Interpretation-Oriented Cloud Removal via
Observation-Anchored Residual Flow with
Geo-Contextual Alignment

Ziyao Wang!*©, Maonan Wang2®, Yucheng He'®, Xianping Ma®{
Ziyi Wang'®, Hongyang Zhang'©, Yirong Cheng?®, and Man-on Pun®'

1 School of Science and Engineering, The Chinese University of Hong Kong,
Shenzhen, Shenzhen, China
2 Shanghai Ai Lab, Shanghai, China
3 Faculty of Geosciences and Engineering, Southwest Jiaotong University, Chengdu,
China

Abstract. Cloud removal (CR) is essential for optical remote sensing,
serving as a prerequisite for reliable downstream interpretation, such
as semantic segmentation and change detection. However, existing CR
approaches often prioritize visual realism while overlooking their im-
pact on subsequent analytical tasks, leading to semantic drift and de-
graded downstream performance. To address this issue, we propose Geo-
Anchored Cloud Removal (GACR), a unified framework that jointly
ensures faithful reconstruction and robust interpretability. At its core,
GACR incorporates Observation-Anchored Residual Flow (OAR-Flow),
which reformulates CR as a physically grounded residual inversion pro-
cess. By anchoring the generative trajectory to the cloudy observation
rather than pure noise, OAR-Flow enables fast, stable, and faithful re-
construction. To further preserve semantic structures critical for down-
stream interpretation, GACR integrates Geo-Contextual Prior Align-
ment (GCPA) to constrain the reconstruction within a semantic manifold
induced by a Vision Foundation Model (VFM). Consequently, GACR
strictly maintains the spatial-semantic integrity of complex landscapes.
Extensive experiments across six CR datasets and twelve downstream
tasks demonstrate that GACR produces superior reconstruction qual-
ity while consistently improving downstream task accuracy. The code is
available at https://github.com/wzy6055/GACR.

Keywords: Cloud Removal - Remote Sensing - Observation-Anchored
Generative Modeling - Geo-Contextual Semantic Alignment

1 Introduction

Optical satellite imagery constitutes a primary data source for a broad spectrum
of Earth observation applications, including urban development monitoring, re-
source management, and land-cover mapping [3/1548)49]. The reliability of these

* First author. { Co-corresponding authors.


https://orcid.org/0009-0004-7467-737X
https://orcid.org/0000-0001-5407-0416
https://orcid.org/0009-0001-5730-9688
https://orcid.org/0000-0002-2180-2964
https://orcid.org/0009-0009-7058-0219
https://orcid.org/0009-0007-2617-3638
https://orcid.org/0000-0001-8325-3596
https://orcid.org/0000-0003-3316-5381
https://github.com/wzy6055/GACR

2 Z. Wang et al.

applications fundamentally depends on accurate surface representation and se-
mantic consistency in the observed imagery. However, the presence of clouds
severely limits the usability of optical imagery by obscuring surface information
and introducing uncertainty in analyses [20123]. As a result, cloud removal (CR)
has evolved from a simple preprocessing operation to a critical component in
the remote sensing interpretation pipeline, motivating extensive efforts toward
generating cloud-free and semantically reliable imagery [8}20].

Recent advances in deep learning-based CR methods can be broadly catego-
rized into denoising-based [32/46.47] and generative-based approaches [27[31}/42
51]. Denoising-based methods typically treat cloud occlusion as additive residual
noise and learn a direct mapping to the underlying clear image. However, these
methods are built upon the assumption that the residual noise follows a Gaus-
sian prior distribution [44]. Under heavy occlusion, where surface information is
largely obscured rather than merely perturbed, such assumptions often lead to
structural ambiguity and over-smoothed reconstructions. In contrast, generative
approaches, particularly diffusion-based models, demonstrate a strong capabil-
ity in synthesizing visually plausible textures under severe cloud coverage. Yet,
their inherent stochastic sampling process lacks explicit observation anchoring,
frequently resulting in geographically inconsistent structures or semantic drift in
heavily occluded regions. While visually realistic, such hallucinated details may
contradict the true land-cover distribution, thereby undermining reliability in
downstream interpretation tasks.

