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 A B S T R A C T

Multimodal Earth observation (EO) often requires integrating sensors with complementary strengths in spatial 
detail, spectral richness, and weather robustness. Existing task-specific fusion networks typically use EO priors 
as passive cues, leaving them disconnected from the adaptive allocation of computation across heterogeneous 
scenes. To address these recurring EO data gaps, we propose DAMoE, a task-instantiated sparse multi-domain 
mixture-of-experts framework. DAMoE uses a reusable conditional-computation backbone centered on prior-
guided sparse routing, where compact frequency-energy, spatial-structure, and spectral–statistical priors are 
injected into branch-specific routers to activate task-adaptive expert subsets. A frequency-domain front-end 
enhances wavelet subband representations, while parallel spatial and spectral expert branches refine local 
structures and bandwise consistency. Diversity and load-balancing regularizers further encourage comple-
mentary expert specialization and stable sparse routing. Experiments on five source-domain benchmarks and 
two transfer test sets show that DAMoE achieves 1%–12% improvement in key metrics (PSNR/SAM/ERGAS) 
across optical and hyperspectral fusion tasks, maintains competitive performance in SAR-assisted optical 
reconstruction (PSNR up to 29.78), and retains a favorable accuracy–efficiency trade-off with only 0.39M 
parameters and 0.013 s inference time (faster than state-of-the-art methods by 20%–50%). Cross-sensor 
and cross-dataset transfer experiments further evaluate its robustness under distribution shifts. These results 
indicate that prior-guided sparse routing offers an effective conditional-computation mechanism for adapting 
fusion pathways to recurring EO data gaps.
1. Introduction

1.1. Background and problem setting

Earth observation (EO) underpins a broad range of applications, 
including land-cover mapping, environmental monitoring, urban analy-
sis, agricultural assessment, and disaster management (Cai et al., 2022). 
Yet multimodal EO fusion is ultimately driven by a persistent practical 
constraint: no single sensor can simultaneously deliver fine spatial 
detail, rich spectral information, and robust sensing capability under all 
observation conditions (Li et al., 2024). This limitation has made multi-
modal remote sensing image fusion a central topic in EO analysis, since 
it enables complementary information from heterogeneous sensors, 
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such as panchromatic (PAN), multispectral (MSI), hyperspectral (HSI), 
and synthetic aperture radar (SAR), to be integrated within a common 
reconstruction process (Jozdani et al., 2022). The benefit of multimodal 
EO fusion is not limited to producing visually enhanced images (Li 
et al., 2025). More importantly, it raises a broader methodological 
question of how to address recurring EO data gaps across different sens-
ing settings within a reusable conditional-computation backbone. In 
practice, these gaps are typically associated with missing spatial detail, 
insufficient spectral information, or reduced optical availability under 
adverse observation conditions. This requires EO fusion models to go 
beyond fixed reconstruction pipelines and adapt their computational 
pathways to heterogeneous spatial structures, spectral responses, and 
sensing conditions.
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1.2. Related work on multimodal EO fusion

Earlier studies addressed these challenges mainly through classical 
fusion paradigms, most notably component substitution (CS), multires-
olution analysis (MRA), and variational optimization (VO) (Vivone 
et al., 2025). In optical–optical fusion, for example, CS (Choi et al., 
2011) sharpens spatial content by replacing the spatial component 
of MSI with that of PAN, although this usually comes with spectral 
distortion. MRA (Restaino et al., 2016) injects PAN high-frequency 
information into MSI and thereby offers a more balanced treatment of 
spatial and spectral content, yet its performance remains tied to linear 
modeling assumptions that are often restrictive in complex scenes. VO-
based methods (Palsson et al., 2014) instead impose spatial and spectral 
fidelity through explicit regularization, but the resulting optimization 
process generally incurs higher computational cost (Yokoya et al., 
2012). Taken together, these methods remain important because they 
are interpretable and supported by mature evaluation protocols, even 
though their capacity becomes limited once multimodal relationships 
grow strongly nonlinear.

The rise of data-driven models has shifted this landscape substan-
tially, and recent studies have increasingly turned to deep learning 
(DL) for multimodal EO fusion (Ciotola et al., 2022). As summarized 
in Fig.  1, existing DL approaches can be broadly organized into two 
dominant streams. One line emphasizes dense spatial–spectral mod-
eling (SS modeling) directly in the image domain, as exemplified by 
multi-scale dual-stream networks (Liao et al., 2023), spatial–spectral 
Transformers (L. Chen et al., 2024), and attention-augmented residual 
frameworks (B. Wang et al., 2024). Multi-scale dual-stream networks 
enhance local spatial representation (Wang et al., 2025), Transformer-
based models improve long-range spatial–spectral dependency model-
ing (T. Wen et al., 2025), and attention-augmented residual designs 
further strengthen feature reuse and spectral preservation (Li et al., 
2023). However, these methods mainly operate in the image domain 
and may underexploit frequency-domain detail cues.

A second line introduces frequency-domain cues through spatial–
frequency dual-domain guidance or multimodal dual-domain learning 
(SF modeling) (He et al., 2023), which is particularly helpful for pre-
serving edges, textures, and fine structures (Zhou et al., 2022). These 
frequency-aware methods improve structural detail recovery by explic-
itly exploiting high-frequency (X. Wen et al., 2025) or wavelet-domain 
information (Huang et al., 2025). Nevertheless, frequency informa-
tion is often used as an auxiliary enhancement cue rather than being 
adaptively coordinated with spatial and spectral modeling. Beyond this 
two-stream view, some methods in either category further incorporate 
observation models (Dong et al., 2023) or physically motivated pri-
ors (Y. Chen et al., 2024) to improve reconstruction consistency. Such 
prior-aware designs improve physical consistency by introducing degra-
dation models, sensor-response assumptions, or domain constraints, but 
the priors are usually used as losses, constraints, or auxiliary inputs 
rather than as routing signals for adaptive computation  (Cao et al., 
2022; Wu et al., 2025). This progression suggests that EO fusion is 
evolving not only toward stronger nonlinear representation learning, 
but also toward tighter integration between learned models and domain 
knowledge (Zhu et al., 2023a).

1.3. Research gaps

Taken together, existing studies suggest that multimodal EO fusion 
is increasingly moving from interpretable classical models toward deep 
spatial–spectral architectures, frequency-aware representations, prior-
informed learning, and sparse conditional computation (Liu et al., 
2025b). Even so, several limitations remain unresolved. A first issue 
is the lack of explicit coordination across representation domains. Many 
current models are still dominated by image-domain spatial or spectral 
processing, while frequency cues are introduced only weakly or remain 
auxiliary (Zhu et al., 2023b). The result is a fragmented modeling 
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strategy that makes it difficult to preserve fine spatial structures and 
spectral fidelity simultaneously in heterogeneous scenes.

A second issue concerns computational efficiency. Stronger reconstruc-
tion performance is often obtained by increasing network depth, chan-
nel width, or attention complexity (Jiang and Chen, 2025), which raises 
memory consumption and inference cost (B. Wang et al., 2024). Al-
though mixture-of-experts (MoE) designs offer a plausible path toward 
sparse conditional computation (Guo et al., 2025), naive gating can 
repeatedly activate only a small subset of experts and thereby weaken 
the intended specialization effect.

A third issue lies in the role of EO priors. Existing prior-guided methods 
typically inject domain knowledge through losses (Cao et al., 2022), 
constraints (Liu et al., 2025b), or auxiliary inputs (W. Wang et al., 
2024), rather than allowing such priors to directly shape routing or 
expert selection. Consequently, informative EO cues, including wavelet-
energy statistics, texture descriptors, and spectral indices, are still not 
fully exploited as part of adaptive computation.

Against this background, we propose DAMoE, a task-instantiated 
sparse multi-domain MoE framework for recurring multimodal EO data 
gaps. The central idea is to make EO priors participate directly in 
conditional computation: instead of using frequency, spatial, and spec-
tral cues only as auxiliary constraints, DAMoE injects compact domain 
priors into branch-specific routers to determine which experts should 
be activated for each input. This prior-guided routing is implemented 
within a frequency–spatial–spectral sparse MoE backbone, where a 
frequency-front branch enhances wavelet subband representations and 
parallel spatial/spectral branches refine structural details and band-
wise consistency. Two auxiliary regularizers are further introduced to 
encourage expert diversity and balanced utilization, improving expert 
specialization under heterogeneous EO scenes.

1.4. Contributions

The main contributions are summarized as follows.

• We propose a prior-guided sparse routing mechanism for mul-
timodal EO fusion. Compact frequency-energy, spatial-structure, 
and spectral–statistical priors are injected into branch-specific 
routers, enabling physically meaningful EO cues to guide adaptive 
expert activation rather than remaining passive auxiliary inputs.

• We design a frequency–spatial–spectral sparse MoE backbone 
to realize this routing mechanism. The frequency-front branch 
enhances wavelet-domain subband representations, while the par-
allel spatial and spectral branches refine local structures and 
bandwise consistency through lightweight expert modulation.

• We formulate recurring EO fusion tasks from an input–guidance–
target data-gap perspective and instantiate DAMoE as a reusable
conditional-computation backbone for MSI pansharpening, HSI 
pansharpening, HSI super-resolution, and SAR-assisted optical 
reconstruction.

• Extensive experiments across four EO fusion settings demon-
strate that DAMoE achieves favorable reconstruction quality and 
accuracy–efficiency trade-offs. Cross-sensor and cross-dataset trans
fer analyses, together with downstream segmentation evaluation, 
further assess its robustness and structural preservation ability.

