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ARTICLE INFO ABSTRACT

Keywords: Remote sensing imagery is essential for global environmental monitoring, but frequent cloud cover severely
Cloud removal limits the utility of optical images. Fusing cloud-prone optical images with cloud-penetrating Synthetic
Image processing Aperture Radar (SAR) data offers a path to all-weather Earth observation. However, this task faces a dual

Multimodal fusion
Synthetic aperture radar
Transformer

challenge: the escalating computational cost of state-of-the-art methods and the inherent ill-posedness of the
reconstruction under information loss, which complicates the learning process. To tackle this, we propose
ECRformer (Efficient Cloud Removal Transformer). ECRformer pairs an efficient architecture with a principled
learning paradigm to address both challenges through: (1) a suite of efficient attention mechanisms, including
Cross-Covariance Attention (XCA) for computationally-aware multimodal feature fusion and Multi-Dilation
Window Attention (MDWA) for capturing multi-scale spatial context with linear complexity; and (2) the
Semantic-Decoupled Feature Learning (SDFL) paradigm, a novel training strategy that decomposes the ill-
posed reconstruction task into two well-defined sub-problems: structure recovery and texture rendering.
By applying asymmetric supervision (structural loss on the encoder, texture loss on the decoder), SDFL
provides a more principled learning process. These improvements enhance reconstruction quality, training
stability, and reliability, culminating in new state-of-the-art (SOTA) performance on both the SEN12MS-CR and
LuojiaSET-OSFCR large-scale optical-SAR cloud removal datasets. Notably, ECRformer surpasses previous SOTA
methods by 1.23/0.90 dB in PSNR, while requiring only 28.9% of the parameters and 24.5% of the FLOPs,
providing a powerful, efficient, and reliable solution for multimodal cloud removal. The code is available at
https://github.com/zzaiyan/ECRformer.

1. Introduction of cloud removal from optical remote sensing images has garnered sub-
stantial research interest, with methodologies evolving progressively to
address inherent limitations.

Early efforts primarily focused on single-image cloud removal, treat-
ing the task as an image inpainting problem (Pathak et al., 2016;
Criminisi et al., 2004). These methods attempt to reconstruct corrupted
regions using contextual information from surrounding cloud-free pix-
els. While some success has been achieved with modern deep learn-
ing models like Generative Adversarial Networks (GANs) (Goodfellow
et al.,, 2013). This pervasive contamination leads to significant data et al., 2014) and Transformers (Vaswani et al., 2017; Dosovitskiy et al.,
loss, hindering continuous monitoring and analysis (Chen et al., 2025; 2020), they face a fundamental bottleneck: when clouds are thick
Sun et al.,, 2025; Li et al., 2025a). Addressing this challenge, the task and opaque, the underlying ground information is irrevocably lost.

Optical remote sensing provides invaluable data for a myriad of ap-
plications, from agricultural monitoring and urban planning to disaster
response (Yuan et al., 2020; Liu et al., 2024). However, its effectiveness
is fundamentally constrained by weather conditions (Shen et al., 2015).
Globally, clouds obscure approximately 67% of the Earth’s surface at
any given time, with land areas experiencing about 55% coverage (King
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Fig. 1. Typical inputs and outputs of the optical-SAR multimodal cloud
removal task, where SAR provides complementary structural information to

aid optical image reconstruction.

This renders the problem severely ill-posed, often leading to blurry,
structurally inconsistent, or factually incorrect reconstructions.

To overcome this information deficit, the community turned to
multi-temporal approaches, which leverage a time-series of images of
the same location (Gao and Gu, 2017). By sourcing clear pixels from
cloud-free reference images captured at different times, these methods
can restore information with high fidelity. However, this paradigm
introduces its own stringent dependencies. Its success hinges on the
availability of high-quality, precisely registered, cloud-free reference
images from a similar season; when available, these methods can
be advantageous. Performance degrades significantly in the face of
rapid land-cover changes, registration errors, or in regions plagued by
persistent cloud cover, limiting its reliability for on-demand analysis.

These limitations paved the way for multimodal fusion, particularly
leveraging cloud-penetrating Synthetic Aperture Radar (SAR) imagery,
which has emerged as a more robust and versatile solution (Fig. 1). Un-
affected by weather and providing rich structural detail, SAR data offers
an all-weather, temporally coincident information source, sidestepping
the need for a “perfect” temporal reference. Within this promising mul-
timodal paradigm, the field has witnessed its own rapid architectural
evolution. Initial approaches utilized Convolutional Neural Networks
(CNNs) (LeCun et al., 1989) to fuse local features (Meraner et al.,
2020). However, their inherently limited receptive fields struggled to
model global context. This motivated the shift to Vision Transformers
(ViTs) (Vaswani et al., 2017; Dosovitskiy et al., 2020) to capture long-
range dependencies (F. Xu et al., 2022; Gu et al., 2025). Most recently,
the field has been dominated by conditional diffusion models, which
set new benchmarks by generating highly realistic textures (Zou et al.,
2024; Liu et al., 2025; Cai et al., 2025). This progress, however, has
come at the cost of a dramatic increase in computational demand,
rendering these models slow and resource-intensive. The field appears
to have hit a computational wall, where further gains in accuracy seem
to require unsustainable increases in cost.

Beyond this efficiency challenge, we argue there is a more funda-
mental issue at play. As observed in the literature, even state-of-the-art
methods face an implicit trade-off between SAR-guided structural con-
sistency and optical-style textural realism (Gu et al., 2025; Liu et al.,
2025). In this context, we define structure as the low-frequency ge-
ometric information, such as object boundaries, road networks, and
land shapes, which can be reliably captured by SAR sensors regardless
of weather conditions. Conversely, texture refers to the high-frequency
details, specifically the spectral information and color patterns char-
acteristic of optical imagery, which are often corrupted by clouds.
We contend that this is a symptom of a deeper problem: the con-
ventional problem formulation itself. Multimodal cloud removal is an
inherently ill-posed problem, where a single optical-SAR input pair
can correspond to multiple plausible reconstructions. By treating it
as a single end-to-end task, existing methods force a single network
to simultaneously resolve structural ambiguities using SAR data and
render fine-grained textures based on optical context. This convoluted
learning objective often leads to suboptimal compromises. Regardless
of their architectural power, from CNNs to diffusion models, existing
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approaches have not sufficiently addressed this foundational challenge
in problem formulation.

This paper tackles these dual challenges of efficiency and ill-
posedness head-on. We propose a solution that combines a new, prin-
cipled learning paradigm with a highly efficient architecture. Our
contributions are threefold:

+ We propose ECRformer, a method for optical-SAR cloud removal
that integrates theoretical innovation with an efficient archi-
tecture. The architecture features a suite of task-specific effi-
cient attention mechanisms, specifically Cross-Covariance Atten-
tion (XCA) for computationally-aware channel-wise fusion and
Multi-Dilation Window Attention (MDWA) for linear-complexity
spatial modeling.

We introduce the Semantic-Decoupled Feature Learning
(SDFL) paradigm, a novel training strategy that reframes the
ill-posed reconstruction task. By decomposing the task into two
well-defined sub-problems, structure recovery and texture ren-
dering, and applying targeted, asymmetric regularization, SDFL
mitigates the risk of artifact generation and makes the learning
process more stable, reliable, and interpretable.

Extensive experiments on multiple large-scale datasets show that
ECRformer achieves state-of-the-art reconstruction quality among
single-temporal multimodal methods while being computation-
ally efficient; notably, its lightweight variant, ECRformer-Light,
attains competitive performance under extremely low computa-
tional load.