Beyond the lack of observation anchoring in generative modeling, a more
fundamental challenge lies in the visual-fidelity-oriented optimization paradigm
underlying most existing CR methods. Current approaches primarily minimize
pixel-level discrepancies against cloud-free references, implicitly equating vi-
sual fidelity with semantic correctness. Such objectives encourage aggressive
artifact removal to maximize conventional image quality metrics (e.g., PSNR,
SSIM) [5l144], yet provide no explicit constraint on preserving task-relevant struc-
tural and categorical information. As a result, reconstructed regions may appear
visually plausible while deviating from the true geographical context, leading to
subtle but critical semantic inconsistencies. When deployed in downstream ap-
plications, such as semantic segmentation, these inconsistencies accumulate and
translate into degraded representational reliability. This misalignment between
low-level restoration objectives and high-level interpretative requirements limits
the practical utility of current CR methods.

To address these challenges, we propose Geo-Anchored Cloud Removal (GACR),
a unified framework built upon Observation-Anchored Residual Flow (OAR-
Flow). Instead of initiating generation from pure noise, OAR-Flow starts from
the cloudy observation and models CR as a physically grounded residual inver-
sion process. By initializing the generative trajectory with structured perturba-
tions around the observed image, the model adapts its behavior according to
cloud opacity. In thin-cloud regions, where surface signals remain partially ob-
servable, the observation dominates the dynamics, guiding the model to perform
physical inversion and preserve subtle yet authentic surface cues. In contrast,
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Fig.1: (a) Comparison with existing methods in terms of PSNR and mlIoU on
Vaihingen-CR-Thick. (b) Performance across 12 downstream tasks, where the out-
ermost ring denotes the upper bound. (¢) GACR reconstructs cloud-free imagery from
cloudy observations via OAR-Flow, while GCPA constrains the generative process
within a geo-contextually consistent semantic manifold.

under thick cloud coverage where information is largely obscured, residual per-
turbations provide generative flexibility, enabling controlled semantic comple-
tion. This observation-anchored mechanism shortens the generative trajectory
and suppresses unnecessary stochastic exploration, ensuring that reconstructed
structures remain spatially aligned with the original observation while avoiding
geographically implausible artifacts.

While physical anchoring stabilizes the generative dynamics, visual fidelity
alone remains insufficient to guarantee semantic reliability for downstream inter-
pretation. To bridge the gap between low-level restoration and high-level seman-
tic preservation, we introduce Geo-Contextual Prior Alignment (GCPA), which
leverages representational priors from a pretrained Vision Foundation Model
(VFM) to guide cloud removal. Rather than optimizing solely for pixel-level
similarity, GCPA aligns dense representations within a VFM-induced semantic
manifold, encouraging reconstructed regions to remain coherent with their sur-
rounding geographical context. This alignment is enforced through the proposed
Geo-Contextual Integrity Loss (GCI Loss), which explicitly regularizes the gen-
erative process to preserve task-relevant structural patterns and category-specific
semantic signatures. By jointly integrating OAR-Flow and GCPA, our frame-
work produces cloud-free reconstructions that maintain both visual fidelity and
semantic integrity. Extensive experiments across six CR datasets and twelve
downstream tasks demonstrate that GACR consistently improves both recon-
struction quality and downstream interpretation accuracy, with PSNR gains
reaching 3.3 dB, semantic segmentation improvements of 3.1 mloU, and ap-
proximately 5x faster convergence, effectively mitigating semantic distortion, as
shown in Fig.

The main contributions of this work are:
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— We formulate cloud removal as an interpretation-oriented generative inver-
sion problem and propose OAR-Flow, which grounds generation in the ob-
served cloudy image to achieve stable and faithful reconstruction.

— We introduce GCPA, which constrains reconstruction within a semantic
manifold induced by a VFM to preserve task-relevant structural patterns
and category-specific information.

— Extensive experiments across six benchmarks and twelve downstream tasks
demonstrate that GACR consistently improves reconstruction quality while
yielding higher accuracy in downstream interpretation tasks.

2 Related Work

2.1 Cloud Removal Method

CR is a fundamental preprocessing step in Earth observation, aiming to recover
cloud-free imagery for reliable surface analysis. With deep learning, data-driven
CR methods have greatly improved visual quality and adaptability, and can be
broadly grouped into residual-prediction-based and generation-based methods.
The former estimates cloud residuals or clean reflectance using CNNs [22,|50],
Transformers [18l/44], or Mamba architectures [13\|14}/25//34]. However, they com-
monly rely on the cloud-as-residual assumption, which oversimplifies complex
atmospheric scattering and limits recovery in regions severely occluded by thick
clouds. Generation-based models instead synthesize cloud-free images through
adversarial or diffusion mechanisms. Early GAN-based methods [41|9,/12,|31}39]
improved perceptual realism but often suffered from instability and artifacts,
whereas recent diffusion-based approaches |27}/37,142,|51] achieve better fidelity
and convergence. Nevertheless, most CR models are still mainly optimized for
pixel-level similarity, offering limited semantic constraints for downstream in-
terpretation tasks |5L/44]. In contrast, our framework introduces OAR-Flow and
GCPA to jointly promote physically grounded reconstruction and semantic in-
tegrity.