The remainder of this paper is organized as follows. Section 2 
presents the proposed methodology. Section 3 introduces the study data 
and experimental design. Section 4 reports the results across repre-
sentative EO fusion settings. Section 5 analyzes the model design and 
efficiency characteristics. Section 6 discusses the framework in relation 
to existing EO fusion literature, recurring EO data gaps, extensibility, 
and limitations. Section 7 concludes the paper.
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Fig. 1. Representative modeling paradigms for multimodal EO fusion: spatial–spectral (SS) modeling, spatial–frequency (SF) modeling, and the proposed 
frequency–spatial–spectral (FSS) modeling with prior-guided sparse routing.
Fig. 2. Representative EO data-gap settings considered in this study under an input–guidance–target gap-recovery formulation.
2. Methodology

2.1. Task-instantiated EO fusion settings and overall framework

Rather than treating each EO fusion task as an isolated problem, 
we cast them under a sparse architectural template with task-specific 
instantiations. Let 𝑌  denote the degraded multiband observation, 𝑍 the 
higher-resolution or complementary guidance observation, and 𝑋 the 
desired fused output. From an observation perspective, an EO data gap 
can be regarded as the task-dependent information deficit induced by 
incomplete, degraded, or indirect sensing of the target product. The 
primary and guidance observations are abstracted as 
𝑌 = (𝑋) + 𝑛𝑌 , 𝑍 = (𝜉) + 𝑛𝑍 , (1)

where  denotes a task-specific degradation, masking, or spectral-
response operator applied to the target product,  denotes the guidance 
observation operator, 𝜉 represents the underlying land-surface state 
observed by different sensing modalities, and 𝑛𝑌 , 𝑛𝑍 are observation 
noise terms. For optical–optical fusion tasks, 𝑍 can be regarded as a 
spatial or spectral response of 𝑋; for cross-modal settings such as SAR-
assisted optical reconstruction, 𝑍 is not a direct transformation of the 
optical target but provides complementary structural information about 
the same land surface.

The operator  is generally non-invertible, so 𝑌  alone cannot fully 
determine 𝑋. Let 𝛱(𝑌 ) denote a canonical lifting of 𝑌  to the target 
spatial and spectral grid. The corresponding EO data gap is defined as 
𝛥 = 𝑋 −𝛱(𝑌 ), (2)

where 𝛥 represents the missing target information to be recovered, 
while 𝑍 provides complementary constraints for estimating this gap. 
Under this notation, fusion can be viewed as a gap-recovery process. 
𝑋̂ = 𝛱(𝑌 ) + 𝑓𝜃(𝛱(𝑌 ), 𝑍), (3)

where 𝑓𝜃 estimates the missing component 𝛥 from the lifted primary 
observation and the guidance observation. Based on this formulation, 
four representative EO fusion settings are considered in this study: 
878 
MSI pansharpening, HSI pansharpening, HSI super-resolution, and SAR-
assisted optical reconstruction. Although these tasks differ in sensor 
combinations and in the specific EO gaps to be addressed, they can all 
be interpreted through task-specific instantiations of the same input–
guidance–target gap-recovery formulation in Eq. (3). In these settings, 𝛥
corresponds respectively to missing spatial details, joint spatial–spectral 
degradation, insufficient spectral resolution, and cloud-obscured opti-
cal content. Fig.  2 summarizes their source configurations together with 
the corresponding EO data gaps.

At the architectural level, the proposed framework adopts a
frequency-front and spatial/spectral-parallel design. Two lightweight 
encoders first project 𝑌  and 𝑍 into shallow feature spaces. Each 
encoder consists of two 1 × 1 convolution layers with a ReLU activation 
in between. The resulting features are concatenated to form a shared 
multimodal representation, which is then refined by a frequency-
domain MoE module in the wavelet domain. The frequency-enhanced 
feature produced at this stage is subsequently delivered to two parallel 
expert branches. One branch is responsible for spatial refinement and 
focuses on local geometry and structural detail; the other performs 
spectral refinement and emphasizes bandwise consistency as well as 
material-dependent characteristics. Their outputs are concatenated in 
feature space and passed to a lightweight decoder, which follows the 
same design as the encoders and maps the fused representation back to 
the target output space.

Accordingly, the proposed model should be understood as a reusable 
conditional-computation backbone with task-specific instantiations,
rather than as a single parameter-shared model applied identically 
to all EO tasks. What remains invariant across settings is the input–
guidance–target formulation, the multi-domain sparse backbone, and 
the prior-guided routing principle. In contrast, the concrete input 
configuration, prior source, output head, and trained parameters are 
instantiated according to the target EO fusion scenario.

2.2. Prior-guided routing across frequency, spatial, and spectral domains

As illustrated in Fig.  3, the proposed framework organizes multi-
modal EO fusion through three dedicated MoE branches, corresponding 
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Fig. 3. Illustration of the three expert branches in the proposed framework: (a) the frequency-domain-aware branch, (b) the spatial-domain-aware branch, and (c) 
the spectral-domain-aware branch. These branches are designed to model complementary frequency, spatial, and spectral characteristics for prior-guided expert 
routing and multimodal EO fusion.
to the frequency, spatial, and spectral domains. Each branch maintains 
its own expert pool and lightweight gate, while routing is jointly 
informed by pooled deep features and compact EO priors. For each 
domain 𝑏 ∈ {freq, spa, spe}, let 𝐅(𝑏) denote the corresponding feature 
representation and 𝐝(𝑏) the associated prior descriptor. The routing 
logits are computed as 
𝐳(𝑏) = 𝐺(𝑏)([GAP(𝐅(𝑏)), 𝐝(𝑏)]

)

. (4)

Each router 𝐺(𝑏) is implemented as a two-layer MLP with ReLU activa-
tion. The expert pools are branch-specific and parameter-independent, 
with no weight sharing among frequency, spatial, and spectral experts. 
For notational convenience, GAP(⋅) is written in a unified form, al-
though its pooling axis varies by branch: spatial and spectral routing 
use spatial pooling, whereas the frequency branch pools over subbands. 
The resulting logits are converted into sparse routing weights through 
softmax followed by a top-𝑘 selection. 
𝜶(𝑏) =

[

𝛼(𝑏)1 ,… , 𝛼(𝑏)𝑁𝑏

]⊤, (5)

where only the top-𝑘 entries remain nonzero. The same top-𝑘 routing 
rule is used during training and inference, and the selected weights are 
renormalized after sparsification. Let { (𝑏)

𝑒 }𝑁𝑏
𝑒=1 denote the expert pool 

of branch 𝑏. The routed output of that branch is then written as 

𝐅(𝑏)
out =

𝑁𝑏
∑

𝑒=1
𝛼(𝑏)𝑒  (𝑏)

𝑒 (𝐅(𝑏)). (6)

Here,  (𝑏)
𝑒 (⋅) denotes the abstract expert mapping at the architectural 

level, and its branch-specific realization is detailed in the following 
subsections.

2.2.1. Frequency-domain-aware MoE branch
The frequency-domain-aware MoE branch appears at the front end 

of the framework. Starting from the shallow joint feature 𝐅0, it applies 
the 2D Haar wavelet transform to separate low- and high-frequency 
components along different directions. We define the frequency-domain 
representation as 
𝐅 =  (𝐅 ), s.t.𝐅 ∶= (𝐅 ,𝐅 ,𝐅 ,𝐅 ) (7)
f req Haar 0 freq LL LH HL HH
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where 𝐅LL denotes the low-frequency component, and 𝐅LH, 𝐅HL, and 
𝐅HH represent horizontal, vertical, and diagonal high-frequency details, 
respectively.

Frequency prior construction. Routing in this branch is guided by a com-
pact prior that characterizes how energy is distributed across wavelet 
subbands. We first compute the average absolute energies of the low- 
and high-frequency components. 
⎧

⎪

⎨

⎪

⎩

𝐸𝐿 = 1
|𝛺|

∑

(𝑖,𝑗)∈𝛺
|

|

|

𝐅LL(𝑖, 𝑗)
|

|

|

,

𝐸𝐻 = 1
|𝛺|

∑

(𝑖,𝑗)∈𝛺
(

|𝐅LH(𝑖, 𝑗)| + |𝐅HL(𝑖, 𝑗)| + |𝐅HH(𝑖, 𝑗)|
)

,
(8)

where 𝛺 denotes the spatial support over which the statistic is com-
puted. Based on these quantities, the high-frequency ratio is defined as 

𝑟HF =
𝐸𝐻

𝐸𝐿 + 𝜀
, (9)

with 𝜀 > 0 introduced for numerical stability. To further quantify 
directional imbalance, we compute the horizontal and vertical high-
frequency energies 

𝐸𝑥
𝐻 = 1

|𝛺|

∑

(𝑖,𝑗)∈𝛺

|

|

|

𝐅LH(𝑖, 𝑗)
|

|

|

, 𝐸𝑦
𝐻 = 1

|𝛺|

∑

(𝑖,𝑗)∈𝛺

|

|

|

𝐅HL(𝑖, 𝑗)
|

|

|

, (10)

and define the directional anisotropy as 

𝑎dir =
|𝐸𝑥

𝐻 − 𝐸𝑦
𝐻 |

𝐸𝐻 + 𝜀
. (11)

To reflect diagonal-detail intensity, we additionally define 

𝑟HH =
1
|𝛺|

∑

(𝑖,𝑗)∈𝛺 |𝐅HH(𝑖, 𝑗)|

𝐸𝐻 + 𝜀
. (12)

These quantities jointly form the frequency prior 
𝐝(freq) =

[

𝑟HF, 𝑎dir , 𝑟HH
]⊤. (13)

Prior-guided routing. For expert selection, we first pool the frequency 
representation over the subband dimension 
𝐠(f req) = GAP

(

{𝐅 ,𝐅 ,𝐅 ,𝐅 }
)

, (14)
f req LL LH HL HH
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and then concatenate it with the prior descriptor to obtain the routing 
logits 

𝐳(freq) = 𝐺(f req)([𝐠(freq), 𝐝(f req)]
)

∈ R𝑁f . (15)

Here, 𝑁f  denotes the number of frequency experts. The sparse routing 
weights are then obtained by applying softmax followed by a top-𝑘
sparsifier 

𝜶(f req) = 𝑘
(

sof tmax(𝐳(f req))
)

,

s.t. 𝜶(f req) =
[

𝛼(f req)1 ,… , 𝛼(f req)𝑁f

]⊤.
(16)

Directional expert modulation and aggregation. Each frequency expert is 
intended to emphasize different directional frequency patterns. Since 
EO scenes can be dominated by horizontal boundaries, vertical edges, 
or diagonal textures, using the same response pattern for all inputs 
would reduce structural discriminability. To avoid this, the 𝑒th expert 
learns adaptive directional responses from the four subbands. 

