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Abstract—Hyperspectral images (HSIs), which capture detailed
spectral information per pixel, are widely used in fields like
forestry, satellite imaging, medicine, and hydrology. However,
acquiring high-resolution HSIs (HR-HSIs) directly is limited by
hardware constraints and computational demands. A common
workaround is to fuse high-resolution multispectral images (HR-
MSI) with low-resolution HSIs (LR-HSI) to achieve super-
resolution (SR) of the LR-HSI. In this paper, we propose
SwinDFN, a two-stage deep fusion network based on Swin
Transformers, designed to combine HR-MSI and LR-HSI to
generate high-quality HR-HSIs. The first stage performs multi-
scale feature fusion, while the second stage refines the result using
residual Swin Transformer blocks (RSTB). Experiments and
ablation studies confirm the effectiveness of each module, and
both quantitative and qualitative results show that SwinDFN
outperforms existing state-of-the-art methods.

I.  INTRODUCTION

Hyperspectral imaging aims to capture dense spectral
information at each pixel of a scene, playing a vital role in the
field of remote sensing. Unlike traditional digital images,
hyperspectral images (HSIs) provide spectral data across a
wide range of wavelengths, encompassing tens to hundreds of
spectral bands [1]. This rich spectral information makes HSIs
suitable for a variety of applications, including vegetation
monitoring, water resource management, soil surveying, and
geological inspection. These applications benefit from the
ability of HSIs to effectively distinguish between materials,
enabling accurate image classification, target detection, and
anomaly detection [2]-[4]. While high spatial resolution HSIs
can further enhance the performance of these applications, their
spatial resolution is often limited due to the hardware
constraints of current hyperspectral sensing devices [5].

To obtain a high-resolution hyperspectral image (HR-HSI),
a common approach is to separately acquire a low-resolution
hyperspectral image (LR-HSI) and a high-resolution
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multispectral image (HR-MSI), then fuse them to generate the
desired HR-HSI. Traditional methods typically employ pan-
sharpening techniques, which include component substitution
(CS)-based and multi-resolution analysis (MRA)-based
approaches. CS-based methods (e.g., [6]) decompose the
captured LR-HSI into spatial and spectral components,
replacing the spatial component with the corresponding HR-
MSI to reconstruct the HR-HSI. On the other hand, MRA-based
methods (e.g., [7]) apply multi-scale decomposition to extract
spatial details from the HR-MSI, which are then integrated into
each spectral band of the LR-HSI. However, both CS and MRA
approaches may introduce significant spectral distortions
during the injection of HR-MSI spatial information into the LR-
HSI. Moreover, model-based methods [8], [9], which are
designed using mathematical models and image priors, utilize
matrix factorization and tensor representations to fuse
information from LR-HSI and HR-MSI. However, the fusion
performance of these methods may degrade when real-world
scenarios do not align well with the assumed image priors, such
as sparsity or low-rank structures.

With the rapid development of deep learning techniques and
their success in various perceptual tasks, such as image
classification [10], object detection [11], [12], and image
restoration [13], [14], numerous deep learning-based image
fusion frameworks have been proposed for fusing HR-MSI and
LR-HSI [15]-[26]. These methods have demonstrated
significantly better performance in SR of LR-HSI compared to
traditional approaches. For instance, deep learning-based pan-
sharpening frameworks, such as [15], have led to notable
improvements over earlier pan-sharpening-based methods.

However, most existing deep learning-based approaches
utilize the concatenation of HR-MSI and LR-HSI along the
spectral channel dimension as input to the deep network, which
may not fully exploit the underlying spatial information.
Moreover, these methods often struggle to achieve satisfactory
SR performance for input LR-HSIs, particularly in error-prone
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Fig. 1. Proposed SwinDFN, a two-stage deep fusion network based on Swin Transformer for HR-MSI and LR-HSI fusion.

environments, and may also fail to maintain low model
complexity and run-time efficiency.

