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Abstract: The fusion of low-resolution hyperspectral images (LR-HSI) with high-resolution multispec-
tral images (HR-MSI) provides a cost-effective approach to obtaining high-resolution hyperspectral
images (HR-HSI). Existing methods primarily based on convolutional neural networks (CNNs)
struggle to capture global features and do not adequately address the significant scale and spectral
resolution differences between LR-HSI and HR-MSI. To tackle these challenges, our novel FCSwinU
network leverages the spectral fast Fourier convolution (SFFC) module for spectral feature extraction
and utilizes the Swin Transformer’s self-attention mechanism for multi-scale global feature fusion.
FCSwinU employs a UNet-like encoder—-decoder framework to effectively merge spatiospectral
features. The encoder integrates the Swin Transformer feature abstraction module (SwinTFAM) to
encode pixel correlations and perform multi-scale transformations, facilitating the adaptive fusion
of hyperspectral and multispectral data. The decoder then employs the Swin Transformer feature
reconstruction module (SwinTFRM) to reconstruct the fused features, restoring the original image
dimensions and ensuring the precise recovery of spatial and spectral details. Experimental results
from three benchmark datasets and a real-world dataset robustly validate the superior performance
of our method in both visual representation and quantitative assessment compared to existing
fusion methods.

Keywords: hyperspectral image (HSI); multispectral image (MSI); image fusion; deep learning; Swin
Transformer

1. Introduction

Due to the limited spectral resolution of panchromatic (PAN) or multispectral imaging
(MSI), material identification poses significant challenges across various fields [1,2]. For
instance, distinguishing between true and false targets in military operations remains
difficult [3], and precision agriculture struggles to assess soil fertility or crop water stress
with high accuracy [4]. Similarly, in medical diagnostics, multispectral imaging often lacks
the precision to detect subtle lesions [5].

Hyperspectral imaging (HSI) captures detailed spectral information across hundreds
of contiguous bands, enabling precise material identification and offering more insights
than PAN or MSI [6]. This makes HSI especially useful for improving the accuracy of
quantitative remote sensing by distinguishing materials based on their spectral signa-
tures. However, current hyperspectral imaging technology struggles to balance spatial
and spectral resolution. High spectral resolution often reduces spatial clarity, limiting its
effectiveness in applications requiring both [7]. Fortunately, modern sensors now produce
MSI with high spatial resolution, which opens up new possibilities for overcoming this lim-
itation. The fusion of hyperspectral and multispectral images has emerged as a promising
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technique, combining the spectral richness of HSI with the spatial detail of MSI to improve
overall image quality and expand the practical applications of hyperspectral data [8,9].

Traditional approaches leverage prior knowledge like self-similarity, sparsity, and
low-rank constraints [10,11]. However, these handcrafted priors are dataset-specific and
often require adjustment, limiting their generalization and fusion performance. With the
rise of computer vision [12], deep learning methods, particularly CNNs, have outperformed
traditional fusion techniques [13,14]. Although CNNs are highly effective in extracting
spatial information, they struggle to model global semantic interactions and contextual
information due to the inherent limitations of convolutional operations. This shortcoming
is particularly problematic in the fusion of LR-HSI and HR-MSI, where the scale differences
between the images introduce ill-posed challenges [15,16]. The Transformer [17] exhibits
powerful capabilities in capturing long-range dependencies and is suitable for extracting
globally fused features from images. Recently, inspired by the success of Vision Transformer
(ViT) [18] in the field of computer vision, researchers have attempted to introduce ViT into
the domain of hyperspectral image fusion [19], achieving competitive fusion results. How-
ever, the traditional ViT divides the image into fixed-size patches and employs these patches
as tokens for self-attention computation, aiming to reduce computational complexity. This
approach limits their ability to represent spatial features at different scales and restricts their
capability to extract spectral features from hyperspectral images. Nevertheless, ViT lacks
certain important attributes present in traditional convolutional neural networks, such as
locality and translational invariance [20]. In contrast, Swin Transformer [21] demonstrates
advantages in handling cross-scale features and requires less computation compared to ViT.
It effectively processes images with rich spatial details and extracts spectral features from
hyperspectral images. Consequently, models based on the Swin Transformer have made
significant progress in the field of natural image super-resolution [22] and have gradually
been introduced into the domain of hyperspectral and multispectral fusion. The potential
of the Swin Transformer in the field of hyperspectral and multispectral fusion is still in its
early stages.

Many deep learning-based techniques first interpolate LR-HSI to match the HR-MSI
scale and then apply CNN for local feature extraction. However, this interpolation step
can introduce noise, impacting image quality [23]. Inspired by the application of FFC in
various studies [24-26], we propose an SFFC structure that pre-extracts global features
from LR-HSI to overcome these challenges. While existing fusion methods with the Swin
Transformer often focus on single-scale feature extraction, they overlook the crucial cross-
scale information interaction necessary for fusion tasks. We introduce a multi-scale feature
reminiscent of the UNet encoder—decoder structure, facilitating seamless information
exchange between the encoder and decoder, thereby enhancing fusion quality across
various scales. The main contributions of this article can be summarized in three key points.

1. To fully adapt to the significant scale difference between LR-HSI and HR-HSI and over-
come the limitations of local feature learning, we propose a novel hyperspectral and
multispectral fusion network called FCSwinU. It utilizes a windowed self-attention
mechanism to extract global semantic fusion features and introduces a multi-scale
feature through an encoder-decoder structure. This architecture allows information to
be propagated and fused across different scales through skip connections between the
encoder and decoder.

2. We introduce the SFFC block specifically designed for utilizing global information in
fusion tasks. SFFC is based on FFC and is used for pre-extracting feature representa-
tions of LR-HSI. It enables the extraction of more comprehensive, detailed, and stable
features. SFFC consists of two branches: a spatial branch and a frequency branch.
We leverage FFC to extract global information in the frequency branch and residual
modules in the spatial branch to enhance local feature representation, compensating
for the loss of LR-HSI interpolation information.

3. We propose SwinTFAM to achieve adaptive extraction of hyperspectral and multispec-
tral information. We construct the SwinTFRM module in the decoder part for feature
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recombination and use a final feature reconstruction module to achieve high-quality
fusion and restore the original image size while preserving important details.