𝐖(f req)
𝑒 = (freq)

𝑒 (𝐅LL,𝐅LH,𝐅HL,𝐅HH), (17)

where (f req)
𝑒 (⋅) denotes the modulation function of expert 𝑒. These 

responses modulate the relative contributions of different subbands 
before feature extraction. In implementation, (f req)

𝑒  is realized as 
a subband-attention module, which generates adaptive weights from 
globally pooled Haar subbands. The output of the 𝑒th frequency expert 
is then written as 

𝐙(f req)
𝑒 =  (f req)

𝑒
(

𝐅LL,𝐅LH,𝐅HL,𝐅HH,𝐖
(f req)
𝑒

)

, 𝑒 = 1,… , 𝑁f , (18)

where  (f req)
𝑒 (⋅) applies subband-wise 3 × 3 depthwise convolution 

followed by 1 × 1 pointwise convolution. The processed subbands 
are then mapped back to the image-feature domain by inverse Haar 
reconstruction, allowing different frequency experts to specialize in 
low-frequency, horizontal, vertical, and diagonal detail patterns. The 
frequency-branch output is obtained by routing-weighted aggregation 
over all frequency expert outputs. 

𝐅(f req)
out =

𝑁f
∑

𝑒=1
𝛼(f req)𝑒 𝐙(f req)

𝑒 , (19)

which is passed to both the spatial and spectral branches.

2.2.2. Spatial-domain-aware MoE branch
Built on top of 𝐅(f req)

out , the spatial-domain-aware MoE branch targets 
local geometry and structural refinement. We set 𝐅(spa) = 𝐅(f req)

out  and 
construct compact spatial priors to summarize region-level structural 
properties in EO imagery.

Spatial prior construction. The spatial prior is constructed from three 
complementary cues: edge strength, texture complexity, and linear 
structure. We first derive the edge-related cue. Specifically, the lumin-
ance-like projection is defined as the channel-averaged feature map. 

𝐿(𝑖, 𝑗) = 1
𝐶𝑓

𝐶𝑓
∑

𝑐=1
𝐅(spa)
𝑐 (𝑖, 𝑗), (20)

where 𝐶f  denotes the channel dimension of the frequency-enhanced 
feature. We use the Sobel operator as the edge detector. Let 𝑆𝑥 and 𝑆𝑦
denote the horizontal and vertical Sobel filters. The gradient magnitude 
is computed as 

𝐺(𝑖, 𝑗) =
√

(𝑆𝑥 ∗ 𝐿)2(𝑖, 𝑗) + (𝑆𝑦 ∗ 𝐿)2(𝑖, 𝑗). (21)

The edge-density descriptor is obtained by thresholding 𝐺 with its 
patch-level mean. 

𝑑edge =
1
|𝛺|

∑

I

(

𝐺(𝑖, 𝑗) > 1
|𝛺|

∑

𝐺(𝑢, 𝑣)

)

. (22)

(𝑖,𝑗)∈𝛺 (𝑢,𝑣)∈𝛺
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Texture complexity is described through a gray-level co-occurrence 
matrix 𝐏 obtained from a luminance projection of 𝐅(spa). Entropy and 
contrast are then used as texture descriptors. 
𝐻tex = −

∑

𝑢,𝑣
𝑃 (𝑢, 𝑣) log𝑃 (𝑢, 𝑣),

𝐶tex =
∑

𝑢,𝑣
(𝑢 − 𝑣)2𝑃 (𝑢, 𝑣).

(23)

We compute 𝑃  after patch-wise min–max normalization and 32-level 
quantization, using pixel distance 1 and four standard directions. To 
complement these statistics, we further estimate a linearity score 𝑟line ∈
[0, 1] from the eigenvalue ratio of the local structure tensor, which is 
intended to capture elongated structures such as roads and rivers. The 
resulting spatial prior vector is defined as 
𝐝(spa) =

[

𝑑edge, 𝐻tex, 𝐶tex, 𝑟line
]⊤. (24)

Prior-guided routing. As shown in Fig.  3(b), the spatial feature is first 
pooled over spatial dimensions 
𝐠(spa) = GAPspatial(𝐅(spa)) ∈ R𝐶f . (25)

The routing logits are then produced by 
𝐳(spa) = 𝐺(spa)([𝐠(spa), 𝐝(spa)]

)

∈ R𝑁s , (26)

with 𝑁s denoting the number of spatial experts. Sparse routing weights 
𝜶(spa) are obtained through softmax and top-𝑘 selection.
Spatial adaptive expert modulation and aggregation. The role of each 
spatial expert is to respond adaptively to local heterogeneity in EO im-
agery. Since different regions can exhibit man-made edges, vegetation 
textures, or homogeneous backgrounds, fixed convolution weights are 
often insufficient to capture such variability. To address this issue, the 
𝑒th expert generates adaptive spatial weights from the input feature. 
𝐖(spa)

𝑒 = (spa)
𝑒 (𝐅(spa)), (27)

where (spa)
𝑒 (⋅) denotes the corresponding modulation function. In 

implementation, (spa)
𝑒  generates a single-channel spatial attention 

map using two 1 × 1 convolutions followed by sigmoid activation. 
The attention map modulates the expert response spatially, enabling 
different experts to focus on heterogeneous structures such as sharp 
boundaries, textured vegetation, and homogeneous regions. The output 
of the 𝑒th spatial expert is then written as 
𝐙(spa)
𝑒 =  (spa)

𝑒
(

𝐅(spa),𝐖(spa)
𝑒

)

, 𝑒 = 1,… , 𝑁s, (28)

where  (spa)
𝑒 (⋅) consists of a 3 × 3 depthwise convolution, a 1 × 1 

pointwise convolution, and ReLU activation. The spatial expert outputs 
are aggregated according to the routing weights. 

𝐅(spa)
out =

𝑁s
∑

𝑒=1
𝛼(spa)𝑒 𝐙(spa)

𝑒 . (29)

2.2.3. Spectral-domain-aware MoE branch
The spectral-domain-aware MoE branch is responsible for preserv-

ing per-pixel spectra and bandwise consistency. As illustrated in Fig. 
3(c), the spectral-domain-aware MoE branch is built on the same 
frequency-enhanced feature 𝐅(f req)

out  as the spatial branch, while its rout-
ing is guided by priors that characterize scene-level spectral behavior.
Spectral prior construction. We first set 𝐅(spe) = 𝐅(freq)

out  and summarize 
the feature-space spectral response by spatially pooling 𝐅(spe). 
𝐠(spe) = GAPspatial(𝐅(spe)) ∈ R𝐶f . (30)

To complement this pooled feature with physically meaningful informa-
tion, we compute a compact spectral prior from the available multiband 
observation. For HSI-related settings, these priors are derived from 
the input HSI; for the remaining settings, analogous descriptors are 
extracted from the available multiband optical observation.
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Let {𝜙𝑘}𝐾𝑘=1 denote a set of representative spectral-index functions. 
The scene-level mean of each index is computed as 
𝐼𝑘 = 1

|𝛺|

∑

𝑗∈𝛺
𝜙𝑘

(

𝑥𝑗 (𝜆1),… , 𝑥𝑗 (𝜆𝑁𝜆
)
)

, 𝑘 = 1,… , 𝐾, (31)

where 𝑁𝜆 denotes the number of bands. In our implementation, these 
spectral-index functions include NDVI, NDWI, the red–green normal-
ized difference index, and the NIR/red ratio. For HSI data, the red, 
green, and NIR bands are selected by nearest wavelength matching; 
for MSI data, they follow the dataset-provided band definitions. Spec-
tral smoothness is measured through the average absolute difference 
between adjacent bands. 

𝑠smooth =
1

𝑁𝜆 − 1

𝑁𝜆−1
∑

𝓁=1

1
|𝛺|

∑

𝑗∈𝛺

|

|

|

𝑥𝑗 (𝜆𝓁+1) − 𝑥𝑗 (𝜆𝓁)
|

|

|

, (32)

while inter-band dependency is summarized by 

𝑟corr =
1

𝑁𝜆(𝑁𝜆 − 1)

𝑁𝜆
∑

𝓁1 ,𝓁2=1
𝓁1≠𝓁2

𝐂(𝓁1,𝓁2), (33)

where 𝐂 ∈ R𝑁𝜆×𝑁𝜆  is the band correlation matrix. These quantities form 
the spectral prior descriptor 
𝐝(spe) = [𝐼1,… , 𝐼𝐾 , 𝑠smooth, 𝑟corr ]⊤. (34)

Prior-guided routing. The spectral gate receives the concatenation of the 
pooled feature and the spectral prior 
𝐳(spe) = 𝐺(spe)([𝐠(spe), 𝐝(spe)]

)

∈ R𝑁p , (35)

where 𝑁p is the number of spectral experts. Softmax and top-𝑘 selection 
then yield the sparse routing weights 𝜶(spe).

