al., 2023), and HI-Diff (Chen et al., 2023). Cloud removal baselines
include UnCRtainTS (Ebel et al., 2023), DiffCR (Zou et al., 2024), IDF-CR (Wang et al., 2024),
ThiefCloud (Zhao et al., 2025), EMRDM (Liu et al., 2025), and GACR (Wang et al., 2026). Base-
lines are retrained separately on each dataset’s training split using official implementations when
available and assessed under a common evaluation pipeline. The reported baseline set follows the
input compatibility of each setting; CUHK-CR2’s RGB setting supports all ten methods. GeoCR’s
shared parent is pretrained on the pooled training splits.

Metrics. We use FID (Heusel et al., 2017) and DISTS (Ding et al., 2020) as the primary mea-
sures of distributional similarity and paired perceptual fidelity, respectively. We additionally report
KID (Bińkowski et al., 2018), DINO feature similarity using a frozen DINOv3-SAT (Siméoni et al.,
2025), LPIPS (Zhang et al., 2018), SSIM (Wang et al., 2004), and PSNR. Together, these metrics as-
sess generated-image distributions, perceptual and feature-level correspondence, and reconstruction
fidelity to the paired cloud-free reference. All feature-based metrics are computed on RGB views.
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Figure 4: Qualitative comparison with general restoration methods under RGB-only settings.
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Figure 5: Cloud removal across input cloud coverage on SEN12MS-CR. Left: DISTS and LPIPS
grouped by input cloud coverage estimated with s2cloudless; lower is better. Input Cloudy
denotes the unrestored observation. Right: qualitative comparisons across the same coverage groups.

4.3 COMPARISON WITH THE STATE OF THE ART

Quantitative comparison. Tables 2, 3, and 4 show that GeoCR achieves the best FID and
DISTS on full-band Sen2 MTC New and SEN12MS-CR and RGB-only CUHK-CR2. On full-
band SEN12MS-CR, GeoCR (w/o FT) reduces FID by over 60% relative to the strongest compet-
ing baseline; GeoCR (LoRA) provides modest improvements on selected datasets. Both GeoCR
(w/o FT) and GeoCR (LoRA) also lead FID on RGB-only Sen2 MTC New and SEN12MS-CR,
although pix2pixHD retains lower DISTS and LPIPS on the latter. We treat PSNR and SSIM as
complementary measures: temporal appearance differences and cloud occlusion can make exact
reference matching ambiguous, while minimizing squared pixel error under uncertainty can favor
oversmoothed predictions (Blau & Michaeli, 2018). We therefore emphasize FID and DISTS for
distributional quality and paired perceptual fidelity.

Qualitative comparison. Figures 1 and 4 show clearer terrain, field boundaries, and urban struc-
tures with less residual cloud contamination. These improvements are already evident in GeoCR
(w/o FT), supporting the shared prior’s ability to restore local structure across diverse observation
settings. Additional examples are provided in the Appendix.
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4.4 ABLATION STUDIES AND ANALYSIS

Performance across cloud coverage. Figure 5 shows lower DISTS and LPIPS for both GeoCR
variants than the compared baselines across SEN12MS-CR coverage groups defined solely from
cloudy inputs. In nearly clear scenes, GeoCR improves on the unrestored input, while all com-
pared baselines worsen DISTS. Its advantage persists under heavy cloud cover, indicating robust
perceptual restoration across the evaluated coverage levels.

Table 5: Effect of Stage 1 stem training. Reconstruction
PSNR (dB) on AllClear validation samples before and after
stem training, with the pretrained encoder and decoder frozen.
VV and VH denote SAR polarizations.

Recon.
PSNR

RGB (w/o training) Non-RGB (stem training) SAR (stem training)

All Clear Cloudy All Clear Cloudy All VV VH

Before 45.78 46.77 45.11 18.84 20.60 18.20 18.40 18.57 18.24
After 45.78 46.77 45.11 40.08 41.41 38.34 29.14 28.54 30.21

Gain +0.00 +0.00 +0.00 +21.24 +20.81 +20.14 +10.74 +9.97 +11.98

Effect of stem training. With
the pretrained trunks frozen, stem
training improves reconstruction
PSNR by 21.24 dB for ten-band
non-RGB inputs and 10.74 dB for
SAR (Table 5). Gains across clear
and cloudy observations and both
SAR polarizations support adapt-
ing lightweight interfaces to dif-
ferent measurement domains. The
RGB path already provides high re-
construction fidelity without adaptation. Similarly, the initialized single-band NIR stem achieves
42.06 dB on Sen2 MTC New, 40.41 dB on CUHK-CR, and 49.51 dB on Sen2 MTC Old without
stem training, supporting its reuse without further optimization.