2. Related Work

Recent advancements in deep learning have significantly impacted image processing,
particularly in the fusion of LR-HSI and HR-MSI. One of the pioneering works in this
domain is by Dian et al. [27], who proposed a novel approach that learns image priors and
incorporates them into the fusion framework. They achieve this by solving the Sylvester
equation to initialize HR-HSI, surpassing traditional fusion methods [28,29]. Building
upon this, Zhou et al. [30] introduced the pyramid fully convolutional network (PFCN),
which employs two sub-networks to extract and fuse features from LR-HSI and HR-MSIL.
To mitigate the issue of overlooking shallow features in HR-MSI, Xiao et al. [31] proposed
the Dual-UNet fusion method, utilizing an encoder-decoder network to extract multi-scale
HR-MSI features, which are then injected into a UNet structure. Additionally, the attention
multi-hop graph and multi-scale convolution fusion network (AMGCEFN) [32] addresses
the flexibility required for irregular patterns and pixel-level feature loss. Several other
methods, such as the multi-scale difference and variation feature fusion network (MSDFFN)
[33,34], have also been developed, incorporating depth attention networks for effective hy-
perspectral and multispectral image fusion. However, many CNN-based methods primarily
focus on local feature extraction, often neglecting global features essential for single-scale
fusion problems. This oversight can lead to fusion results that lack comprehensive global
contextual information, ultimately limiting their expressiveness and accuracy.

In contrast, the Transformer architecture, initially proposed for machine translation
tasks [17], employs a self-attention mechanism that models global dependencies, facilitating
deep information propagation and allowing for powerful global feature extraction. Its
applications have extended into natural language processing [35,36], and more recently,
into computer vision. Recent advancements in Transformer-based models specifically
targeting image fusion include Wang et al.’s multi-layer Cross-Transformer (MCT-Net) [37],
which integrates a cross-attention mechanism to address long-range spatial dependencies
during the fusion process, effectively combining spatial and spectral information. Similarly,
Chen et al. [38] proposed a multi-scale Transformer that merges the advantages of CNNs for
local spatial-spectral processing with the global capabilities of Transformers. Li et al. [39]
introduced cross-scale and SW-CSNA modules to capture global and patch-level similarities,
enhancing the learning of both local and non-local features.

Despite these innovations, ViTs have limitations in local feature retention due to
their requirement to divide input images into fixed-size patches, leading to potential
information loss. To address this, Jia et al. [40] introduced multi-scale features and proposed
a novel spatial-spectral multi-scale Transformer network, enhancing the richness of feature
extraction. Interactformer [41] utilizes the Swin Transformer to better interact with both
global and local features, although it still encounters challenges in single-scale feature
extraction. Additionally, Ma et al. [42] leveraged the window attention mechanism of the
Swin Transformer as a deep prior network, successfully learning implicit prior information
from hyperspectral images for improved fusion outcomes.

In response to the challenges posed by scale differences in LR-HSI and HR-HSI fu-
sion, our research introduces a novel approach by combining self-attention mechanisms
across different scales with windowed self-attention techniques. This method effectively
captures long-range dependencies and local structures within images while preserving
global contextual information [43]. Our FCSwinU method stands out as the first to integrate
Swin Transformer blocks within a multi-scale architecture specifically for hyperspectral
and multispectral image fusion. This approach addresses the limitations of single-scale
extraction and significantly enhances fusion quality.
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3. Methodology
3.1. Model Formulation
3.1.1. Mathematical Representation of Hyperspectral Images

Hyperspectral images typically present a three-dimensional cube structure and are repre-
sented as a three-dimensional tensor with the following dimensions: height x width x number
of spectral bands. Each spectral band contains specific spatial information, displaying data
of the same scene across different spectral intervals. In this paper, lowercase letters rep-
resent scalars, bold letters represent matrices, and calligraphic letters are used to denote
tensors. We denote Y € RH*Wxs a5 the HR-MSI, and Z € R"*®*S a5 the LR-HSIL. The
goal of hyperspectral and multispectral fusion is to effectively combine information from
both LR-HSI, which has high spectral resolution with S spectral bands but lower spatial
resolution, and HR-MSI, which has high spatial resolution with width and height, H and
W, respectively, but lower spectral resolution, s (# < H, w < W, s < S). Our objective is to
fuse HR-MSI and LR-HSI to produce an HR-HSI X € RF*W*S that possesses both high
spatial and spectral resolutions.

3.1.2. Fast Fourier Transform Convolution

Fast Fourier transform convolution [24] is a technique for efficiently implementing
convolution computations using fast Fourier transform [44] (FFT). In the FFT convolution
process, the input signal and the convolution kernel are first transformed into frequency
domain representation using the discrete Fourier transform (DFT). The DFT representations
are as follows, where X[k| represents the input signal and H|[k| the convolution kernel:

N-1 ]

X[k = Y x[n]e /2n/N 1)
n=0
N-1 ]

Hik] = Y h[n]e /2mkn/N (2)
n=0

where x[n] and h[n]| are the discrete samples of the input signal and the convolution kernel,
respectively, and their frequency domain representations are given by Equations (1) and (2).
N denotes the signal length, and j is the imaginary unit. In the frequency domain, FFT
convolution computes the frequency domain representation of the convolution result Y [k]
by point-wise multiplication:

Y[k] = X[k] - H[K] 3)

Finally, the inverse discrete Fourier transform (IDFT) is applied to the product result
Y[k] to convert it back into the time domain, yielding the final convolution result y[n]:

1= 2rkn/N
y[n] = N kZ Y [k]e/2kn/ (4)
)

The main advantage of FFT convolution, as described by Equation (3), is that it
enables efficient multiplication operations using fast Fourier transform algorithms such
as FFT. Compared to direct convolution in the time domain, FFT convolution reduces
the computational complexity from O(N?) to O(Nlog N) by performing multiplication
operations in the frequency domain, where N is the signal length.