Band-adaptive expert modulation and aggregation. Each spectral expert 
is designed to emphasize different spectral bands according to local 
spectral characteristics. Since distinct targets in EO imagery are as-
sociated with different spectral curves, fixed channel responses can 
obscure informative bandwise variation. For this reason, the 𝑒th expert 
generates adaptive spectral weights through a channel-attention-like 
mechanism. 
𝐖(spe)

𝑒 = (spe)
𝑒 (𝐅(spe)), (36)

where (spe)
𝑒 (⋅) denotes the modulation function of expert 𝑒. These 

weights rescale spectral responses within the same spatial region, al-
lowing the expert to adapt to local spectral patterns. In implementation, 
(spe)

𝑒  follows a channel-attention design based on globally pooled 
features. Spatial context is further preserved during this modulation 
process to account for radiometric discrepancies across sensors. The 
output of the 𝑒th spectral expert is thus written as 
𝐙(spe)
𝑒 =  (spe)

𝑒
(

𝐅(spe),𝐖(spe)
𝑒

)

, 𝑒 = 1,… , 𝑁p, (37)

where  (spe)
𝑒 (⋅) first performs 1 × 1 spectral mixing, then applies a 3 × 3 

depthwise convolution to preserve local spatial context, followed by 
a final 1 × 1 projection. This design allows different spectral experts 
to emphasize complementary band combinations while maintaining 
spatial consistency. The final spectral-domain output is obtained as 

𝐅(spe)
out =

𝑁p
∑

𝑒=1
𝛼(spe)𝑒 𝐙(spe)

𝑒 . (38)

2.3. Dual regularization for expert collaboration

Although the proposed multi-domain MoE architecture provides 
strong conditional capacity, recurring EO data gaps still induce sub-
stantial heterogeneity in spatial structures, spectral responses, and 
sensing conditions. Under such variability, different experts can drift 
toward similar behaviors or become unevenly activated during routing, 
reducing the effective benefit of sparse conditional computation. To 
mitigate this, we introduce two auxiliary regularizers: one encourages 
diversity across experts, and the other promotes balanced expert usage.
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2.3.1. Expert diversity regularization
To encourage complementary expert representations within the 

same pool, we employ a kernel-based diversity regularizer. Let 𝑒1  and 
𝑒2  denote the empirical distributions of features produced by experts 
𝑒1 and 𝑒2, respectively, over a mini-batch. Their pairwise regularization 
term is defined as 
2

 (𝑒1 ,𝑒2 ) = E𝐫∼𝑒1 , 𝐫̂∼𝑒2

[

𝜅(𝐫, 𝐫̂)
]

, (39)

where 

𝜅(𝐫, 𝐫̂) = exp
(

−
‖𝐫 − 𝐫̂‖2

2𝜎2

)

(40)

is a Gaussian kernel defined in a reproducing kernel Hilbert space. 
The bandwidth 𝜎 is estimated adaptively from the average pairwise 
squared distance in the current mini-batch rather than fixed manually. 
Minimizing this term reduces similarity among expert outputs and 
encourages complementary specialization.

For a pool of 𝑁𝑏 experts, the pairwise terms are aggregated as 

2

(

{𝑒}
𝑁𝑏
𝑒=1

)

= 2
𝑁𝑏(𝑁𝑏 − 1)

∑

𝑒<𝑒′
2

 (𝑒,𝑒′ ), (41)

and the same regularization is applied to the frequency, spatial, and 
spectral expert pools. Their contributions are summed to form the 
overall diversity regularization term.

2.3.2. Expert-usage balancing
To avoid routing collapse onto only a few experts, we additionally 

introduce an expert-usage balancing term. Let 𝑁mb denote the number 
of training samples in a mini-batch, and let 𝑗,𝑒

(𝑏) ∈ {0, 1} indicate 
whether expert 𝑒 in branch 𝑏 is selected by top-𝑘 routing for sample 
𝑗. The hard utilization of expert 𝑒 is then 

𝑝(𝑏)𝑒 =
𝑁mb
∑

𝑗=1
(𝑏)

𝑗,𝑒. (42)

Let 𝐰(𝑏)
𝑒 (𝐅(𝑏),𝑗 ;𝜽) denote the corresponding soft routing weight for sam-

ple 𝑗. The cumulative soft utilization is defined as 

𝑝̂(𝑏)𝑒 =
𝑁mb
∑

𝑗=1
𝐰(𝑏)
𝑒 (𝐅(𝑏)

𝑗 ;𝜽). (43)

Based on these quantities, the balancing loss is written as 

bal =
1
𝑁𝑏

𝑁𝑏
∑

𝑒=1
(𝑝(𝑏)𝑒 ⋅ 𝑝̂(𝑏)𝑒 ), (44)

which penalizes experts that are simultaneously selected too frequently 
and assigned overly large soft weights. Minimizing bal therefore en-
courages a more even routing distribution across experts and improves 
effective capacity usage. In implementation, both 𝑝𝑒(𝑏) and 𝑝̂(𝑏)𝑒  are 
normalized by the number of samples in each mini-batch, making 
the loss invariant to batch size. The load-balancing loss is computed 
within each branch and then averaged across the frequency, spatial, 
and spectral branches, rather than being computed from globally mixed 
expert-utilization statistics. Taken together, the diversity regularizer 
and the balancing term help maintain expert complementarity and rout-
ing stability under the heterogeneous conditions induced by recurring 
EO data gaps.

2.4. Objective function and training strategy

Given a training set of triplets {(𝑌𝑗 , 𝑍𝑗 , 𝑋𝑗 )}
𝑁tr
𝑗=1, where 𝑋𝑗 denotes 

the ground truth (GT), the network prediction is denoted by 𝑋̂𝑗 . The 
overall training objective combines the reconstruction term with the 
two auxiliary regularizers: 

 =  + 𝜆 + 𝛾2 , (45)
recon bal 
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Table 1
Datasets, sensing combinations, scene characteristics, and EO settings used in this study.
 Dataset Scene type EO setting Protocol Notes  
 GF2 Urban/river/built-up MSI pansharpening Reduced-scale + full-scale 4-band MSI + PAN  
 WV-III Urban/cropland/mixed land cover MSI pansharpening Reduced-scale + full-scale 8-band MSI + PAN  
 Botswana Rocky/mountainous HSI pansharpening Full-reference 128-band HSI + PAN  
 Pavia University Urban/road/building HSI super-resolution Full-reference 92-band HSI + 4-band MSI  
 SEN2MS-CR Cloud-affected scenes SAR-assisted optical reconstruction Paired evaluation 13-band MSI + SAR (VV + VH) 
 WV-II Related optical sensor setting Cross-sensor transfer Test only 8-band MSI + PAN  
 Pavia Center Urban/road/building HSI pansharpening transfer Zero-shot transfer only 102-band HSI + PAN  
where recon is implemented as a pixel-wise 𝓁1 loss between 𝑋̂𝑗 and 𝑋𝑗 . 
Here, bal denotes the expert-usage balancing term, and 2

 denotes the 
diversity regularization aggregated across the three expert pools. The 
coefficients 𝜆, 𝛾 > 0 control the strengths of the two regularizers, while 
the Gaussian kernel bandwidths are estimated adaptively from batch 
statistics. Unless otherwise specified, we set 𝑁𝑓 = 𝑁𝑠 = 𝑁𝑝 = 6, 𝑘 = 5, 
𝜆 = 0.1, and 𝛾 = 0.01 according to the ablation results in Section 5. All 
components are optimized jointly in an end-to-end manner. In practice, 
we adopt Adam with an initial learning rate of 5× 10−4, a batch size of 
64, and 1000 training epochs in total. The learning rate is halved every 
200 epochs to promote stable convergence. Unless otherwise stated, the 
same training configuration is used across all evaluated tasks for fair 
comparison and simplified deployment.

3. Data and experimental design

3.1. Study data and EO settings

We evaluated the proposed framework on five source-domain pub-
lic benchmarks and two additional transfer test sets spanning four 
representative EO fusion settings: MSI pansharpening, HSI pansharp-
ening, HSI super-resolution, and SAR-assisted optical reconstruction. 
Specifically, GF2 and WV-III (Deng et al., 2022) were used for MSI 
pansharpening, Botswana (Zhuo et al., 2022) for HSI pansharpen-
ing, Pavia University (Xu et al., 2019) for HSI super-resolution, and 
SEN2MS-CR (Ebel et al., 2021) for SAR-assisted optical reconstruction. 
In addition, WV-II and Pavia Center were used only for cross-sensor and 
cross-dataset transfer evaluation. Together, these datasets cover urban, 
agricultural, rocky, and cloud-affected scenes, providing a suitable 
test bed for assessing whether a shared sparse MoE framework can 
generalize across heterogeneous EO conditions.

For the MSI and HSI fusion datasets, we followed the original or 
previously published train/validation/test partitioning protocols, with 
a 9:1 ratio between the numbers of training and validation samples. 
For SAR-assisted optical reconstruction, we used the publicly released 
paired Sentinel-1 and Sentinel-2 data. The full dataset contains 122,218 
paired SAR and MSI cloudy/cloud-free samples, each with a fixed 
patch size of 256 × 256 pixels. Following Ebel et al. (2021), six non-
overlapping regions of interest were selected for training, validation, 
and testing, containing 3166, 718, and 780 patches, respectively. Since 
the cloudy optical image and the reference image are not strictly 
simultaneous, the SAR-assisted optical reconstruction results should be 
interpreted with this temporal mismatch in mind. All datasets used in 
this study are publicly available through their original publications and 
official websites. Table  1 summarizes the datasets, sensing combina-
tions, scene characteristics, EO settings, and evaluation protocols used 
in this work.