Table 6: Temporal condi-
tioning on Sen2 MTC New.
GeoCR uses the shared check-
point without fine-tuning.

Method Cloudy PSNR↑ SSIM↑

GeoCR 1 16.390 0.4595
GeoCR 2 19.319 0.5963
GeoCR 3 20.522 0.6568

Table 7: SAR conditioning
on SEN12MS-CR. GeoCR
uses the shared checkpoint
without fine-tuning.

Method SAR PSNR↑ SSIM↑

GeoCR ✗ 28.596 0.8572
GeoCR ✓ 29.442 0.8703

Effect of temporal and SAR con-
ditioning. Tables 6 and 7 vary
the available observations using
the same GeoCR (w/o FT) check-
point on fixed test subsets. Ad-
ditional cloudy frames and SAR
guidance improve reference fi-
delity, accompanied by reduced
residual clouds and clearer terrain
ridges, respectively (Figures 6 and 7). These results support using complementary evidence within
one model without retraining for each input configuration.

5 CONCLUSION

We presented GeoCR, a generalist model that learns a shared cloud removal prior through joint pre-
training on ten datasets comprising 883,331 cloud-free target images. Its shared latent interface en-
ables a single generator to accommodate diverse spectral bands, temporal observations, and optional
SAR guidance. GeoCR achieves strong distributional and perceptual quality without dataset-specific
fine-tuning and supports lightweight LoRA adaptation, by significantly outperforming existing CR
methods. Conditioning ablations show that the same model benefits from additional temporal and
SAR evidence without retraining. These results demonstrate the feasibility of learning a reusable
cloud removal model across the evaluated heterogeneous observation settings.
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APPENDIX

This Appendix provides further analysis of GeoCR’s shared latent interface, implementation details,
additional results, and evaluation protocols. Table 8 summarizes its organization.

Table 8: Overview of the Appendix.

Section Contents

Section A Stem adaptation
Section B Implementation details
Section C Additional quantitative results
Section D Additional qualitative results
Section E Failure cases and limitations
Section F Datasets and preprocessing
Section G Evaluation protocols

A STEM ADAPTATION

Reusing the pretrained representation. Stage 1 adapts compact input and output stems while
keeping the pretrained RGB encoder–decoder trunks frozen. Figure 8 compares reconstruction
across RGB, single-band NIR, ten-band optical, and dual-polarization SAR inputs. The trained
stems improve reconstruction of measurements whose channel layouts and statistics differ from
RGB, while the original RGB route remains unchanged. The single-band NIR route retains its ini-
tialization and requires no stem training.

Reconstruction across configurations. Table 9 complements the held-out stem-training ablation
in the main paper with per-source reconstruction diagnostics. The initialized NIR route achieves
42.06 dB on Sen2 MTC New, 40.41 dB on CUHK-CR, and 49.51 dB on Sen2 MTC Old. These
diagnostics support retaining the initialized NIR interface while adapting stems for ten-band opti-
cal and SAR observations. They measure reconstruction of each input domain, rather than cloud
removal or preservation of every spectral relationship.

B IMPLEMENTATION DETAILS

Autoencoder. All observation routes share the frozen encoder and decoder trunks of the pretrained
FLUX.2 RGB autoencoder. Each input and output stem consists of a single convolutional layer. We
retain the original RGB projections and the initialized single-band NIR stems, and train separate
stems for ten-band TOA, ten-band BOA, and VV/VH SAR inputs using an ℓ1 reconstruction loss.
The added stems contain 53.5K parameters, of which 51.1K are trained. The encoder produces 32-
channel posterior-mean latents at 1/8 spatial resolution, which are packed into 128 channels at 1/16
resolution and normalized using fixed BatchNorm statistics. Decoding reverses normalization and
packing. All stems and trunks remain frozen after Stage 1.

