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Abstract: Pan-sharpening aims to generate high-resolution multispectral (HRMS) images by com-
bining high-resolution panchromatic (PAN) images with low-resolution multispectral (LRMS) data,
while maintaining the symmetry of spatial and spectral characteristics. Traditional convolutional
neural networks (CNNs) struggle with global dependency modeling due to local receptive fields,
and Transformer-based models are computationally expensive. Recent Mamba models offer linear
complexity and effective global modeling. However, existing Mamba-based methods lack sensitivity
to local feature variations, leading to suboptimal fine-detail preservation. To address this, we pro-
pose a Conditional Skipping Mamba Network (CSMN), which enhances global-local feature fusion
symmetrically through two modules: (1) the Adaptive Mamba Module (AMM), which improves
global perception using adaptive spatial-frequency integration; and (2) the Cross-domain Mamba
Module (CDMM), optimizing cross-domain spectral-spatial representation. Experimental results on
the IKONOS and WorldView-2 datasets demonstrate that CSMN surpasses existing state-of-the-art
methods in achieving superior spectral consistency and preserving spatial details, with performance
that is more symmetric in fine-detail preservation.

Keywords: pan-sharpening; Mamba network; adaptive fusion; multi-frequency fusion

1. Introduction

The inherent limitations of satellite imaging sensors make it difficult to obtain images
that combine high spatial and spectral resolution simultaneously [1]. Nevertheless, the
complementary properties of multispectral (MS) and PAN images provide a solution to
the challenges in producing HRMS images from satellite systems. Specifically, low spatial
resolution MS images offer extensive spectral information across multiple bands, whereas
high spatial resolution PAN images exhibit limited spectral variability. Consequently,
various pan-sharpening techniques have been developed to fuse MS and PAN images,
aiming to generate HRMS images that effectively preserve the spatial resolution of PAN
images alongside the spectral characteristics of MS images [2,3].

Traditional pan-sharpening techniques are generally classified into multi-resolution
analysis methods [4], model-based optimization approaches [5], and component substi-
tution methods [6]. Multi-resolution analysis methods involve extracting high-frequency
spatial details from PAN images to merge with MS images. Model-based optimization
approaches conceptualize the pan-sharpening process as a mathematical optimization
problem, employing prior knowledge to achieve an optimal fusion outcome. Component
substitution methods identify key features from MS and PAN images through reversible
projections, subsequently merging them via targeted fusion strategies. Despite their utility,
these methods often struggle to capture the global semantic information inherent in MS and
PAN images and are typically limited by restrictive, often imprecise, linear assumptions
regarding the relationship between spectral and spatial features. Recently, researchers have
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leveraged the strong nonlinear fitting capabilities of CNNs to improve pan-sharpening
performance [7,8]. However, CNN-based methods are limited in modeling global depen-
dencies [9,10], and include approaches based on frequency-domain features [11], multi-scale
feature models [12], deep models using the Transformer framework [9], and prior feature-
driven methods [8]. INNformer [10], which utilizes a Transformer module to maximize
global information extraction, suffers from increased computational complexity and limited
global semantic integrity due to its sliding window-based feature extraction approach.
Although MSDDN [13] introduces Fourier transforms to enhance global feature richness,
its use of fixed convolution parameters reduces model adaptability. Moreover, approaches
using transposed self-attention [14] achieve computational efficiency at the expense of
global information and input generalization.

Recently, the Mamba model, based on state-space modeling (SSM), has been proposed
as a solution to these challenges, offering nonlinear fitting capabilities with linear compu-
tational complexity and robust global perception [15–17]. S2DBPN [18] enhances spatial
and spectral details through spatial and spectral back-projection mechanisms; however,
it demonstrates instability in scenarios involving nonlinear degradation relationships or
insufficient data. Although MPEFNet [19] proposes some innovations in its architecture,
it fails to fully consider the influence of MS and PAN features, leading to significant loss
of spatial and spectral information. Zhang et al. [20] proposed improving the spatial and
spectral quality of remote sensing image fusion through local dissimilarity suppression,
multiscale fusion, and feature-guided enhancement. However, the method suffers from
high computational complexity and may not fully eliminate the impact of local dissimilarity
(LD) in certain specific scenarios.