The organization of the remaining paper is delineated as follows:
Section 2 reviews related work in multimodal cloud removal and
efficient deep learning architectures. Section 3 details the ECRformer
architecture and the SDFL training paradigm. Section 4 presents com-
prehensive experiments, including quantitative evaluations, qualitative
analyses, and ablation studies. Finally, Section 5 concludes with a
summary of findings and directions for future research.

2. Related work

Cloud removal from optical remote sensing images is a challenging
image restoration problem. Methodologies are broadly categorized into
single-image, multi-temporal, and multimodal (SAR-assisted) (Shen
et al., 2016).

2.1. Single-image cloud removal

Single-image cloud removal relies solely on a single cloudy optical
observation, thus the key is exploring spatial context. Early studies
commonly formulated this task as image inpainting, using handcrafted
priors such as interpolation-based gap filling (Zhang et al., 2007),
PDE-driven inpainting (Bertalmio et al., 2000), and patch-level ex-
emplar matching (Criminisi et al., 2004; He and Sun, 2014). With
the advent of deep learning, reconstruction quality improved sub-
stantially: early CNN-based completion models (Malek et al., 2017;
Pathak et al., 2016) and encoder—decoder designs (Zheng et al., 2020)
provided stronger feature representations, while adversarial learning
further enhanced perceptual realism in the restored regions (Yu et al.,
2019; Sun et al., 2019; Shao et al., 2022). More recently, attention-
based architectures have been introduced to better model long-range
dependencies and global context, including Transformer-based image
restoration backbones (Dosovitskiy et al., 2020; Liang et al., 2021) and
task-specific designs for remote sensing cloud removal (M. Xu et al,,
2022; Christopoulos et al., 2022; Dai et al., 2024; Wan et al., 2025;
Li et al., 2025b). In parallel, diffusion-based formulations have gained
traction by learning richer generative distributions and producing vi-
sually convincing details (Jing et al., 2023; Sui et al., 2024). However,
for large, opaque clouds, the problem remains ill-posed, often leading
to blurry or incorrect reconstructions.
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2.2. Multi-temporal cloud removal

Multi-temporal cloud removal leverages complementary observa-
tions of the same area acquired at different dates. Early work typi-
cally relied on relatively strong assumptions such as limited temporal
change, and employed hand-crafted fusion rules including interpolation
and compositing (Chen et al., 2011; Gao and Gu, 2017), regression-
style transfer (Zeng et al., 2013), and tensor decompositions (Liu et al.,
2012). While these methods can be effective under mild changes,
they often struggle with complex nonlinear appearance variations and
temporal degradations. Deep learning has strengthened the ability to
learn non-linear temporal correspondences and to model richer tem-
poral dynamics, ranging from CNN-based restoration (Chen et al.,
2019; Sarukkai et al., 2020) to 3D-CNN or recurrent formulations (Q.
Zhang et al., 2018). More recently, attention-based designs have be-
come a dominant trend by adaptively selecting informative frames
and suppressing unreliable observations, enabling more robust aggre-
gation under varying cloud coverage and observation quality (Ebel
et al., 2023; Liu et al., 2023; Stucker et al., 2023; Zhang et al., 2025;
Shu et al.,, 2025). The main drawback is the dependency on high-
quality, cloud-free reference images, with performance suffering from
registration errors, land cover changes, or persistent cloud cover.

2.3. Multimodal cloud removal

Fusing optical data with cloud-penetrating SAR imagery enables
all-weather sensing. The dominant approach is deep learning-based
fusion. Early works used CNNs to fuse multimodal data (Meraner et al.,
2020; Ebel et al., 2020). Generative Adversarial Networks (GANs) were
then employed to enhance realism (Grohnfeldt et al., 2018). More ad-
vanced hybrid architectures, combining CNNs and Transformers, were
designed to better handle modality-specific characteristics (F. Xu et al.,
2022; Ebel et al., 2023; He et al., 2023; Gu et al., 2025; Ma et al., 2024).
In parallel, SAR-to-optical image translation methods were explored,
leveraging GANs to directly synthesize cloud-free optical imagery from
SAR data (Bermudez et al., 2018; Yang et al., 2022; Wang et al., 2025).
Recently, conditional diffusion models have become state-of-the-art,
framing cloud removal as a generative process guided by the cloudy
optical and clear SAR images (Zou et al., 2024; Liu et al., 2025; Tu
et al., 2025; Cai et al., 2025). Despite impressive results, challenges
remain in fully exploiting complementary information, often leading to
a trade-off between SAR-guided structural consistency and optical-style
textural realism. Our work aims to develop a more effective cross-modal
fusion strategy to enhance both aspects.

In summary, while SAR-assisted multimodal fusion is the lead-
ing paradigm for cloud removal, current methods face two major
challenges. First, top-performing generative models are often too com-
putationally expensive for practical use. Second, a fundamental conflict
persists between preserving structural details from SAR data and gen-
erating realistic optical textures. This work addresses these issues by
proposing an efficient architecture and a novel learning approach that
explicitly disentangles structure and texture, aiming to improve both
reconstruction quality and efficiency.

3. Methodology

Our proposed method consists of two main components: the ECR-
former model, a hierarchical Transformer architecture, and the
Semantic-Decoupled Feature Learning (SDFL) paradigm, a novel train-
ing strategy. Fig. 2 illustrates the overall architecture.
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3.1. Problem formulation
Formally, let X, € RPWCopt represent the cloudy optical image
and Xy, € RPWXCar be a co-registered SAR image of the same
geographical area. Here, H and W denote the spatial height and width,
while C,p and Cg,, are the number of channels for the optical and
SAR images, respectively. The desired output is a cloud-free optical
image ¥ € R>*W*Copt that is as close as possible to the ground-truth
cloud-free image Y € R¥*W*Copt,

The objective is to learn a mapping function f,, parameterized by
0, that takes the cloudy optical and SAR images as input and generates
the estimated cloud-free image:

i]\ = fG (Xopt’Xsar) . (1)

The learning process seeks to find the optimal parameters 6 by
minimizing a loss function £ (?Y) that quantifies the discrepancy
between the predicted image and the ground truth.

3.2. Overall architecture

To learn the mapping f,, we propose ECRformer, a U-shaped hi-
erarchical Transformer model. As depicted in Fig. 2, its architecture
comprises three primary components: a Shallow Feature Embedding
module, a U-Shaped Backbone for deep feature extraction, and a final
Refinement Network.

3.2.1. Shallow feature embedding

To preserve modality-specific information, the cloudy optical input
Xope and SAR input X, are first processed independently by two
parallel 7 x 7 convolutional layers. This allows the network to learn
low-level features for each modality before fusion. The resulting fea-
ture maps are then concatenated to form the input for the U-shaped
backbone:

@

- opt
Fghanow = Concat (Conv7><7

(XOPt) ,Convi‘;% (Xsar)> .

3.2.2. U-shaped backbone

The core of our model is a symmetric encoder—decoder backbone
with a bottleneck, designed to capture and progressively refine multi-
scale features.

The encoder progressively extracts more abstract, semantic features
by reducing spatial resolution while increasing channel depth. It con-
sists of K., encoder stages. Here, we define a stage as a sequence of
ECRformer Blocks operating at a specific spatial resolution followed by
a downsampling or upsampling operation. Let F2~! be the input to the
Dth stage (with F). = Fyow)- This feature map is first processed
by a stack of L, ECRformer Blocks (where L denotes the depth of
this stage). The resulting features are then downsampled to produce
the stage’s output, F2 :

).

where Blocks, () denotes the sequential application of L, ECRformer
Blocks.