2.2 Diffusion and Flow Model

Diffusion models have recently shown remarkable success in image generation
[10, (17|43} |45], evolving from DDPM |[16}33] and DDIM [40] to score-based
SDE/ODE formulations [19/41]. Through iterative denoising of Gaussian noise,
they achieve higher fidelity and diversity than GAN-based [11] and VAE-based
[21] paradigms. Early studies mainly used U-Net architectures [42,|51], while
recent Diffusion Transformers (DiT) [35] improve scalability. However, many
transformer-based diffusion models work in latent space [30,35.36], which lim-
its pixel-level restoration. HDiT [6] therefore enables direct pixel-space recon-
struction, with MRDM [29] and EMRDM |27] further adapting diffusion to CR
scenarios. Nevertheless, diffusion models often require long stochastic sampling
trajectories and high computational cost [16]. Flow matching methods [1,2}24126]
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Fig. 2: Overview of the proposed GACR framework. (1) OAR-Flow reconstructs cloud-
free imagery from cloudy observations via an observation-anchored residual trajectory,
replacing pure noise initialization with a physically grounded anchor and enabling sta-
ble deterministic flow dynamics supervised by Lyei. (2) GCPA leverages a pretrained
Vision Foundation Model to extract geo-contextual representations from clean images,
enforcing semantic consistency through the L&cr and constraining the generative pro-
cess within a coherent feature manifold. (3) Downstream networks trained on cloud-free
data are used to evaluate the semantic fidelity and interpretation reliability of the re-
constructed CR outputs.

reformulate diffusion as deterministic probability flow ODEs for more efficient
trajectory learning. Different from existing flow-based CR methods, OAR-Flow
introduces an observation-conditioned residual formulation that grounds gener-
ative dynamics in the cloudy input rather than unconditional noise.

3 Methodology

This section presents the proposed GACR framework illustrated in Fig. 2] We
start by reviewing the theoretical background in Sec. We then introduce
OAR-Flow in Sec. followed by GCPA in Sec. Finally, we describe the
downstream evaluation protocols in Sec.

3.1 Preliminaries

A diffusion process with an initial distribution po(z) can be described by the
following stochastic differential equation (SDE) for t € [0,77:

dx = f(z,t)dt + g(t)dw, x(0) ~ po(x), (1)

where f(-,-) and g(-) denote the drift and diffusion coefficients, and w is a
standard Wiener process. The corresponding reverse-time SDE is given by:

dz = [f(z,t) — g(t)*V,log py(z)]dt + g(t) dw, (2)
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where W is the reverse-time Wiener process and V, logp:(z) denotes the score
function of the marginal distribution p;(x). In image restoration problems, the
objective is to model the conditional distribution between degraded and clean
images by constructing a continuous trajectory that links the two states.

To better characterize structured degradation, several works introduced mod-
ified diffusion dynamics that interpolate between a reference state and the target
distribution via mean-reverting formulations |27,/29]. A representative forward
process can be written as

dr = 0;(p — ) dt + oy dw, (3)

where p denotes a reference state and 6y, o control the drift strength and stochas-
tic noise intensity, respectively. This formulation provides an interpretable tra-
jectory that gradually transports samples toward a designated state, offering
a structured alternative to purely noise-driven diffusion. The corresponding re-
verse process can be expressed in either SDE or ODE form depending on the
parameterization [27,[29]. Such formulations provide a flexible basis for design-
ing conditional generative dynamics, which we further specialize for CR in the
following section.

3.2 Observation-Anchored Residual Flow

Forward Process. Unlike unconditional generation, CR aims to recover the
clean surface image x, from a structured degradation z. (cloudy observation).
In remote sensing imagery, cloud coverage is not random noise but a spatially
varying atmospheric scattering layer that partially or fully obscures surface re-
flectance. To explicitly model this conditional relationship, OAR-Flow constructs
a continuous trajectory that transports samples between the clean state x. and
the cloudy observation z. under structured perturbation, as illustrated in Fig. 2]
We define the forward interpolant as:

Ty = Ty + 6txc + 0€, (4)

where € ~ N(0, I) denotes Gaussian noise, and oy, f8;, and o; are time-dependent
coeflicients satisfying:

Oé():l, 60:07 00:()’
OJTZO7 ﬁT>O.