3.2. Proposed FCSwinU

In this study, an end-to-end hyperspectral and multispectral fusion network, termed
FCSwinU, is proposed, with its structure illustrated in Figure 1. The architecture of the net-
work primarily comprises a spectral fast Fourier convolution (SFFC) module, a deep feature
extraction module, and an image reconstruction module. The SFFC module mainly consists
of convolutional layers and the fast Fourier transform (FFT). The deep feature extraction
module integrates the Swin Transformer network with a UNet-like architecture [45], en-
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compassing the Swin Transformer feature abstraction module (SwinTFAM) in the encoder
and the Swin Transformer feature reconstruction module (SwinTFRM) in the decoder. The
image reconstruction module is formed by two convolutional layers and the LeakyReLU
activation function between them.

b
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|
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Encoder \—' SwinT Block > SwinT Block
Figure 1. The overall architecture diagram of the proposed FCSwinU network.

Firstly, considering the trade-off between performance and processing speed, we em-
ploy a bilinear interpolation method to upsample the LR-HSI, obtaining a high-resolution
hyperspectral image, Z, € R xWxS$ as represented by Equation (5):

ZuP = UP(Z) ®)

Up(-) denotes the bilinear interpolation upsampling function. Subsequently, we feed Z,,
into the SFFC module to pre-extract features from the low-resolution hyperspectral image,
leading to the generation of Z,y;.

Next, as shown in Figure 1, we concatenate the obtained Z,,; with the HR-MSI to form
a merged feature map D € RH*W*(5+5) described by Equation (6):

D = Concat(Zoyt,Y) (6)

In Equation (6), Concat(-) represents concatenation along the channel dimension. The
merged feature map D is then input to the deep feature extraction module for further
extraction and fusion of hyperspectral and multispectral information.

As depicted in Figure 1, for the encoder part, we divide the input feature map D into
non-overlapping 4 x 4 blocks to transform it into sequence embeddings. This block-wise
approach results in a feature dimension of 4 x 4 x (S +s) = 16(S + s) for each block.
Additionally, a linear embedding layer is employed to project the feature dimension into
an arbitrary dimension C. The transformed block tokens pass through multiple SwinTFAM
and feature abstraction (FA) layers to generate hierarchical feature representations. Specifi-
cally, the FA layer handles downsampling and dimension augmentation, while the Swin
Transformer is responsible for learning feature representations.
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The decoder consists of SwinTFRM and feature reconstruction (FR) layers. Through
skip connections, multi-scale features obtained from the encoder are fused with contextual
features to compensate for spatial information loss due to downsampling. In contrast to
the FA layer, the FR layer is specifically designed for upsampling. It reshapes feature maps
of adjacent dimensions into larger feature maps with twice the upsampling resolution. The
final FR layer is used for fourfold upsampling.

F = Upsample_4x(H) (7)

F € REXWXC represents the deep spatial-spectral features, where the upsample_4x oper-

ation is used for performing a 4x upsampling. H € R *% *C indicates the feature map
representation in the previous layer of the network. We restore these feature maps to the
original input resolution of H x W, thus obtaining the deep spatial-spectral features F.

In the image reconstruction module, we first adjust the depth of the input feature map
F to § + s through a convolution operation, followed by a nonlinear transformation using
the LeakyReLU activation function. Subsequently, another convolution layer adjusts the
depth of the feature map to S, resulting in the estimated image outcome X € RF*WxS,

X = IR(F) (8)

IR(-) denotes the image reconstruction function, implementing the main functionality
of the image reconstruction module. Finally, we optimize the network parameters by
minimizing the [; loss function. R

h=[X-X]| ©)

where X € RF*WxS g the reference image of the true high-resolution hyperspectral imagery.

3.3. Spectral Fast Fourier Convolution

In the SFFC network architecture, as depicted in Figure 2, the left branch is a traditional
spatial convolution module, and the right branch is a fast Fourier convolution module.
The spatial convolution module on the left utilizes a classic residual module structure,
enhancing the expressiveness of the model by incorporating residual connections and
convolution layers. Specifically, the module is described as follows:

/ Tnput l HxWxC \

l FFT (Real to Complex)

/|
Zup € RHXWXS /

/
// Real Part H x W/2+1 x C
// Stack
— Conv+BN+ReLU / Complex I H x W/2+1 x2 x C
LeakyReLU Real FIFT2d ’ H x W/2+1 x 2C
|

Conv+LeakyReLU

Conv+LeakyReLU
|

1 H x W/2+1 x 2C
Inv Real FFT2d Activated l ) )

4 }

\1 \\ Reshaped | HxW/2+1 xC x2
) |
\
Conv 1% 1 \ Complex l H x W/2+1 x C
v \
Output \ l IFFT (Complex to Real)

© Concat \

@ Add k Output | HxWxC /

Figure 2. The architecture of the SFFC module.




Sensors 2024, 24,7023 7 of 20
Zout = Conv(concat(Cspa(Zup), Cspe(Zup))) (10)

Cspu(zup) = Hcrc(zup) + Zup (11)

X = chr(zup) (12)

Cspe(Zup) = Hc(Hfft(X) + X) (13)

The feature map of the upsampled low-resolution hyperspectral image, denoted
as Zyp € RE*WXS s fed into two distinct processing branches: spatial and frequency
domains. The spatial convolution module in the spatial domain is represented as Cspa(-),
as detailed in Equation (11), while the fast Fourier convolution module in the frequency
domain is denoted as Cspe(-), refer to Equation (13). Herc(+) represents the head and tail
3 x 3 convolution layers, involving LeakyReLU operations; Hg, (-) includes convolution
layers, BatchNorm (BN) layers, and ReLU operations; Hgg () comprises a series of channel-
based 2D FFT, frequency convolution, and ReLU operations, followed by inverse 2D FFT.
As illustrated in Figure 2, the process starts with a real-part Fourier transformation of the
feature map X, converting it into a complex form by stacking the real and imaginary parts
separately, thus transforming the traditional spatial-spectral features into the frequency
domain for global feature extraction. Subsequently, the spectral dimension is reduced
through convolution operations, followed by nonlinear activation and tensor dimension
swapping. Finally, the real and imaginary parts are merged back into a complex tensor,
and the original size of X is restored through inverse Fourier transformation. The concat(-)
function combines the results of spatial convolution and fast Fourier convolution, resulting
in Zoy € REXWX2S Ultimately, a 1 x 1 convolution operation is employed for projection
transformation, restoring the spectral dimension to the original hyperspectral dimension,
yielding the final output of the SFFC module, Zyy; € R7T*W*S,