Positioned at the deepest part of the network, the bottleneck con-
nects the encoder and decoder. It processes the final encoder output,
Fei"g“, with a series of Lz ECRformer Blocks to further transform the
features at the lowest spatial resolution:

FD

D-1
. = Downsample (Blocks 1, (F

enc

3)
D= 17'“’Kenc

4

The decoder symmetrically restores the spatial resolution while
refining features to reconstruct the image. It has K4, decoder stages
(i.e., we set Kge. = Kep to ensure size consistency). At each stage D, the
output from the previous decoder stage, FO-! (with FS = Fygienect)s
is first upsampled. The result is then fused with the corresponding

enc

K,
Fhottleneck = Blocks, ( F enc) )
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Fig. 2. The overall framework of our proposed method. The ECRformer model, a U-shaped backbone with efficient ECRformer Blocks, processes concatenated
optical and SAR feature maps. The Semantic-Decoupled Feature Learning (SDFL) paradigm applies asymmetric supervision to intermediate layers: a structural
loss on the encoder and a textural loss on the decoder, guiding a progressive reconstruction from structure to detail.
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Fig. 3. The ECRformer Block architecture. It consists of three main components: (a) Cross-Covariance Attention (XCA) for efficient cross-modal channel fusion,
(b) Multi-Dilation Window Attention (MDWA) for capturing multiscale spatial context, and (c) Self-Gated Feed-forward Network (SGFN) for enhanced non-linear

feature transformation.
feature map from the encoder, Fe’ffc“c_D, via a skip connection. This
fused feature map is then processed by L; ECRformer Blocks to yield

the intermediate output F,> :

FDC = Blocks (Concat (Upsample (F(ﬁ;l ) Flene=D > ) ,

de > Lenc

%)
D=1,..., Kge

3.2.3. Refinement network

After the final decoder stage, the full-resolution feature map F;Zec"“
is fed into a refinement network. This network consists of a final stack
of Ly ECRformer Blocks that further enhance fine-grained details and
suppress potential artifacts. The final cloud-free prediction Y is then

generated by a terminal convolutional layer:

K ~
Frefined = BIOCkSLR (Fdeecm> , Y = Convgny (Frefined) . (6)
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3.3. ECRformer Block

The backbone of ECRformer is constructed from a novel ECRformer
Block, which serially integrates three specialized modules, each de-
signed for efficiency and effectiveness in the context of remote sensing.

Fig. 3 illustrates each component. For an input feature F,,, the block
computes:
Fyca = XCA (LN (Fy)) + Fiy, ()
Fypwa = MDWA (LN (Fxca)) + Fxca. (8
Fpy = SGEN (LN (Fypwa)) + Fupwa- )

where LN denotes Layer Normalization. The following sections detail
the design of each component.
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3.3.1. Cross-Covariance Attention (XCA)

Standard self-attention computes an attention map of size N x N
(where N = H x W), leading to a complexity of O(N2C), which is
prohibitive for high-resolution images where N > C. We employ Cross-
Covariance Attention (XCA) (Ali et al., 2021), which transposes the
attention operation to the feature dimension. Given query Q, key K,
and value V matrices (all of shape RN*C), XCA is computed as:

KTQ>

where 7 is a learnable temperature parameter that scales the attention
logits.

The attention map K'Q is of size C x C, representing the cross-
covariance between feature channels. This shifts the complexity to
O(NC?), making it highly efficient.

To further enhance its capability for multimodal fusion, we in-
troduce local spatial context into the Q, K, V projections by adding
a lightweight depth-wise convolution (DWConv) after a point-wise
convolution:

Q',K',v' = Split (DWConv (Conv , (Fy,))).
Q.K,V = Reshape (', K', V'),

XCAttention(Q, K, V) = V - Softmax < (10)

(1)

where Q, K, and V are of shape RV*XC| N is the number of spatial
tokens.

This mechanism is particularly effective for multimodal fusion. After
concatenating optical and SAR features along the channel axis, the CxC
attention map in XCA explicitly models the inter-channel dependencies,
including the crucial cross-modal correlations. It allows the network to
learn how features from one modality (e.g., SAR structure) relate to
features in another (e.g., optical color), and to adaptively up-weight or
down-weight channels to achieve effective fusion.

3.3.2. Multi-Dilation Window Attention (MDWA)

To efficiently capture spatial context, we propose MDWA. It in-
tegrates the efficiency of window-based attention (Liu et al., 2021)
with a dilated sampling mechanism inspired by atrous convolutions (Yu
and Koltun, 2016). Before projecting to Q, K, V, we inject learnable
relative positional information using a Conditional Positional Encoding
(CPE) (Chu et al., 2023), implemented as a 3 x 3 DWConv:

0. K,V = Split (Conv,,, (F;, + DWConv (Fy))). (12)

The core of MDWA lies in its dilated sampling. For each query pixel,
instead of forming a window from its spatially contiguous neighbors,
dilated sampling constructs a sparse window by selecting key and value
elements at intervals. Specifically, for a dilation rate d, the sampling
process skips d — 1 pixels between window elements in both horizontal
and vertical directions, effectively expanding the receptive field at no
extra computational cost.

The attention output for this position is then computed by allowing
the central query ¢ to attend to its context of sampled keys and

aggregate the corresponding values:
Viilated>
Vi

where Kgjjaed a0d Vgijateq are matrices formed by stacking the sampled
key and value vectors, respectively.

By running multiple parallel attention branches with different di-
lation rates (d,,d,,....d Ny ), MDWA aggregates multi-scale contextual
information:

(hw) T

DilatedAttn*) = Softmax< (13)

DilatedAttn,y
MDWA (Fy,,) = Convg,g, : , a4

DilatedAttn, dn,)

where DilatedAttn ;) denotes the attention output from the branch with
dilation rate d, and Convg,, is a 1 x 1 convolution that fuses the
multi-branch outputs.

This structure enables MDWA to effectively model both local details
and larger structures, such as object boundaries and cloud edges.
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3.3.3. Self-Gated Feed-forward Network (SGFN)

To improve the non-linear transformation capability of the feed-
forward network, we replace the standard MLP with a Self-Gated
Feed-forward Network (SGFN). SGFN employs a gating mechanism to
adaptively modulate features. To further enhance local feature percep-
tion with minimal overhead, we also incorporate a DWConv within
the network (Zamir et al., 2022). Given the input feature F;;, the core
computation of SGFN is:

X, X, = Split (DWConv (Conv,,; (Fy,))), (15)

Foue = Conv,,; (GELU (X,) @ X,), 16)

where © denotes element-wise multiplication, GELU denotes the Gaus-
sian Error Linear Unit nonlinear activation (Hendrycks and Gimpel,
2016).

This combination of gating and depth-wise convolution improves
the model’s expressive power and local feature extraction capacity with
negligible additional computational cost.

3.4. Semantic-Decoupled Feature Learning

A key conceptual contribution of our work is the Semantic-
Decoupled Feature Learning (SDFL) paradigm. Traditional end-to-end
training with a single loss at the final output can lead to undertrained
shallow layers and fails to exploit the distinct functional roles of the
encoder and decoder. SDFL addresses this by introducing targeted
supervision throughout the network, which we conceptualize in two
stages: Multiscale Feature Regularization and Semantic Decoupling.

3.4.1. Multiscale feature regularization

To ensure that features at all levels of the network are meaningful,
we apply regularization constraints to the intermediate feature maps
at different scales. Let F*) and F(S’;Z denote the feature maps from
the kth stage of the encoder and decoder, respectively. We attach
lightweight convolutional projection heads, ngz and H;’;)C, to these
intermediate layers. Each head predicts a downscaled version of the

cloud-free image:
(k)
Fdec ) :

P& _ k) (k) v (k)
Yene = HOO (F2) . Y0
The regularization term, R, is the average of losses from all inter-

enc enc enc (1 7)
mediate predictions:

— g®
- Hdec (

Ske) v (k
R =Renc + Rdec = IF“keNV(]Jan)£ (Yenc ’Y( LJ) (18)
oka) (k
+ B vt kgeo £ (Ydeg Y d)>’

where £ is a reconstruction loss (e.g., L1), Y¥ is the correspondingly
downsampled ground truth, and K. and K. are the number of stages
in the encoder and decoder, respectively. This deep supervision strategy
provides richer gradient signals throughout the network, improving
feature space utilization, reducing redundancy, and accelerating con-
vergence by enhancing the network’s ability to process multiscale
information.