Generator. GeoCR builds on FLUX.2 [klein] 4B Base (Labs, 2025), with five double-stream and
twenty single-stream blocks, a hidden dimension of 3,072, and 24 attention heads. RGB and avail-
able non-RGB latents are concatenated along channels within each optical observation. The noisy
target, each of the K cloudy observations, and optional SAR observations retain separate token se-
quences, yielding 1+K + 1SAR token streams. The cloudy frames are therefore combined through
attention rather than channel-wise concatenation across time. Double-stream blocks allow the target
and conditioning tokens to interact through joint attention; subsequent single-stream blocks process
their combined sequence with shared parameters. Only target tokens are passed to the final veloc-
ity head. GeoCR (w/o FT) uses the shared pretrained checkpoint, whereas GeoCR (LoRA) learns
dataset-specific low-rank updates (Hu et al., 2021) while keeping the autoencoder fixed.
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Figure 8: Reconstruction through the shared autoencoder. The pretrained RGB route and ini-
tialized NIR route remain fixed during Stage 1. Ten-band optical and SAR routes use learned stems
with frozen encoder–decoder trunks. Ten-band visualizations use B12/B8/B5 false color, and SAR
uses a VV/VH/VV composite.

Table 9: Reconstruction by configuration. PSNR (dB) is computed from pooled reconstruction
error on 64 training images per source, without clipping. These diagnostics differ from the held-out
before/after comparison in the main paper and do not measure cloud removal.

Route Stem parameters Trained Reconstruction PSNR

10-band TOA 23,178 Yes AllClear 38.23; SEN12MS-CR 37.69
10-band BOA 23,178 Yes WHUS2-CRv 37.89
Single-band NIR 2,433 No Sen2 MTC New 42.06; CUHK-CR 40.41; Sen2 MTC Old 49.51
SAR VV/VH 4,738 Yes AllClear 28.51; SEN12MS-CR 31.19

C ADDITIONAL QUANTITATIVE RESULTS

Table 10 extends the main comparisons to T-CLOUD, CUHK-CR1, and WHUS2-CRv. The native
and RGB-only settings follow the preprocessing and metric definitions in Sections F and G. Bold
and underlined values indicate the best and second-best results.

Performance across observation settings. On T-CLOUD, specialized methods retain advantages
in perceptual or pixel-level fidelity. On CUHK-CR1, GeoCR achieves competitive FID and the
lowest KID, while EMRDM performs better on DISTS, LPIPS, SSIM, and PSNR. On WHUS2-
CRv, GeoCR remains competitive in distributional and perceptual quality, although EMRDM leads
the native setting and HI-Diff leads the RGB-only setting. LoRA provides selective improvements
rather than consistent gains over direct inference. Together, these results show the reach of a shared
cloud removal prior while identifying settings that remain challenging.

11



Preprint

Table 10: Additional quantitative comparisons. Feature metrics use RGB views; PSNR/SSIM
follow Table 12.

Method FID↓ DISTS↓ KID↓ DINO↑ LPIPS↓ SSIM↑ PSNR↑

(a) T-CLOUD: RGB display imagery
pix2pix (Isola et al., 2017) 107.6 0.254 0.0509 0.450 0.330 0.635 20.13
pix2pixHD (Wang et al., 2018) 60.8 0.169 0.0173 0.616 0.177 0.741 24.75
BBDM (Li et al., 2023) 186.6 0.422 0.1179 0.259 0.546 0.541 22.69
HI-Diff (Chen et al., 2023) 40.2 0.124 0.0070 0.726 0.114 0.874 30.54
UnCRtainTS (Ebel et al., 2023) 63.3 0.180 0.0188 0.640 0.178 0.809 26.28
DiffCR (Zou et al., 2024) 139.6 0.358 0.0732 0.376 0.482 0.402 20.67
IDF-CR (Wang et al., 2024) 84.4 0.220 0.0304 0.467 0.236 0.787 25.99
ThiefCloud (Zhao et al., 2025) 40.4 0.123 0.0058 0.726 0.109 0.861 29.36
EMRDM (Liu et al., 2025) 36.5 0.121 0.0045 0.759 0.110 0.867 28.25
GACR (Wang et al., 2026) 39.2 0.120 0.0058 0.747 0.113 0.858 29.56
GeoCR (w/o FT) 36.5 0.126 0.0024 0.763 0.122 0.785 27.15
GeoCR (LoRA) 36.3 0.125 0.0022 0.751 0.122 0.786 27.23

