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Comparative Analysis of Deep Learning Researches for Compressed
Video Quality Improvement
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Abstract

Recently, researches using Convolutional Neural Network (CNN)-based approaches have been actively conducted to improve the
reduced quality of compressed video using block-based video coding standards such as H.265/HEVC. This paper aims to
summarize and analyze the network models in these quality enhancement studies. At first the detailed components of CNN for
quality enhancement are overviewed and then we summarize prior studies in the image domain. Next, related studies are
summarized in three aspects of network structure, dataset, and training methods, and present representative models implementation
and experimental results for performance comparison.
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z, ifx >0,
ax, otherwise .

PReLU(x) = {
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Author | # Layer | # Parameter Convolution Layer Structure
Park 3 24,416 (9%x9x64), (3x3x32),(5x5x1)
Wang 10 296,064 (3% 3 x64)x9, (3 x3x1)
Dai 6 54,512 (5x5x64), (5x5x16), (3x3x32),(3x3x16),(1x1x32),(3x3x1)
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Song 8 (127.350) (3 x 3 x64)x7, (3 x3x1)
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Table 2. Comparison of Training Conditions

Author | Activation | Optimizer Loss Framewok | HM Ver.

Mat

Park RelLU SGD MSE Conv 16.0
Net

Wang RelLU AdaDelta MSE Caffe 16.0

Dai RelLU SGD MSE Caffe 16.0

Meng | PReLU | AdaDeta | ot - 7.0

9 MS-SSIM '
MSE + JEM
Song ReLU SGD Regularizers Caffe 7.0
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Fig. 1. Comparison of visual quality difference
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F 4. HM 253} %A 2 CNN 7|8k 312 J§M 9AF 7F PSNR H|iT
Table 4. PSNR Comparison between compressed video using HM and improved video with CNN

Sequence Resolution Model HM(QP=37) CNN A PSNR
Park 32.868 33.028 0.160
BasketballDrill 832x480 Dai 32.868 33.046 0.179
Kim 32.868 32.978 0.111
Park 32.900 33.097 0.197
BasketballDrill Text 832x480 Dai 32.900 33.108 0.208
Kim 32.900 33.017 0.116
Park 36.171 36.215 0.044
BasketballDrive 1920%1080 Dai 36.171 36.160 -0.010
Kim 36.171 36.045 -0.126
Park 32453 32.554 0.101
BasketballPass 416%240 Dai 32.453 32.616 0.163
Kim 32.453 32.445 -0.008
Park 30.172 30.260 0.088
BlowingBubbles 416%240 Dai 30.172 30.280 0.108
Kim 30.172 30.194 0.023
Park 31.818 31.946 0.129
BQMall 832x480 Dai 31.818 31.925 0.107
Kim 31.818 31.820 0.002
Park 29.615 29.922 0.307
BQSquare 416%240 Dai 29.615 29.906 0.291
Kim 29.615 29.841 0.225
Park 31.507 31.562 0.056
BQTerrace 1920%1080 Dai 31.507 31.615 0.109
Kim 31.507 31.507 0.001
Park 33.101 33.172 0.071
Cactus 1920%1080 Dai 33.101 33.202 0.100
Kim 33.101 33.089 -0.012
Park 31.258 31.328 0.070
RaceHorses 832x480 Dai 31.258 31.338 0.080
Kim 31.258 31.240 -0.018
Park 33.839 33.895 0.056
ChinaSpeed 1024x768 Dai 33.839 33.848 0.009
Kim 33.839 33.587 -0.252
Park 35.297 35.519 0.222
FourPeople 1280%720 Dai 35.297 35.494 0.197
Kim 35.297 35.412 0.114
Park 37.103 37.142 0.039
Johnny 1280%720 Dai 37.103 37.065 -0.038
Kim 37.103 36.971 -0.132
Park 37.348 37.359 0.011
Kimono1 1920%1080 Dai 37.348 37.298 -0.051
Kim 37.348 37.289 -0.060
Park 36.669 36.863 0.194
KristenAndSara 1280%720 Dai 36.669 36.751 0.082
Kim 36.669 36.712 0.043
Park 33.101 33.118 0.017
ParkScene 1920%1080 Dai 33.101 33.117 0.016
Kim 33.101 33.041 -0.060
Park 28.793 28.910 0.117
PartyScene 832x480 Dai 28.793 28.912 0.119
Kim 28.793 28.817 0.024
Park 33.878 34.099 0.221
PeopleOnStreet 25601600 Dai 33.878 34.115 0.237
Kim 33.878 34.003 0.125
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