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Research on Pansharpening Method for Remote Sensing Images Based on
Enhanced Attention Residual Module

XIAO Baowei
(School of Modern Education Technology, Shanxi University, Taiyuan 030006, China)

Abstract; To solve the characteristics of overstaffed structure and high computational cost in existing deep learning pan-
chromatic sharpening models, a new efficient and lightweight network is studied and designed. Its core is a newly designed
enhanced attention residual module (EARM), which adopts a gated fusion mechanism to intelligently integrate multispectral
and panchromatic features. and uses a dual attention mechanism to enhance the expression of key information. thereby im-
proving the feature extraction ability while controlling the complexity of the model. To verify the effectiveness of the method,
experiments are carried out on WorldView-1I, WorldView-11I, GaoFen-2 and other public datasets. Experimental results
show that this method has significantly improved the spectral fidelity and spatial detail restoration while exhibiting clearer ed-
ges and more natural spectral continuity in the subjective visual quality. Furthermore, the network architecture achieves an
effective balance between panchromatic sharpening accuracy and reasoning efficiency while maintaining a lower parameter and
computational burden. and provides an advanced and practical solution in the practical engineering application of high-resolu-
tion remote sensing images.
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