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Multi-scale feature extraction and fusion network for
single image deblurring

WU Tingting, WAN Shaojie

(College of Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China)

Abstract: Significant advancements have been made in image deblurring through multi-layer networks,
but their performance remains limited by challenges in feature extraction and residual connections. To ad-
dress these issues, this paper proposes a multi-scale feature extraction and fusion network (MSFN) for
image deblurring. The core idea of the network is to enhance image feature extraction through multi-scale
inputs and outputs. Further, MSFN utilizes its feature adaptive detail enhancement (ADE) modules and
cross-scale feature fusion (CSFF) modules to capture multi-scale features at different network depths,
thereby optimizing the residual connection process and effectively integrating multi-scale information. Ex-
perimental results demonstrate that the proposed algorithm achieves superiority in quantitative analysis
and significantly improves subjective visual effects, exhibiting an advanced performance.
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