3.2. Evaluation protocol and metrics

Task-specific evaluation protocols were adopted for the four EO 
fusion settings considered in this study. For MSI pansharpening, both 
reduced-scale and full-scale evaluations were conducted. Reduced-scale 
experiments were performed on simulated test sets and evaluated using 
ERGAS, SAM, and Q2n (Arienzo et al., 2022). Full-scale experiments 
were conducted on real test sets and evaluated using 𝐷 , 𝐷𝐹 , 𝐷 , 
𝜆 𝜆 𝑠
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QNR (Garzelli and Nencini, 2009), and HQNR (Arienzo et al., 2022). 
Since QNR is derived from 𝐷𝜆 and 𝐷𝑠, and HQNR from 𝐷𝐹

𝜆  and 𝐷𝑠, 
𝐷𝜆 and 𝐷𝐹

𝜆  are omitted from the quantitative result tables. For HSI 
pansharpening and HSI super-resolution, full-reference evaluation was 
adopted, using PSNR, SAM, and ERGAS to assess pixel-wise fidelity, 
spectral consistency, and global reconstruction error. For SAR-assisted 
optical reconstruction, PSNR, SAM, and SSIM were used. Since the 
cloudy optical image and the reference image in SEN2MS-CR are not 
strictly simultaneous, these full-reference metrics should be interpreted 
as reference-based similarity measures rather than exact physical re-
construction error. To assess whether the performance margins are 
statistically meaningful, we further performed paired Wilcoxon signed-
rank tests using per-sample metric values. The tests were conducted 
for GF2, WV-III, WV-II, and SEN2MS-CR, where the numbers of in-
dependent test samples are sufficient for paired comparison. For HSI 
benchmarks and HSI cross-dataset transfer, results are reported descrip-
tively because of the limited number of independent test samples. To 
further assess whether fusion quality transfers to downstream analysis, 
we also performed unsupervised segmentation using GMM-SS (Fauvel 
et al., 2013) and SLIC-Agglo (Achanta et al., 2012), and reported 
overall accuracy together with confusion-pattern analysis (Liu et al., 
2025a).

3.3. Baselines and implementation details

Representative methods validated for the corresponding EO fu-
sion settings were selected as baselines and grouped into three cat-
egories: traditional methods, SS modeling methods, and SF model-
ing methods. For MSI pansharpening, the compared methods include 
FS (Vivone et al., 2018), BDSD-PC (Vivone, 2019), ADKNet (Peng 
et al., 2022), SSAFF (Yang et al., 2023), SSUN-Net (Fang and Gan, 
2025), FAME (He et al., 2024), RAMSF (Liu et al., 2025b), and Pan-
Complex (Luo et al., 2025). For HSI pansharpening, the compared 
methods include CNMF (Yokoya et al., 2012), MTF-GLP (Vivone et al., 
2015), MDANet (Guan and Lam, 2022), PSRT (Deng et al., 2023), 
MCIFNet (Zhu et al., 2025a), Hyper-DSNet (Zhuo et al., 2022), DCINN
(W. Wang et al., 2024), and SFIGNet (Zhu et al., 2025b). For HSI 
super-resolution, the compared methods include SFIM (Liu, 2000), 
GFPCA (Liao et al., 2015), DHIFNet (Huang et al., 2022), 3DT-Net (Ma 
et al., 2023), MCIFNet, QIS-GAN (Zhu et al., 2023b), DCINN, and 
SFIGNet. For SAR-assisted optical reconstruction, the compared meth-
ods include U-Net3D (Rustowicz et al., 2019), DSen2-CR (Meraner 
et al., 2020), GLF-CR (Xu et al., 2022), CF2N (Liu et al., 2025), and 
RAMSF. In all experiments, we followed the official implementations 
or published settings of the compared methods as closely as possi-
ble. All trainable deep baselines were retrained and evaluated under 
the same experimental pipeline, using the same public data splits, 
preprocessing protocols, input generation, normalization, and evalua-
tion scripts as DAMoE. Traditional methods were evaluated with their 
recommended parameters under the same preprocessing and metric-
computation settings. For reduced-scale and full-scale evaluations, all 
methods used identical testing samples and metric implementations. 
Experiments were conducted on a single compute node with six Intel 
Xeon Gold 6133 CPUs and two GeForce RTX 4090 GPUs. Runtime 
was measured under the same protocol for all compared deep models 
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Table 2
Quantitative evaluation on the reduced-scale testing sets of GF2 and WV-III. Indicators marked with ↑ indicate higher and better values, while ↓ indicate lower 
and better values.
 Data Metrics Traditional SS modeling SF modeling FSS modeling
 FS BDSD-PC ADKNet SSAFF SSUN-Net FAME RAMSF PanComplex DAMoE (Ours)  
 
GF2

ERGAS (↓) 1.6201 ±0.3526 1.6954 ±0.3896 0.8215 ±0.1149 0.8134 ±0.1416 0.8908 ±0.1368 0.8151 ±0.1393 0.7441 ±0.1259 0.8364 ±0.1187 0.6564∗∗∗ ±0.1226 
 SAM (↓) 1.6807 ±0.3394 1.7243 ±0.3118 0.8830 ±0.1509 0.8780 ±0.1566 1.1265 ±0.1889 0.8958 ±0.2331 0.8082 ±0.1475 0.8912 ±0.1434 0.7105∗∗ ±0.1335  
 Q2n (↑) 0.8904 ±0.0250 0.8847 ±0.0300 0.9721 ±0.0097 0.9737 ±0.0087 0.9695 ±0.0107 0.9734 ±0.0092 0.9768 ±0.0101 0.9657 ±0.0101 0.9822∗∗∗ ±0.0069 
 
WV-III

ERGAS (↓) 4.6450 ±1.4062 4.6499 ±1.4270 2.2905 ±0.5504 2.3878 ±0.5330 2.3865 ±0.5613 2.3211 ±0.4828 2.2265 ±0.4605 2.2344 ±0.4772 2.1726∗∗ ±0.4875  
 SAM (↓) 5.3228 ±1.6112 5.4643 ±1.6708 3.1382 ±0.5618 3.2079 ±0.5778 3.2323 ±0.5206 3.2271 ±0.6020 2.9863 ±0.5296 3.0436 ±0.5472 2.9361∗∗ ±0.5266  
 Q2n (↑) 0.8177 ±0.0989 0.8117 ±0.1036 0.9051 ±0.0834 0.9015 ±0.0873 0.9015 ±0.0866 0.9014 ±0.0853 0.9162 ±0.0896 0.9068 ±0.0831 0.9165∗ ±0.0783  
Bold and underline denote the best and second-best results, respectively. The markers ∗, ∗∗, and ∗∗∗ indicate statistically significant improvement of DAMoE over the strongest 
competing method under a paired Wilcoxon signed-rank test, with 𝑝 < 0.05, 𝑝 < 0.01, and 𝑝 < 0.001, respectively.
Table 3
Quantitative evaluation on full-scale testing sets of GF2 and WV-III.
 Data Metrics Traditional SS modeling SF modeling FSS modeling
 FS BDSD-PC ADKNet SSAFF SSUN-Net FAME RAMSF PanComplex DAMoE (Ours)  
 
GF2

𝐷𝑠 (↓) 0.0524 ±0.0173 0.0559 ±0.0196 0.0253 ±0.0100 0.0384 ±0.0132 0.0241 ±0.0135 0.0495 ±0.0178 0.0333 ±0.0117 0.0311 ±0.0125 0.0253 ±0.0084  
 QNR (↑) 0.9254 ±0.0273 0.9319 ±0.0260 0.9663 ±0.0152 0.9524 ±0.0180 0.9665 ±0.0132 0.9530 ±0.0385 0.9585 ±0.0165 0.9615 ±0.0178 0.9700∗ ±0.0139  
 HQNR (↑) 0.9121 ±0.0210 0.8678 ±0.0368 0.9534 ±0.0135 0.9362 ±0.0155 0.9505 ±0.0155 0.9509 ±0.0125 0.9471 ±0.0129 0.9435 ±0.0155 0.9571∗ ±0.0120  
 
WV-III

𝐷𝑠 (↓) 0.0851 ±0.0307 0.0912 ±0.0362 0.0484 ±0.0190 0.0674 ±0.0398 0.0337 ±0.0138 0.0680 ±0.0221 0.0433 ±0.0165 0.0436 ±0.0208 0.0279∗ ±0.0067  
 QNR (↑) 0.8973 ±0.0432 0.8973 ±0.0432 0.9312 ±0.0236 0.9016 ±0.0695 0.9468 ±0.0232 0.9155 ±0.0307 0.9219 ±0.0286 0.9226 ±0.0299 0.9490∗∗∗ ±0.0243 
 HQNR (↑) 0.8971 ±0.0352 0.8528 ±0.0509 0.9338 ±0.0181 0.9113 ±0.0567 0.9397 ±0.0201 0.9130 ±0.0261 0.9386 ±0.0191 0.9363 ±0.0240 0.9454∗ ±0.0201  
Bold and underline denote the best and second-best results, respectively. The markers ∗, ∗∗, and ∗∗∗ indicate statistically significant improvement of DAMoE over the strongest 
competing method under a paired Wilcoxon signed-rank test, with 𝑝 < 0.05, 𝑝 < 0.01, and 𝑝 < 0.001, respectively.
and includes prior extraction, since prior descriptors are embedded in 
the forward pass. For reproducibility, the released repository provides 
training and evaluation scripts, preprocessing routines, dataset split 
scripts, configuration files, fixed random seeds, and pretrained weights.

