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[Abstract] Lightweight super-resolution network is of great importance in security monitoring, real-time face
recognition, and other fields. However, the existing super-resolution reconstruction network improves the reconstruction
effect at the expense of memory and computing cost, which limits its application in real-world scenarios. This study
proposes a lightweight super-resolution reconstruction network based on the Dynamic Adaptive Cascade Network
(DACN).The low frequency features are extracted by the depthwise separable convolution in the Dual Residual Block
(DRB) , and the pixel attention mechanism is introduced to obtain more detailed features to reduce the parameters
quanitity and to enhance the network reconstruction.ability. A part of the convolution parameters in the DRB is used as
the sub-convolution of the dynamic convolution kernel and is shared with the Dynamic Adaptive Block (DAB). The
weight of the shared convolution is adjusted by the learnable parameters to enhance the non-linear mapping relationship
of the network and fully extract the texture details of the image. The experimental results show that compared with
VDSR, CARN, PAN, and other‘networks, the reconstructed image texture of the proposed network is closer to the
original image, and its parameter quanitity is only 1/2 of the traditional lightweight network CARN.The peak signal to
noise ratio of Set5 dataset-with an amplification factor of 4 is 0.16 dB higher than that of CARN.
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Fig.1 Structure of dynamic adaptive cascade network
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Table 2 Peak signal to noise ratio and structural similarity comparison among different networks
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Fig.5 Visualization results comparison among different networks
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