To address these limitations, we introduce a novel skipping Mamba network (MSMN),
specifically tailored for pan-sharpening applications. This model harnesses the distinct
characteristics of MS and PAN images by employing multi-scale features and frequency-
domain information, facilitating a more robust integration of global and local information.
As a result, the CSMN achieves superior fusion of spatial and spectral information across
various feature hierarchies. The network introduces Mamba SSM for efficient global infor-
mation modeling with linear complexity, while the Skipping Skipping Mamba connections
preserves multi-level feature information, ensuring the complete transmission of high
spatial resolution and spectral details. The AMM and CDMM further enhance multi-modal
feature integration and global consistency by incorporating channel features, spatial infor-
mation, and frequency-domain data. Furthermore, incorporating ADA enables the model
to dynamically tailor the feature extraction and fusion processes, effectively addressing the
complexity of diverse input features. Experimental evaluations indicate that the proposed
network consistently outperforms current state-of-the-art methods on several benchmark
datasets, including IKONOS and WorldView-2, particularly excelling in detail preservation
and spectral consistency.

Additionally, the model achieves these results with a notable reduction in computa-
tional complexity. The complete architecture is depicted in Figure 1.

Our contributions are as follows:

• We propose the skipping Mamba network with hierarchical Mamba connections to
preserve original features while integrating complementary PAN and MS information,
enhancing spatial detail, spectral consistency, and sensitivity to local variations.

• We introduce the AMM, combining the Mamba state-space model with channel fea-
tures for adaptive multi-modal feature extraction and improved global perception.

• We present the CDMM, enabling efficient spatial–spectral feature fusion using ADA,
boosting fusion robustness.

• We evaluate our method on IKONOS and WorldView-2 datasets, demonstrating
significant improvements in both quantitative and qualitative performance.

The structure of this paper is as follows: Section 2 reviews related work in pan-
sharpening; Section 3 details our proposed methodology; Section 4 presents experimental
validation and results; and Section 5 concludes the study.
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Figure 1. The proposed MSMN architecture features multiple iterative blocks, each containing key
sub-blocks: the AMM and the CDM. These components collectively enhance local adaptivity and
cross-domain feature integration, improving the overall model’s capability for pan-sharpening tasks.

2. Relate Work

Pan-sharpening techniques are generally divided into traditional approaches and
deep learning-based methods. Traditional approaches depend on predefined prior models,
primarily encompassing component substitution, variational optimization, and multi-
resolution analysis techniques. Component substitution methods, for example, enhance
the spatial resolution of the LRMS image by incorporating spatial details from the PAN
image [21]. Multi-resolution analysis techniques utilize multi-scale decomposition to handle
images of different resolutions and improve detail representation by performing feature
fusion in the multi-scale domain [22,23]. Variational optimization methods formulate
image fusion as an energy minimization problem and achieve optimal fusion through
iterative solutions [24]. While these methods have demonstrated promising results in
specific scenarios, they frequently encounter performance limitations with complex image
structures, largely due to their heavy reliance on handcrafted feature representations [25].

In recent years, deep learning has made substantial advances in pan-sharpening.
The pioneering PNN model, which utilized a straightforward three-layer neural network,
achieved notable improvements in fusion performance [26]. Subsequent works adopted
more sophisticated network architectures, such as PanNET, which used residual network
modules to extract high-frequency details [27], and MSDCNN, which leveraged multi-scale
convolutions to capture features from remote sensing images at varying scales [16]. The
SRPPNN model further enhanced image resolution and fusion quality through a progres-
sive upsampling strategy [28]. With advancements in self-attention mechanisms, Trans-
formers have been applied to the pan-sharpening field, where models such as INNformer
and Panformer have greatly enhanced multi-scale feature extraction and fusion capabili-
ties [29,30]. Moreover, models such as SFINet and MSDDN employed Fourier transforms
to capture global feature information, achieving remarkable progress in high-frequency
detail learning [18,31]. SSM has recently emerged as a powerful neural architecture for
global information modeling across various tasks.