3.4.2. Semantic decoupling

Our semantic decoupling strategy is motivated by the principle of
simplifying a complex learning task through probabilistic factorization.
The direct mapping from a cloudy optical input X, and a SAR input
Xsar t0 @ clean output Y requires learning a highly complex conditional
probability distribution p(Y|Xqp, Xsar)- This mapping is ill-posed due
to the information loss under clouds, leading to high variance in the
generation of plausible textures.

We decompose this problem by introducing a latent intermediate
variable, S, representing the underlying structure of the scene. The
joint probability can be factorized as:

p(leopUXsar) = /P(Yls) ) P(Slxopt, Xsar) - dS. (19)
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Fig. 4. Geographical distribution of Regions of Interest (ROIs) in the SEN12MS-CR and LuojiaSET-OSFCR datasets. The training set (green) covers diverse global
locations and seasons, while the validation (blue), testing (yellow) and cross-domain testing (red star) sets are from distinct ROIs to assess generalization. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

This simplifies the generation process to p(.S [Xopt> Xsar) and p(Y|S).
Our model is thus designed to learn this two-stage process, enforced by
asymmetric loss functions on the intermediate predictions:

1. Encoder: Models p(S|Xyp(, Xoqr) to recover the structural distri-
bution. We enforce this with a structural loss using the Struc-
tural Similarity Index (SSIM). The expectation over the learned
structural distribution is approximated using the intermediate

predictions ¥*):

Rene = Btk [1 — SSIM (?;I/;g, y(“)>] ‘ (20)

. Decoder: Models p(Y|S) to render high-fidelity textures. We
enforce this with a texture loss using the L1 norm, which
is well-suited for maximizing the likelihood of ground truth
under a Laplacian distribution assumption. The expectation is
approximated using the intermediate predictions )A’d(:i:

v (k) k
Raec = Bt (1K geo) [Hydec - )”1] ’ D
where ||-||; denotes the L1 norm.

This factorization reduces a single, high-difficulty learning prob-
lem into two more constrained sub-problems, simplifying the feature
learning path and leading to more stable and accurate reconstruction
results.

3.4.3. Overall training objective

The overall training objective combines the final output loss with
the intermediate regularization terms from the SDFL paradigm.

The final output loss, Ly, i applied to the final prediction Y
to balance pixel-level accuracy and perceptual quality. It is a weighted
combination of the L1 loss and the SSIM loss:

Loupu = [T =7 +5(1-551M(7.7)). (22)

where « and p are weighting factors.
The total loss £ is then formulated by integrating the output loss
with the semantic-decoupled regularization terms, Re,. and Rge.:

L= [’output + AencRenc + AdecRdec (23)

where A, and A4, are hyperparameters that control the influence
of the structural and textural regularization from the encoder and
decoder, respectively.
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4. Experiments
4.1. Settings

This section details the experimental setup, including the datasets,
baseline methods, evaluation metrics, and training configurations used
to validate our proposed model.

4.1.1. Dataset

To comprehensively evaluate our model, we employ two distinct
datasets. We use SEN12MS-CR (Ebel et al., 2020) for training, vali-
dation, and initial testing. To further assess the model’s generaliza-
tion capabilities, we conduct cross-domain testing on the LuojiaSET-
OSFCR (Pan et al.,, 2024) dataset. The geographical distribution of
Regions of Interest (ROIs) for both datasets is illustrated in Fig. 4.

SEN12MS-CR. is a large-scale, public benchmark for multimodal cloud
removal. It contains 122,218 triplets of co-registered, 256 x 256 pixel
patches of cloudy Sentinel-2 optical images, cloud-free Sentinel-2 op-
tical ground truth, and Sentinel-1 SAR data, covering diverse global
locations and seasons. We follow the official data split of 155 ROIs for
training, 10 for validation, and 10 for testing.

LuojiaSET-OSFCR. was created following the standards of SEN12MS-
CR. It is also sourced from the Sentinel-1/2 satellites. The dataset
comprises 10 distinct, non-overlapping ROIs. Data pre-processing for
each ROI mirrors the methodology of SEN12MS-CR. Images are seg-
mented into 256 x 256 pixel patches, totaling 20,000 patches. All these
samples are used as testing sets to verify cross-domain generalization
ability of the proposed model.

Data preprocessing: For the original Sentinel-1/2 images, we use the
data preprocessing consistent with (Ebel et al., 2020). For radiometric
normalization, Sentinel-1 SAR images were clipped (VV: [-25,0] dB,
VH: [-35,0] dB) to remove outliers, then both channels were indepen-
dently scaled to [0,1]. Sentinel-2 optical images were clipped to an
effective reflectance range of [0,10000] and then uniformly scaled to
[0, 1]. For resolution alignment, all Sentinel-2 bands at 20-m and 60-m
were upsampled to 10-m using bilinear interpolation, creating a unified
data cube where all bands are represented as 256 x 256 patches.
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Quantitative comparison against state-of-the-art methods on the SEN12MS-CR and LuojiaSET-OSFCR testing sets. Best results are
highlighted in bold, and second-best are underlined. 1 indicates higher is better and | indicates lower is better.

Method Venue SEN12MS-CR LuojiaSET-OSFCR

MAE | SAM | PSNR 1 SSIM 1 LPIPS | MAE | SAM | PSNR 1 SSIM 1 LPIPS |
Optical-only (Single Image CR)
McGAN CVPRW’17 0.0475 15.676 25.14 0.744 0.528 0.0503 16.112 24.95 0.731 0.552
SpA GAN ArXiv’20 0.0446 18.085 24.78 0.754 0.451 0.0479 18.521 24.53 0.740 0.489
CloudRuler RSE’25 0.0314 11.512 27.95 0.882 0.336 0.0328 12.015 27.34 0.871 0.354
SAR-only (SAR-to-Optical Translation)
SAR20PT ISPRS’18 0.0418  14.788  25.87 0.793 0.393 0.0425 15103  25.68 0.781 0.426
ICGAN PR’22 0.0387 11.184  27.15 0.844 0.369 0.0403  11.467  26.89 0.836 0.384
MT-GAN ISPRS’25 0.0325 9.752 27.88 0.871 0.343 0.0341 10.125 27.73 0.872 0.351
Multimodal (Optical-SAR Fusion)
SAR-Opt-cGAN IGARSS’18 0.0431 15.494 25.59 0.764 0.476 0.0457 15.953 25.31 0.752 0.498
DSen2-CR ISPRS’20 0.0313 9.472 27.76 0.874 0.354 0.0317 9.511 27.68 0.873 0.359
GLF-CR ISPRS’22 0.0280 8.981 28.64 0.885 0.321 0.0284 9.039 28.57 0.884 0.327
UnCRtainTS CVPRW’23 0.0272 8.324 28.90 0.880 0.287 0.0299 8.495 28.05 0.878 0.294
DiffCR TGRS’24 0.0191 5.821 31.77 0.902 0.244 0.0194 5.886 31.71 0.900 0.263
HPN-CR TGRS’25 0.0242 7.637 30.23 0.898 0.275 0.0246 7.692 30.17 0.897 0.299
EMRDM CVPR’25 0.0179 5.267 32.14 0.924 0.181 0.0182 5.338 32.15 0.921 0.201
ECRformer-Light Ours 0.0178 5.026 32.75 0.920 0.224 0.0182 5.185 32.41 0.918 0.235
ECRformer Ours 0.0164 4.693 33.37 0.932 0.188 0.0167 4.751 33.05 0.929 0.196

