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FSSENet: a frequency-spatial synergistic enhancement network
for cross-sensor remote sensing image super-resolution
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(1. Hubei Key Laboratory of Intelligent Vision Based Monitoring for Hydroelectric Engineering ,
China Three Gorges University, Yichang 443002, China;
2. College of Computer and Information Technology, China Three Gorges University, Yichang 443002, China)

Abstract: High-resolution remote sensing images are one of the core data sources for supporting remote
sensing applications such as land-cover monitoring, ecological assessment, disaster identification, and
refined interpretation of ground objects. However, owing to the limitations of sensor spatial resolution,
revisit period, imaging cost, and weather conditions, high-resolution images are sometimes difficult to
obtain or cannot continuously cover the target study areas. To address this problem, this paper proposes
FSSENet, a cross-sensor super-resolution reconstruction network based on frequency-spatial synergistic
enhancement(FSSE). The proposed network aims to recover high-quality high-resolution remote sensing
images from low-resolution observations by jointly enhancing frequency-domain information and spatial-
domain structural representation. FSSENet mainly consists of three innovative modules: 1) A frequency-
spatial synergistic high- and low-frequency separation module is constructed. In this module, Fourier
transform is first employed to explicitly separate high- and low-frequency components in the frequency
domain. Meanwhile, convolution kernels with different receptive fields are introduced in the spatial
domain to extract local high-frequency information and global low-frequency information. Then, self-
attention is used to independently perform synergistic enhancement of high- and low-frequency features
between the spatial and frequency domains, thereby obtaining higher-quality high-frequency and low-
frequency representations and improving the model’ s joint representation capability for main structures,
edge contours, and texture details. 2) A low-frequency-gated enhanced fusion module is designed. This
module first uses low-frequency features to generate channel and spatial gating weights, which enables
adaptive selection and response enhancement of high-frequency features. The selected high-frequency
details are then fused with low-frequency structural features through residual connections. In this way, the
effective fusion of high- and low-frequency features is achieved, while noise interference is suppressed and
edge and texture details are further strengthened. 3) A multi-scale pooling module with progressively
enlarged receptive fields is proposed. By gradually expanding the receptive field, this module enhances the
contextual modeling ability of the network for multi-scale ground objects and improves the preservation of
spatial structures in complex remote sensing scenes. To verify the effectiveness of FSSENet, two cross-
sensor datasets, RSRData-FHJ and RSRData-GH, are constructed for experiments, providing paired data
support for model training and evaluation. Experimental results show that, compared with seven
benchmark methods, FSSENet improves PSNR by 0. 41 to 5. 29 dB and SSIM by 0. 1150 to 0. 176 7 on
the RSRData-FHJ dataset. In addition, LPIPS and ERGAS also show significant improvements,
demonstrating that the proposed method provides an effective solution for cross-sensor remote sensing
image super-resolution reconstruction and practical remote sensing image enhancement tasks.
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Tab.1 Quantitative comparison of different methods on the RSRData-FHJ and RSRData-GH datasets

RSRData-FHJ RSRData-GH

Method PSNR(dB) SSIM LPIPS ERGAS Time PSNR(dB) SSIM LPIPS ERGAS Time

0 A v v v A A v v v

Bicubic 25.71 0.6735 0.4785 13.6321 - 23.11 0.6144 0.5549 10.6779 —
SRCNN 27.44 0.7348 0.3691 10.8969 1623 24.98 0.6963 0.4299 8.4583 1588
TransENet 29.29 0.8018 0.3233 8.8083 4572 27.11 0.7948 0.3027 6.6317 4038
HAT 30.58 0.8366 0.2781 7.6077 5609 28.17 0.8340 0.2147 5.8809 5785
ConvFormerSR 30.59 0.8387 0.2678 7.6226 5473 28.13 0.8315 0.1975 5.9515 3136
SRConvNet 29.82 0.8146 0.2955 8.3125 1914 27.62 0.8119 0.2694 6.2797 1747
DMNet 29.83 0.8155 0.3153 8.2618 2167 27.83 0.8211 0.2611 6.1128 2279

FSSENet

(Ours) 31.00 0.8502 0.2330 7.2829 3577 28. 36 0.8430 0.1739 5.7747 3952
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Tab.2 Ablation study results of key modules in FSSENet

Method Cross Attention LFGEFM PREMPM PSNR 4 SSIM 4
X N N 30. 63 0.8427
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D N/ N/ NG 31.00 0.850 2
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