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Video Super-resolution Reconstruction Method Based on

Quantization Error Estimation Model

WANG Chun-meng
(Jinling Institute of Technology, Nanjing 211169, China)

Abstract: This paper proposes a comprehensive distribution model for quantization noise to es-
timate the quantitative error and do the super-resolution reconstruction with deep learning.
First, we make the preprocessing for all the frames in the training database to correct the
quantization error, and then by training features between the low resolution frames and the
high resolution frames after error correction, we acquire more accurate mapping relationship,
and reduce the error and quality loss brought by quantitative process. Experimental results
show that our algorithm is superior to the previous algorithms in both subjective experience and
objective index.
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JRAEHR AR Bicubic SRCNN A

1
1 PSNR 2 SSIM
dB dB
Bicubic SRCNN Bicubic SRCNN
Videol 38.58 41.59 41.79 Videol 0.973 1 0.976 2 0.978 1
Video2 36. 39 38.81 39.21 Video2 0.976 6 0.977 2 0.977 5
Video3 37.71 40. 37 40. 65 Video3 0.998 7 0.998 8 0.998 8
Video4 52. 46 53.05 53.33 Video4 0.974 5 0.974 8 0.974 9
Video5 50. 55 51.12 51.43 Video5 0.985 4 0.989 1 0.989 5
Video6 35.29 35.84 36.18 Video6 0.9819 0.983 7 0.984 1
Video? 37.08 37.69 37.82 Video? 0.978 9 0.979 2 0.979 1
Video8 39.31 40. 27 40. 49 Video8 0.974 5 0.979 1 0.979°5
Video9 38.19 39. 65 40. 01 Video9 0.9925 0.993 2 0.994 0
Videol0 37.24 38.12 38. 34 Videol0 0.983 7 0.984 6 0.985 2
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