3.4. Swin Transformer Feature Abstraction and Reconstruction Module

Unlike the traditional multi-head self-attention (MSA) module, the Swin Transformer
block is constructed based on a sliding window mechanism. As shown in Figure 3a, two
consecutive Swin Transformer blocks are presented. Each block consists of a LayerNorm
(LN) layer, a multi-head self-attention module, a residual connection, and a two-layer
MLP with GELU non-linear activation function. The windowed multi-head self-attention
(W-MSA) module and the shifted window multi-head self-attention (SW-MSA) module are
applied in these two Transformer blocks, respectively. Based on the window partitioning
mechanism, the consecutive Swin Transformer blocks can be represented as follows:

g =W —MSA(LN(g;-1)) + 811 (14)
g1 = MLP(LN(g))) + & (15)
8141 =SW — MSA(LN(g)) + & (16)
8141 = MLP(LN(g141)) + 8141 (17)

In the above equation, §; and g;, respectively, denote the outputs of the (SYW-MSA [21]
module and the MLP module for the I" block. The computation of self-attention is as follows:

T
Attention(Q, K, V) = Softmax <Q\Z + B) 14 (18)

where in Equation (18), Q, K,V € RM? x4 represent the query, key, and value matrices,
respectively. Here, M? and d refer to the number of patches in the window and the
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dimension of the query or key. The elements of matrix B are sourced from the bias matrix

g c R(ZMfl)x(2M+1)‘
W ( W © Concat
D @® Add
b
J t J (a)Swin Transformer

LN
|
SW-MSA

N

LN

J

MLP
D

LN
W-MSA
LN
MLP
SED

SwinT Extract Concat i §— -~ mmd
£
Block X 2 & =
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g _ 2Hx2WxC2
,—» il ¥
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S aW O 2H x 2W x C/2
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Blockx 2
o
=
Z— % — g
& o~ 2 S 2H x2W x C2
(5 (c)SwinTFRM

Figure 3. Schematic diagram of the Swin Transformer feature abstraction and reconstruction module:
(a) represents the structure of the Swin Transformer; (b) represents the Swin Transformer feature
abstraction module; (c) represents the Swin Transformer feature reconstruction module.

Following the feature extraction by Swin Transformer blocks, the feature maps are
divided into multiple small patches. As shown in Figure 3b, the SwinTFAM processes these
patches, implementing a downsampling operation by selecting elements at intervals of two
in both row and column directions, consequently reducing the height and width of the
image by half. Subsequently, the selected elements are reorganized into new patches. All
these newly formed patches are concatenated to form a unified tensor. In this process, due
to the reduction in the size of the image, the number of channels is increased to four times
the original amount. A fully connected layer then adjusts the dimensions of this tensor,
reducing it to twice the original size. This sequence of operations not only reduces the
resolution of the image but also expands the number of channels, facilitating the model in
capturing more abstract levels of features.

The processing flow of the SwinTFRM is shown in Figure 3c. After the feature map
X € RH*WXC jg extracted by the Swin Transformer, it first passes through a convolutional
layer with a PReLU activation function, keeping the dimension as H x W x C. Then, it is
upsampled using bilinear interpolation to 2H x 2W x C, followed by a convolutional layer
that reduces the number of channels to C/2. Simultaneously, X is fed into a convolutional
layer with a kernel size of 1 x 1, doubling the number of channels to 2C. Afterward,
a pixel shuffle operation is applied, reshaping the dimensions to 2H x 2W x C/2. The
two upsampled results are then fused along the channel dimension, forming the final
feature map with dimensions 2H x 2W x C. Lastly, a convolutional layer reduces the
number of channels by half, producing the final upsampled feature map with dimensions
2H x2W x C/2.

The entire operation of the FR module can be expressed by the following equation:

Xout = Conv(Concat(Bilinear(Conv (X)), PixelShuffle(Conv(X)))) (19)

where Conv (X) represents the combination of convolution and PReLU activation function;
Bilinear(-) denotes bilinear interpolation for upsampling; PixelShulffle(-) represents the
pixel shuffle operation; and Concat(-) is the channel fusion operation. The final Conv(-)
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is the convolutional operation that reduces the number of channels by half. This process
effectively enhances the resolution while retaining rich spectral information.

4. Experiments and Analyses
4.1. Datasets

In this study, we utilized three widely recognized hyperspectral image benchmark
datasets: CAVE [46], Washington DC Mall (WDCM) [47], and Pavia University (PU) [48],
along with a real remote sensing dataset, ZY-1E.

The CAVE dataset consists of 32 indoor hyperspectral images, each with a resolution
of 512 x 512 pixels and spanning 31 spectral bands in the 400-700 nm wavelength range.
Following the Wald protocol [49], HR-MSI was generated using the Nikon D700 camera’s
spectral response function. The original hyperspectral images served as the reference
HR-HSI. To create LR-HSI, the HR-HSI images were first blurred using an 8 x 8 Gaussian
kernel with a standard deviation of 2, followed by downsampling by a factor of eight in
both spatial dimensions. For training, 20 image pairs were randomly selected, leaving
the remaining 12 pairs for testing. During training, 64 x 64 patches were randomly
cropped from the 512 x 512 images, resulting in patch sizes of 64 x 64 x 31 for HR-HSI,
64 x 64 x 3 for HR-MSI, and 8 x 8 x 31 for LR-HSI. In the testing phase, the full-sized
images were used, with dimensions of 512 x 512 x 31 for HR-HSI, 512 x 512 x 3 for
HR-MS], and 64 x 64 x 31 for LR-HSI.

The WDCM dataset, captured by the HYDICE sensor in 1995, comprises 191 spectral
bands spanning the 400-2400 nm wavelength range, with each band having a spatial
resolution of 1280 x 307 pixels at 2.5 m per pixel. Two sub-images, each 128 x 128 pixels,
were extracted for testing, while the remaining data were used for training. Following the
same setup as MSST-Net [40], HR-MSI was generated using the spectral response matrix of
the Sentinel-2A sensor, and LR-HSI was created in the same manner as in the CAVE dataset.
During training, the dimensions of HR-HSI, HR-MSI, and LR-HSI were 64 x 64 x 191,
64 x 64 x 10, and 8 x 8 x 191, respectively, while for testing, they were 128 x 128 x 191,
128 x 128 x 10, and 16 x 16 x 191.