To address these challenges, this paper proposes a deep
learning-based framework for fusing HR-MSI with LR-HSI to
generate a SR version of the input LR-HSI. The framework,
termed SwinDFN (Swin-based Deep Fusion Network), is a
hybrid model that integrates a shallow convolutional neural
network (CNN) with a Swin Transformer-based architecture.
The proposed network operates in two stages. In the first stage,
a lightweight shallow CNN performs an initial fusion of the
input HR-MSI and LR-HSI. In the second stage, a transformer-
based model, built on residual Swin Transformer blocks
(RSTB) [27], extracts deep features to refine and enhance the
fusion results, ultimately producing the final HR-HSI. The
main novelties and contributions of this paper are three-fold: i)
we propose a two-stage deep network that combines a shallow
CNN with an RSTB-based transformer to address the HR-
MSI/LR-HSI fusion problem:; ii) in the first stage, a lightweight
and shallow CNN performs multi-scale feature fusion to
generate an effective initial result. In the second stage, a simple
RSTB-based feature enhancement module further refines this
result to produce the final HR-HSI output.; and iii) the proposed
deep fusion framework demonstrates superior or competitive
performance compared to state-of-the-art methods, both
guantitatively and qualitatively, particularly in challenging,
error-prone scenarios. Moreover, it achieves strong results
without requiring extensive spectral information from the HR-
MSI bands.

The remainder of this paper is organized as follows. Section
Il provides a brief review of state-of-the-art deep learning-
based HR-MSI/LR-HSI fusion frameworks for SR of LR-HSI.
Section 11l introduces the proposed SwinDFN framework.
Section IV presents the experimental results. Finally, Section V
concludes the paper.

Il.  RELATED WORK

Several deep learning frameworks have been proposed for
HR-MSI/LR-HSI fusion. In [16], a framework combining
spatio-spectral regularization with a physical imaging model
was introduced, featuring a model-guided unfolding network
(DHIF-Net) to  iteratively  optimize  spatio-spectral
regularization. In [17], the progressive zero-centric residual
network (PZRes-Net), a CNN-based approach, was proposed to
perform multi-scale feature decomposition for information
fusion. Similarly, [18] presented MSSJFL, a multi-scale
spatial-spectral joint feature learning framework, to extract
spatial, spectral, and joint features. Based on the UNet
architecture, [19] proposed D-UNet, which incorporates
multistage detail injection using a detail extraction and a spatio-
spectral fusion network. A multi-resolution detail-enhanced
dual-UNet was also introduced in [20], leveraging UNet’s
multi-scale capability for feature fusion. More recently, [21]
presented Fusformer, a transformer-based fusion framework
utilizing attention mechanisms for improved HR-MSI/LR-HSI
integration. More advanced deep learning-based fusion
frameworks are discussed in [22]-[26].

I1l. PROPOSED SWINDFN FOR HR-MSI/LR-HSI FusION
Problem Formulation and Overview of SwinDFN

Similar to most studies on LR-HSI/HR-MSI fusion, let the
target HR-HSI be denoted as Y. We assume the observed
image data include an LR-HSI, represented as X, = YB, where
B is a blurring matrix that reduces the spatial resolution of Y,
and an HR-MSI, represented as X,, = DY, where D is a
down-sampling matrix that reduces the spectral resolution of Y.
Therefore, the problem to be addressed in this paper can be
formulated as follows: Given the observed LR-HSI X, €
RW>XWrxb and HR-MSI X, € R™*Wxbm the goal is to
reconstruct the HR-HSI Y* € RMW*b expressed as:

A
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Y* = SWinDFN (X, X, ), 1)

where h, X w, and h x w are the spatial resolutions of a
single band of LR-HSI and HR-MSI, respectively, b and b,
are the number of spectral bands (channels) in LR-HSI and HR-
MSI, respectively, satisfying h, < h, wy, <w, and b > b,,.
SwinDFN denotes the proposed LR-HSI/HR-MSI fusion
network model, and 6 represents its network parameters.

To address this problem, as illustrated in Fig. 1, we propose
a transformer-based HR-MSI/LR-HSI fusion framework built
on RSTBs [27]. Each RSTB consists of multiple Swin
Transformer Layers (STLs), which are primarily responsible
for computing local attention and propagating features through
cross-window interactions.

B. Initial Fusion Module

The proposed SwinDFN framework comprises two main
stages. In the first stage, the Initial Fusion Module (IFM)
performs preliminary upsampling and feature extraction on the
LR-HSI, followed by fusion with the features extracted from
the HR-MSI. For the input HR-MSI (X,,,), we first apply a
convolution operation followed by a Leaky RelLU activation
[28]. The result is then fed into our Multi-Scale Feature Fusion
(MSFF) module, where MSFF extracts and fuses features at
different scales using convolutions with multiple receptive
fields. The features extracted by two MSFF modules are added
element-wise with the features propagated through a shortcut
(residual) connection. This sum is then passed through another
Leaky RelLU activation and a convolution operation to obtain
the final HR-MSI feature representation, denoted as Zy, .