4.1.2. Baseline methods 4.1.4. Metrics

We compare ECRformer against a comprehensive set of state-of-the-
art methods representing different architectural paradigms: CNN-based
(DSen2-CR (Meraner et al., 2020)), GAN-based (McGAN (Enomoto
et al., 2017), SAR-Opt-cGAN (Grohnfeldt et al., 2018), SAR20PT
(Bermudez et al., 2018), SpA GAN (Pan, 2020), ICGAN (Yang et al.,
2022), MT-GAN (Wang et al., 2025)), Transformer-based (GLF-CR (F.
Xu et al., 2022), UnCRtainTS (Ebel et al., 2023), CloudRuler (Li et al.,
2025b), HPN-CR (Gu et al., 2025)), and diffusion-based (DiffCR (Zou
et al., 2024), EMRDM (Liu et al., 2025)).

Among them, McGAN, SpA GAN, and CloudRuler only accept opti-
cal (multispectral) input, SAR20PT, ICGAN, and MT-GAN only accept
SAR input, and the remaining methods use both optical and SAR inputs.
For fair comparison, we use official pre-trained weights (if available) or
retrain on the same dataset according to the original paper settings.

4.1.3. Implementation details

All experiments were conducted on an Ubuntu 22.04 server
equipped with two AMD EPYC 7K62 48-core CPUs, 512 GB RAM,
and four NVIDIA RTX 4090 GPUs (24 GB graphic memory each).
Our model was implemented using PyTorch and PyTorch Lightning
libraries. The code for the proposed method is available at https://
github.com/zzaiyan/ECRformer.

Training settings: ECRformer was trained with AdamW (Kingma, 2015;
Loshchilov and Hutter, 2017) (8, = 0.9, p, = 0.999), batch size 16,
for up to 200 epochs. The initial learning rate was 4 x 10~*, reduced
by 0.1 if validation loss did not improve for 5 epochs. Early stopping
(patience 10) was used. Data augmentation included random cropping
(128 x 128), flips, and rotations (90, 180, 270 degrees). The best model
was selected based on validation performance.

Inference settings: During inference, for methods that cannot handle
dynamic resolution (e.g., HPN-CR), we used a sliding window approach
with a window size of 128 x 128 and a 50% overlap to handle larger
images. The final output was averaged over the overlapping regions
to ensure smooth transitions. Other methods used full resolution for
inference. No test-time augmentation was used.

Model variants: We instantiate the proposed model at two capacity
levels: ECRformer and ECRformer-Light. Both share the same building
blocks and the SDFL training paradigm, and only differ in width/depth
hyperparameters, enabling a controllable accuracy-efficiency trade-off.
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To quantitatively evaluate the effectiveness of cloud removal algo-
rithms, we adopt five widely-used image quality assessment metrics to
measure the differences between the reconstructed image (?) and the
ground truth (Y).

Peak Signal-to-Noise Ratio (PSNR) measures pixel-level fidelity
based on Mean Squared Error (MSE). A higher PSNR value (in dB)
indicates lower distortion.

PSNR = 10 - Io MAX]
= 2o\ MsE /)° (24)
MSE = E [“Y - ?”z] , (25)

where MAX; is the maximum pixel value.

Structural Similarity Index Measure (SSIM) (Wang et al., 2004)
evaluates the similarity in terms of structure, luminance, and contrast
by operating on local windows, which is more consistent with human
visual perception. The final score is the mean of SSIM values across
all windows. Its value ranges from —1 to 1, with 1 indicating identical
images.

(2uppy + Cy) (20, + C,)

(M§+y§+cl)<af+a§+cz)

SSIM (x, y) = (26)

B

where x and y are corresponding local image patches, ;4 and ¢ represent
the patch’s mean and variance (weighted by a Gaussian kernel), and
C,,C, are small constants.

Mean Absolute Error (MAE) calculates the average absolute pixel-
wise difference. A lower MAE value signifies a more accurate recon-
struction.

MAE:E[“Y-?”I]. 27

Spectral Angle Mapper (SAM) (Kruse et al., 1993) assesses spectral
fidelity by computing the average angle between spectral vectors of
corresponding pixels. A smaller SAM value (in degrees) indicates less

Y.-¥

spectral distortion.
Yl - 1Yl >]

Learned Perceptual Image Patch Similarity (LPIPS) (R. Zhang
et al., 2018) evaluates image quality from a human-perception perspec-
tive by comparing high-level semantics such as texture and shape. Since

SAM =E [arccos < (28)
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GLF-CR DiffCR HPN-CR EMRDM ECRformer-Light ECRformer

(c) Bare land under complex thick clouds and cloud shadows
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SAR-Opt-cGAN

Cloudy

UnCRtainTS

ECRformer-Light ECRformer

(d) Farmland under extremely thick clouds

Fig. 5. Qualitative comparison on four challenging scenarios from the SEN12MS-CR testing set. ECRformer excels under thick cloud cover, maintaining fine
structures and recovering realistic textures, outperforming all baseline methods.

the feature network used by LPIPS is pre-trained on natural images’, 4.2. Evaluation results
we compute LPIPS using Sentinel-2 bands B4, B3, and B2 as the RGB
channels. 4.2.1. Quantitative comparison
2 As shown in Table 1, ECRformer establishes a new state-of-the-art
LPIPS = E Z wy ”d’l(y) - ¢1(Y)H2 , (29 on both the SEN12MS-CR and cross-domain LuojiaSET-OSFCR bench-
! marks. On SEN12MS-CR, our model surpasses all baselines across all
where ¢, denotes the feature representation at layer / of pre-trained four conventional reconstruction metrics (MAE, SAM, PSNR, and SSIM).
feature network, and w; are learned weights. Compared with the previous best diffusion model, EMRDM, ECRformer
For PSNR and SSIM, higher values are better. For MAE, SAM, and achieves a 1.23 dB higher PSNR, 8.4% lower MAE, and 10.9% lower
LPIPS, lower values are better. SAM. For the perceptual metric LPIPS, ECRformer is competitive with

the diffusion-based EMRDM on SEN12MS-CR (0.188 vs. 0.181) and
surpasses it on LuojiaSET-OSFCR (0.196 vs. 0.201), demonstrating
strong perceptual quality despite requiring only a single forward pass
! https://github.com/richzhang/PerceptualSimilarity rather than iterative refinement. These advantages are also maintained
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(d) Farmland and roads under large thick clouds and cloud shadows

Fig. 6. Cross-domain qualitative comparison on four challenging scenarios from the LuojiaSET-OSFCR dataset. Our ECRformer consistently outperforms all baseline

methods, effectively recovering fine structures and realistic textures.

on LuojiaSET-OSFCR across all five metrics, confirming strong cross-
domain generalization.

Among methods that use only a single modality, the Transformer-
based CloudRuler achieves the best performance in the optical-only
category, while the recent MT-GAN leads the SAR-only category. How-
ever, both remain substantially below the multimodal fusion methods,
confirming the necessity of leveraging complementary optical-SAR
information for high-quality cloud removal.

Furthermore, our lightweight version, ECRformer-Light, also
g demonstrates exceptional performance. It surpasses most baselines
and outperforms the much larger EMRDM model in PSNR, MAE, and
SAM, while using only a fraction of the computational resources. This
underscores the remarkable efficiency and scalability of our proposed
architecture.
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4.2.2. Qualitative comparison

The superior quantitative performance of ECRformer is mirrored
in its qualitative results, as illustrated in Figs. 5 and 6. Our model
consistently generates reconstructions with high structural fidelity and
realistic textures across different geographical regions.

