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architecture
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Abstract; In order to address the problem th e super-segmentation models based on hybrid architectures usually require
high computational cost, this study proposes a lighyeight image super-segmentation network STSR ( Swin-Transformer-based Sin-
ric!CNN-Transformer architecture. Firstly, this paper proposes a Feature Enhance-

gle Tmage Super-Resolution) based on

ment Block (FEB) for parallel fea

action, which consists of a Convolutional Neural Network (CNN) and a lightweight
Transformer Network to extract rom the input image in parallel, and then the extracted features are fused to the features.
Secondly, this paper designs a amic Adjustment (DA) module, which enables the network to dynamically adjust the output of
the network according to the input image, reducing the networks dependence on irrelevant information. Finally, some benchmark
datasets are used to test the performance of the network, and the experimental results show that STSR still maintains a better re-
construction effect under the premise of reducing the number of model parameters.
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A2 HEREE
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PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
STSR-F 34.26/0.925 2 30.24/0. 839 2 29.01/0.802 9 28.02/0. 849 0
STSR-D x3 34.45/0.927 8 30.42/0.843 6 29.12/0. 806 0 28.43/0.856 9
STSR 34.52/0.928 6 30.53/0.846 0 29.18/0. 808 8 28.48/0.859 2
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