The PU dataset, collected by the ROSIS sensor in 2003, originally measured
610 x 340 pixels and covered a wavelength range of 430-860 nm. After removing 22 bands
affected by water vapor absorption, 93 spectral bands remained. Similar to the WDCM
dataset, LR-HSI was generated by applying Gaussian filtering followed by downsampling
by a factor of eight. Two sub-images of 128 x 128 pixels were reserved for testing, while
the rest were used for training. HR-MSI was produced using a spectral response function
comparable to the IKONOS sensor. The dimensions of HR-HSI, HR-MSI, and LR-HSI
during training were 64 x 64 x 93, 64 x 64 x 4, and 8 x 8 x 93, respectively, while for
testing, they were 128 x 128 x 93,128 x 128 x 4, and 16 x 16 x 93.

The ZY-1E dataset used in this study was acquired from the ZY-1E satellite. The
satellite carries two payloads, namely a visible near-infrared camera and a hyperspectral
camera. We obtained a hyperspectral and multispectral image captured on 19 April 2023,
in the Pinggu district of Beijing, China. For the hyperspectral image and multispectral
image, we performed preprocessing steps such as radiometric calibration, atmospheric
correction, and orthorectification in ENVI software (version 5.3) [50]. We then registered
the hyperspectral image with the multispectral image [51] using the ‘Georeferencing’ tool
in ArcGIS, where 20 control points were manually added and the first-order polynomial
transformation method was selected to ensure residuals were less than 1, resulting in a final
average residual error of 0.6. The original dataset consists of an LR-HSI with 166 bands
and an HR-MSI with 8 bands. The spatial resolutions of LR-HSI and HR-MSI are 30 m and
10 m, respectively, with corresponding spatial sizes of 4986 x 4581 and 1662 x 1527. Itis
worth noting that due to the lack of a reference image for HR-HSI, we performed spatial
downsampling on the original LR-HSI and HR-MSI using a Gaussian kernel of size 9 x 9,
following the Wald protocol, to generate the training set. We then treated the original LR-
HSI as HR-HSI. Due to the relatively low signal-to-noise ratio in some bands of the ZY-1E
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data, we selected the first 76 bands of LR-HSI for fusion experiments. During the training
phase, we randomly cropped image pairs (HR-HSI: 60 x 60 x 76, HR-MSI: 60 x 60 x 8,
LR-HSI: 20 x 20 x 76) from the training set for training. In the testing phase, we cropped
image pairs (HR-MSI: 540 x 540 x 8, LR-HSI: 180 x 180 x 76) for testing purposes.

4.2. Implementation and Indices
4.2.1. Implementation Details

In our experiments, for the Swin Transformer Block, we configured the parameters
as follows: window size of 8, number of channels set to 96, attention heads numbered
at 8, and a secondary window size of 4. The Adam optimizer was utilized for a total of
625,000 iterations, divided into 100 epochs with 625 iterations each. The initial learning
rate was set to 0.0001, with the rate decaying by a factor of 2 at the 50th and 80th epochs.
The batch size was established at 32. Our network model was implemented and trained on
a Linux operating system (Ubuntu 20.04) using PyTorch 1.11.0, Python 3.8, and CUDA 11.3.

4.2.2. Evaluation Indices

To comprehensively evaluate the performance of image fusion algorithms, a suite of
quantitative indices is commonly employed. These include the peak signal-to-noise ratio
(PSNR), spectral angle mapper (SAM), Erreur Relative Globale Adimensionnelle de Syn-
these (ERGAS), structural similarity index measure (SSIM), root mean square error (RMSE),
and the quality with no reference (QNR) index. PSNR assesses spatial effectiveness, with
higher values indicating lesser spatial information loss. SAM evaluates spectral quality,
with lower values denoting reduced spectral information loss. ERGAS, an overall assess-
ment metric, indicates better fusion quality with lower values. SSIM gauges structural
correlation, where higher values reflect better fusion effectiveness. RMSE measures similar-
ity between images, with lower values suggesting superior algorithm performance. QNR
is particularly well-suited for assessing the fusion quality of no-reference imagery, such as
the ZY-1E real remote sensing dataset, as it captures both spectral and spatial distortions.
Higher QNR values indicate better fusion quality, reflecting more effective preservation of
information. Together, these metrics evaluate the ability of fusion algorithms to retain both
spatial and spectral details.

4.3. Ablation Experiments

To further investigate the roles of the main modules in our proposed network, we
conducted a series of ablation experiments on the CAVE dataset using the FCSwinU model
as a baseline. Specifically, to verify the superiority of the FFT module in the SFFC for
shallow feature extraction compared to other modules, we replaced the FFT module with a
commonly used convolutional residual connection structure for extracting shallow LR-HSI
features. The experimental results are shown in the second column of Table 1. Compared
to the baseline model, the absence of the FFT structure resulted in a decrease of 0.75 dB
in PSNR, as well as a decrease in all other performance metrics. This result indicates that
pre-extracting low-resolution hyperspectral features using the FFT structure in the SFFC
module is highly beneficial for improving image fusion performance.

The encoder-decoder (ED) structure has been widely employed in the process of
extracting spectral and spatial information due to its strong feature propagation capability
and advantages in recovering details. In our model, skip connections are designed to
directly transfer low-level features to the decoder part, enabling the decoder to effectively
utilize rich low-level feature information. To validate the effectiveness of the ED structure,
we conducted an ablation experiment where the ED structure was removed, and only the
SwinT was used to extract deep features. The experimental results are presented in the
third column of Table 1. It is evident from the results that the performance without the ED
structure is significantly lower than the baseline model across all evaluation metrics. This
finding suggests that the ED structure plays a crucial role in extracting spectral features by
facilitating multi-scale feature extraction.
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Table 1. Ablation experimental results on the CAVE dataset.
FFT SwinT ED Base TCN
FFT X v N v X
SwinT v X v v v
ED v v X v v
base v v v v v
PSNR 1 46.83 45.42 46.41 47.58 47 .56
SAM | 1.45 1.67 1.49 1.34 1.24
SSIM 1 0.9947 0.9935 0.9945 0.9955 0.9947
RMSE | 0.0046 0.0054 0.0047 0.0042 0.0046
ERGAS | 1.10 1.28 1.14 1.02 1.07

Bold values indicate the best performance for each metric. 1 indicates that a higher value is better, while |
indicates that a lower value is better.