(5)

Here, x. acts as an observation anchor. In thin-cloud regions, where surface sig-
nals remain partially observable, the contribution of x. preserves low-frequency
and structural cues. In thick-cloud regions, the stochastic component e provides
generative flexibility for semantic completion. This formulation explicitly reflects
the opacity-aware characteristics of cloud degradation.

In practice, we adopt a simple linear schedule:

ap = 1- t7 ﬁt = Pt7 Ot = ta (6)
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where p controls the strength of the observation anchor relative to stochastic
perturbations, ensuring that the trajectory remains grounded in the cloudy ob-
servation while retaining flexibility in severely occluded regions.

Backward Process. The marginal distribution p;(x) induced by Eq. satis-
fies the transport equation |1}30]:

Oipe(x) + Vi - (vi(x)pe(x)) = 0, (7)

where v¢(z) denotes the velocity field of the deterministic probability flow.

Following the flow matching formulation, the ideal velocity field can be ex-
pressed as: )

ve(2) = E[cwzs + Prae + o1€ | ¢ = 2], (8)

which explicitly decomposes the dynamics into three components: clean target
guidance, observation anchoring, and stochastic perturbation. This residual de-
composition differs from purely noise-driven flows by incorporating structured
observational information into the trajectory. The correspondence between the
marginal distribution p;(x) and the velocity formulation in Eq. follows from
the transport equation in Eq. , and the detailed derivation is provided in
Appendix A.

We parameterize the velocity field using a neural network uy:

u(z) = Netg(z4, t, ), 9)

where x. is provided as a condition to preserve spatial alignment with the ob-
served cloudy image.

During inference, the clean estimate is obtained by integrating the determin-
istic flow from ¢t =T to t = 0:

(%tfl = IIATt + At ut(;%t), (10)

yielding the final reconstruction &, = &g. Because the trajectory remains an-
chored to z. throughout integration, the reconstructed surface structures are
spatially consistent with the original observation, effectively reducing geograph-
ically implausible artifacts.

3.3 Geo-Contextual Prior Alignment

To jointly ensure reconstruction fidelity and semantic integrity in CR, we opti-
mize OAR-Flow under two complementary objectives: a velocity matching loss
L1 in pixel space and a geo-contextual consistency constraint loss Lgcr in the
representation space.

Velocity Matching Loss. The primary supervision for OAR-Flow is to match
the analytical velocity defined in Eq. . The network u; is trained to approxi-
mate the target velocity field:

Loa =B [Jui(e0) = veao)|]

‘ut(xt) — Ty — BtﬂCc — €

5] L
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This objective ensures that the learned flow follows the observation-anchored

residual trajectory defined in OAR-Flow. The network is implemented using an
HDiT-based backbone [6], receiving the current state x, timestep ¢, and the
cloudy observation z. as condition, and predicting the deterministic velocity
toward the clean state.
Geo-Contextual Integrity Loss. While velocity supervision guarantees pixel-
level reconstruction consistency, it does not explicitly enforce preservation of
land-cover semantics. In remote sensing imagery, geographical context exhibits
strong structural continuity (e.g., forests form contiguous regions and urban
layouts follow spatial regularity). To maintain such geo-contextual coherence,
we introduce GCPA, implemented through the proposed GCI Loss.

Let fofm(-) denote a pretrained VFM encoder. The geo-contextual prior of
the clear image is defined as

Ze = fotm(ws) € REXEXD, (12)

We extract the intermediate feature hy € REXCXHXW from the bottleneck
of the HDiT backbone and map it into the same representation space via an
Adaptive Projector (ADP):

Zt = ADP(ht)

— MLP(RE(AP(h,))), (13)

where RE(:) and AP(-) denote rearrangement and adaptive pooling operations,
respectively.
The GCI Loss is defined as a patch-wise cosine similarity:

1L (e

B\ 2 o | (14)
N =1 12

Lacr = —

where n indexes spatial tokens. By aligning reconstructed features with the
VFM-induced semantic manifold, this loss constrains the generative process to
remain consistent with large-scale geographical structures, thereby reducing se-
mantic drift in heavily occluded regions.