In scenes with moderate to heavy cloud cover (Fig. 5), while some
methods exhibit blurriness or artifacts, ECRformer accurately recon-
structs intricate details such as road networks and field boundaries.
SAR-only methods such as MT-GAN recover the approximate scene
layout but introduce noticeable spectral distortion due to the absence
of optical input, whereas the optical-only CloudRuler improves upon
earlier single-image methods yet still produces blurred textures under
heavy cloud cover. Even under extremely heavy cloud cover (Scenes
(c) and (d)), where competing methods produce large-scale artifacts
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Quantitative comparison of different methods under different cloud coverage conditions (PSNR 1/SSIM 1). Best results are highlighted

in bold, and second-best are underlined.

Cloud Coverage (%)

Method Venue 0-20 20-40 40-60 60-80 80-100 Avg.
Optical-only

MCcGAN CVPRW'17 | 27.65/0.795 2581 /0761  25.02/0.743  23.79 / 0.722  23.43 / 0.699 | 25.14 / 0.744
SpA GAN ArXiv'20 27.21 / 0.805 2543 /0772  24.69 / 0.753  23.55 /0731  23.02 / 0.709 | 24.78 / 0.754
CloudRuler RSE'25 31.26 / 0.924  28.41 /0.893  27.64 / 0.878  26.58 / 0.869  25.86 / 0.846 | 27.95 / 0.882
SAR-only

SAR20PT ISPRS'18 26.22 / 0.808  25.95 / 0.799  26.05/0.802 2578 / 0.791  25.35 / 0.765 | 25.87 / 0.793
ICGAN PR22 27.74 / 0.861  27.18 /0.848  27.56 / 0.856  27.05 / 0.837  26.22 / 0.818 | 27.15 / 0.844
MT-GAN ISPRS'25 28.36 / 0.889  27.95 / 0.874  28.22 / 0.883  27.74 / 0.867  27.13 / 0.842 | 27.88 / 0.871
Multimodal

SAR-Opt-cGAN  IGARSS’18 | 28.18 / 0.817  26.23 / 0.781  25.41 / 0.763  24.28 / 0.745  23.85/ 0.714 | 2559 / 0.764
DSen2-CR ISPRS'20 30.82 / 0.915 2845 /0.887  27.53/0.873 2631 /0.858 2569 / 0.837 | 27.76 / 0.874
GLF-CR ISPRS'22 3178 / 0.924 2936 / 0.898  28.41 / 0.884  27.18 / 0.871  26.47 / 0.848 | 28.64 / 0.885
UnCRtainTS CVPRW'23 | 32.11 /00920  29.69 / 0.894  28.65/ 0.879  27.50 / 0.865  26.55 / 0.842 | 28.90 / 0.880
DIffCR TGRS'24 34.95 /0938 3251 /0914  31.62/0.901  30.15/0.887  29.62 /0.870 | 31.77 / 0.902
HPN-CR TGRS'25 33.35 /0934  30.93 /0910  30.04 / 0.897 28.81 /0.883  28.02 / 0.866 | 30.23 / 0.898
EMRDM CVPR'25 3543 /0.954  32.89 / 0.936  31.91 /0.923  30.58 / 0.911  29.89 / 0.896 | 32.14 / 0.924
ECRformer-Light  Ours 35.99 / 0.947  33.05 /0931  33.08/0.925 32.02 /0914 2951 /0.881 | 3275/ 0.920
ECRformer Ours 3675 / 0.960  33.73 / 0.943  33.66 / 0.937 3273 / 0.927  30.09 / 0.893 | 33.37 / 0.932

Cloudy SAR

ECRformer

(a) 0-20% (b) 20-40%

(c) 40-60%

(d) 60-80% (e) 80-100%

Fig. 7. Visualization of cloud removal results of ECRformer under different cloud cover conditions. Each column corresponds to a specific cloud cover range,
showing the input SAR image (row 1), the input cloudy image (row 2), and the reconstructed cloud-free image (row 3). ECRformer consistently reconstructs

detailed and realistic textures, even under extreme cloud cover.

or overly smooth regions, ECRformer restores a coherent and detailed
landscape.

The cross-domain results on LuojiaSET-OSFCR (Fig. 6) further un-
derscore the model’s generalization capability. For instance, in chal-
lenging out-of-distribution scenes with thick clouds, such as the island
in Scene (c), earlier GAN-based methods such as McGAN suffer from
severe artifacts and mode collapse, while single-modality methods
(e.g., CloudRuler and MT-GAN) also exhibit clear quality degradation
in this unseen domain. In contrast, ECRformer demonstrates strong
generalization by effectively handling diverse unseen landscapes and
delivering clear, detailed reconstructions. This validates its potential for
real-world applications across different geographical contexts.

4.2.3. Evaluation under different cloud coverage

To assess our model’s performance across various levels of cloud
obscuration, we conduct a comprehensive evaluation under different
cloud coverage conditions. As summarized in Table 2 and visualized in
Fig. 7, we analyze both quantitative metrics and qualitative results.

Quantitative analysis shows that increasing cloud cover affects dif-
ferent method families in distinct ways. Optical-only and multimodal
methods generally deteriorate as cloud density rises, whereas SAR-
only methods remain comparatively stable because their inputs are
unaffected by optical corruption, although their absolute performance
remains clearly below that of strong multimodal approaches. Against
this backdrop, ECRformer consistently delivers the best results across
all cloud-coverage levels. In particular, under the most challenging
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Fig. 8. Per-band quantitative comparison on the SEN12MS-CR testing set. ECRformer consistently outperforms all baselines across all 13 spectral bands,

demonstrating superior reconstruction accuracy at the individual band level.

Table 3
Ablation study of ECRformer’s core modules. Each component is enabled (v)
or disabled (-).

Configuration XCA MDWA SGFN PSNR 1 SSIM 1
Baseline - - - 31.60 0.901
+ XCA v - - 32.56 0.919
+ MDWA - v - 32.19 0.912
+ SGFN - - 4 31.95 0.908
Full (Ours) v v 4 33.37 0.932

Table 4

Ablation study on the Semantic-Decoupled Feature Learning (SDFL) strategy.
Description Regularization PSNR 1 SSIM 1
No Reg. None 32.51 0.923
Simple Reg. Texture — Texture 32.88 0.927
Simple Reg. Struct. — Struct. 32.95 0.929
SDFL (Reversed) Texture — Struct. 32.90 0.928
SDFL (Ours) Struct. —» Texture 33.37 0.932

80%-100% cloud-cover bracket, it achieves a PSNR of 30.09 dB, out-
performing the next-best method, EMRDM, by 0.20 dB. These results
indicate that ECRformer can exploit SAR information effectively when
optical observations are heavily degraded, supporting its robustness in
diverse and challenging real-world scenarios.

4.2.4. Full spectral comparison results

To validate that our model’s superior performance is consistent
across the entire spectrum — a critical factor for downstream quanti-
tative analysis — we conduct a per-band evaluation using metrics such
as PSNR, SSIM, and MAE. Fig. 8 plots the per-band comparison over
the 13 spectral bands of the Sentinel-2 sensor.

The results clearly demonstrate that ECRformer consistently outper-
forms all baseline methods across every single spectral band. This holds
true for both the visible and near-infrared (VNIR) bands, which are
critical for visual interpretation, and the short-wave infrared (SWIR)
bands, which are vital for applications like vegetation health and soil
moisture analysis. This consistent, band-level superiority in reconstruc-
tion accuracy is the foundation of the model’s excellent overall spectral
fidelity, as reflected in the aggregate SAM score presented in Table 1.
This comprehensive spectral accuracy is a key advantage of our model,
ensuring that the reconstructed data is reliable for scientific research
and other quantitative tasks.
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Fig. 9. Convergence curves comparing ECRformer with (blue) and without
(orange) SDFL strategy, which accelerates training and leads to better final
performance.