The self-attention mechanism within the Swin Transformer enables the extraction of
global features, which, compared to traditional CNN that extracts local features, more
efficiently achieves the fusion of hyperspectral and multispectral images. In our FCSwinU
model, we fully leverage the windowed self-attention mechanism of the Swin Transformer
to handle HR-MSI and LR-HS]I, in order to explore their spatial and spectral features more
comprehensively. To validate the effectiveness of the Swin Transformer, we conducted an
ablation experiment where only the encoder-decoder architecture was used, and a CNN
was employed as a replacement for the SwinT. It is evident from the results in the fourth
column of Table 1 that all performance metrics are significantly lower than the baseline.
This finding indicates that without the SwinT, the ability of our proposed network to extract
deep features would be greatly diminished.

In addition to this, we further replaced the FFT module with a Temporal Convolutional
Network (TCN), as shown in the last column of Table 1. This experiment was conducted to
compare the performance of FFT-based frequency domain convolution and TCN-based real
threshold convolution for shallow feature extraction. The results show that replacing FFT
with TCN leads to a further decline in performance across all metrics, especially in PSNR
and SSIM. This confirms that FFT-based shallow feature extraction in the SFFC module
provides a more effective way to capture detailed spectral information, which is crucial for
improving the accuracy and quality of hyperspectral image reconstruction.

In summary, this study presents an efficient network for the fusion of hyperspectral
and multispectral images. The network synergistically integrates the windowed self-
attention mechanism of the Swin Transformer with the potent feature extraction capabilities
of the SFFC module, maximizing the utilization of the interrelated spatial and spectral
features. In the encoder, the windowed self-attention mechanism precisely extracts feature
representations of HR-MSI and LR-HS], effectively capturing long-range dependencies and
global information within the images. The decoder employs multi-scale transformations
and feature fusion techniques to reconstruct and merge these features, resulting in high-
quality fused images. The network’s exceptional fusion performance in hyperspectral and
multispectral image fusion has been thoroughly validated and exhibited through a series
of ablation experiments.

4.4. Results and Analysis
4.4.1. Experiments with Benchmark Data

In this section, our proposed fusion approach is compared with eight other state-of-
the-art methods on the CAVE, WDCM, and PU datasets. These comparative methods
include three traditional techniques, such as the unmixing-based HySure [52] and CNMF [53]
algorithms, and the multi-resolution analysis-based GLP-HS [47] algorithm, along with five
recent deep learning-based techniques, namely SSFCNN [28], MSDCNN [54], MHF-Net [14],
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Fusformer [19], and MSST-Net [40]. Among these, Fusformer and MSST-Net are Transformer-
based fusion methods, while the other three employ CNN-based fusion techniques.

Tables 2—4, respectively, present the average quantitative results on the CAVE, WDCM,
and PU test sets, highlighting the best results in bold. It is observed that CNN-based
methods performed well, outperforming traditional methods overall, attributed to the
excellent non-linear feature extraction capability of CNNs. MSST-Net achieved results close
to ours due to its multi-scale training in both spectral and spatial dimensions, followed by
the Fusformer method. All Transformer-based methods demonstrated considerable fusion
performance across these three datasets, indicating significant advantages in extracting
global features for Transformer-based methods. Our approach, FCSwinU, exhibited the best
performance across PSNR, SAM, ERGAS, SSIM, and RMSE metrics on these three datasets.
Particularly notable is our method’s achievement in global spatial fusion PSNR metrics,
reaching 47.58, 50.73, and 42.91, respectively. Leveraging the SFFC module for extracting
features from LR-HSI, our method, unlike Fusformer and MSST-Net, utilizes the SwinTFAM
and SwinTFRM to enhance feature fusion and extraction from different modalities.

Table 2. Quantitative evaluation of new and existing methods across seven metrics in the CAVE Dataset.

Method PSNRT SAM| ERGAS| SSIMtT RMSE| FLOPs(G) Para(M)

CNMEF [53] 37.95 3.35 3.16 0.9762 0.0157 / /

GLP-HS [47] 36.50 3.68 3.10 0.9729 0.0196 / /

HySure [52] 40.39 2.61 2.62 0.9832 0.0096 / /
SSFCNN [28] 41.87 243 1.84 0.9857 0.0078 1.727 0.423
MSDCNN [54] 39.84 3.04 2.90 0.9775 0.0100 2.209 0.527
MHEF-Net [14] 45.93 1.58 1.21 0.9934 0.0050 22.460 3.630
Fusformer [19] 46.74 1.45 1.11 0.9945 0.0046 456.327 0.109
MSST-Net [40] 47.16 1.39 1.06 0.9950 0.0044 188.720 34.400
FCSwinU 47.58 1.34 1.02 0.9955 0.0042 1.125 29.176

Bold values indicate the best performance for each metric. 1 indicates that a higher value is better, while |
indicates that a lower value is better.

Table 3. Quantitative evaluation of new and existing methods across five metrics in the WDCM Dataset.

Method PSNR 1 SAM | ERGAS | SSIM 1 RMSE |
CNMEF [53] 37.28 4.10 293 0.9938 0.0077
GLP-HS [47] 34.31 5.37 3.81 0.9897 0.0095
HySure [52] 35.65 4.74 3.52 0.9915 0.0094
SSFCNN [28] 45.50 1.32 0.90 0.9896 0.0023
MSDCNN [54] 45.90 1.28 0.86 0.9986 0.0022
MHEF-Net [14] 48.22 1.24 0.83 0.9985 0.0021
Fusformer [19] 49.24 1.10 0.74 0.9989 0.0019
MSST-Net [40] 49.98 1.01 0.67 0.9990 0.0018
FCSwinU 50.73 0.93 0.63 0.9991 0.0016

Bold values indicate the best performance for each metric. 1 indicates that a higher value is better, while |
indicates that a lower value is better.

It is worth noting that our method performs comparably to the recently proposed
MSST-Net in terms of performance, mainly because both approaches employ attention
mechanisms and multi-scale feature extraction. However, our method differs from MSST-
Net in that we utilize a window-based attention mechanism, whereas MSST-Net relies
solely on pure attention mechanisms. As mentioned in our introduction section, research
suggests that window-based attention mechanisms have advantages over pure multi-head
attention mechanisms. Additionally, we introduce the use of the fast Fourier transform
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to extract shallow features from hyperspectral images, whereas MSST-Net only employs
CNN residual connections for shallow feature extraction.

