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Abstract

Pan-sharpening aims to generate high-resolution multispec-
tral images by integrating the spectral richness of low-
resolution multispectral images with the spatial details of
high-resolution panchromatic images. Although frequency-
domain modeling shows great potential in this field, most ex-
isting methods are still limited to spatial-domain processing
or fail to effectively capture the contextual interactions be-
tween frequency and spatial features. To address these issues,
we propose a novel multi-scale frequency-spatial collabora-
tive fusion approach. A Frequency-Spatial U-Net is intro-
duced as the backbone network, in which frequency-spatial
modeling blocks are embedded to progressively enhance
the frequency-guided spatial contextual modeling capability
across layers. To this end, we design a Dual Branch Fre-
quency Attention module that adaptively enhances high- and
low-frequency information. In addition, we introduce fine-
mid-coarse resolution branches and devise a main-auxiliary
multi-scale reconstruction loss to facilitate collaborative op-
timization. The effectiveness of the proposed model is val-
idated through extensive experiments, demonstrating supe-
rior performance in both qualitative and quantitative evalua-
tions. Moreover, our model achieves the fastest inference time
among all compared methods, striking an excellent balance
between accuracy and efficiency.

Code — https://github.com/Z-HQM/MSFSNet

Introduction
Due to limitations in sensor technology, generating high-
resolution multispectral images that combine the spatial res-
olution of panchromatic (PAN) images and the spectral fi-
delity of low-resolution multispectral (MS) images is the
goal of pan-sharpening. As a critical preprocessing step
for remote sensing image analysis, pan-sharpening plays an
important role in downstream tasks such as object detec-
tion, land cover classification, and change detection (Shah,
Younan, and King 2008). With the rise of deep learning,
the mainstream techniques of pan-sharpening have shifted
from traditional methods relying on handcrafted priors to
learning-based paradigms, resulting in significant improve-
ments in fusion capability.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Inference time and PSNR for different pan-
sharpening methods on the WorldView-II dataset.

Early deep models mainly adopted convolutional neural
networks (CNN) to extract and fuse features from PAN and
MS images (Masi et al. 2016)(Yang et al. 2017). Convolu-
tion kernels in CNN are locally frequency-selective, but due
to the limited receptive field, they primarily extract local de-
tails and tend to focus on low-frequency information. As
shown in Fig. 2(a), traditional CNN architectures lack ex-
plicit modeling of cross-frequency interactions and are in-
capable of capturing long-range dependencies. Some later
studies partially compensate for these limitations of basic
CNN. Encoder-decoder backbone networks, such as U-Net
(Ronneberger, Fischer, and Brox 2015), alleviate the over-
localization problem by fusing multi-scale features through
downsampling-upsampling operations and skip connections.
The Transformer architecture further expands the receptive
field via the self-attention mechanism (Dosovitskiy et al.
2020)(Ma et al. 2024). However, these methods still learn
the fusion mapping directly in the original spatial domain.
Even when filters are used, the extracted frequency-band in-
formation remains relatively independent, lacking explicit
interactions between frequencies.

Several frequency-domain modeling methods attempt to
explicitly process image features in the frequency space (Tu
et al. 2004)(Yu et al. 2022), as illustrated in Fig. 2(b), by
applying operations on specific frequency bands. According
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Figure 2: Comparison of Different Image Modeling Ap-
proaches.

to both the theory and practice of the Fast Fourier Trans-
form (FFT), learning in the frequency domain is equiv-
alent to having a global receptive field over the image,
which shows advantages in preserving texture details and
high-frequency information (Frigo and Johnson 1998)(Tan-
cik et al. 2020). However, traditional frequency-domain de-
signs are often static and non-learnable, making them in-
capable of adaptively emphasizing task-relevant frequen-
cies. Furthermore, they lack spatial contextual information,
which easily leads to spectral distortion or spatial mis-
alignment. Given the complementary nature of spatial and
frequency domain methods, some studies have attempted
to integrate both to achieve superior fusion performance
(Zhou et al. 2022b)(Tan et al. 2024). These studies demon-
strate that spatial-frequency collaboration is more promising
than modeling in either domain alone. However, most cur-
rent dual-domain fusion networks still face significant chal-
lenges. First, most methods adopt parallel or shallow inter-
action structures, where spatial and frequency branches are
fused through simple concatenation or weighting, lacking
deep cross-domain feature exchange. Second, the frequency-
domain methods often only use fixed masks, and the lack of
adaptive design makes it difficult to fully exploit hierarchical
structural priors and scale-dependent frequency characteris-
tics within a unified framework.