The initial S4 model incorporated state-space structures to effectively capture global de-
pendencies in long sequences [32]. Building on S4, the S5 model optimized computational
complexity, enabling more efficient global modeling [33]. The H3 model further refined
the architecture, making it competitive with mainstream Transformer models in language
modeling tasks [34]. The Mamba model introduced an input-adaptive mechanism, en-
hancing inference speed and computational efficiency while maintaining performance [33].
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Additionally, SSM has shown promise in vision tasks, as demonstrated by Vision Mamba
and VMamba, which have exhibited strong performance in image classification and seg-
mentation tasks [16,35]. However, the application of state-space models in multi-modal
image fusion, particularly in the pan-sharpening domain, remains largely unexplored.

In response to these challenges, we introduce a novel Conditional spiking Mamba
network that fully exploits multi-scale features and frequency-domain information to
enhance the fusion of global and local features. This approach achieves effective spatial and
spectral complementarity across various feature levels, maintaining low computational
complexity while substantially improving accuracy, thus highlighting its potential for
advanced pan-sharpening tasks.

3. Method

This section presents a detailed explanation of the proposed CSMN. First, we introduce
the theoretical foundation of SSM. Then, we provide an overview of the architecture of the
conditional spiking Mamba network, followed by an in-depth discussion on the AMM and
the CDMM.

3.1. Preliminaries
3.1.1. State-Space Models

(SSMs) are part of a mathematical framework widely used for sequence-to-sequence
modeling [32,36]. These models effectively capture the internal state and dynamic evolution
of a system, characterized by a constant temporal behavior known as linear flexibility and
expressiveness. An SSM is defined as follows:

O(s) = Ii(s) + Hh(s),
˙l(s) = λi(s) + θh(s).

(1)

where h(s) ∈ R denotes the input, l(s) ∈ R represents the hidden state. Here, ˙l(s) indicates
the time derivative of i(s), N is the state dimension, and λ ∈ RN×N , θ ∈ RN×1, I ∈ R1×N

and H ∈ R are system matrices.
For discrete sequence tasks, SSMs utilize a zero-order hold (ZOH) discretization

method to convert the continuous system parameters λ and θ into discrete parameters
λ̃ and θ̃, using a time scale parameter δ ∈ R. The discretization process is expressed
as follows:

λ̃ = exp(δλ) (2)

θ̃ = (δλ)−1(exp(δλ)− I) · δθ ≈ δθ (3)

Based on these parameters, the discrete form of the SSM equation can be represented
as follows:

O(n) = Ĩi(n) + H̃h(n),

i(n) = λ̃i(n − 1) + θ̃h(n).
(4)

Typically, the residual connection H̃ is omitted, leading to the following simpli-
fied form:

O(n) = Ĩi(n) (5)

In practice, i(n) is usually a feature vector of size I, and Equation (5) is applied
independently to each feature.

3.1.2. Selective Scan Mechanism

Although SSMs are efficient in discrete sequence modeling, their inherent linear time-
invariant (LTI) nature limits the model’s flexibility to adapt to varying input conditions.
Specifically, the LTI property implies that the system parameters remain unchanged regard-
less of input variations, hindering the model’s ability to adjust its dynamics to different in-
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puts. This static behavior restricts the model’s performance in scenarios involving complex
and dynamic sequences, particularly in long sequences and intricate interaction contexts.

To address these limitations, researchers proposed the selective state-space model
(S6), also known as the Mamba model [33]. The Mamba model introduces a selective
mechanism that enables state-space parameters to be dynamically adjusted based on input
characteristics, thereby overcoming the limitations of traditional LTI models. In the Mamba
model, matrices I ∈ RL×N , θ ∈ RL×N , and O ∈ RL×N are generated from input data
h ∈ RL×H , endowing the model with contextual awareness. This context-aware mechanism
allows the Mamba model to respond flexibly to diverse input features, thereby capturing
complex interactions more effectively. Compared to traditional SSMs, the Mamba model
significantly enhances modeling capabilities in handling complex dynamic systems and
diverse sequence data.

3.2. Overall Architecture

As illustrated in Figure 1, the proposed framework consists of an AMM (detailed in
Section 3.2.1) and a CDMM (discussed in Section 3.2.2), forming the architecture of the
CSMN for pan-sharpening. The AMM combines the Mamba SSM with channel features
to achieve adaptive multi-modal feature extraction and fusion, enhancing the network’s
global perception and generalization capabilities. The CDMM performs a deep fusion of
spatial and spectral features and uses ADA to improve the network’s responsiveness to
different input features, thereby enhancing cross-domain information fusion efficiency.

