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Fig. 1 Global-local feature reuse network architecture
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Fig. 2 Feature reuse module architecture
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Fig. 3 Local attention module architecture
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Index 6 7 8 9 10
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SAM vy 2.027 1. 940 1.703 1.751 1.765
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Table 4 Comparison of algorithm results with different scale factors on Harvard dataset

Scale Metric CSTF UAL TSFN PZNet Fusformer DHIF LGAR-Net
PSNR /dB 42. 362 44.853 48.993 49.382 48. 856 49.263 49. 962
” SSIM 0.9722 0. 9865 0.9874 0.9873 0.9873 0.9873 0.9882
SAM 8. 257 4.762 3. 488 3.250 3.422 3. 488 3.085
ERGA 5.693 1.855 1.732 1. 640 1.662 1.539 1.218
PSNR /dB 41.233 43. 368 48.661 48. 864 48.203 48.835 49.210
vy SSIM 0.9706 0. 9837 0. 9850 0. 9849 0. 9850 0.9850 0.9862
SAM 9.214 5.011 3.763 3. 901 3. 955 3.858 3.317
ERGA 3. 847 1. 025 0.839 0. 807 0.822 0.796 0.752
PSNR /dB 39. 822 42.563 47.299 47.262 46. 958 47.235 47. 386
SSIM 0.9521 0.9788 0.9803 0. 9801 0.9803 0.9803 0.9812
16 SAM 9.621 5.812 4.344 4.219 4.425 4.268 4.105
ERGA 2.102 0.842 0.662 0.678 0. 666 0. 655 0.602
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School of Microelectronics, Tianjin University, Tianjin 300072, China
Abstract

Objective Hyperspectral images usually need to sacrifice spatial resolution to improve spectral resolution, which will lead
to the emergence of a large number of mixed pixels and seriously affect the performance of subsequent applications.
Convolutional neural networks (CNNs) can maximize the spatial resolution of hyperspectral images on the premise of
ensuring spectral information integrity by fusing multispectral images. The 2D convolution scheme adopts 1D convolution
and 2D convolution respectively for feature extraction of spectral and spatial information. However, 1D convolution can
only take global spectral information into account and lacks attention to complementary spectral information between
adjacent pixels, which easily results in insufficient spectral feature extraction. 3D convolution will introduce a large
number of network parameters, limiting the depth and width of the design. Meanwhile, most network designs pay more
attention to spatial feature extraction but ignore spectral dimension information to easily cause spectral confusion. In
addition, as the network deepens, both spatial and spectral dimensions will lose information. The residual connection can
alleviate this problem to a certain extent by ignoring the information differences among different input images, and it is
difficult to employ the original input information to compensate the network. Therefore, hyperspectral image super-
resolution needs to enhance the extraction of spectral information and improve the spatial resolution of images. In addition,
the design should strengthen the adaptability to hyperspectral images to ensure that the network can accurately take

advantage of the characteristics of different input images.

Methods To solve the insufficient utilization of intrinsic spectral features and supplement information more effectively in
the fusion-based hyperspectral image super-resolution method, we propose a global-local attention feature reuse network
(LGAR-Net). The network adopts low-resolution hyperspectral images and multispectral images with bicubic interpolation
as the original input and designs a progressive structure. The progressive network leverages a few bands for the initial build
first and gradually adds more band information to fine-tune the details for more accurate reconstruction effects. The
network optimization features a reuse mechanism to preserve multi-scale spatial information while reducing the parameter
number. Each progressive stage contains local attention blocks which employ spatial attention to enhance spatial

information extraction and channel attention to supplement spectral information representation ability. Finally, we design a
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global correction module. According to the characteristics of a high spatial abundance of multispectral images and high

spectral fidelity of hyperspectral images, The module adopts a global attention mechanism to focus information of different

dimensions on the two kinds of original inputs to supplement targeted global information and ensure network stability.

Results and Discussions To achieve the balance between performance and parameters, we design the module
performance experiments to determine the specific number of extraction modules in feature reuse modules (Table 1). At
the same time, we perform an ablation on the feature reuse connection, local attention blocks, and global correction
module to determine the effectiveness of each core module (Table 2). In the comparative experiment, LGAR-Net is
compared with other six representative advanced algorithms through quantitative evaluation, and two datasets of CAVE
and Harvard are selected for evaluation. In the CAVE dataset results, LGAR-Netnet X4 magnification results in PSNR
and SSIM, SAM, and EGRA respectively reach 51.244 dB, 0.9644, 1.703, and 0.392, and prove the network
advancement (Table 3). Additionally, LGAR-Net yields the best performance in both X8 and X 16 magnification tasks,
which verifies its strong adaptability to different magnification factors. LGAR-Net still achieves the best results by
comparing the results of X4, X8, and X 16 magnification in the Harvard dataset, which further proves the network
generalization (Table 4). We carry out some qualitative experiments to further evaluate the model performance. The
absolute error map is employed to reflect the differences between the reconstructed image and the real image (Fig. 6). In
addition, we compare the spectral curve to reflect the spectral distortion condition (Fig. 7). The results of qualitative

experiments also prove the superior performance of LGAR-Net.

Conclusions In this paper, we propose a hyperspectral image super-resolution network named LGAR-Net to obtain high-
resolution hyperspectral images by integrating information from low-resolution hyperspectral images and multispectral
images. The network refines the reconstruction effect continuously through the progressive network and adopts the feature
reuse mechanism to retain multiple granularity information. Local attention is utilized to enhance spectral information
extraction, and global attention is to make information compensation by the original input image characteristics for
strengthening the network adaptation to hyperspectral images. In addition, the optimal number of modules is analyzed in
the network design experiments, and the effectiveness of innovation points is proven by the ablation experiment. In the
comparative experiment, LGAR-Net conducts quantitative and qualitative evaluations alongside other six methods on the
CAVE and Harvard datasets. Across various magnifications, LGAR-Net consistently achieves outstanding results,

demonstrating its effectiveness and advanced capabilities.

Key words hyperspectral images; super-resolution; attention mechanism; feature reuse; convolutional neural network
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