4.3. Ablation studies

4.3.1. ECRformer Block

To validate the efficacy of our proposed ECRformer Block, we
conducted an ablation study on its core components: Cross-Covariance
Attention (XCA), Multi-Dilation Window Attention (MDWA), and Self-
Gated Feed-forward Network (SGFN). In our experiments, we used a
simple model based on standard window-based attention (WA) and
a standard feed-forward neural network (FFN) as the baseline. These
standard WA modules were stacked with either XCA or MDWA, respec-
tively, while the standard FFN was replaced by the SGFN, resulting in
baseline model variants.

As detailed in Table 3, starting from a baseline model (31.60 dB
PSNR), each module brings a significant performance boost when
added individually. XCA provides the largest gain (+0.96 dB), un-
derscoring the importance of effective cross-modal fusion. MDWA
(+0.59 dB) and SGFN (+0.35 dB) also prove effective in capturing
diverse spatial contexts and refining features. The full model, inte-
grating all three, achieves the best performance (33.37 dB PSNR),
demonstrating that the components are complementary and collectively
enhance reconstruction quality.

4.3.2. Semantic-Decoupled Feature Learning

To validate our proposed Semantic-Decoupled Feature Learning
(SDFL) strategy, we conducted an ablation study comparing different
intermediate supervision configurations, as shown in Table 4. The base-
line model without any regularization already performs well (32.51 dB
PSNR). Applying symmetric regularization (either texture or struc-
ture loss on both encoder and decoder) improves performance, with
structure loss being more effective.
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Fig. 10. Visualization of intermediate outputs from different stages of ECRformer. The titles indicate the network stage (e.g. Enc_1, Dec_2), and spatial resolution
of each intermediate result. The encoder rapidly reconstructs the overall structure, while the decoder progressively refines textural details.
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Fig. 11. The structure metric (SSIM) and texture metric (PSNR) of the inter-
mediate results change with the network stage. The encoder quickly establishes
structural integrity, while the decoder gradually adds fine textural details.

Our proposed asymmetric SDFL strategy, which applies structure
loss to the encoder and texture loss to the decoder, achieves the best
results, boosting PSNR by 0.86 dB over the baseline. This confirms
our hypothesis that tailoring supervision to the semantic role of each
network stage is crucial. Reversing the strategy (texture on encoder,
structure on decoder) degrades performance, reinforcing that the en-
coder’s primary role is to capture structure. Furthermore, Fig. 9 shows
that SDFL not only improves final accuracy but also accelerates con-
vergence. By providing clearer semantic guidance, SDFL enables more
efficient learning, enhancing both performance and training speed.

4.4. Further analysis

4.4.1. Progressive refinement

To analyze how ECRformer progressively refines the image, we
visualize intermediate outputs from both the encoder and decoder
stages. As depicted in Fig. 10, the encoder’s initial stages rapidly
reconstruct the main structural outlines of the landscape, such as field
boundaries and road networks, even from heavily obscured inputs.
As the process moves to the decoder, subsequent stages progressively
introduce finer details, enhancing textural realism. For instance, the
texture of vegetation and subtle variations in terrain are gradually
filled in, leading to a final image that is both structurally accurate and
visually plausible.

This process is quantitatively validated by the line chart in Fig. 11.
The data shows that in the encoder stage (left half of the chart), the
curve for the structural metric, SSIM, rises sharply and then plateaus,
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Shallow Features Bottleneck Refined Features Ground Truth

Fig. 12. Visualization of key feature maps. We show features from shallow
features (Fy,aow), bottleneck (Fygyieneck), and refined features (Fiepneq). The
features evolve from severely missing information to structural recovery,
finally reconstructing the fine texture details close to ground truth.

indicating that the model quickly establishes the overall structural
integrity. In contrast, the growth of the texture-oriented metric, PSNR,
is more gradual but continuous. Upon entering the decoder stage (right
half of the chart), the SSIM shows little change, while the PSNR contin-
ues to increase steadily, peaking at the final output. This quantitative
evidence strongly supports our qualitative observations and validates
the effectiveness of the SDFL strategy, where the network prioritizes
learning coarse structure before refining fine-grained textures, leading
to efficient and effective cloud removal.

4.4.2. Semantic-decoupled representation

To provide qualitative evidence for the proposed structure-texture
decoupling, we visualize intermediate representations produced by dif-
ferent stages of ECRformer. Specifically, we extract (i) shallow features
(Fyhatlow) from the Shallow Feature Embedding, (ii) bottleneck features
(Fyottleneck)> and (iii) refined features (Fiefneq) from the Refinement
Network. Since these representations are high-dimensional feature ten-
sors, we project each feature map to a three-channel image using PCA
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Fig. 13. Visualization of attention attribution maps for the first XCA and MDWA modules. (a) SAR inputs, (b) Optical inputs, (c) Contribution of SAR, (d)
Contribution of optical, (e) Selection of receptive field, (f) Refined outputs, and (g) Error maps.

along the channel dimension and visualize the first three principal
components as RGB.

As shown in Fig. 12, the shallow features still preserve the cloud/
shadow degradations inherited from the cloudy input. In contrast, the
bottleneck features emphasize the coarse structural layout (e.g., large-
scale geometry and boundaries) but exhibit noticeably reduced high-
frequency textures, consistent with a more structure-oriented encoding.
Finally, the refined features progressively recover realistic textures and
spectral appearance, yielding representations that are visually closer to
the ground truth. Although PCA visualization is inherently qualitative,
these observations support our design rationale that the encoder tends
to prioritize structural content while the refinement stage is responsible
for texture restoration.

4.4.3. Modality contribution

To analyze the contribution of the optical and SAR modalities,
we use a gradient-based attribution method (Selvaraju et al., 2017;
Wang et al., 2024) to visualize the saliency of each input. As shown
in Fig. 13(c)-(d), where brighter areas indicate a greater contribution
from that modality, the results reveal a clear and intelligent pattern of
modal fusion. In regions completely obscured by thick clouds, where
optical information is absent, the model’s output is almost entirely
dominated by contributions from the SAR data, which provides crucial
all-weather structural information. Conversely, in clear or cloud-free
areas, the model relies primarily on the high-quality optical input. For
intermediate zones, such as areas with thin clouds or at cloud edges,
both modalities contribute synergistically. The model leverages the
residual textural information from the optical data while using SAR to
supplement and correct structural details. This demonstrates that our
XCA module can accurately identify the local degradation level and
flexibly orchestrate the appropriate fusion of modalities for optimal
image restoration.

4.4.4. Adaptive receptive field selection

We further analyze the effectiveness of the adaptive receptive field
selection mechanism in MDWA. Fig. 13(e) shows the receptive field
selection heatmap, where brighter areas indicate a preference for a
larger receptive field (i.e., a larger dilation rate). The map reveals that
MDWA adaptively adjusts its focus based on the image content and
cloud characteristics. In regions with thick, homogeneous clouds or
complex, large-scale ground structures, it tends to select a larger recep-
tive field to capture a wider range of contextual information for robust
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Table 5

Performance vs. Efficiency. ECRformer models offer superior accuracy with
significantly lower computational cost and faster training convergence than
diffusion-based SOTA methods.