3.2.1. AMM

To improve the performance of SSMs in feature extraction tasks, we propose an AMM
that integrates the dynamic Mamba mechanism with a channel attention mechanism to
increase the network’s responsiveness to complex inputs. The core design objective of the
AMM is to enhance the modeling capability for diverse information in input data through
adaptive parameter adjustment and multi-scale feature extraction, as shown in Figure 2.
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 Figure 2. Illustrative breakdown of the components in the AMM.
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In this module, the input IM ∈ RH×W×C is processed using convolutional layers
with adaptive max pooling and average pooling to aggregate features, followed by a
Sigmoid activation function to generate weighting coefficients, which are used to weight
the pooled features. This mechanism automatically enhances the model’s focus on key
regions, reducing the risk of feature loss due to redundant information. The process can be
expressed as follows:

Ic = Max(Conv(IM)) + Mean(Conv(IM))× Conv(IM) (6)

where Ic ∈ RH×W×C, Conv(·) denotes convolutional layers, Max(·) denotes max pooling,
and Mean(·) denotes average pooling. To fully utilize multi-scale ensure stable transmission
between different layers.

3.2.2. Cross-Domain Mamba

As shown in Figure 3, the integration of temporal and frequency-domain informa-
tion within the cross-Mamba block is crucial for enhancing the model’s representational
capacity, which is achieved through multi-dimensional feature fusion. First, the input
is normalized using LayerNorm to reduce distribution bias and improve convergence
speed. The normalized input is then processed by the Mamba Module, which operates
within the state-space framework, effectively capturing temporal dependencies similar
to traditional SSM. According to the reasoning in the AMM, the Mamba output can be
expressed as follows:

Mamba(I f usion) = MLP(IPAN + IMS) (7)

here, MLP represents the Multi-head attention mechanism, IPAN ∈ RH×W×C represents the
PAN image, and IMS ∈ RH×W×C denotes the MS image.

Additionally, the cross-domain Mamba innovatively incorporates frequency-domain
processing. Using a 1 × 1 convolution, the feature maps are projected into the frequency
domain to effectively capture the spectral representations of the input features. This
enhancement improves the model’s ability to identify critical features and mitigates the risk
of missing important information that might occur in purely temporal or spatial analyses.
To accommodate different scales, the cross-domain Mamba employs adaptive convolutional
kernels and performs 3 × 3 convolution operations to further integrate features at varying
resolutions. This multi-scale fusion technique ensures effective capture of both fine-grained
and coarse-grained features, enabling a more comprehensive representation of the input
data. This can be expressed as follows:

ADA(Conv(IS)) = Avg(Max(Conv(I) f usion)) + Fourier(Conv(I) f usion) (8)

where Fourier represents the Fourier frequency-domain enhancement, Avg denotes average
pooling, and Max signifies max pooling. Therefore, based on Equations (9) and (10), the
final output of the cross-domain Mamba can be represented as follows:

OCDM = I f usion + Conv(IPAN + IMS) + IS (9)

where IS ∈ RH×W×C denotes the frequency-domain enhanced output. Through residual
connections, the features from temporal, spatial, and frequency domains are fused with
the original input. This design not only preserves the critical information from the initial
input but also enhances the representational capability through repeated processing. Thus,
the cross-domain Mamba adheres to the principles of state-space model fusion and lever-
ages the richness of multi-dimensional information to achieve superior performance in
complex tasks.
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Figure 3. Illustrative breakdown of the components in the CDM.

3.3. Optimization Function

In super-resolution reconstruction tasks, the objective is to generate high-resolution
images from low-resolution inputs. To measure the discrepancy between the generated
images and the ground-truth high-resolution images, we propose a hybrid loss function
that combines the L1 loss and the Erreur Relative Globale Adimensionnelle de Synthèse
(ERGAS) loss to enhance performance in super-resolution tasks. The L1 loss measures the
absolute difference between the predicted and true values, providing robustness against
outliers and effectively promoting the recovery of image details. It is defined as follows:

Ll1 =
1
N

N

∑
i−1

|yi − ŷi| (10)

where yi denotes the pixel value of the ground-truth high-resolution image, ŷi represents
the pixel value generated by the model, and N is the total number of pixels. To further
improve the model’s performance, we incorporate the ERGAS loss. The ERGAS metric
is specifically designed to evaluate the reconstruction quality of multispectral images,
effectively accounting for both spatial and spectral information. The formula is given
as follows:

LERGAS =
100
R

√√√√ 1
N

N

∑
1

(
(yi − ŷi)

yi

)2
(11)

where R is the resolution of the reconstructed image, and yi and ŷi are defined as above.
During training, if the ERGAS loss is enabled, the final loss function is defined as follows:

Ltotal = Ll1 + ρLERGAS (12)

where ρ is a hyperparameter for the LERGAS loss. By adjusting ρ, an optimal balance
between the Ll1 loss and LERGAS loss can be achieved, promoting comprehensive learning
in different aspects of the model.

4. Experiments
4.1. Datasets

To evaluate the effectiveness and robustness of the proposed method, we utilized two
widely available datasets, IKONOS and WorldView-2 (WV-2). WV-2 captures eight LRMS
bands (red, green, blue, near-infrared 1, coastal, yellow, red edge, and near-infrared 2),
along with a high-resolution PAN channel. The spatial resolution ratio between the PAN
and LRMS images is 4, with the PAN image having a resolution of 0.5 m, and the LRMS
image having a resolution of 2 m. The radiometric resolution is 11 bits. In contrast, the
LRMS images from IKONOS consist of four spectral bands: near-infrared, red, blue, and
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green. The IKONOS dataset contains 120 training samples and 80 test samples, while the
WorldView-2 dataset includes 400 training samples and 100 test samples, allowing for a
more comprehensive analysis of spectral information.

Due to the lack of GT data for pan-sharpening fusion [37], we employed the Wald
protocol [38] to generate a reduced-resolution dataset. In this approach, MS and PAN
images are downsampled by a factor of four to create low-resolution samples suitable for
model training, with the original MS images serving as the ground truth. This results in
64 × 64 low-resolution MS images and 256 × 256 high-resolution PAN images. Addition-
ally, all full-resolution MS and PAN images are standardized to a resolution of 256 × 256.
These synthesized datasets provide a robust foundation for model training and performance
evaluation, ensuring the reliability and systematic integrity of the experiments.

4.2. Benchmarks and Evaluation Metrics

We conducted a comprehensive evaluation of the proposed method using various
benchmarks. To assess the fusion results on the reduced-resolution dataset, we adopted
multiple performance metrics, including the global ERGAS [39], the spectral angle mapper
(SAM) [40], the spatial correlation coefficient (SCC) [41], and the image quality index
(Q) [42]. Specifically, ERGAS quantifies the global relative error of the reconstructed image,
while SAM and SCC evaluate the spectral similarity and spatial correlation, respectively,
between the fused image and the reference image. The Q index measures image quality
by comparing brightness, contrast, and structure between the test and reference images.
Additionally, we use the no-reference quality evaluation metric (QNR) [43], expressed
as follows:

QNR = (1 − Ds)
α(1 − Dλ)

β (13)

where Dλ (spectral distortion) and Ds (spatial distortion) are used to comprehensively
evaluate the spectral and spatial fidelity of the full-scale fused image [19]. Some of the
quantitative analysis results were based on previous work [44]. For comparative analysis,
we evaluate our proposed CSMN against eight advanced techniques. These include tradi-
tional methods like Brovey [45] from CS and ATWT-M2 [46] from MRA, as well as deep
learning-based methods such as MSDCNN [12], BDPN [47], MUCNN [48], S2DPBN [18],
DMLD [20], and MPEFNet [19]. Notably, the first two are traditional image processing
techniques, while the remaining six are deep learning-based. All deep learning methods
were re-trained on the same training and testing datasets to ensure a fair comparison.

4.3. Implementation Details

The training was conducted on a high-performance computing platform equipped
with three NVIDIA A100 40 GB GPUs, an Intel Xeon Gold 5318Y CPU, and 256 GB RAM,
running a 64-bit Linux operating system. This platform provides strong computational
support for the training and evaluation of deep learning models, making it suitable for
handling large-scale datasets and complex models. We used PyTorch 1.11.0 as the deep
learning framework, while evaluation metrics were computed using MATLAB R2023a. The
optimization process adopted the Adam optimizer with a learning rate of 0.0001, and the
model was trained for a total of 400 epochs, with model checkpoints saved every 10 epochs.

