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Fast Super-Resolution Image Reconstruction
Method Using Deep Learning
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Abstract: In order to meet the needs of actual industrial production, a fast super-resolution image reconstruc-
tion method based on deep learning is proposed. We proposed our own convolutional neural network structure,
using cascaded small convolution kernels to achieve a higher reconstruction speed, and deepening the convolu-
tion network to achieve an improvement in reconstruction quality. The experimental results show that on the
standard public dataset, the high-resolution image reconstructed by the our algorithm achieves better results in
subjective visual perception and objective image quality evaluation (peak signal-to-noise ratio), at the mean
time, the reconstruction time is greatly shortened. The algorithm is applied in projects to solve the problem for
accurately detecting objects after threshold segmentation. In this way, it also reduces the high expenses of en-
terprises for purchasing industrial cameras.
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Fig. 1 Overall structural framework of the algorithm
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Tab.1 Performance comparison between Mini-network and 5X5 convolution kernel
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Tab. 2 Parameters comparison between the algorithm of this paper and ESPCN algorithm

Bl e KA R/ e
" Bicubic #%:  ESPCN % Sk ESPCN % = SR s
Setb 3 32.611 35. 086 35. 456 0.365 0.220
Setl4 3 32.256 35.379 35.735 0.236 0.251
BSD300 3 36. 258 39.197 39. 764 0.277 0.201
BSD500 3 32.898 35.131 35. 309 0. 241 0.217
SuperTexture 3 23.031 28.901 29. 368 0.217 0.187
3 P ETE B S Set5,Set14,BSD300 | (% 5 £ i = ORI L WK 2~4 fiR.

yEw .

(a) JRE (b) Bicubic Bk (c¢) ESPCN # % () SRk
Kl 2 7E Sets ilisE iy m gt sk
Fig. 2 Reconstruction results on the Set5 data set
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(a) J5L & (b) Bicubic &k (¢) ESPCN &k (d) S

K 3 fE Setld $idE 4 L H H# 45 R

Fig. 3 Reconstruction results on the Setl4 data set
(a) J5A (b) Bicubic &% (¢) ESPCN & ik (d) Sk
Bl 4 fE BSD300 %44 I iy H gt 4%
Fig.4 Reconstruction results on the BSD300 data set
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Fig. 6 Image segmentation process after reconstruction
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