Unified Objective. The overall training objective is:

L = Lyl + Aqcr, (15)

where A balances reconstruction fidelity and geo-contextual integrity. Ablation
analysis of the objective components is provided in Section [£.4]

3.4 Downstream Networks

We evaluate GACR on four remote sensing tasks: land-cover classification, build-
ing extraction, semantic segmentation, and height estimation as shown in Fig.
These tasks assess whether reconstructed CR results preserve task-relevant se-
mantic and structural information.
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We adopt a pretrained DINOv3 backbone [38] as a unified visual encoder
for downstream evaluation. For each task, the backbone is frozen and paired
with a lightweight decoder trained on clear images to establish reliable reference
performance. Notably, the VFM used for GCPA and the downstream encoders
are independent, ensuring that downstream evaluation does not share parameters
or supervision signals with the upstream semantic guidance. The architectural
details of the downstream networks are presented in Appendix B.

4 Experiments and Discussion

4.1 Implementation Details

Dataset. To enable a unified evaluation of both reconstruction fidelity and
downstream performance, we construct a comprehensive benchmark for joint
assessment. Specifically, we employ six CR datasets, including two publicly avail-
able datasets: CUHKCR-EXT-GZ and CUHKCR-EXT-CS [44], along with four
synthetic cloud datasets constructed by ourselves: Potsdam-CR-thin, Potsdam-
CR-thick, Vaihingen-CR-thin, and Vaihingen-CR-thick. These datasets cover
both real and simulated cloud scenarios, encompassing thin and thick cloud
conditions to reflect varying levels of opacity and structural occlusion.
Downstream Tasks. CUHKCR-EXT-GZ and CUHKCR-EXT-CS support land-
cover classification (CLS-1 and CLS-2) and building extraction (BLD-1 and
BLD-2), while the four synthetic datasets include semantic segmentation (SEG-1
to SEG-4) and height estimation (HE-1 to HE-4). These tasks evaluate whether
reconstructed CR outputs preserve task-relevant semantic structures and spa-
tial consistency. Further details on dataset construction and the cloud synthesis
process are provided in Appendix C.

Model Settings. For GCPA, we employ two pretrained DINOv3 variants as
the VFM module: ViT-L/16-SAT-300M and ViT-L/16-LVD-1689M. Model con-
figurations are denoted as GACR-SAT/p or GACR-LVD/p, where “SAT” and
“LVD” indicate the corresponding VFM pretraining variants, and “/p” specifies
the patch size used in OAR-Flow. In our experiments, the upstream VFEM for
geo-contextual guidance and the downstream encoder for evaluation are initial-
ized from different pretrained weights, ensuring no parameter sharing between
guidance and evaluation stages. This separation avoids potential bias arising
from shared representation priors and enables a fair assessment of downstream
improvements. To further verify robustness with respect to backbone selection,
we additionally conduct experiments using heterogeneous downstream encoders,
with detailed results reported in Appendix D.

Evaluation Metrics. For CR evaluation, we adopt PSNR and SSIM to measure
reconstruction fidelity from complementary perspectives of distortion, perceptual
similarity, and error magnitude. For downstream evaluation, we report accuracy
(Acc.) for CLS, IoU for BLD, mloU for SEG, and RMSE for HE. More imple-
mentation details of metrics and training settings are provided in Appendix D.
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Table 1: Quantitative comparison across six CR datasets. The best and second-best
scores are marked in bold and underline, respectively.

Model CUHKCR-EXT-GZ|CUHKCR-EXT-CS|Potsdam-CR-thin|Potsdam-CR-thick|Vaihingen-CR-thin|Vaihingen-CR-thick
: PSNRT SSIM{ [PSNRT SSIMf |PSNRT SSIMt |[PSNRt SSIMt |PSNRT SSIMt |PSNRT  SSIMf
MPRNet 23.454 0.712 23.365 0.695 28.349  0.960 |26.418 0.902 31.209 0.978 27.805 0.935
Restormer 25.839 0.743 23.632 0.710 31.413  0.970 |28.831 0.922 31.210 0.970 28.867 0.922

AST 25.482 0.735 23.365 0.695 28.924 0.957 |25.886  0.890 |29.877  0.973 |26.471 0.916
Mamba. 25.626 0.733 23.445 0.704 30.881  0.967 |[27.027  0.903 |32.764  0.983 |29.852 0.945
DFCFormer 25.816 0.746 23.876 0.711 30.836  0.969 |28.196  0.917 |33.342 0.985 30.396 0.951
EMRDM 25.862 0.747 23.736 0.712 30.335  0.972 [27.199 0923 |33.620 0.988 |28.979 0.951