4.4. Comparative Analysis
4.4.1. Reduced-Resolution Datasets

Qualitative comparison: To thoroughly validate the fusion performance of the pro-
posed method, Figures 4 and 5 show qualitative analysis results on the IKONOS and WV-2
datasets, respectively. The top rows of the figures display the final outputs of different
fusion methods, while the bottom rows illustrate the error distribution maps between these
fused results and the reference images. From the comparison, it is evident that traditional
fusion methods struggle to balance spectral and spatial details effectively, resulting in
either pronounced spectral distortions or excessive enhancement of texture details. This
imbalance is particularly evident in complex scenarios, highlighting the limitations of tradi-
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tional approaches in handling multi-source data. In contrast, deep learning-based fusion
strategies achieve better unification of spectral and spatial information, thereby significantly
improving detail preservation and spectral consistency. Compared to existing methods,
the proposed approach excels in maintaining spectral and spatial fidelity, preserving the
integrity of the original spectral distribution while accurately representing image textures.
Further analysis of the error maps reveals that our method produces darker residual images,
indicating a smaller discrepancy between the fused and reference images, demonstrating
higher similarity and consistency. These results confirm the superior performance of our
method in fusion research.

Brovey ATWT-M2 BDPNMSDCNN MUCNN

S2DPBN DMLD Ours GT

Brovey ATWT-M2 MSDCNN BDPN MUCNN S2DPBN DMLD Ours

MPEFNet

MPEFNet

Figure 4. Qualitative results on reduced-resolution IKONOS datasets. The top row shows the fused
outputs, while the bottom row depicts the error maps between the fused results and reference images.

Brovey ATWT-M2 BDPNMSDCNN MUCNN

S2DPBN DMLD Ours GT

Brovey ATWT-M2 MSDCNN BDPN MUCNN S2DPBN DMLD OursMPEFNet

MPEFNet

Figure 5. Qualitative results on reduced-resolution WV-2 datasets. The top row shows the fused
outputs, while the bottom row depicts the error maps between the fused results and reference images.

Quantitative evaluation: The quantitative results on the two reduced-resolution
datasets are presented in Tables 1 and 2. It is clear that the proposed method achieves
the best overall performance across all evaluation metrics, showcasing exceptional fusion
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capabilities. Specifically, our method demonstrates significant advantages in both spec-
tral fidelity and spatial resolution, surpassing other traditional and deep learning-based
methods. This indicates that our approach effectively balances spectral consistency and
spatial precision, addressing the complex relationship between these two factors in multi-
source image fusion. Additionally, the consistent improvements across various quantitative
metrics further validate the adaptability and robustness of the proposed method across
different datasets, suggesting strong cross-dataset generalization capabilities. Therefore,
compared to other methods, our fusion strategy leads in flexibility, efficiency, and general
applicability, making it a promising solution for future multi-source image fusion research.

Table 1. Quantitative comparison of all methods on the IKONOS simulation dataset. arrows indicate
preference: ↑ for larger values, ↓ for smaller values. The best results are shown in red font.

Methods
Reduced-Resolution Full-Resolution

Q4↑ ERGAS↓ SAM↓ SCC↑ QNR↑ Ds↓ Dλ↓

Brovey 0.7347 2.5267 3.4047 0.888 0.7084 0.2143 0.1097
ATWT-M2 0.6919 2.869 3.4583 0.8323 0.7605 0.1559 0.1089
MSDCNN 0.8766 1.6187 2.3738 0.9474 0.8563 0.1071 0.0468

BDPN 0.8434 1.9006 3.0374 0.9277 0.7802 0.1545 0.0802
MUCNN 0.8822 1.5532 2.2227 0.9476 0.8333 0.1026 0.0812
S2DPBN 0.8655 1.6726 2.4063 0.9469 0.8409 0.0924 0.0788
DMLD 0.8560 1.8216 2.6823 0.9397 0.8387 0.1081 0.0694

MPEFNet 0.8737 1.6605 2.3495 0.9427 0.8560 0.1147 0.0370
OURS 0.9507 1.0895 1.5867 0.9624 0.8268 0.0916 0.0928

Table 2. Quantitative comparison of all methods on the WV-2 simulation dataset. Arrows indicate
preference: ↑ for larger values, ↓ for smaller values. The best results are shown in RED font.