4. Results across representative EO fusion settings

4.1. Multispectral pansharpening results

Table  2 and Figs.  4–5 summarize the fusion results on GF2 and WV-
III. On GF2, DAMoE shows the clearest advantage in the error-related 
metrics, improving SAM and ERGAS by about 12% over the strongest 
competing method while further increasing Q2n. On WV-III, the gains 
are smaller but remain consistent, with about 2% improvements in both 
SAM and ERGAS together with a further gain in Q2n. The qualitative 
comparisons in Figs.  4 and 5 support the same trend: DAMoE recon-
structs cleaner building boundaries, river edges, and vegetation regions, 
with darker absolute error maps (AEMs) than the compared baselines.

This advantage is maintained under full-scale evaluation. As shown 
in Table  3, DAMoE remains among the strongest methods on GF2 and 
achieves the best overall performance on WV-III. The gain is most 
evident in the distortion-related metric on WV-III, where 𝐷𝑠 is reduced 
by more than 17% relative to the strongest competing method, while 
QNR and HQNR are also further improved. On GF2, the improvements 
are smaller but remain consistent in the two comprehensive met-
rics. The paired Wilcoxon signed-rank tests further confirm that most 
reduced-scale and full-scale MSI improvements are statistically signifi-
cant, except for GF2 full-scale 𝐷𝑠, where DAMoE obtains a second-best 
value and is therefore not marked as significant superiority. Overall, 
these results indicate that the proposed sparse multi-domain design 
improves both spectral consistency and overall reconstruction quality 
under simulated and real MSI pansharpening.

4.2. Hyperspectral pansharpening results

Table  4 and Fig.  6 report the results on the Botswana HSI pan-
sharpening benchmark. DAMoE achieves the best overall performance, 
improving PSNR by about 1%, reducing SAM by about 4%, and lower-
ing ERGAS by nearly 9% relative to the strongest competing method. 
883 
The qualitative results in Fig.  6 show the same trend. In rocky and 
mountainous regions, DAMoE reconstructs spatial and spectral details 
more faithfully than the compared baselines. This suggests that coordi-
nated frequency-, spatial-, and spectral-domain modeling is particularly 
effective for HSI pansharpening.

4.3. Hyperspectral super-resolution results

Table  5 and Fig.  7 report the Pavia University HSI super-resolution 
results. DAMoE achieves the best performance across all three full-
reference metrics, improving PSNR by about 0.8%, reducing SAM by 
about 2%, and lowering ERGAS by about 1.4% relative to the strongest 
competing method. These consistent gains indicate stable effectiveness 
across HSI fusion settings. Fig.  7 shows the same trend. In urban regions 
with buildings and roads, DAMoE preserves sharper boundaries while 
keeping the reconstructed spectra closer to the reference. This suggests 
that the proposed framework improves both spatial detail and spectral 
fidelity in HSI super-resolution.

4.4. Spectral profile analysis on the HSI benchmarks

Fig.  8 further examines spectral fidelity at representative pixels 
on the Botswana and Pavia University benchmarks. On Botswana, the 
spectral curves reconstructed by DAMoE remain consistently closest to 
the reference across the two selected pixels, especially around the major 
peaks, valleys, and abrupt band transitions. On Pavia University, the 
same trend is observed in urban regions with more complex material 
mixtures. DAMoE better follows the reference spectral trajectory over 
the full band range, while several competing methods exhibit visible 
deviations in amplitude or shape. These results show that the advantage 
of DAMoE is not limited to aggregate metrics such as PSNR, SAM, and 
ERGAS, but also extends to pixel-level spectral consistency, which is 
critical for faithful HSI reconstruction.

4.5. SAR-assisted optical reconstruction results

Table  6 and Fig.  9 report the results on the SEN2MS-CR benchmark. 
DAMoE achieves the best overall performance, with the highest PSNR 
and SSIM and competitive SAM. The qualitative results are consistent 
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Fig. 4. Representative qualitative comparison on the GF2 reduced-scale MSI pansharpening test set. Top row: fused false-color images. Bottom row: absolute 
error maps (AEMs) with respect to the ground truth (GT).
Fig. 5. Representative qualitative comparison on the WV-III reduced-scale MSI pansharpening test set.
Table 4
Quantitative comparison on the Botswana HSI pansharpening benchmark.
 Metrics Traditional SS modeling SF modeling FSS modeling
 CNMF MTF-GLP MDANet PSRT MCIFNet DSNet DCINN SFIGNet DAMoE (Ours) 
 PSNR (↑) 31.9540 ±1.0506 33.1565 ±1.2652 37.8565 ±2.6100 37.5537 ±2.6206 38.1266 ±3.0501 37.0110 ±2.4849 37.9243 ±2.3557 37.5018 ±2.2962 38.5618 ±2.5487  
 SAM (↓) 2.0324 ±0.2435 1.9279 ±0.2223 1.5151 ±0.2022 1.5498 ±0.1986 1.4886 ±0.2046 1.6464 ±0.2302 1.5912 ±0.1705 1.5957 ±0.1835 1.4289 ±0.1745  
 ERGAS (↓) 2.8813 ±0.4748 2.5634 ±0.3519 1.9192 ±0.5234 1.8140 ±0.5508 1.7634 ±0.6233 1.8512 ±0.5023 1.7959 ±0.4837 1.8565 ±0.4935 1.6104 ±0.5263  
Bold and underline denote the best and second-best results, respectively.
Fig. 6. Representative qualitative comparison on the Botswana HSI pansharpening test set.
Table 5
Quantitative comparison on the Pavia University HSI super-resolution benchmark.
 Metrics Traditional SS modeling SF modeling FSS modeling
 SFIM GFPCA DHIFNet 3DT-Net MCIFNet QIS-GAN DCINN SFIGNet DAMoE (Ours) 
 PSNR (↑) 26.2683 ±0.5149 25.7571 ±0.5754 47.4610 ±1.3416 47.2101 ±1.5826 47.4694 ±2.0256 47.3713 ±1.3344 44.6116 ±0.9054 47.1652 ±1.1862 47.8569 ±1.6415  
 SAM (↓) 7.0703 ±0.6646 7.6052 ±0.7573 1.5594 ±0.1152 1.5549 ±0.1091 1.4988 ±0.1190 1.5631 ±0.1236 1.9501 ±0.1726 1.6220 ±0.1288 1.4696 ±0.1241  
 ERGAS (↓) 8.4280 ±0.7749 8.8297 ±0.7883 0.8632 ±0.1606 0.8958 ±0.1744 0.8749 ±0.2163 0.8719 ±0.1608 1.1001 ±0.1681 0.8922 ±0.1703 0.8508 ±0.1817  
Bold and underline denote the best and second-best results, respectively.
884 
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Fig. 7. Representative qualitative comparison on the Pavia University HSI super-resolution test set.
Fig. 8. Spectral profiles at representative pixels from the two HSI benchmarks.
Table 6
Quantitative comparison on the SEN2MS-CR SAR-assisted optical reconstruction benchmark.
 Data Metrics SS modeling SF modeling FSS modeling
 U-Net3D DSen2-CR GLF-CR CF2N RAMSF DAMoE (Ours)  
 
SEN2MS-CR

PSNR (↑) 24.6062 ±1.5872 28.1201 ±2.3621 27.1886 ±2.2097 29.0263 ±1.7701 29.0856 ±1.8954 29.7849∗∗∗ ±1.7847 
 SAM (↓) 12.2276 ±2.7467 6.6350 ±1.9170 7.5923 ±2.4394 6.8566 ±2.0214 6.8842 ±2.2262 6.7726 ±1.9847  
 SSIM (↑) 0.7683 ±0.0349 0.8655 ±0.0477 0.8759 ±0.0397 0.8561 ±0.0433 0.8652 ±0.0459 0.8871∗∗∗ ±0.0439  
Bold and underline denote the best and second-best results, respectively. The markers ∗, ∗∗, and ∗∗∗ indicate statistically significant improvement of DAMoE over the strongest 
competing method under a paired Wilcoxon signed-rank test, with 𝑝 < 0.05, 𝑝 < 0.01, and 𝑝 < 0.001, respectively.
with the quantitative comparison. DAMoE reconstructs cleaner struc-
tures and yields lower reconstruction error in cloud-affected urban 
regions, whereas the compared baselines show more visible blurring, 
spectral distortion, or local artifacts. Since the cloudy optical input 
and the reference image are not strictly simultaneous in SEN2MS-
CR, these results should be interpreted with this temporal mismatch 
in mind. Even under this condition, DAMoE remains effective when 
optical availability is reduced.

4.6. Cross-sensor and cross-dataset transfer

To further evaluate the generalization ability of DAMoE beyond 
source-domain testing, we conduct transfer experiments on both MSI 
and HSI data. The MSI experiment examines related-sensor transfer 
from WV-III to WV-II, while the HSI experiment evaluates a more 
885 
challenging zero-shot cross-dataset transfer from Botswana to Pavia 
Center.

