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Abstract This paper presents a unified framework for various multi-scale structures. With this framework,

two factors of multi-scale convolution, i.e. feature propagation and cross-scale communication are

explored. A generic and efficient multi-scale convolution unit named Multi-Scale cross-Scale Share-weights

Convolution (MS’-Conv) is proposed. Experimental results showed that, the proposed MS’*-Conv can

achieve better super resolution performance than conventional convolution methods with less parameters

and computational cost. By observation of the visual quality, results also showed that the MS*-Conv

outperform in the reconstruction of high-frequency image details.
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Fig. 1 The structural comparison of standard convolution and multi-scale convolution
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Tabel 4 Quantitative results of the network model based on multi-scale convolution

PSNR (dB)
FF M Eeiaeayitl FLOPs (G) Params. (M)
Set5 Set14 BSD100 Urban100 DIV2K
PR 42.76 1.59 32.14 28.62 27.58 26.13 30.47
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PR 35.51 1.15 32.15 28.58 27.57 26.03 30.42
CARN MS3-Conv 15.06 0.45 32.02 28.50 27.51 25.81 30.30
MS3-Conv+ 23.32 1.03 32.14 28.57 27.58 26.04 30.44
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Fig. 6 Qualitative comparisons of standard convolution and variants of multi-scale convolution on SRResNet backbone
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Fig. 7 Qualitative comparisons on dense-grid region
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