For the input LR-HSI (X)), considering a case where
h = 4h, and w = 4w, we first apply grouped convolution
(which is more efficient due to the large number of spectral
bands) followed by Leaky RelLU activation. Then, a 2x
upsampling is performed. The result is passed through two
consecutive group-based MSFF (GMSFF) modules for feature
extraction, with shortcut connections in between. This is
followed by another 2x upsampling to match the spatial
resolution of the HR-MSI. Finally, the Leaky ReLU activation
and grouped convolution are applied to obtain the LR-HSI
feature representation, denoted as Zx,. Next, Zy —and Zy,
are concatenated and processed using grouped convolution
followed by Leaky ReLU activation. This operation is denoted
as:

IFM(X,,, X,,) = Conv. (Cat. (Zx,,, ZXh)), )

where Conv. represents the grouped convolution followed by
Leaky ReLU.

C. Feature Enhancement Module

The initially fused result, IFM(X,,, X;,), is then fed into the
Feature Enhancement Module (FEM) in the second stage. FEM
primarily consists of two RSTBs based on the Swin
Transformer [27], which are used to further enhance the fused
features from the HR-MSI and LR-HSI and generate the final
HR-HSI output. The main motivation for using RSTBs is that
both HR-MSI and LR-HSI contain rich inter-band correlations
and intra-band local self-correlations. These correlations can
significantly benefit feature extraction, fusion, and the
reconstruction of the corresponding HR-HSI. Therefore, we
leverage the powerful self-attention and cross-attention
capabilities of the Transformer architecture. The reconstructed
HR-HSI Y~ is given by:

¥* = CONV (RSTB2(IFM(Xyn, X)) ) € IFM (X, X, (3)

where CONV denotes a convolution operation, RSTB2
represents two consecutive RSTB modules, and @ indicates
element-wise addition between the convolution output and the
shortcut connection from the initial fused features.

D. Model Learning
To train the proposed SwinDFN model, the loss function we
use is defined as follows:

LY, Y) = 4L, (YY) + ApLsan (Y7, Y), (4)

where Y is the ground truth, A, and A, are the weighting
coefficients, empirically set to 1 and 0.1, respectively, L, is
the £, loss, and Lg,,, is the Spectral Angle Mapper (SAM)
loss, defined as follows (SAM was originally proposed in [29]):

1 YTy
Logy =1 ——Z —tr |, 5
sam hw <|Yn|2 Yl + € )

n=1

where Y, and Y, denote the n-th spectral vector of the
ground truth Y and the reconstructed output Y™, respectively,
and e is an error term. The SAM loss is primarily based on
computing the cosine similarity between the reconstructed
spectral vector and its corresponding ground truth.

IV. EXPERIMENTAL RESULTS

A. Parameter Settings and Network Training
The dataset used in this study was collected by the Airborne
Visible Infrared Imaging Spectrometer (AVIRIS) sensor [30],
comprising 2,078 HR-HSIs. These were randomly split into
training (1,678 images), validation (200 images), and testing
(200 images) sets. The spatial and spectral resolutions were
256x256xb,, for each HR-MSI and 64x64x172 for each LR-
HSI, where b, is either 4 or 6 in our experiments. The
proposed SwinDFN was implemented using the PyTorch
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Table 1. Performance Evaluation of the proposed SwinDFN and other fusion models.

Model Model Complexity Fusion Performance for 4 MSI Bands Fusion Performance for 6 MSI Bands

#Params | FLOPs | PSNRT | SAM| | ERGAS| | RMSE| || PSNR1 [ SAM| | ERGAS| | RMSE|

D-UNet [19] 2.97™ 88.65G 35.423 | 1.892 1.796 33.183 38.453 1.548 1.205 26.148
PZRes-Net[17] | 40.15M | 5262.34G | 34.963 | 1.934 1.935 35498 | 37.427 1.478 1.538 28.234
MSSJFL [18] 16.33M | 17556G | 34.966 | 1.792 2.245 33636 | 38.006 1.390 1.535 26.893
DHIF-Net[16] | 57.04M | 13795.11G | 34.458 | 1.829 2.613 34.769 | 39.146 1.239 1.113 25.309
FusFormer [21] 0.18M 11.74G | 34.217 | 2012 1.996 35687 | 38.637 1.678 1.204 28.674
QRCODE [23] | 41.88M | 2231.19G | 35361 | 1.623 2.027 32711 | 38.948 1.148 1.429 24.617
g&?ﬁgﬁfﬂ 2012M | 809.8G | 36.682 | 1.369 1.728 28178 | 39.856 | 1.055 1.240 22.803

Table II. Performance evaluation of the proposed SwinDFN and other
fusion models on 6-band MSI with AWGN noise at varying SNR levels.