Based on the above analysis, we propose a novel
frequency-spatial collaborative fusion framework named
Multi-Scale Frequency-Spatial Network (MS-FSNet). MS-
FSNet is built upon the Frequency-Spatial UNet (FS-UNet)
backbone by adding multi-scale branch designs. The im-
age modeling module of FS-UNet, shown in Fig. 2(c),
is implemented as the Frequency-Spatial Modeling Block
(FSMB), whose core idea is to enhance spatial modeling
capability through frequency-aware attention mechanisms.
Specifically, we introduce a Dual Branch Frequency Atten-
tion (DBFA) module for adaptive modeling of high- and
low-frequency components, and jointly employ the Spa-
tial Sequence Mamba Modeling (SSMM) module based
on an efficient state-space modeling mechanism to real-
ize frequency-guided spatial contextual modeling. Through

Mamba’s unique spatial scanning and state fusion strategies,
FSMB captures global sequence relations while preserv-
ing local neighborhood structures. FS-UNet adopts a UNet-
style encoder-decoder structure to realize coarse-to-fine fea-
ture fusion layer-by-layer, further improving spatial detail
restoration and spectral preservation in the fused image. As
shown in Fig. 1, the proposed method achieves highly com-
petitive computational efficiency while maintaining supe-
rior fusion quality. Finally, three fusion branches at differ-
ent scales progressively enhance edge and texture details in
a fine-mid-coarse manner.

The main contributions of this paper are summarized as
follows:

• We propose a novel multi-scale dual-domain collabora-
tive framework for pan-sharpening, MS-FSNet, and for
the first time design a frequency-attention-guided state-
space sequence modeling scheme, deeply coupled into
the U-Net encoder-decoder architecture as FS-UNet.

• We design DBFA, which leverages FFT-based frequency
analysis and dual-branch attention to adaptively enhance
frequency features. Guided by DBFA, FSMB achieves
frequency-aware global spatial modeling.

• Through three resolution branches, we realize multi-
scale dual-domain feature integration to enhance edge
and texture details. We also introduce a main-auxiliary
multi-scale reconstruction loss to improve gradient com-
plementarity between branches. Experiments on multi-
ple public datasets demonstrate superior performance,
and extensive results show that our method outperforms
state-of-the-art approaches both qualitatively and quanti-
tatively.

Related Work
DL-Based Pan-sharpening Methods
Early deep-learning methods were dominated by CNN,
whose core advantage is the ability to extract local spatial
features. Masi et al. (Masi et al. 2016) first proposed the
three-layer CNN structure PNN, effectively fusing PAN and
MS images. Subsequent methods adopted deeper network
structures and multi-scale convolutional designs to improve
fusion accuracy, while residual connections were introduced
to enhance information propagation efficiency(Yang et al.
2017)(Wei et al. 2017)(Yuan et al. 2018).

To overcome the loss of long-range dependencies caused
by the limited receptive field of convolutions, using a U-
Net framework or stacking attention modules is a common
practice (Peng et al. 2023)(Zheng et al. 2025). Combin-
ing channel- and spatial-attention mechanisms allows joint
modeling between channel and spatial domains and also
improves contextual alignment (Woo et al. 2018). Methods
such as INNformer and DCTransformer introduce the Trans-
former into image-fusion technology to capture cross-pixel
dependencies globally(Zhou et al. 2022a)(Ma et al. 2024).
These studies have shown that the Transformer and its vari-
ants can outperform traditional CNN methods in low-level
vision tasks; however, their window partitioning or invert-
ible frameworks bring extra computational and engineer-
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Figure 3: Overview of the FS-UNet Backbone Structure. The bottom part shows an enlarged view of the FSMB module at each
layer. The FS-UNet follows the classical four-stage U-Net encoder-decoder framework. At each downsampling and upsampling
stage, traditional convolution modules are replaced by FSMB to achieve deep integration of frequency enhancement and se-
quential modeling. During downsampling, the input features are first projected via 1×1 convolution, followed by max-pooling
for spatial downsampling, and then sent to FSMB for frequency-guided modeling. Correspondingly, upsampling is performed
by transposed convolution, and the skip-connection features from the encoder are concatenated by channels before being passed
into FSMB. This design enables FS-UNet to effectively capture hierarchical structural information.