Table 4. Quantitative evaluation of new and existing methods across five metrics in the PU Dataset.

Method PSNR 1 SAM | ERGAS | SSIM 1 RMSE |

CNMF [53] 34.73 5.07 291 0.9716 0.0309
GLP-HS [47] 35.95 4.70 248 0.9753 0.0276
HySure [52] 36.05 4.16 2.30 0.9747 0.0256
SSFCNN [28] 41.08 243 1.34 0.8933 0.0223
MSDCNN [54] 42.07 2.24 1.24 0.9885 0.0125
MHEF-Net [14] 41.19 2.48 1.23 0.9841 0.0139
Fusformer [19] 42.22 2.20 1.12 0.9897 0.0124
MSST-Net [40] 42.61 2.11 1.08 0.9910 0.0118
FCSwinU 4291 2.04 1.04 0.9916 0.0114

Bold values indicate the best performance for each metric. 1 indicates that a higher value is better, while | indicates
that a lower value is better.

To evaluate the computational efficiency, the last two columns of Table 2 detail the
floating-point operations (FLOPs) and parameter counts for various fusion methods on the
CAVE dataset. As indicated, Fusformer and MSST-Net exhibit notably higher computa-
tional demands, with FLOPs of 456.327 G and 188.720 G, respectively. Fusformer’s use of
standard Transformer layers likely contributes to this heavy load, while MSST-Net’s high
parameter count of 34.400 M may stem from the use of large-scale transposed convolutions.
In contrast, methods such as SSCNN and MSDCNN maintain more balanced computational
profiles, featuring moderate FLOPs and parameter counts. For example, SSCNN operates
with 1.727 G FLOPs and 0.423 M parameters. Our proposed method, FCSwinU, achieves an
optimal trade-off, balancing performance with computational efficiency, registering 1.125 G
FLOPs and a parameter count of 29.176 M, making it efficient for practical applications
without sacrificing fusion quality.

In order to visually assess the quality of the fused images, we present SAM maps and
error maps for some bands and their corresponding fusion results (shown in Figures 4-9).
Figures 4 and 5 exhibit false-color images synthesized from three estimated bands randomly
selected from the CAVE test set, along with their corresponding error maps. For compar-
ative clarity, the second row in all result images shows SAM images of spectral effects
produced by different fusion methods, displayed using the ‘jet” color map. Colors closer to
deep blue indicate smaller SAM values, corresponding to lower spectral information loss,
while colors closer to red signify larger SAM values, indicating greater spectral information
loss. The third row in the images illustrates error images between the fusion results of
various spectral fusion methods and the ground truth reference images. By subtracting the
fusion results from the reference images and averaging over bands, displayed using the
‘summer” color map, we map the images to a deep green color. Consequently, as the error
images approach deep green, the errors diminish, indicating better fusion performance.

On the WDCM dataset, we present pseudo-color images synthesized from the 67th,
27th, and 17th estimated bands, along with their corresponding SAM maps and error
maps (Figures 6 and 7). It can be observed that all deep learning methods produced
competitive results. However, our method demonstrates superior quality results, with
fewer residuals evident in the error maps, particularly in the region highlighted by the red
box. In Figures 8 and 9, we display pseudo-color images synthesized from the 29th, 19th,
and 9th estimated bands of the PU dataset, accompanied by their respective SAM maps
and error maps. Apart from our method, none of the other approaches managed to achieve
satisfactory results. A challenge in image reconstruction lies in restoring texture features.
Our method excels in recovering spatial textures, prominently observable in regions rich in
texture, such as the area highlighted by the red box.
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GLP-HS HySure

Figure 4. Illustrates the fusion results of the “fake and real apple” image from the CAVE dataset. The
first row presents a false-color image synthesized from the 29th, 19th, and 9th spectral bands. The
second row visualizes the SAM map. The third row depicts the error images between the fused and
the actual images.

0.05

GLP-HS HySure SSFCNN

MSDCNN MHF-Net Fusformer MSST-Net FCSwinU

Figure 5. Fusion results of the “watercolors” Image from the CAVE Dataset. The first row presents a
false-color image synthesized from the 67th, 27th, and 17th spectral bands. The second row visualizes
the SAM map. The third row depicts the error images between the fused and the original images.

0.015
0.01

0.005

GLP HS HySure SSFCNN MSDCNN MHF-Net Fusformer MSST-Net FCSwinU

Figure 6. Fusion results of Image 1 from the WDCM test set. The first row presents a false-color
image synthesized from the 67th, 27th, and 17th spectral bands. The second row visualizes the SAM
map. The third row depicts the error images between the fused and the original images.
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HySure SSFCNN MSDCNN MHEF-Net Fusformer MSST-Net FCSwinU

Figure 7. Fusion results of Image 2 from the WDCM test set. The first row presents a false-color
image synthesized from the 67th, 27th, and 17th spectral bands. The second row visualizes the SAM
map. The third row depicts the error comparison between the fused and the original images.

GT CNMF GLP-HS HySure SSFCNN MSDCNN MHF-Net Fusformer MSST-Net FCSwinU

Figure 8. Fusion results of Image 1 from the PU test set. The first row presents a false-color image
synthesized from the 29th, 19th, and 9th spectral bands. The second row visualizes the SAM map.
The third row depicts the error comparison between the fused and the original images.

CNMF GLP-HS HySure SSFCNN MSDCNN MHF-Net Fusformer MSST-Net FCSwinU

Figure 9. Fusion results of Image 2 from the PU test set. The first row presents a false-color image
synthesized from the 29th, 19th, and 9th spectral bands. The second row visualizes the SAM map.
The third row depicts the error comparison between the fused and the original images.

