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Abstract

Hyperspectral images (HSIs) play an important role in remote sensing interpretation, target recog-
nition, and fine-grained classification. However, due to sensor noise and complex imaging condi-
tions, HSIs are often contaminated by Gaussian noise, stripe noise, and mixed noise, resulting in spa-
tial structure degradation and spectral distortion. To address the limitations of existing methods in
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detail restoration and spectral consistency preservation, this paper proposes a hyperspectral im-
age denoising method that integrates frequency-prior guidance and feature modulation. The pro-
posed method constructs a multi-scale feature extraction network, embeds frequency-domain statis-
tical information into the feature modulation process, and designs a triple-parameter modulation
module to adaptively regulate feature responses at different scales. Meanwhile, a lightweight channel
enhancement module and a weak high-frequency residual enhancement module are introduced to im-
prove edge and texture restoration. In addition, a spectral-angle constraintis incorporated into the loss
function to enhance spectral consistency. Experimental results on the ICVL dataset show that the pro-
posed method achieves superior performance in terms of PSNR, SSIM, and SAM. Visual results further
verify its effectiveness in edge structure recovery and detail reconstruction.
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Figure 1. Proposed network architecture
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Figure 2. Schematic diagram of key architectures for the proposed modules: FG-TPA, AMSF and WHFREM.
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Table 1. Quantitative comparison results of different methods on the ICVL dataset under Gaussian noise with varying noise

levels

= 1. FEISHRERE T &AL ICVL HiEE LM EEMLER

Case Index Noisy LRMR BM4D LRTV MemNet  HSID-CNN  QRNN3D Ours
PSNR 18.58 31.73 36.72 34.79 40.17 41.14 43.46 43.83

c=30 SSIM 0.107 0.679 0.865 0.769 0.962 0.957 0.973 0.975
SAM 0.703 0.179 0.143 0.157 0.074 0.096 0.038 0.036

PSNR 14.15 29.56 34.92 32.75 37.68 37.21 41.93 42.72

=50 SSIM 0.043 0.634 0.769 0.646 0.941 0.932 0.957 0.967
SAM 0.890 0.214 0.192 0.194 0.093 0.124 0.040 0.039

PSNR 11.22 26.44 31.78 29.13 35.83 35.46 39.73 41.15

=170 SSIM 0.023 0.576 0.601 0.598 0.897 0.896 0.945 0.955
SAM 1.013 0.282 0.231 0.252 0.097 0.148 0.051 0.041
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Table 2. Ablation results of structural odules

2. GAIRERIHALSIIN AR

Case Index BO Bl B2 B3
PSNR 42.12 42.96 4323 43.87
=30 SSIM 0.971 0.973 0.974 0.976
SAM 0.041 0.037 0.035 0.032
PSNR 41.98 42.83 42.91 43.21
=50 SSIM 0.964 0.966 0.967 0.969
SAM 0.054 0.049 0.047 0.039
PSNR 40.55 40.98 41.05 41.26
c=170 SSIM 0.950 0.952 0.953 0.954
SAM 0.064 0.058 0.056 0.042
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Figure 3. Visual comparison under different Gaussian noise levels
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Figure 4. Visual comparison of real-scene false-color images under different band combinations.
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Frequency-guided triple-parameter modulation visualization
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Figure 5. Visualization of frequency-guided parameter modulation
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