ing complexity. Recently, state-space models(SSM) have at-
tracted attention for effectively alleviating the high computa-
tional complexity of existing Transformer architectures. The
Mamba SSM offers linear-complexity long-range modeling
capability, and there is already work applying Mamba to
pan-sharpening(He et al. 2025).

Fourier Transform
The Fourier transform is a classical frequency-domain anal-
ysis tool. Its advantage in image-fusion tasks lies in the abil-
ity to distinguish high- and low-frequency components (Las-
aponara and Masini 2012). In pan-sharpening tasks, sev-
eral frequency-domain modeling approaches leverage the
explicit separability of the Fourier domain to improve the
spatial-spectral consistency of fused images. SFIIN embeds
FFT into the network and adds a parallel frequency branch
alongside the spatial branch (Zhou et al. 2022b). MSDDN
explores the complementary information of spatial and fre-
quency domains through a multi-scale dual-domain guid-
ance network(He et al. 2023). HFIN proposes a new paral-
lel multi-branch integration strategy that subdivides image
information into spatial, global-Fourier, and local-Fourier

branches, effectively enhancing fine-grained detail restora-
tion(Tan et al. 2024). These studies demonstrate the broad
prospects of FFT-based techniques in pan-sharpening tasks.

Proposed Method
In this section, we present the proposed MS-FSNet pan-
sharpening method in detail. Our approach is a multi-
scale frequency–spatial collaborative image-fusion frame-
work whose backbone is outlined in Fig. 3, and the overall
fusion strategy is illustrated in Fig. 5. We further introduce
the core FSMB in FS-UNet, which guides the model to per-
form spatial modeling after frequency-domain attention en-
hancement. Within this, two subsections describe DBFA and
SSMM in turn.

Frequency-Spatial Modeling Block
FSMB is the most important innovative module in FS-UNet;
it aims to guide the network to perform spatial modeling af-
ter frequency-domain attention enhancement. Its structure
is shown in the lower part of Fig. 3 and consists of DBFA
(F) followed by SSMM (S), enabling information interac-
tion along the way.

13407



Figure 4: Visualization of Frequency-Aware Responses at
Different Layers. This figure shows the importance model-
ing results of DBFA across multiple scales. It can be ob-
served that the model exhibits different frequency responses
to edge, texture, and structural regions at different depths.

Dual Branch Frequency Attention. The main goal of
DBFA is to perform Fourier frequency-domain analysis on
an input feature map and achieve frequency-selective en-
hancement via explicit high- and low-frequency branches.
Its structure corresponds to the parts labeled F in Fig. 3.
Given an input feature map x ∈ RB×C×H×W , a 2-D or-
thonormal FFT is first applied (Frigo and Johnson 1998),
and the magnitude spectrum is obtained:

X(u, v) =
H−1∑
x=0

W−1∑
y=0

x(α, β) e−j2π(ux
H + vy

W ), (1)

amp = |X(u, v)|, (2)
where x(α, β) denotes the spatial-domain input and X(u, v)
its frequency-domain representation. Binary masks are used
to separate low- and high-frequency regions:

amplow = amp ·Mlow, amphigh = amp ·Mhigh, (3)

where Mlow ∈ {0, 1}H×W denotes the low-frequency
mask and Mhigh the high-frequency mask. Subsequently,
frequency-attention modeling is performed by feeding the
processed spectral amplitudes into a 1×1 convolution mod-
ule separately:

Attnlow = σ
(
Conv2(ReLU(Conv1(amplow)))

)
, (4)

Attnhigh = σ
(
Conv2(ReLU(Conv1(amphigh)))

)
, (5)

where σ(·) denotes the sigmoid function. Multiplying
Attnlow and Attnhigh with the original feature map x yields
xlow and xhigh. After channel concatenation, an adaptive gat-
ing fusion produces the frequency-enhanced feature:

Gate = σ
(
Convg([xhigh, xlow])

)
, (6)

xfused = Gate · xhigh + (1− Gate) · xlow, (7)
where [xhigh, xlow] denotes the channel-wise concatenation
of the high- and low-frequency features. xfused is a sam-
ple multi-channel feature map produced by DBFA, whose
colourised visualisations at different levels of FS-UNet are

Figure 5: Multi-Scale Collaborative Fusion Strategy in MS-
FSNet. The three-scale multi-branch fusion structure guides
features of different resolutions into a unified FS-UNet net-
work. At the final stage, outputs from all branches are fused
and jointly optimized via loss constraints.

shown in Fig. 4. In the deeper layers of the network, DBFA
models large structures in the small-scale image, whereas in
the shallow layers it enhances fine textures and edge con-
tours.
Spatial Sequence Mamba Modeling. SSMM is a
sequence-modeling module based on Mamba whose goal is
to further improve context and spatial modeling capability,
as indicated by the part marked S in Fig. 3. To fit the in-
put format required by the Mamba model, the frequency-
enhanced feature map xfused ∈ RB×C×H×W is first flattened
into a sequence form:

xseq = Flatten(xfused) ∈ RB×(HW )×C . (8)

where the channel vector at each spatial position is regarded
as a sequence token. The sequence is then fed into a Mamba
Block with a normalization layer for sequence modeling:

xout = Mamba
(
LayerNorm(xseq)

)
. (9)

Mamba employs a gating mechanism to strengthen mod-
eling of important tokens (Gu and Dao 2023), thereby
enabling long-range dependency modeling and dynamic
frequency-response adjustment. With this module, the net-
work can integrate information across regions on top of the
frequency-enhanced features, effectively capturing contex-
tual structure and semantic distribution.

Overall Fusion Strategy
To fully exploit fusion capability at different scales, a three-
branch multi-scale fusion structure is adopted, as shown in
Fig. 5 (with input PAN resolution of 256×256 as an exam-
ple). Before branching, PAN and MS inputs undergo cas-
caded channel and spatial attention:

PAN′ = SA
(
CA(PAN)

)
, (10)
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Figure 6: Qualitative comparisons on QB dataset.

MS′ = SA
(
CA(MS)

)
(11)

where CA(·) denotes channel attention and SA(·) denotes
spatial attention. This front-end attention strengthens fea-
ture representation before the images enter the backbone
network (FS-UNet). Next, PAN′ and MS′ are resized to
three resolutions forming three pairs of inputs for the Fine-
Level Branch (256), Mid-Level Branch (128), and Coarse-
Level Branch (64). Each pair is channel-concatenated at its
respective resolution and fed into FS-UNet, producing out-
puts Ĥ256, Ĥ128, Ĥ64. Ĥ128 and Ĥ64 are then upsampled to
256× 256 and fused along the channel dimension. The final
output image is

Ĥ = Fusion
(
[Ĥ256, Up(Ĥ128), Up(Ĥ64)]

)
. (12)

Multi-Scale Loss Function Design
To enforce consistency of the fused image at multiple scales,
a composite loss is defined, consisting of a main-scale
loss, auxiliary-scale losses, a color-preservation loss, and a
structure-preservation loss:

Ltotal = Lmain + L128 + L64 + Lcolor + Lssim. (13)

where Lmain is the main-scale reconstruction loss, defined
as the L1 difference between the final fused image Ĥ and
the ground-truth image H . The auxiliary multi-scale super-
vision is

Ls =
∥∥Ĥs −Hs

∥∥
1
, s ∈ {128, 64}, (14)

where Ĥs is the FS-UNet output at resolution s × s and
Hs is the reference obtained by bilinear downsampling of
H . This auxiliary loss stabilises training of the intermediate
branches and guides the network to learn fusion capability
at each scale. Lcolor and Lssim denote the color-preservation

term and the structural-similarity term, respectively. Ltotal

appropriately guides the network to learn in a balanced man-
ner across multiple scales.