4.4.2. PSNR Comparison across Spectral Bands

We compared and analyzed the average PSNR of various methods across different
spectral bands in multiple datasets. For each dataset, a fusion image was randomly selected
from the test set, and its PSNR across various bands was calculated and averaged to
obtain the corresponding PSNR curve for each band. Figure 10a,c, respectively, illustrate
the average PSNR curves of different methods across various bands in the CAVE and
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PU datasets. These figures reveal that, although the overall performance trends of the
methods are similar across different bands, indicating effective capture of fundamental band
information, our FCSwinU method typically ranks at the top of these curves, demonstrating
superior detail control capability. Figure 10b presents the experimental results on the
WDCM dataset. Unlike the CAVE and PU datasets, the spectral bands of WDCM are more
complex, with richer geomorphological information reflected in each band. In analyzing
the PSNR curves of the WDCM dataset, the FCSwinU algorithm exhibits its powerful
capacity to handle complex terrain information. Notably, in parts of the PSNR curve where
sharp declines and rises occur, FCSwinU usually recovers more rapidly, indicating its swift
adaptability to sudden changes in image quality. This finding suggests that FCSwinU not
only excels in simple scenarios but also effectively captures and reproduces the details and
features of terrain, even in the more informationally rich and complex WDCM dataset. This
proficiency is attributed to its advantages in multi-scale feature extraction, deep feature
learning, and efficient information integration strategies.

CAVE PSNR Comparison WDCM PSNR Comparison PU PSNR Comparison

PSNR (dB)

46

IS
£

PSNR (dB)

PSNR (dB)
/
—7

384

©

CNMF == GLP-HS HySure

25 30 0 25 50 75 100 125 150 175 0 20 40 60 80
Band Band

SSFCNN === MSDCNN MHF-Net Fusformer === MSST-Net === FCSwinU

Figure 10. Average PSNR comparison of various fusion algorithms across different spectral bands in
(a) CAVE, (b) WDCM, and (c) PU datasets.

Through a comprehensive comparison of fusion results obtained from various meth-
ods, it is evident that images derived from traditional methods (HySure, CNME, and GLP-
HS) exhibit noticeable color differences and spatial distortions, particularly in enlarged
regions. In contrast, our proposed deep learning-based method, FCSwinU, demonstrates
clearer local structural information and reduced spectral distortion. Our approach exhibits
minimal errors at image edges and corner positions, showcasing superior spectral quality
with minimal spectral information loss, thereby validating the outstanding performance
of FCSwinU in reconstructing fine details of hyperspectral images. Despite the ability of
deep learning-based methods to generate estimated bands with similar visual effects, our
method presents fewer residues in error maps, especially in the region marked by the red
box, indicating our enhanced preservation of spatial details in the estimated bands.

4.4.3. Experiments with Real Data

To validate the robustness of our method on real data, we conducted tests using the real
LR-HSI and HR-MSI dataset, ZY-1E. During the testing process, due to limitations in GPU
memory, we cropped the LR-HSI of the test images to a size of 180 x 180, corresponding to
a cropped size of 540 x 540 for the HR-MSI. In order to better observe the fusion results,
Figure 11 displays the reconstructed images containing various scenes such as water bodies
and buildings. A comparison with the LR-HSI reveals varying degrees of color distortion
in the images produced by MHF-Net, and Fusformer, while HySure and CNMEF exhibit
severe distortion and spatial aliasing. The images reconstructed by SSFCNN and MSDCNN
perform worse than other deep learning-based methods in terms of spatial details. The
image produced by FCSwinU closely resembles the color of the LR-HSI and enhances
spatial details. Compared to other methods, FCSwinU demonstrates the best performance.
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Figure 12 presents the spectral curves of various objects from the ZY-1E dataset after
fusion using different methods, compared to the original LR-HSI. The examples include
(a) playgrounds and (b) cultivated land. In these plots, the spectral curves of our proposed
FCSwinU are shown in red, while the reference LR-HSI curves are in black. Notably, the
spectral curves of the FCSwinU, with slight variations, closely align with those of the
LR-HSI, reflecting minimal error across all objects. In contrast, the traditional HySure
method performs the worst, with significant deviations, particularly in the playground case.
MSST-Net performs better, with smaller spectral errors in the same scenario. Furthermore,
we utilized the QNR metric to assess the quality of the fused images. As indicated in
Table 5, FCSwinU achieved the highest QNR score, highlighting its superior performance
in image fusion quality compared to other methods.

Table 5. No-reference indexes for the fusion results of each method on the ZY-1E dataset. (The higher,
the better).

Method

HySure

CNMF SSFCNN MSDCNN MHEF-Net Fusformer MSST-Net FCSwinU

QONR

0.932

0.934 0.958 0.957 0.961 0.965 0.966 0.968

Surface reflectance

MSDCNN

MHF-Net Fusformer MSST-Net FCSwinU

Figure 11. Qualitative result 1 of the ZY-1E dataset. We show the composite image of the MSI with
bands 3-2-1 as R-G-B and HSI with bands 29-19-10 as R-G-B. reconstructed images by 7 compari-
son methods.
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0.15

LR-HSI
HySure
CNMF
SSFCNN
MSDCNN
MHEF-Net
Fusformer
MSST-Net
FCSwinU

025 [

020

Surface reflectance

015 F

NERERRER
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40 60 20 40 60

Band number Band number
(a) Playground (b) Cultivated land

Figure 12. Spectral contrast of different objects in the ZY-1E dataset.
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5. Conclusions

In this study, we introduce FCSwinU, an innovative network for hyperspectral and
multispectral image fusion. By combining the Swin Transformer’s windowed self-attention
mechanism with a UNet-like encoder—decoder structure, FCSwinU effectively processes
HR-MSI and LR-HSI data. The network features the SFFC module for early LR-HSI feature
extraction, alongside the SwinTFAM and SwinTFRM modules for feature fusion and
reconstruction. Experimental results show that FCSwinU delivers superior performance in
image fusion tasks.

However, we recognize that upsampling LR-HSI for feature extraction and fusion may
result in some loss of spatial information. As a limitation of the current approach, this
could impact the overall fusion quality. Future work will focus on exploring alternative
upsampling methods, such as transposed convolution, to better preserve spatial details
and improve alignment between HR-MSI and LR-HSI. This enhancement is critical for
addressing real-world challenges, such as variations in pose and lighting conditions, thereby
increasing the robustness and generalization of FCSwinU across diverse applications.

Moreover, while the proposed network demonstrates excellent fusion performance, its
generalization across different datasets remains limited due to variations in spectral bands
and image characteristics. Addressing this issue is another key future direction, where
we aim to explore solutions that improve the model’s adaptability and enable its broader
applicability across datasets.
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