Method Performance 1 Complexity | Training time |
PSNR/SSIM Params/FLOPs (GPU hours)
DSen2-CR 27.76/0.874 18.95M/1241.18G 2129
GLF-CR 28.64/0.885 14.83M/249.71G 142.4
UnCRtainTS 28.90/0.880 0.52M/28.56G 89.5
DiffCR 31.77/0.902 22.91M/45.86G 396.0
HPN-CR 30.23/0.898 3.69M/19.61G 130.4
EMRDM 32.14/0.924 39.13M/417.85G 231.7
ECRformer-Light 32.75/0.920 3.70M/35.78G 78.4
ECRformer 33.37/0.932 11.29M/102.47G 142.1

reconstruction. In contrast, for clear areas with fine-grained details or
simple textures, it narrows the receptive field to focus on capturing
local, high-frequency information. This dynamic, content-aware behav-
ior confirms the model’s ability to efficiently allocate computational
resources and effectively handle the diverse spatial frequencies present
in various cloud and landscape conditions.

4.4.5. Efficiency analysis

A central claim of our work is efficiency, which is substantiated in
Table 5 and visually represented in Fig. 14. ECRformer achieves the
highest accuracy while being significantly more efficient than the top-
performing diffusion models. Computational complexity is evaluated
by floating point operations (FLOPs), specifically estimated using the
“fvcore”” library based on processing a single 256 x 256 image. For
diffusion-based models, we report the total FLOPs across all sampling
steps to ensure a fair comparison. It uses only 28.9% of the parameters
and 24.5% of the FLOPs of EMRDM, yet delivers a 1.23 dB higher PSNR.
In terms of training cost, ECRformer converges in 142.1 GPU hours,
approximately 61% of EMRDM'’s 231.7 GPU hours and 36% of DiffCR’s
396.0 GPU hours, while ECRformer-Light requires only 78.4 GPU hours.

The efficiency of our architecture is further highlighted by
ECRformer-Light. It achieves a PSNR of 32.75 dB, surpassing EMRDM,
with merely 9.5% of its parameters and 8.6% of its FLOPs. Com-
pared to HPN-CR, a competitive baseline with a comparable parameter

2 https://github.com/facebookresearch/fvcore
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Fig. 14. Trade-off analysis between performance and computational cost for different cloud removal methods (top left is better). The plots compare PSNR/SSIM
against model parameters/FLOPs. Our ECRformer method (red star) demonstrates superior efficiency, achieving high accuracy with competitive computational

cost.

Table 6

Key hyperparameter settings and statistics information of ECRformer and

ECRformer-Light.

Configuration ECRformer ECRformer-Light
Network Architecture

Input Channels (Cj,) 13+ 2 13 +2
Output Channels (C,,) 13 13
Embedding Dimension (Ceppeq) 48 32
Encoder Stages (Kgp,.) 3 3
Decoder Stages (Kge.) 3 3

Depth per Stage (L) [2, 3, 2] [2,2,1]
Blocks in Bottleneck (Lg) 2 1
Refinement Depth (Lg) 4 2

Core Components

XCA Attention Heads 4 4

XCA Channel per Head (Cyaq) 24 16
MDWA Window Size (M) 3 3
MDWA Dilation Rates (d) [1, 2, 3, 4] [1, 2, 3, 4]
SGFN Hidden Expansion 2.0 2.0
Training Hyperparameters

a (Output Loss) 0.9 0.9

p (Output Loss) 0.1 0.1

Aene (SDFL) 0.05 0.05
Agec (SDFL) 0.05 0.05
Model Complexity

Parameters (M) | 11.29 3.70
FLOPs (G) | 102.47 35.78
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=
@ 0.88
o
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Fig. 15.

ferent levels of SAR-optical registration error.

1 2 3 4 5
Registration Error (pixel)

Robustness analysis of representative multimodal models under dif-

count, ECRformer-Light offers a dramatic 2.52 dB PSNR improvement
with only a modest increase in FLOPs. This clearly demonstrates that
our ECRformer architecture establishes a new Pareto frontier for the
accuracy-efficiency trade-off in cloud removal, making high-quality
reconstruction more practical for real-world deployment.

4.4.6. Robustness of registration error

The ideal scenario assumes perfect co-registration between SAR and
optical images. However, in real-world applications, slight misalign-
ments may occur due to differences in sensor geometry, acquisition
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times, or atmospheric conditions. To assess robustness against registra-
tion errors, we introduce controlled random translations of up to +5
pixels to the SAR input during inference — without any corresponding
augmentation during training — and compare three representative
multimodal models: ECRformer, EMRDM, and HPN-CR.

As shown in Fig. 15, PSNR and SSIM of all three models de-
crease monotonically as misalignment increases, yet ECRformer con-
sistently achieves the highest scores at every error level and exhibits
the smallest relative degradation. This resilience can be attributed to
XCA’s channel-wise fusion mechanism and MDWA'’s multi-scale spatial
modeling, which together enable effective cross-modal feature align-
ment even under imperfect registration. These results confirm that
ECRformer possesses a reasonable tolerance to the registration errors
encountered in practical deployment.

4.4.7. Hyperparameters

The key hyperparameters for the proposed ECRformer and
ECRformer-Light are detailed in Table 6. These settings are optimized
to balance model capacity, computational efficiency, and task-specific
requirements.

ECRformer’s superior performance stems from a larger embedding
dimension (48 vs. 32) and greater network depth (9 vs. 6 blocks),
which provide a richer feature space and stronger modeling capabili-
ties. This increased capacity results in approximately three times the
parameters and FLOPs but yields significant gains across all metrics.
The core components are designed for efficiency: MDWA uses a fixed
window with multi-level dilation to capture diverse spatial contexts
without extra cost, while other parameters scale with the embedding
dimension or follow standard practices.

In our training strategy, the loss function weights (« = 09,8 =
0.1) prioritize pixel-level accuracy (L1 loss) while preserving structural
similarity (SSIM loss). The small SDFL loss weights (Aepe = Agee = 0.05)
provide effective semantic guidance without excessive regularization.

Overall, ECRformer-Light offers an excellent performance-efficiency
trade-off for resource-constrained scenarios. The scalability of the archi-
tecture is proven by ECRformer, which achieves a higher performance
ceiling with more resources. This validates that our design is effective
and adaptable across different model capacities.

5. Conclusion

In this paper, we addressed the critical challenge of balancing
accuracy and efficiency in multimodal remote sensing cloud removal.
We proposed ECRformer, a solution that pairs a highly efficient archi-
tecture with a principled learning paradigm and surpasses prior state-
of-the-art methods in both reconstruction quality and computational
efficiency. Our key contributions, which are the Semantic-Decoupled
Feature Learning (SDFL) paradigm and a suite of efficient attention
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modules (XCA and MDWA), enable the model to achieve superior
results with significantly fewer parameters and FLOPs than recent,
computationally intensive diffusion models. The empirical results on
the SEN12MS-CR and LuojiaSET-OSFCR datasets validate our approach,
establishing ECRformer as a new, powerful, and practical baseline for
cloud removal.

Although our method demonstrates strong performance and ef-
ficiency, there are still areas for future improvement. First, while
SDFL effectively decomposes the learning task, further exploration
into more sophisticated loss functions or multi-task learning strate-
gies could enhance the disentanglement of structure and texture fea-
tures. Second, although our attention mechanisms are efficient, inves-
tigating alternative architectures or hybrid models that combine the
strengths of CNNs and Transformers may yield additional gains in both
speed and accuracy. Third, the recent emergence of large-scale visual
foundation models presents a promising direction; their pre-trained
representations could potentially serve as powerful priors for image
reconstruction tasks, including cloud removal, and their integration
with task-specific architectures like ours warrants future investigation.
Finally, extending our approach to handle other types of remote sensing
data or environmental conditions could broaden its applicability and
robustness.
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