GACR-SAT/2 |25.964  0.736 |24.230 0709 |33.141 0.975 [30.578 0.934 [36.293  0.990 |33.018  0.964
GACR-LVD/2 25899  0.735 |24.220 0.707 |32.880 0.975 |30.308 0.932 [35.749 0.989 |32.656  0.963
GACR-SAT/1 [26.100 0.744 |24.354 0.713 |33.642 0.976 |31.049 0.938 [36.918 0.991 |34.048 0.970
GACR-LVD/1 [26.059  0.744 |24.331 0.714 |33.305 0.975 |30.58 0.935 |36.590 0.991 |33.808  0.969

Target Cloudy MPRNet Restormer AST MambalR DFCFormer EMRDM GACR-SAT

AN~
“E Hll.lﬁlﬁi

Fig. 3: Visualization of CR and downstream results. (a) The CR results on CUHKCR-
EXT-GZ and the corresponding BLD results. (b) The CR results on Potsdam-CR-thick
and the corresponding SEG and HE results.

4.2 CR Evaluation

This section evaluates the reconstruction fidelity of CR results. Quantitative
comparisons are reported in Tab. [[] On the CUHKCR-EXT datasets, GACR
achieves highly competitive performance across most metrics. Except for a slightly
lower SSIM on CUHKCR-EXT-GZ, GACR consistently surpasses existing ap-
proaches in terms of PSNR and RMSE, indicating a favorable balance between
pixel-level accuracy and perceptual consistency. For example, on CUHKCR-
EXT-CS, GACR-SAT/1 achieves a PSNR of 24.354, improving upon the strongest
baseline by approximately 0.5 dB. Notably, the improvements are not limited to
a single metric but are consistently reflected across multiple evaluation metrics,
demonstrating the robustness of the proposed reconstruction strategy.
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Table 2: Quantitative comparison of different tasks on downstream networks with ViT-
L/16-LVD-1689M weight, including classification (CLS), building extraction (BLD),
semantic segmentation (SEG), and height estimation (HE). The best and second-best
results are highlighted in bold and underline, respectively.

CLS-1 CLS-2|BLD-1 BLD-2| SEG-1 SEG-2 SEG-3 SEG-4| HE-1 HE-2 HE-3 HE-4
Acc. T Acc. 7| IoU 1 IoU 1 imIoU 1 mlIoU 1 mlIoU 1 mIoU 1|RMSE | RMSE | RMSE | RMSE |

Upper Bound 0.882 0.916 | 0.718 0.762 | 0.733 0.733  0.755 0.755 | 1.868 1.868 1.477 1.477
Lower Bound 0.746 0.739] 0.669 0.596 | 0.657 0.490 0.677 0.550 | 2.144 2.703 1.672 2.095
End-to-End 0.833 0.876| 0.691 0.698 | 0.709 0.643 0.737 0.684 | 2.000 2.245 1.583 1.830

MPRNet |32] 0.809 0.752 0.653 0.654 | 0.707 0.615 0.741 0.671 | 1.987 2412 1.549  1.757
Restormer [46] |0.803 0.744 | 0.655 0.660 | 0.710 0.650 0.718  0.675 | 1.913  2.228 1.520  1.681
AST [47] 0.813 0.767 ] 0.668 0.651 | 0.697 0.580 0.736  0.632 | 2.019  2.492 1.585 1.885
MambalR [14] |0.759 0.778| 0.660 0.648 | 0.713 0.620 0.736  0.671 | 1.948  2.350 1.552 1.697
DFCFormer |44/| 0.763 0.771| 0.659 0.657 | 0.713 0.630  0.722 0.671 | 1.948 2317 1.526  1.687
EMRDM |27 0.776 0.726 | 0.703 0.696 | 0.722 0.668 0.747  0.692 | 1.902  2.133 1.512 1.629

GACR-SAT/2 |0.833 0.781|0.704 0.710| 0.727 0.699 0.750 0.737 | 1.891 2.014 1.482 1.554
GACR-LVD/2 ]0.806 0.768|0.702 0.704 | 0.727 0.695 0.748 0.728 | 1.889  2.025 1.490 1.575

Model

On the four synthetic datasets, GACR demonstrates clear advantages un-
der both thin- and thick-cloud conditions. In thin-cloud scenarios, where sur-
face structures remain partially observable, the observation-anchored formula-
tion effectively preserves fine-grained textures and low-frequency spatial conti-
nuity, preventing unnecessary alterations to already reliable regions. This leads
to the highest PSNR of 33.642 dB on Potsdam-CR-thin and 36.918 dB on
Vaihingen-CR-thin with GACR-SAT/1. In thick-cloud settings, where large ar-
eas are severely occluded and lack direct visual cues, the residual generative com-
ponent provides controlled semantic completion guided by the anchored trajec-
tory. This mechanism enables the model to recover plausible yet geographically
consistent structures, resulting in consistent improvements over prior methods
across multiple quantitative metrics. The performance gains under heavy occlu-
sion further validate the effectiveness of modeling CR as a physically grounded
residual inversion process.