For MSI pansharpening, the cross-sensor generalization of DAMoE 
is evaluated by directly testing the models trained on WV-III on WV-
II. Although WV-III and WV-II are related optical sensors, they still 
differ in spectral response functions, spatial resolution, radiometric 
characteristics, and imaging conditions, making this setting a real-
istic related-sensor generalization scenario. As reported in Table  7, 
DAMoE achieves the best overall performance in terms of SAM, ER-
GAS, and Q2n, with improvements of 5.67%, 13.41%, and 3.13% 
over the second-best method, respectively. Fig.  10 shows the same 
trend. Most learning-based methods exhibit clear degradation after 
transfer, whereas DAMoE maintains the smallest overall degradation 
across the three metrics. Although the two traditional methods appear 
more stable, their source-domain performance is already limited. Taken 
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Fig. 9. Qualitative comparison on the SEN2MS-CR SAR-assisted optical reconstruction test set.
Table 7
Cross-sensor quantitative comparison on the WV-II MSI pansharpening test set using models trained on WV-III.
 Metrics Traditional SS modeling SF modeling FSS modeling
 FS BDSD-PC ADKNet SSAFF SSUN-Net FAME RAMSF PanComplex DAMoE (Ours)  
 ERGAS (↓) 4.5552 ±0.5262 4.6486 ±1.5920 4.7658 ±0.4129 4.5874 ±0.3448 4.5062 ±0.3552 6.0343 ±0.3771 4.4668 ±0.3826 5.4427 ±0.3670 3.8679∗∗∗ ±0.3183 
 SAM (↓) 6.2085 ±0.8160 6.0894 ±0.8967 5.6921 ±0.6092 6.0407 ±0.5950 5.9784 ±0.3713 7.2734 ±0.3997 5.5011 ±0.5570 7.0594 ±0.6865 5.1893∗∗ ±0.4669  
 Q2n (↑) 0.8095 ±0.0896 0.8217 ±0.0960 0.8173 ±0.0759 0.8234 ±0.0785 0.8395 ±0.0826 0.7862 ±0.0800 0.8345 ±0.0805 0.8018 ±0.0693 0.8658∗∗ ±0.0804  
Bold and underline denote the best and second-best results, respectively. The markers ∗, ∗∗, and ∗∗∗ indicate statistically significant improvement of DAMoE over the strongest 
competing method under a paired Wilcoxon signed-rank test, with 𝑝 < 0.05, 𝑝 < 0.01, and 𝑝 < 0.001, respectively.
Table 8
Cross-dataset zero-shot quantitative comparison on the Pavia Center HSI pansharpening test set using models trained on Botswana.
 Metrics Traditional SS modeling SF modeling FSS modeling
 CNMF MTF-GLP MDANet PSRT MCIFNet DSNet DCINN SFIGNet DAMoE (Ours) 
 PSNR (↑) 29.4520 ±0.3558 26.2928 ±0.0333 23.3978 ±0.1224 6.9585 ±0.3926 8.2061 ±0.1258 21.5439 ±0.0078 26.3736 ±0.0249 15.9474 ±0.0328 27.6125 ±0.1448  
 SAM (↓) 6.6936 ±0.1034 9.9042 ±0.2641 19.6452 ±0.0886 59.5461 ±0.5865 93.7230 ±0.0688 21.3701 ±0.5020 10.9245 ±0.0994 90.9419 ±0.1531 9.5018 ±0.0607  
 ERGAS (↓) 6.3537 ±0.1907 8.8554 ±0.1007 3353.1491 ±3305.9315 255.9441 ±100.9980 260.6839 ±84.6981 179.4286 ±126.3841 13.4440 ±0.7859 2163.4294 ±1129.3995 8.7262 ±0.5285  
Bold and underline denote the best and second-best results, respectively.
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ogether, the absolute results and degradation analysis indicate that 
AMoE provides a better balance between reconstruction accuracy and 
ross-sensor robustness.
For HSI pansharpening, Table  8 reports a more challenging zero-

hot transfer experiment, where the models trained on the Botswana 
enchmark are directly evaluated on the Pavia Center test set without 
ine-tuning. This setting involves a severe domain shift: the spatial 
esolution changes from approximately 30 m to 1.2 m, and the scene 
ontent changes from coarse natural landscapes to fine-grained ur-
an structures. As a result, most learning-based methods suffer sub-
tantial performance degradation, indicating that models trained on 
ne HSI distribution may not directly generalize to another dataset 
ith markedly different spatial scale, spectral dimensionality, and 
and-cover granularity. Traditional matrix-factorization and MTF-based 
ethods are less affected by learned domain bias, with CNMF achieving 
he best overall scores in this stress-test setting. Nevertheless, among 
ll trainable deep models, DAMoE achieves the best PSNR, SAM, and 
RGAS, and ranks second overall across all three metrics. This suggests 
hat the proposed prior-guided sparse routing does not eliminate ex-
reme cross-dataset degradation, but provides better robustness than 
ther learning-based baselines under a large HSI domain shift.

.7. Downstream segmentation validation

We further examine whether the fusion gains of DAMoE extend 
eyond image-level reconstruction by using unsupervised segmentation 
s a downstream validation task. Fig.  11 shows that the segmentation 
aps derived from DAMoE are more spatially coherent and better 
ligned with major scene structures than those obtained from the com-
ared fusion results, indicating better preservation of scene structure 
or subsequent interpretation.
 b
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Table  9 summarizes the quantitative results in terms of overall 
ccuracy. DAMoE achieves the best overall accuracy under both GMM-
S and SLIC-Agglo, with a clearer advantage under SLIC-Agglo. This 
uggests that region-level segmentation is more sensitive than pixel-
evel clustering to differences among fusion methods, and that the fused 
utputs of DAMoE retain more useful semantic information for down-
tream analysis. Since the segmentation is unsupervised, the obtained 
luster or region labels are matched to the reference classes in a post 
oc manner before evaluation.
Fig.  12 further compares the confusion matrices of DAMoE and 
CIFNet. Under GMM-SS, the two methods show broadly similar con-
usion patterns. Under SLIC-Agglo, DAMoE exhibits cleaner diagonal 
esponses and fewer off-diagonal confusions, especially for Classes 3 
nd 6, while maintaining strong recognition for Classes 4, 5, 7, and 
. Although Class 2 remains challenging for both methods, the overall 
onfusion structure indicates that DAMoE provides supportive evi-
ence that the fused images preserve structures useful for unsupervised 
ownstream analysis.

. Model analysis

.1. Effect of the multi-domain backbone

Fig.  13(a)–(b) shows the contribution of the proposed multi-domain 
ackbone. When the model is reduced to a single-branch dense variant 
ithout MoE (Single-Branch w/o MoE), both ERGAS and HQNR degrade 
oticeably, indicating that increasing depth alone is insufficient for 
ultimodal EO fusion. Splitting the network into spatial and spectral 
ranches without MoE (Spa-SpeBranch w/o MoE) already improves 
erformance, suggesting that decoupled spatial–spectral processing is 
eneficial. The effect of the frequency branch is even more evident. 
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Fig. 10. Cross-sensor generalization from WV-III to WV-II. (a) Metric-wise performance degradation for ERGAS, SAM, and Q2n relative to source-domain results. 
(b) Mean degradation across the three metrics. Positive values indicate degradation and negative values indicate improvement. DAMoE is highlighted for 
comparison.
Fig. 11. Downstream unsupervised segmentation maps generated from fused outputs using the GMM-SS and SLIC-Agglo algorithms.
Table 9
Overall segmentation accuracy under GMM-SS and SLIC-Agglo for downstream validation of fused outputs.
 Traditional SS modeling SF modeling FSS modeling
Class SFIM CNMF GFPCA DHIFNet 3DT-Net MCIFNet QIS-GAN DCINN SFIGNet DAMoE  
Overall 0.4467/0.5584 0.6044/0.6145 0.4257/0.4924 0.6804/0.6779 0.6884/0.6732 0.6906/0.7136 0.6885/0.7103 0.6887/0.7278 0.6934/0.7250 0.6936/0.7405 
ig. 12. Normalized confusion matrices for downstream segmentation validation of MCIFNet and DAMoE under GMM-SS and SLIC-Agglo. Rows denote reference 
lasses and columns denote predicted classes.
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emoving it (w/o Freq) degrades performance relative to the full model, 
hereas keeping only the frequency branch (only Freq) fails to preserve 
oth spatial sharpness and spectral fidelity. By contrast, combining the 
requency branch with either the spatial or spectral branch (Freq+Spa
nd Freq+Spe) consistently improves both metrics, and the full three-
ranch model achieves the best results. This indicates that the three 
ranches are complementary rather than interchangeable. Fig.  13(b) 
urther examines branch ordering. Driving all three branches in parallel 
rom the shallow feature (All Parallel) is suboptimal, and placing the fre-
uency branch after the spatial–spectral branches (Freq after Spa/Spe) 
emains inferior to our design. The best performance is obtained when 
he frequency MoE operates first and the spatial/spectral MoEs refine 
 shared frequency-enhanced representation, supporting the proposed
requency-front, spatial–spectral-back design.
 d

887 
.2. Effect of prior-guided routing

Fig.  13(c)–(f) evaluates the effect of prior-guided routing. Removing 
ll priors (w/o Prior) markedly degrades both ERGAS and HQNR, while 
eplacing them with random vectors (Random Prior) yields only limited 
ecovery and remains clearly inferior to the full model. This suggests 
hat the gain does not come from a larger gating network alone, but 
rom physically meaningful EO priors that guide expert selection. The 
ranch-wise ablations show the same pattern. In Fig.  13(d), removing 
ll frequency priors (No Freq Priors) or keeping only one of 𝑟HF, 𝑎dir , 
nd 𝑟HH consistently weakens performance, whereas their combination 
ives the best result. Fig.  13(e) shows a similar trend for the spatial 
ranch: removing the full spatial prior or any individual component 
egrades performance. The same holds in Fig.  13(f) for the spectral 
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Fig. 13. Ablation study of DAMoE on the multispectral pansharpening setting. (a) Backbone and branch composition. (b) Branch ordering. (c) Effect of removing 
or randomizing all priors. (d) Frequency priors. (e) Spatial priors. (f) Spectral priors. Bars and lines report ERGAS and HQNR, respectively.
-

branch, where excluding the full spectral prior or individual terms, 
including the mean indices 𝐼𝑘, smoothness 𝑠smooth, and correlation 𝑟corr , 
also reduces performance. Taken together, these results indicate that 
frequency, spatial, and spectral priors provide complementary routing 
cues and consistently improve domain-aware expert selection.

