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Research and Implementation of Image Restoration Technology

Combining CSWin—-Transformer with Deformable Convolution

LIU Haiyang, HU Yong
(School of Information Engineering , Xizang Minzu University , Xianyang 712082, China)

Abstract: Addressing the issues of poor performance in repairing large—area irregular defects in images and high consumption of computation-
al resources, this paper proposes an image repair method that combines CSWin—Transformer with a deformable convolution residual dense net-
work. First, a generative model is constructed, consisting of a global layer network and a local layer network. The global layer CSWin-Trans-
former module uses striped windows to obtain a larger receptive field at a lower computational complexity, enhancing its ability to extract im-
age features. After the CSWin—Transformer, a new gated—dconv feed—forward network is added, which can selectively transform features, fil-
tering out features with insufficient information and retaining only valuable information to continue flowing through the network’s hierarchical
structure. Then, parallel local layers with deformable convolution residual dense blocks flexibly sample the image , enhancing the precision of
structural texture repair. Between the aforementioned parallel generative models, a shared attention mechanism is constructed to facilitate the
exchange of information between global and local features. Finally, a Markov discriminative model with spectral normalization is used for ad-
versarial training. Experimental results show that the proposed method achieves an improvement of 2.47 dB in the PSNR index and 0.075 2 in
the SSIM index compared with other methods, while there is a decrease of 0.092 4 in the LPIPS index.
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Fig.1 Network architecture
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