We further evaluate two patch-size configurations to examine the trade-off be-
tween reconstruction granularity and computational cost. Results indicate that
GACR-SAT/2 already surpasses existing methods by a clear margin, confirming
that the proposed framework remains effective even under coarser spatial par-
titioning. A smaller patch size (GACR-SAT/1) further enhances reconstruction
fidelity by enabling finer spatial modeling and more detailed residual refinement.
However, considering computational efficiency and fairness in comparison with
existing baselines, we adopt p = 2 in subsequent experiments unless otherwise
specified. Qualitative comparisons are shown in Fig. 3] where GACR produces
sharper structural boundaries and fewer texture inconsistencies. Additional vi-
sualizations are provided in Appendix E to further illustrate the stability of the
reconstruction results across diverse cloud conditions.
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©

Fig. 4: Heatmaps of different CR obtained from the pretrained DINOv3 ViT-L/16-
LVD-1689M. Regions with higher intensity indicate stronger similarity to the locations
marked by red crosses.

4.3 Downstream Evaluation

This section evaluates downstream performance to examine whether GACR pre-
serves task-relevant semantic structures beyond pixel-level fidelity. The quanti-
tative results in Tab. 2] are obtained using a DINOv3-based downstream encoder
initialized with the ViT-L/16-LVD-1689M weights. In the table, the upper bound
denotes testing directly on clear images, the lower bound represents performance
without CR preprocessing, and end-to-end refers to training and testing down-
stream models directly on cloudy images. Results obtained using the ViT-L/16-
SAT-300M weights are provided in Appendix E.

Across all downstream tasks, GACR consistently achieves superior down-
stream performance compared with existing CR methods. In particular, GACR-
SAT/2 attains the highest classification accuracies of 0.833 and 0.781 on CLS-1
and CLS-2, exceeding the strongest baseline (AST) by 2.0% and 1.4%, respec-
tively. For height estimation, GACR-SAT/2 achieves the lowest RMSE values
of 1.891 and 1.482 on HE-1 and HE-3, outperforming the second-best method
by 0.1-0.2. These improvements indicate that GACR better preserves semantic
consistency and spatial structure critical for downstream recognition.

For the CLS task, the performance gap between different CR methods is rela-
tively small. We observe that the end-to-end approach yields results close to the
upper bound and, in some cases, performs comparably to inputs preprocessed
via CR. This phenomenon can be attributed to the global nature of classifica-
tion, where coarse semantic representations are less sensitive to localized cloud
occlusion. The t-SNE analysis in Appendix E further supports this observation:
cloudy inputs already form distinguishable clusters similar to cloud-free samples,
implying that CR only provides limited additional separability.

In contrast, for dense prediction tasks such as segmentation and height es-
timation, CR leads to substantial downstream improvements, with GACR con-
sistently delivering greater gains than competing methods. As shown in Fig. [3]
different CR. approaches enhance land-cover discriminability to varying extents,
vet GACR produces more distinct and semantically coherent object boundaries.
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To further analyze this behavior, we present feature activation maps in Fig.[d For
example, in row (a), GACR enables clearer separation of cloud-affected build-
ings on the right side of the image, indicating improved semantic localization.
Moreover, Fig. [f] visualizes feature distance distributions across methods. While
cloudy inputs exhibit a noticeable distribution shift relative to clear references,
GACR more effectively aligns the feature distribution with that of the cloud-
free references. This observation is consistent with the geo-contextual alignment
mechanism, which constrains reconstruction within a semantically coherent fea-
ture manifold.

*u=03857
07 =0.0716

— Clear
Cloudy

“[u=03933

o = 0.0668

— Clear
DFCFormer

" [u=038a1

o = 0.0677

u=04319
2 = 0.0582

C
EMRDM

— Clear
GACR-SAT

A

N

VAN

GACR-SAT

15 %5

Cloudy " DFCFormer " EMRDM

Fig. 5: Feature distance distribution comparison between CR result and corresponding
cloud-free reference.