5.3. Effect of expert capacity and routing sparsity

Fig.  14(a) examines the effect of expert capacity and routing spar-
sity. As the number of experts 𝑁 increases from 1 to about 5 and the 
top-𝑘 routing size grows from 2 to 4, ERGAS decreases and HQNR 
increases steadily. Beyond this range, the gains gradually saturate and 
may slightly deteriorate. This suggests that the proposed architecture 
benefits from a moderate number of experts and active routes, whereas 
overly large 𝑁 or 𝑘 introduces diminishing returns and may reintroduce 
redundancy similar to dense models. Together with the results in 
Fig.  13(a), where MoE-based variants consistently outperform dense 
counterparts under comparable backbones, these observations support 
the intended accuracy–efficiency trade-off of conditional computation 
and indicate that the model is not overly sensitive to the exact choice 
of 𝑁 and 𝑘 within a reasonable range.

5.4. Effect of dual regularization

Fig.  14(b) shows the effect of the two regularization weights 𝜆 and 𝛾, 
which control the expert-usage balancing term and the expert-diversity 
regularization, respectively. When either weight is too small, the model 
becomes under-constrained, and both ERGAS and HQNR degrade due 
to expert collapse or homogenization. When either is too large, the 
regularization term begins to dominate the reconstruction objective 
and again harms performance. The best results appear in a moderate 
regime around 𝜆 ≈ 10−1 and 𝛾 ≈ 10−1–10−2, where ERGAS reaches 
its minimum and HQNR its maximum. The relatively flat performance 
surface around this region further suggests that dual regularization 
improves not only final accuracy, but also training stability over a 
broader range of hyperparameter settings.

5.5. Efficiency analysis

Table  10 and Fig.  15 show that DAMoE achieves a favorable 
efficiency–performance trade-off. As reported in Table  10, it is among 
the lightest compared deep models and delivers the fastest inference. 
Fig.  15 further confirms this result from a five-dimensional view. In 
both the reduced-scale and full-scale comparisons, DAMoE remains 
highly competitive in reconstruction quality while maintaining low 
model size, low computational cost, and short runtime. Although 
RAMSF is slightly more compact, its full-scale quality is lower, whereas 
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the other baselines are inferior in one or more dimensions. Overall, 
these results support the advantage of sparse conditional computation 
in achieving strong fusion quality without a large dense backbone.

6. Discussion

6.1. Relation to existing EO fusion literature

DAMoE is distinct from existing EO fusion methods in how it 
organizes computation. Relative to SS modeling methods, it reduces 
reliance on uniformly dense processing through conditional computa-
tion. Relative to SF modeling methods, it uses a frequency-enhanced 
representation as the shared basis for subsequent spatial and spectral 
refinement rather than as an auxiliary cue. Relative to other mixed 
methods, its key difference is that lightweight EO priors directly influ-
ence routing decisions. The present results therefore suggest that priors 
are most effective when they guide computation itself.

6.2. Implications for recurring EO data gaps

The evaluated tasks can be interpreted under one common view of 
recurring EO data gaps, including missing spatial detail, joint spatial–
spectral gaps, cross-resolution spectral enhancement, and reduced op-
tical availability. Under this view, the most consistent result is that 
DAMoE is especially effective when structural detail and spectral fi-
delity must be recovered simultaneously. This explains why the gains 
are strongest on the HSI tasks, remain clear on MSI pansharpening, 
and are still encouraging, though more cautiously interpreted, on SAR-
assisted optical reconstruction.

6.3. Extensibility to larger-area applications and emerging EO data sources

The broader value of DAMoE lies in its potential as a reusable 
sparse-computation strategy for multimodal EO integration. Since dif-
ferent image regions may require different computational pathways, 
prior-guided sparse routing is naturally suitable for large-scene and 
heterogeneous-area processing. The same principle can also be ex-
tended to new sensing combinations by re-instantiating the prior de-
scriptors, encoders, and output heads. Therefore, DAMoE should be 
viewed as a reusable conditional-computation paradigm rather than a 
fixed task-specific model.

A direct extension is to incorporate modality- and application-
specific priors. The current implementation mainly uses generic
frequency-energy, spatial-structure, and spectral–statistical cues to main
tain consistency across the four evaluated tasks. For SAR-assisted opti-
cal reconstruction, SAR-specific descriptors such as VV/VH backscatter 
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Fig. 14. Hyperparameter sensitivity of DAMoE. (a) ERGAS and HQNR under different numbers of experts (𝑁) and active experts (𝑘). (b) ERGAS and HQNR 
under different values of the load-balancing weight (𝜆) and diversity weight (𝛾).
Table 10
Computational cost in terms of FLOPs, the number of parameters (Params), and inference time (Time).
 Metrics Traditional SS modeling SF modeling FSS modeling
 FS BDSD-PC ADKNet SSAFF SSUN-Net FAME RAMSF PanComplex DAMoE (Ours) 
 FLOPs (G) – – 0.72 8.84 2.84 4.72 2.60 1.58 1.54  
 Params (M) – – 0.60 1.08 0.68 0.58 0.24 0.46 0.39  
 Time (s) – – 0.036 0.018 0.400 0.033 0.017 0.020 0.013  
Fig. 15. Comparison of RST/FST performance, model parameters, FLOPs, and inference time. In the left panel, the three axes represent SAM, ERGAS, and Params; 
in the right panel, they represent QNR, HQNR, and Params. Bubble size denotes FLOPs, and color denotes inference time.
statistics, polarization ratios, local coefficient of variation, speckle-
related texture, and roughness measures could provide additional rout-
ing cues when optical observations are degraded. For HSI-oriented 
applications, spectral priors can also be tailored to the target in-
terpretation problem, such as vegetation and red-edge indices for 
vegetation monitoring, water-related normalized differences for water 
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mapping, built-up indicators for urban analysis, and absorption-depth 
or continuum-removed descriptors for mineral mapping. These exten-
sions would enrich the prior pool with more explicit domain knowledge 
while keeping the general routing mechanism unchanged.

The sparse-routing paradigm may also be extended to other EO and 
geospatial modalities, such as thermal infrared, nighttime light, LiDAR 
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or point-cloud data, street-view imagery, and crowdsourced social sens-
ing data. In these cases, lightweight priors could be designed from 
modality-specific cues, including thermal contrast, brightness stability, 
height or roughness statistics, semantic distributions, geolocation un-
certainty, and sampling density. For data with mismatched resolutions 
or irregular structures, modality-specific encoders could project them 
into a common latent grid or token space before applying prior-guided 
routing. These possibilities are beyond the scope of this study and 
require future empirical validation.

6.4. Limitations and reproducibility

Several limitations remain. The current prior descriptors are hand-
crafted to keep the routing process compact, stable, and physically 
interpretable. This design allows expert activation to be explicitly 
related to frequency-energy, spatial-structure, and spectral–statistical 
cues, which is an important motivation of DAMoE. Nevertheless, the 
optimality of fixed priors is not guaranteed under stronger cross-task 
or cross-sensor distribution shifts, especially when spectral response 
functions, spatial resolutions, noise characteristics, or observation ge-
ometries differ substantially. Learnable prior encoders may provide 
greater adaptivity, but they may also reduce the physical interpretabil-
ity of the routing process if the learned descriptors are not properly 
constrained. Therefore, future work will not simply replace handcrafted 
priors with fully learned ones, but will explore interpretable adap-
tive priors, for example by combining physically defined descriptors 
with weakly learnable calibration or sensor-specific weighting modules. 
We will further examine this issue using broader real hyperspectral 
observations, including data from the forthcoming Dongfang Huiyan 
intelligent hyperspectral satellites developed by our team, so as to 
evaluate the interpretability, robustness, and transferability of DAMoE 
under new sensor conditions. The current routing mechanism also relies 
on compact scene- or patch-level descriptors and may not capture 
finer local heterogeneity. In addition, transfer evidence is still limited, 
and the SAR-assisted setting remains intrinsically harder to interpret 
because of temporal mismatch between cloudy inputs and reference 
images. Even so, the study remains reproducible, supported by public 
datasets, a consistent experimental pipeline, and released code.

7. Conclusions

This study presents DAMoE, a prior-guided sparse multi-domain 
framework for multimodal Earth observation data gaps. Across MSI 
pansharpening, HSI pansharpening, HSI super-resolution, and SAR-
assisted optical reconstruction, DAMoE achieves consistently strong 
fusion quality while maintaining a favorable accuracy–efficiency trade-
off. Cross-sensor/cross-dataset transfer and downstream segmentation 
results further provide supportive evidence for structural preserva-
tion. More broadly, the value of DAMoE lies in its potential as a 
reusable sparse-computation paradigm for multimodal EO integration 
under recurring data gaps. Nevertheless, DAMoE is currently most 
suitable for co-registered multimodal observations with complementary 
spatial, spectral, or all-weather information, and its reliability may 
decrease under severe misregistration, large temporal mismatch, or 
strong sensor-response differences. Future work will focus on learn-
able and uncertainty-aware prior modeling, broader cross-sensor and 
cross-dataset generalization evaluation, and extension to additional EO 
sensing combinations beyond the optical–HSI–SAR settings considered 
here.
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