Methods
Reduced-Resolution Full-Resolution

Q8↑ ERGAS↓ SAM↓ SCC↑ QNR↑ Ds↓ Dλ↓

Brovey 0.8212 6.3161 7.9286 0.9007 0.8688 0.1088 0.0251
ATWT-M2 0.7234 7.3883 7.9224 0.8382 0.8389 0.1088 0.0587
MSDCNN 0.9605 3.2738 5.1168 0.9632 0.8731 0.094 0.0363

BDPN 0.9483 3.7056 5.8499 0.947 0.8732 0.1005 0.0293
MUCNN 0.9543 3.4941 5.3528 0.9558 0.8709 0.0966 0.036
S2DPBN 0.9587 3.3087 5.1763 0.9619 0.8614 0.0885 0.055
DMLD 0.9552 3.4982 5.3348 0.9581 0.8660 0.1076 0.0296

MPEFNet 0.9527 3.5880 5.4751 0.9538 0.8907 0.0928 0.0181
OURS 0.9637 3.1135 4.9105 0.9643 0.8750 0.0964 0.0312

4.4.2. Full-Scale Datasets

Qualitative comparison: To further validate the fusion performance of the proposed
method, Figures 6 and 7 present the qualitative experimental results on two different
datasets at full-scale resolution. The comparative analysis reveals that traditional fusion
methods show significant limitations in balancing spectral and spatial information, often
enhancing one at the expense of the other. Specifically, these methods tend to over-enhance
spatial details or cause noticeable spectral distortions, resulting in unnatural image effects.
Similarly, some deep learning-based fusion methods fail to address this issue, exhibiting
severe spectral artifacts that lead to local distortions in spectral information. Additionally,
these deep learning methods lack robustness in spatial detail restoration, resulting in
images that are deficient in texture information and lack spatial coherence. In contrast,
our proposed model excels by introducing finer spectral and spatial feature extraction and
fusion mechanisms, achieving superior performance in maintaining spectral distribution
integrity and consistency. Particularly, our fusion results accurately restore the texture
structure of the source images and maintain high consistency with the high-resolution PAN
image in terms of spatial features. Therefore, the qualitative analysis further confirms the
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advantage of our approach in complex scenarios by achieving a better balance between
spectral and spatial information, significantly improving the overall quality and visual
appeal of the fused images.

LRMS ATWT-M2 BDPN

DMLD

Brovey MSDCNN

MUCNN S2DPBN OursMPEFNet

Figure 6. Qualitative analysis for the full-scale evaluation on the IKONOS datasets. The red and blue
frames highlight details at different positions within the image.

DMLD

BDPNBrovey MSDCNN

MUCNN S2DPBN Ours

LRMS ATWT-M2

MPEFNet

Figure 7. Qualitative analysis for the full-scale evaluation on the WV-2 datasets. The red and blue
frames highlight details at different positions within the image.

Quantitative evaluation: To comprehensively evaluate the fusion performance of the
proposed method under full-scale conditions, Tables 1 and 2 show the quantitative evalua-
tion results using three no-reference metrics on two datasets. Analysis of the data clearly
shows that our method achieves superior performance on the overall QNR (quality with
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no reference) metric, significantly outperforming other comparative methods. Moreover,
for the spectral distortion metric Dλ and spatial distortion metric Ds, which are crucial
parameters for measuring spectral and spatial fidelity, our method effectively achieves a
balance between the two, avoiding the biases or trade-offs seen in traditional methods.
This indicates that the proposed fusion strategy not only achieves high spectral and spatial
consistency in complex scenarios but also exhibits strong stability and adaptability across
different datasets. The superior performance on the QNR metric, which simultaneously
measures both spectral and spatial fidelity, further validates the superiority of the proposed
method in overall fusion quality.