(b) CUHK-CR1: RGB+NIR setting
UnCRtainTS 134.8 0.204 0.0283 0.712 0.311 0.679 23.82
DiffCR 237.6 0.291 0.1360 0.649 0.318 0.573 22.75
EMRDM 77.8 0.115 -0.0006 0.845 0.146 0.760 25.64
GACR 97.1 0.133 0.0099 0.825 0.160 0.726 25.02
GeoCR (w/o FT) 80.4 0.125 -0.0025 0.825 0.165 0.680 23.88
GeoCR (LoRA) 81.5 0.125 -0.0027 0.821 0.167 0.677 23.83

(c) WHUS2-CRv: native multispectral setting
UnCRtainTS 26.9 0.142 0.0062 0.808 0.139 0.926 31.14
IDF-CR 40.0 0.179 0.0115 0.691 0.188 0.858 29.00
EMRDM 16.9 0.101 0.0009 0.875 0.097 0.937 32.55
GACR 22.6 0.230 0.0033 0.789 0.138 0.882 31.09
GeoCR (w/o FT) 18.9 0.111 0.0027 0.850 0.106 0.905 32.29
GeoCR (LoRA) 18.5 0.107 0.0025 0.858 0.103 0.903 32.15

(d) WHUS2-CRv: RGB-only setting
pix2pix 95.1 0.238 0.0523 0.432 0.274 0.746 23.75
pix2pixHD 27.9 0.148 0.0057 0.751 0.145 0.828 26.77
BBDM 50.4 0.213 0.0171 0.413 0.291 0.639 25.19
HI-Diff 17.8 0.107 0.0018 0.853 0.096 0.894 29.91
GeoCR (w/o FT) 21.6 0.137 0.0032 0.786 0.133 0.833 27.16
GeoCR (LoRA) 20.7 0.138 0.0039 0.811 0.134 0.804 25.35

D ADDITIONAL QUALITATIVE RESULTS

Perceptual quality and reference fidelity. Figure 9 compares the two GeoCR modes with strong
dataset-specific baselines across different observation configurations. The examples illustrate re-
covery of scene layout and local appearance, as well as cases where a specialized baseline better
matches the reference. LoRA produces relatively small changes in these examples and does not im-
prove every image. The two SEN12MS-CR rows differ in both available observations and rendering,
so their contrast does not isolate the contribution of SAR.

Additional examples by dataset. Figures 11–19, collected at the end of this Appendix, provide
four examples for each of the six native dataset settings and three RGB-only settings. Each fig-
ure compares GeoCR (w/o FT) and GeoCR (LoRA) with the available baselines and paired clear
references. All visualizations show RGB views.

E FAILURE CASES AND LIMITATIONS

Figure 10 examines cases in which the available observations or the learned prior are insufficient to
reproduce the reference reliably.

Incomplete evidence. When every optical observation is heavily obscured, generated details may
appear plausible while differing from the reference. SAR provides complementary structural evi-
dence but does not determine a unique optical appearance. Fine structures under complete cloud
therefore remain difficult to recover reliably, even when the scene layout is convincing.

Acquisition and radiometric differences. Surface changes between acquisitions can make the
observed scene inconsistent with the target. The model may preserve the input state rather than re-
construct an unobserved state at another time. Photometric offsets also remain visible on T-CLOUD.
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Figure 9: Representative cloud removal results. Rows show native and RGB-only SEN12MS-CR,
Sen2 MTC New, WHUS2-CRv, CUHK-CR1, and T-CLOUD. Baselines are selected by dataset-
level LPIPS; numbers denote per-image LPIPS. The first two rows show the same scene.
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Figure 10: Challenging cloud removal cases. Examples cover severe occlusion, the same scene
with multispectral and SAR inputs, occlusion across all temporal observations, temporal surface
change, fine urban structure, and photometric mismatch. Cases are selected using occlusion, change,
texture, or error criteria. Numbers indicate per-image LPIPS. Rows (a) and (b) change both optical
bands and SAR availability.
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Table 11: Dataset representations and pretraining mixture. Bands describe optical targets; K is
the number of cloudy observations. Mix denotes the source sampling probability.