Model SNR =45 SNR =35 | SNR =25
PSNR1 PSNR{ PSNR{
D-UNet [19] 33.863 26.935 17.810
PZRes-Net [17] 34.455 28.772 19.865
MSSJFL [18] 36.516 31.768 23.417
DHIF-Net [16] 35.312 27.424 18.697
FusFormer [21] 34.400 26.409 19.183
QRCODE [23] 35.468 30.157 21.757
Proposed SwinDFN 39.850 39.795 39.238

framework. Training was conducted with a batch size of 4 for
600 epochs across all experiments. For peer methods, training
epochs followed the default settings in their original
publications. The ADAM optimizer [31] was used with an
initial learning rate of 0.0001, which was adjusted during
training using a cosine annealing scheduler.

B. Performance Evaluation

To evaluate the performance of our SwinDFN, we compared
it against six supervised hyperspectral image fusion methods:
DHIF-Net [16], PZRes-Net [17], MSSJFL [18], D-UNet [19],
FusFormer [21], and QRCODE [23]. The evaluation utilized
four metrics: PSNR (Peak Signal-to-Noise Ratio in dB), SAM,
RMSE (Root Mean Squared Error), and ERGAS (Erreur
Relative Globale Adimensionnelle de Synthése) [32].
Experiments were conducted using both 4-band and 6-band
MSI configurations. Table | and Figs. 2 and 3 present the
guantitative and qualitative HR-MSI/LR-HSI fusion results of
the proposed SwinDFN in comparison with these state-of-the-
art methods. Furthermore, to assess the robustness of SwinDFN
under Additive White Gaussian Noise (AWGN), Table Il
reports the fusion performances of all evaluated models across
different Signal-to-Noise Ratios (SNRs). As shown in Tables |
and Il and Figs. 2 and 3, the proposed SwinDFN consistently
outperforms the baseline models in both quantitative and
qualitative metrics, under both ideal and noisy conditions. On
the other hand, Table | also presents the model complexity of

Table I1l. Ablation study evaluating the performance of the proposed
SwinDFN with and without the FEM on 4-band MSI.

Model PSNR1? SAM| ERGAS| RMSE|
SwinDFN

without FEM | 32875 | 1.509 1921 30.684
SwinDFN

with FEM 36.682 1.369 1.728 28.178

the evaluated models in terms of the number of parameters
(#Params) and floating-point operations (FLOPS).

C. Ablation Study

To evaluate the effectiveness of the proposed Feature
Enhancement Module (FEM) based on the Swin Transformer,
we conduct an ablation study by comparing the performance of
our SwinDFN model with and without the FEM. The fusion
results are presented in Table Ill. As shown in Table IlI, the
integration of the proposed FEM into our SwinDFN
significantly enhances the overall fusion performance.

V. CONCLUSIONS

In this paper, we have proposed a hybrid deep learning model
called SwinDFN (Swin Transformer-based Deep hyperspectral
and multispectral image Fusion Network) for fusing HR-MSI
and LR-HSI to generate HR-HSI. SwinDFN combines a
shallow CNN with multi-receptive fields for multi-scale feature
fusion, and a Transformer network based on Residual Swin
Transformer Blocks (RSTB) with a multi-head attention
mechanism. The shallow CNN captures both local and global
image features to produce an initial fused result, which is then
refined by the RSTB-based Transformer using a residual
structure to generate the final HR-HSI.

Based on our experiments comparing SwinDFN with state-
of-the-art deep learning-based fusion methods, SwinDFN
demonstrates  superior  qualitative  performance in
reconstructing both fine local details and overall global
consistency. Quantitatively, it also outperforms existing
methods,  particularly in  error-prone  environments.
Furthermore, SwinDFN shows notable advantages when the
input HR-MSI contains a limited number of bands (e.g., 4
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Ground truth MSSJFL DHIF-Net Proposed

PZRes-Net MSSJFL DHIF-Net Proposed

Fig. 2. Qualitative results of HR-MSI/LR-HSI image fusion: (a) SR images generated by different models, with key regions
highlighted; (b) corresponding difference images between each SR result and the ground truth, illustrating reconstruction errors
across models.

Ground truth D-UNet PZRes-Net MS SJF L DHIF—Net Proposed

D-UNet PZRes-Net MSSJFL DHIF-Net Proposed

Fig. 3. Qualitative results of HR-MSI/LR-HSI image fusion: (a) SR images generated by different models, with key regions
highlighted; (b) corresponding difference images between each SR result and the ground truth, illustrating reconstruction errors
across models.
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