4.4.3. Ablation Study

The ablation study focuses on three key modules to analyze the impact of different
strategies on overall model performance. Figure 8 presents the structure comparison of dif-
ferent strategy modules: (a) integrates the AMM with the Mamba framework, (b) combines
the CMD with the Mamba framework, and (c) shows the complete architecture with both
AMM and CMD modules integrated. Through comparative experiments, we systematically
evaluate the contributions of each strategy to model performance. Specifically, Table 3
presents the quantitative results of the AMM module, and Figure 9 shows the visual results
of different module combinations. It can be observed that simply combining CMD with
the Mamba module yields only minor improvements in certain metrics, and the overall
performance remains limited in balancing spectral and spatial fusion. However, when the
AMM module is incorporated into the Mamba framework, various metrics show fluctua-
tions. Despite a general trend of improvement, the model fails to achieve optimal accuracy
in local feature extraction and maintaining global consistency.

PAN

Backbone Network

AMM

Mamba

⨁ MS

Output

PAN

Backbone Network

CDM

Mamba

⨁ MS

Output

PAN

Backbone Network

AMM

CDM

⨁ MS

Output

(b)(a) (c)
 Figure 8. Ablation study on different framework combinations. (a) AMM combined with Mamba,

(b) CDM combined with Mamba, (c) our complete model architecture.

Table 3. Mean objective evaluation of different model combinations in the ablation study on the
IKONOS (top) and WV-2 (bottom) datasets. ↑ indicates that higher values are desirable, while ↓
indicates that lower values are preferred. The best results are shown in RED font.

IKONOS Dataset

Versions AMM CMD Q4↑ ERGAS↓ SAM↓ SCC↑

(I) ✓ × 0.8785 1.5491 2.2442 0.9536
(II) × ✓ 0.8759 1.5633 2.2758 0.9492

Ours ✓ ✓ 0.9507 1.0895 1.5867 0.9624

WV-2 Dataset

Versions AMM CMD Q8↑ ERGAS↓ SAM↓ SCC↑

(I) ✓ × 0.963 3.1258 4.889 0.9665
(II) × ✓ 0.9621 3.1695 4.9491 0.9656

Ours ✓ ✓ 0.9637 3.1135 4.9105 0.9643
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Without AMM Without CDM Ours GT

Ours GTWithout AMM Without CDM
 

Figure 9. Visual comparison from the ablation study across two datasets. The content within the red
box exhibits significant differences.

Further analysis of the combined AMM and CMD modules reveals that this structure
effectively enhances feature representation across different scales, significantly optimizing
the model’s generalization on multi-modal data and achieving a higher balance in spectral
and spatial fusion. The effectiveness of this combined strategy is also reflected in the
noticeable improvements across various evaluation metrics, demonstrating the strong
complementarity of the AMM and CMD modules in fusion strategy design. Thus, in
practical applications, we adopted the joint combination of AMM and CMD and achieved
the best performance in complex scenarios through further parameter tuning, highlighting
the proposed method’s effectiveness and superiority in multi-modal data fusion. Overall,
the combination of AMM and CMD modules outperforms other strategies in both model
accuracy and robustness, making it a critical component of our final solution design.

5. Limitations

Although the CSMN achieves competitive results in pan-sharpening, there remain
opportunities for further enhancement. Future research should consider evaluating the
model on larger and more diverse datasets to improve its generalization and robustness.
Additionally, incorporating other advanced feature extraction methods, such as object
detection and semantic segmentation, could extend its applicability to broader multi-modal
fusion tasks. Current work mainly focuses on spectral and spatial feature fusion, while
temporal and multi-source sensor data have not been fully explored. Integrating these
modalities could establish a more comprehensive and robust fusion framework. Moreover,
addressing environmental noise and complex backgrounds in remote sensing images by
introducing noise suppression and background enhancement mechanisms may further
optimize the model’s real-world performance.

6. Conclusions

We propose a novel CSMN designed for pan-sharpening, overcoming traditional
limitations in global context modeling and local detail preservation. By leveraging the
Mamba SSM, CSMN efficiently captures complex long-range dependencies while main-
taining linear computational complexity. Two specialized modules, AMM and CDM, are
introduced to enhance local detail extraction and cross-domain feature integration. Ex-
perimental results on IKONOS and WorldView-2 datasets show that CSMN outperforms
state-of-the-art methods across multiple metrics, achieving superior spectral and spatial
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fidelity. Qualitative and quantitative evaluations confirm its efficacy in complex scenarios.
Ablation studies further reveal the complementary strengths of AMM and CDM, indicating
that their combination significantly improves global and local feature fusion. CSMN thus
offers a robust and efficient solution for multi-source image fusion with strong potential for
real-world applications.
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