Experimental Study
Datasets and Benchmarks
Our experiments utilize pairs of PAN and MS images from
QuickBird (QB), WorldView-II (WV-II), and the Mary-
land dataset to validate our fusion model. According to
the Wald protocol, we treat high-resolution multispectral
(HRMS) images as the reference ground truth. By down-
sampling the HRMS images, we obtain low-resolution mul-
tispectral (LRMS) images for training and testing. In the
three datasets, the original data are cropped into 256×256×1
patches for panchromatic (PAN) images and 64×64×3
patches for LRMS images. We compare the proposed
method with 10 state-of-the-art methods, including 2 classi-
cal fusion methods and 8 representative deep learning-based
methods. The two classical methods are CNMF (Baronti
et al. 2011) and MTF (Vivone et al. 2013). The eight deep
learning-based methods include PNN (Masi et al. 2016),
PNNNET (Yang et al. 2017), ZeRGAN (Diao et al. 2022),
AWFLN (Lu et al. 2023), VBPN (Zhang et al. 2024), ZS-
Pan (Cao et al. 2024a), DDIF (Cao et al. 2024b), and
DADiff (Zheng et al. 2025). Among them, PNN, PNNNET,
AWFLN, VBPN, and ZS-Pan are CNN-based fusion meth-
ods; ZeRGAN is a GAN-based fusion method; and DDIF
and DADiff are diffusion model-based fusion methods.

Training Details and Evaluation Metrics
In our experiments, the proposed model is implemented us-
ing PyTorch version 2.2.0 and runs on an NVIDIA A100
GPU. During the training phase, to ensure consistency
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Figure 7: Qualitative comparisons on WV-2 dataset.

Datasets Methods PSNR↑ SAM↓ ERGAS↓ UIQI↑ CC↑ SSIM↑ Dλ↓ DS↓ QNR↑

CNMF(Baronti et al. 2011) 27.8072 0.0482 4.7697 0.7346 0.8371 0.7677 0.1415 0.1701 0.7125
MTF(Vivone et al. 2013) 24.8132 0.0531 6.1068 0.7383 0.8594 0.7379 0.1322 0.1695 0.7207
PNN(Masi et al. 2016) 31.1067 0.0455 3.0338 0.8932 0.9519 0.8645 0.1069 0.1643 0.7464
PNNNET(Yang et al. 2017) 33.4401 0.0402 2.3649 0.9083 0.9655 0.8867 0.0830 0.1637 0.7669
ZeRGAN(Diao et al. 2022) 24.5317 0.0939 6.7938 0.6542 0.7621 0.7089 0.1207 0.1683 0.7313

QB AWFLN(Lu et al. 2023) 34.1836 0.0399 2.0945 0.9163 0.9672 0.9014 0.0882 0.1614 0.7648
VBPN(Zhang et al. 2024) 23.4720 0.1183 7.6476 0.6289 0.8776 0.6248 0.1422 0.1724 0.7099
ZS-Pan(Cao et al. 2024a) 24.6058 0.1165 6.4788 0.6389 0.7982 0.6273 0.1132 0.1677 0.7381
DDIF(Cao et al. 2024b) 26.9089 0.0474 4.4254 0.7649 0.8957 0.7679 0.1011 0.1623 0.7530
DADiff(Zheng et al. 2025) 34.1577 0.0416 2.1372 0.9195 0.9717 0.9065 0.0878 0.1514 0.7741
Ours 34.6585 0.0397 2.0559 0.9253 0.9726 0.9076 0.0822 0.1497 0.7804
Ideal Value ∞ 0 0 1 1 1 0 0 1

Table 1: Experimental results on QB dataset. The best and second-best values are bold and underlining, respectively.

across the three datasets, we use the same set of hyperparam-
eters. The AdamW optimizer is used to minimize the loss,
with an initial learning rate of 0.0001. If the validation loss
does not decrease for three consecutive epochs, the learn-
ing rate is halved. We apply Exponential Moving Average
(EMA) to smooth the model parameters. Common evalua-
tion metrics are used, including PSNR (Nezhad et al. 2016),
SAM (Alparone et al. 2007), ERGAS (Wald 2000), UIQI
(Wang and Bovik 2002), CC (Palsson et al. 2011), and SSIM
(Wang et al. 2004), as well as unsupervised metrics for real
full-resolution scenarios: Dλ, DS , and QNR (Alparone et al.
2008).