Source Optical representation SAR K Mix (%) Training targets

AllClear (Zhou et al., 2024) 13 bands, L1C TOA VV/VH 1–3 53.14 662,022
SEN12MS-CR (Ebel et al., 2020) 13 bands, L1C TOA VV/VH 1 32.93 107,143
WHUS2-CRv (Li et al., 2022) 13 bands, BOA; B10 TOA – 1 8.81 18,816
Sen2 MTC Old (Sarukkai et al., 2020) RGB; NIR in cloudy inputs only – 3 2.00 88,874
Sen2 MTC New (Huang & Wu, 2022) RGB+B8, BOA – 3 1.10 2,380
T-CLOUD (Ding et al., 2022) RGB, 8-bit – 1 1.10 2,234
RICE2 (Lin et al., 2019) RGB, 8-bit – 1 0.27 553
CUHK-CR1 (Sui et al., 2024) RGB+NIR, 8-bit – 1 0.25 508
CUHK-CR2 (Sui et al., 2024) RGB+NIR, 8-bit – 1 0.21 426
RICE1 (Lin et al., 2019) RGB, 8-bit – 1 0.19 375

Total 100.00 883,331

PSNR and SSIM measure agreement with the supplied reference, while perceptual metrics char-
acterize complementary aspects of quality; neither establishes the physical accuracy of obscured
content.

Scope of generalist behavior. GeoCR supports the evaluated spectral, temporal, and SAR config-
urations through one pretrained parent. All evaluated source datasets contribute training data, and
transfer to an entirely unseen corpus is not assessed. Further evaluation is needed for unseen sensors,
geographically independent transfer, and applications requiring calibrated spectral fidelity.

F DATASETS AND PREPROCESSING

Training corpus and evaluation scope. We combine the training splits of ten cloud removal
datasets, totaling 883,331 cloud-free target images (Table 11). AllClear, Sen2 MTC Old, and
RICE1/2 contribute only pretraining data; the remaining six sources also provide evaluation bench-
marks. Three additional RGB-only settings are derived from SEN12MS-CR, Sen2 MTC New, and
WHUS2-CRv. Evaluation uses held-out samples from the contributing sources.

Optical and SAR normalization. For Sentinel-2 imagery, we convert the stored digital numbers
(DN) to reflectance as ρ = DN/104 and normalize inputs as 2 clip(ρ, 0, 1) − 1. Eight-bit imagery
is normalized as 2u/255 − 1, where u denotes the stored pixel value. For the separately rendered
RGB-only datasets, we first compute u = round[255 clip(2ρ, 0, 1)] and apply the same 8-bit nor-
malization. SAR measurements s in decibels (dB) are clipped to [−30, 0] and mapped to [−1, 1] as
2[clip(s,−30, 0) + 30]/30 − 1. TOA and BOA denote top- and bottom-of-atmosphere reflectance,
respectively; L1C denotes the Sentinel-2 Level-1C product.

Spatial and temporal inputs. WHUS2-CRv bands are aligned to the 10 m grid by nearest-
neighbor replication of the 20 m and 60 m bands. For AllClear, cloudy observations are sampled
without replacement within ±40 days of the target, excluding its acquisition date; SAR is the near-
est available acquisition within this window. Eligible AllClear targets contain at most 10% cloud,
10% shadow, and 1% no-data coverage.

Split checks. We use exact region-of-interest (ROI) identifiers for SEN12MS-CR, correct
scene assignments in WHUS2-CRv, and exclude 104 Sen2 MTC Old samples that overlap
Sen2 MTC New test tiles. CUHK-CR1 evaluation excludes 32 train/validation duplicates and four
within-test duplicates. RICE1/2 contribute only pretraining data because their supplied splits contain
duplicate images. We will release the split-audit results documenting these exclusions.

14



Preprint

Table 12: Evaluation settings. Ntest denotes the size of each evaluated test split. CUHK-CR1
counts reflect the duplicate exclusions described in Section F.

Setting PSNR/SSIM bands Ntest

SEN12MS-CR 13 bands 7,899
Sen2 MTC New RGB+B8 687
WHUS2-CRv 13 bands 3,746
T-CLOUD RGB 588
CUHK-CR1 RGB+NIR 98
CUHK-CR2 RGB 111
SEN12MS-CR, RGB-only RGB 7,899
Sen2 MTC New, RGB-only RGB 687
WHUS2-CRv, RGB-only RGB 3,746

G EVALUATION PROTOCOLS

Test sets and spectral scope. Table 12 lists the evaluated test splits and the bands used for PSNR
and SSIM. FID, DISTS, KID, DINO similarity, and LPIPS are computed on RGB views, includ-
ing in the native multispectral settings. Within each setting, competing methods are evaluated on
common samples and spatial extents for each metric. FID and DISTS are the primary measures of
distributional realism and paired perceptual fidelity, respectively. Lower values are better for FID,
DISTS, KID, and LPIPS; higher values are better for DINO similarity, SSIM, and PSNR.

