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Lightweighting of Super-Resolution Model
Using Depth-Wise Separable Convolution

Dachee Kim®, Juhee Kang', Jackoo Lee’
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ABSTRACT

Super-resolution is the process of upscaling low-resolution images into high-resolution images and is
relatively focused on research that improves system performance by utilizing heavy computation. We recognized
that deep convolutional neural network based super-resolution models need to be lightweighted when they ared
used with other technologies or in mobile environments. In this paper, we propose a separable
convolution-based multi-scale residual network(SMSRN) structure using depth-wise separable convolution, which
is a lightweight version of the latest super-resolution model, that is, the multi-scale residual network (MSRN).
Compare to the MSRN, the number of parameters in SMSRN is 14.64% of that in MSRN. On the other
hand, quantitative experiments on a variety of benchmark datasets resulted in the remaining performance of
98.53%, and qualitative experiments showed that performance degradation was difficult to identify. Since the
SMSRN is a structure that uses a variety of convolution filter sizes, it is expected that it can also be applied

to various architectures of super-resolution models to make them lighter.
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Fig. 1. Comparison of parameters and PSNR for SMSRN
and SOTA Super Resolution Models
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(b) Depth—wise Convolution
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Fig. 2. The process of separating classical convolution into depth-wise and point-wise convolution
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T2 4. Sets[4] wlole] A3 baby S 4wl Zs) skt AIHAETE LR, 2 B2, MSRN[3], SMSRN)
Fig. 4. The 4-times super-resolved result of baby image of the set5[4] dataset (from left to original, bicubic interpolation,
MSRNJ3], SMSRN)

12 5. Set14[9] Hlole] A3 comic BE 4ul Zshdsial AIHAETE ¥, 4 B2, MSRN[3], SMSRN)
Fig. 5. The 4-times super-resolved result of comic image of the set14[9] dataset (from left to original, bicubic interpolation,
MSRN][3], SMSRN)

T3l 6. B100[10] ®leJel A13ke] 102061 A 4n Zsi skt AzpZE] S, 23siwt B7H, MSRN[3], SMSRN)
Fig. 6. The 4-times super-resolved result of 102061 image of the B100[10] dataset (from left to original, bicubic interpolation,
MSRN[3], SMSRN)

32| 7. Urban100[11] HloTe] A3+] img004 IAFS 4n] ZsiAslil Ash 91 98, Al Bz MSRN[3], SMSRN)
Fig. 7. The 4-times super-resolved result of img004 image of the Urbanl00[11] dataset (from left to original, bicubic
interpolation, MSRN[3], SMSRN)
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