Fusion Performance Analysis
Fig. 6 and 7 present the visualization results and residual
maps for QB and WV-II, respectively. To evaluate the dif-
ferences between the results and the ground truth (GT), we
generate residual maps using the mean absolute error, which
visualize the magnitude of the discrepancies. Brighter re-
gions in the maps indicate greater differences. In addition,

Methods PSNR↑ SAM↓ ERGAS↓ UIQI↑ CC↑ SSIM↑
CNMF 29.4041 0.1251 6.6642 0.7601 0.8913 0.8426
MTF 25.5591 0.1271 9.8907 0.7216 0.8625 0.7979
PNN 33.8802 0.0988 3.9587 0.8914 0.9626 0.9169
PNNNET 36.0953 0.0855 3.0668 0.9063 0.9729 0.9433
ZeRGAN 26.1622 0.1729 9.4331 0.6571 0.8016 0.7643
AWFLN 36.4797 0.0892 2.8551 0.9111 0.9760 0.9474
VBPN 27.0685 0.1820 10.4366 0.6691 0.8764 0.6575
ZS-Pan 23.5493 0.1949 13.42062 0.4933 0.6884 0.6045
DDIF 37.9292 0.0798 2.3691 0.9156 0.9812 0.9602
DADiff 38.1268 0.0894 2.5449 0.9219 0.9793 0.9606
Ours 38.3307 0.0878 2.3656 0.9256 0.9823 0.9610
Ideal Value ∞ 0 0 1 1 1

Table 2: Experimental results on WV-II dataset. The best and
second-best values are bold and underlining, respectively.

we selectively zoom in on local regions of the residual maps
to observe detailed differences. The pan-sharpened images
generated by our proposed method exhibit colors and edge
details that are closer to the GT. Compared with other meth-
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Methods PSNR↑ SAM↓ ERGAS↓ UIQI↑ CC↑ SSIM↑
CNMF 23.1435 0.0814 7.4974 0.5569 0.7718 0.5948
MTF 21.7299 0.0936 8.2019 0.5981 0.7942 0.5991
PNN 26.6079 0.0868 4.7818 0.7742 0.9110 0.7225
PNNNET 28.4816 0.0747 3.9026 0.8082 0.9473 0.7601
ZeRGAN 18.2682 0.1457 13.0850 0.4176 0.3581 0.5381
AWFLN 29.6284 0.0763 3.4638 0.8290 0.9589 0.7893
VBPN 18.7416 0.1213 10.0173 0.5746 0.8453 0.5192
ZS-Pan 17.5304 0.2800 12.3261 0.4538 0.6778 0.4098
DDIF 28.5376 0.0743 3.7843 0.7951 0.9441 0.7364
DADiff 29.9059 0.0741 3.0871 0.8277 0.9579 0.8067
Ours 30.1913 0.0737 3.2503 0.8376 0.9633 0.8181
Ideal Value ∞ 0 0 1 1 1

Table 3: Experimental results on Maryland dataset. The best
values are bold and the second-best values are underlining.

Config DBFA SSMM 3-B PSNR↑ SAM↓ ERGAS↓ SSIM↑

(I) % ! ! 33.6824 0.0489 2.4768 0.8843
(II) ! % ! 33.7947 0.0473 2.4236 0.8890
(III) ! ! % 34.3318 0.0415 2.1512 0.9015
Ours ! ! ! 34.6585 0.0397 2.0559 0.9076

Table 4: Ablation study results on the testset of QB. Bold
indicates the best value.

ods, our results show darker tones, fewer bright spots, and
the smallest differences in both spatial and spectral aspects.
This further demonstrates the superiority of our method.

Compared with other existing methods, our proposed ap-
proach shows greater advantages in quantitative metrics, as
shown in Tab. 1 to 3. Our method outperforms all current
methods on all evaluation metrics for the QB dataset. On
the WV-2 and Maryland datasets, our method achieved the
best results in most metrics. These results demonstrate that
our method significantly outperforms other deep learning-
based algorithms, indicating that the fused images generated
by our model exhibit better texture details and overall image
quality.