Distributional measures. FID (Heusel et al., 2017) compares Gaussian approximations to the
generated and reference Inception-feature distributions. KID (Bińkowski et al., 2018) estimates
squared maximum mean discrepancy using a polynomial kernel. Both use 2,048-dimensional In-
ception pool-3 features with 299 × 299 bilinear resizing. These measures compare image sets and
do not directly evaluate correspondence to an individual cloudy input.

Perceptual and semantic measures. DISTS (Ding et al., 2020) compares structural and textural
statistics using its released VGG-16 model. LPIPS (Zhang et al., 2018) measures distances between
normalized deep features with learned perceptual weights; we use AlexNet v0.1. DINO similar-
ity (Siméoni et al., 2025) averages cosine similarity between spatially aligned patch tokens from
the frozen DINOv3-SAT ViT-L/16, excluding CLS and register tokens. All three compare each
reconstruction with its paired clear reference.

Reference fidelity. SSIM (Wang et al., 2004) compares local luminance, contrast, and structure,
while PSNR expresses pixelwise mean squared error relative to the squared intensity range on a
logarithmic scale. We average PSNR over per-image scores. SSIM uses an 11 × 11 Gaussian
window for native Sentinel-2 settings and a 7× 7 uniform window for display/RGB settings. These
measures quantify spatial and radiometric agreement with the reference and remain sensitive to
misregistration and acquisition differences.
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Figure 11: Qualitative comparison on SEN12MS-CR (Ebel et al., 2020). Four examples from the
native multispectral setting, shown as RGB views with paired clear references. GeoCR is evaluated
without fine-tuning (w/o FT) and with LoRA adaptation.
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Figure 12: Qualitative comparison on Sen2 MTC New (Huang & Wu, 2022). Four examples
from the native multi-temporal setting, shown as RGB views with paired clear references. GeoCR
is evaluated without fine-tuning (w/o FT) and with LoRA adaptation.

17



Preprint

WHUS2-CRv
Input Cloudy UnCRtainTS

CVPRW'23
IDF-CR
TGRS'24

EMRDM
CVPR'25

GACR
ECCV'26

GeoCR (Ours)
w/o FT

GeoCR (Ours)
LoRA

GT Clean

sc
en

e 
1

sc
en

e 
2

sc
en

e 
3

sc
en

e 
4

Figure 13: Qualitative comparison on WHUS2-CRv (Li et al., 2022). Four examples from the
native multispectral setting, shown as RGB views with paired clear references. GeoCR is evaluated
without fine-tuning (w/o FT) and with LoRA adaptation.
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Figure 14: Qualitative comparison on T-CLOUD (Ding et al., 2022). The two panels show the
same four scenes with different groups of competing methods. GeoCR is evaluated without fine-
tuning (w/o FT) and with LoRA adaptation.
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Figure 15: Qualitative comparison on CUHK-CR1 (Sui et al., 2024). Four examples from the
RGB+NIR setting, shown as RGB views with paired clear references. GeoCR is evaluated without
fine-tuning (w/o FT) and with LoRA adaptation.
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Figure 16: Qualitative comparison on CUHK-CR2 (Sui et al., 2024). The two panels show the
same four scenes with different groups of competing methods under the RGB evaluation setting.
GeoCR is evaluated without fine-tuning (w/o FT) and with LoRA adaptation.
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Figure 17: Qualitative comparison on SEN12MS-CR (Ebel et al., 2020) (RGB-only). Four ex-
amples from the RGB-only setting, with one cloudy RGB input and no SAR guidance. GeoCR is
evaluated without fine-tuning (w/o FT) and with LoRA adaptation.
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Figure 18: Qualitative comparison on Sen2 MTC New (Huang & Wu, 2022) (RGB-only). Four
examples from the RGB-only setting, with one cloudy RGB input and no SAR guidance. GeoCR is
evaluated without fine-tuning (w/o FT) and with LoRA adaptation.
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Figure 19: Qualitative comparison on WHUS2-CRv (Li et al., 2022) (RGB-only). Four examples
from the RGB-only setting, with one cloudy RGB input and no SAR guidance. GeoCR is evaluated
without fine-tuning (w/o FT) and with LoRA adaptation.
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