4.4 Ablation Study

Convergence Speed. Fig. [f] presents the PSNR progression over training steps
for EMRDM, OAR-Flow without GCPA, and the complete GACR model. Com-
pared with EMRDM, OAR-Flow converges substantially faster, reaching the
high-PSNR regime with significantly fewer iterations. Specifically, OAR-Flow
achieves a comparable PSNR level
using approximately one-third of
the training steps required by EM-
RDM, corresponding to about a
3x acceleration in convergence. %
This improvement highlights the =
optimization efficiency introduced

24 1

5x faster

OAR-Flow + GCPA

by the observation-anchored resid- 181 —o— OAR-Flow
. . EMRDM
ual trajectory. Furthermore, incor- " K i : .
Ok 50k 100k 150k 200k

porating GCPA further accelerates
convergence. The complete GACR
not only attains higher PSNR but
also converges approximately 5x
faster than EMRDM.

Effectiveness of Model Choice. To investigate the effectiveness of each mod-
ule, we perform an ablation study on the CUHKCR-EXT-CS dataset, as re-
ported in Tab. [B] Four configurations are compared to disentangle the effects

Training Step

Fig.6: The introduction of OAR-Flow and
GCPA significantly accelerates the convergence
of training.
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Table 3: Comparison of different model settings on CUHKCR-EXT-CS.

Method ‘PSNR 1 SSIM 1 CLS 1 BLD T GFLOPs
DiT + MRDM 24.037 0.707 0.670 0.693 697.20
HDIiT + MRDM 23.736 0.712 0.726 0.696 166.72
HDiT + OAR-Flow 23.986 0.698 0.690 0.700 56.05

HDiT + OAR-Flow + GCPA|24.230 0.709 0.781 0.710 56.05

of generative formulation and geo-contextual alignment. The diffusion-based
baseline corresponding to EMRDM serves as a reference, while the complete
GACR represents the final configuration. Although DiT-based modeling pro-
duces competitive visual results, it incurs substantially higher computational
cost (GFLOPs = 697.20). Replacing diffusion dynamics with OAR-Flow consis-
tently improves reconstruction metrics while maintaining efficiency. Moreover,
incorporating GCPA further enhances both CR quality and downstream perfor-
mance, indicating that geo-contextual alignment effectively mitigates semantic
drift and strengthens interpretation reliability.

Effectiveness of A and patch Table 4: Hyperparameter analysis on Vaihingen-
size p. We further conduct ab- CR-Thick.

lation studies on key hyper- |PSNR 1 SSIM 1 SEG 1 HE | GFLOPs
parameters in Tab. [ includ- \ —

. . . ‘ p=2

ing the balancing coefficient A

for GCI and the patch size 8§ %38’1783 %ggj 3;35; 112?4;1 B
p. When A = 0.5, the model : : : ’ ) )

10| 32.838 0964 0.730 1563 -
achieves the best trade-off be- 90| 32720 0.963 0720 1.576

tween reconstruction fidelity 5.0/ 32.615 0.962 0.727 1.596 -
and downstream performance. | \—05

This indicates that moderate
regularization enhances seman-
tic consistency without over-
constraining pixel-level refine-
ment, whereas overly small or
large A values degrade either reconstruction quality or downstream metrics. Re-
garding patch size, smaller values lead to improved visual quality due to finer
spatial modeling; however, setting p = 1 significantly increases computational
cost in terms of FLOPs. Therefore, p = 2 is adopted as the default configu-
ration in our experiments to balance reconstruction quality and computational
efficiency while maintaining fair comparison with existing methods.

30.303 0.949 0.693 1.616 14.15
33.018 0.964 0.737 1.554 56.05
33.799 0.969 0.720 1.548 223.60

NS

5 Conclusion

In this paper, we present GACR, an interpretation-oriented framework that
jointly improves reconstruction fidelity and downstream reliability. With OAR-
Flow, CR is reformulated as a physically grounded residual inversion process
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anchored to cloudy observations, reducing geographically implausible artifacts.
Meanwhile, GCPA constrains reconstruction within a VFM-induced semantic
manifold to preserve task-relevant structures and category-specific information.
Extensive evaluations on six datasets and twelve downstream tasks show that
GACR consistently enhances both reconstruction quality and task accuracy
across diverse cloud conditions and remote sensing scenarios. These results sug-
gest that coupling observation-anchored physical priors with semantic constraints
enables CR to move beyond visual enhancement toward a reliable, semantics-
preserving foundation for Earth observation.
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