Ablation Studies
To verify the effectiveness of the proposed design, we con-
ducted ablation experiments on the QB dataset, focusing on
three key components: the DBFA module, the SSMM mod-
ule, and the multi-scale three-branch fusion strategy (3-B).
As shown in Tab. 4, removing DBFA leads to performance
degradation due to the loss of frequency-aware capability,
while replacing SSMM with lightweight convolutions weak-
ens global dependency modeling and spatial-spectral consis-
tency. Additionally, removing the mid- and low-resolution
branches from the 3-B structure results in declines in both
PSNR and ERGAS, indicating the importance of multi-
scale guidance. These results collectively demonstrate that
all three components contribute significantly to the final fu-
sion quality.

Computational Complexity Discussion
To evaluate the efficiency of our method, we compare model
parameters, inference time, and memory usage across meth-
ods (Tab. 5). Our model, with 14.38M parameters, achieves

Methods Publication Params(M) Test Time(s)

CNMF JSTSP - 1.657
MTF GRSL - 0.823
PNN Remote Sensing 0.08 0.475
PNNNET ICCV 0.16 0.551
ZeRGAN TNNLS 0.92 3405.695
AWFLN TGRS 0.16 0.215
VBPN TNNLS 2.86 0.111
ZS-Pan Information Fusion 0.76 0.166
DDIF Information Fusion 20.50 3.046
DADiff Information Fusion 15.27 0.633
Ours - 14.38 0.101

Table 5: Average test time and Parameters of Different Meth-
ods.

Datasets Methods PSNR↑ SAM↓ ERGAS↓ UIQI↑ CC↑ SSIM↑

PNN 28.7255 0.0499 3.9627 0.8829 0.9375 0.8050
PNNNET 31.1195 0.0454 3.8343 0.8921 0.9462 0.8265
ZeRGAN 22.1911 0.1021 8.6886 0.5986 0.7315 0.6538

QB AWFLN 33.2943 0.0412 2.2492 0.9158 0.9597 0.8781
VBPN 20.4039 0.1210 8.8806 0.5770 0.8560 0.5870
ZS-Pan 21.9894 0.1386 8.2083 0.5671 0.7417 0.5338
DDIF 24.0690 0.0497 5.3070 0.7273 0.8751 0.7258

DADiff 33.1046 0.0401 2.1989 0.9144 0.9625 0.8852
Ours 33.6789 0.0399 2.1408 0.9215 0.9657 0.8926

PNN 24.1067 0.0933 5.7519 0.6171 0.8930 0.6996
PNNNET 26.5757 0.0827 4.6798 0.7269 0.8943 0.7035
ZeRGAN 16.6148 0.1791 14.8351 0.3679 0.3018 0.4808
AWFLN 28.7239 0.0795 3.9223 0.7483 0.9238 0.7347

Maryland VBPN 16.3473 0.1327 11.6702 0.5042 0.7994 0.4563
ZS-Pan 15.6004 0.3337 13.2709 0.3025 0.5367 0.3737
DDIF 25.9891 0.0768 4.8558 0.7192 0.9179 0.6689

DADiff 28.6291 0.0757 3.7327 0.7498 0.9332 0.7591
Ours 28.8839 0.0742 3.4530 0.7541 0.9293 0.7613

Table 6: Experimental results on generalizability on differ-
ent datasets.

the fastest inference and comparatively low memory usage
(1042MB).

Generalizability Experiments
To evaluate generalization, we conduct cross-dataset tests
between the Maryland and QB datasets, as illustrated in Tab.
6. Despite some performance drop, our method consistently
outperforms others with the least degradation.

Conclusion
In this work, we propose a multiscale frequency–spatial col-
laborative fusion network for pan-sharpening, which estab-
lishes a deep fusion pathway between the frequency and
spatial domains. By integrating adaptive frequency attention
and Mamba-based spatial modeling into a UNet-based ar-
chitecture, the network captures global cross-frequency and
cross-scale dependencies while preserving local structures.
Multi-scale branching further enables progressive detail en-
hancement. Experiments on QuickBird, WorldView-II, and
Maryland datasets demonstrate that MS-FSNet outperforms
mainstream methods in most categories with superior spatial
resolution. Future work will focus on lightweight modeling
and deeper adaptive cross-domain interactions.
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