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Abstract; Considering the effects of stalling, quality switching, content characteristics and other factors,
which will be directly reflected in the distorted video, a client-oriented mobile video perceptual quality
assessment model was proposed. The mapping model between the distorted video and the mean opinion
score (MOS) was established based on the idea of “deep feature extraction + regression” instead of
characterizing and measuring each influencing factor. First, ResNet-TSM network was constructed to

extract the deep spatial-temporal features of each distorted video segmentation. Second, LargeVis
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algorithm was used to reduce the dimensionality of the extracted deep features, and simultaneously

improving the representation and discriminative capabilities of the features. Afterward, the score of each

video segment was obtained by modeling the long-term dependence of the video by using the bidirectional

gated recurrent unit. The temporal mean pooling was adopted to aggregate the scores of each segment to
obtain the overall video score. The experimental results on the WaterlooSQoE-II and LIVE-NFLX-II

datasets show that the proposed model can achieve a higher prediction accuracy.

Key words: video perception quality assessment; mean opinion score; convolutional neural network ;

time shift module; bidirectional gated recurrent unit; deep spatial-temporal features
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Table 1 Influence of LargeVis dimensionality reduction on QoE model accuracy
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pLCC Vsnoce Vinoce Virce Viroce Viroce
32 0.8923 0.8525 0.669 9 0.948 4 0.9393 0.7912
64 0.8779 0.850 1 0.674 4 0.943 1 0.937 6 0.7952
128 0. 906 0 0. 862 2 0.700 4 0.9583 0.9559 0.8193
256 0. 906 6 0.8523 0.679 4 0.9577 0.947 3 0. 806 4
512 0.9012 0.8615 0.6917 0.960 0 0.9478 0.8153
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Table 2 Influence of the combination of different influencing factors on model performance

2 2 1 BB WaterlooSQoE- Il LIVE-NFLX- II
VPLCC VSROCC VKROCC VPLCC VSROCC VKROCC
Conv2_1 0.6813 0.665 1 0.4830 0.798 1 0.783 6 0.5626
ResNet-TSM Conv3_1 0.7142 0.6873 0.5072 0.8205 0.8121 0.6178
Conv4_1 0.7505 0.7222 0.540 1 0.8680 0.8567 0.678 1
Conv2_1 0. 663 8 0.644 1 0.4622 0.770 4 0.760 6 0.5463
ResNet50 Conv3_1 0.6785 0.6689 0.4794 0.788 1 0.788 1 0.563 1
Conv4_1 0.691 1 0.6876 0.497 1 0.7952 0.7833 0.570 4
x3 FAEFMERHAIEEERE 0
Table 3 Influence of the combination of different influencing factors on model performance
HHE S8 WaterlooSQoE- Il LIVE-NFLX- I

VPLCC VSROCC VKROCC VPLCC VSROCC VKROCC

N 0.7505 0.7222 0.540 1 0.8680 0.8567 0.678 1
5 0.8744 0.8177 0.6509 0.948 2 0.9374 0.794 6
L+ / 0.906 0 0.8622 0.700 4 0.9583 0.9559 0.8193
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Table 4 Comparison results of the performance with different modeling methods

R WaterlooSQoE- Il LIVE-NFLX- II
VPLCC VSROCC VKROCC VPLCC VSROCC VKROCC
Decision Tree 0.6812 0. 650 2 0.484 8 0.8912 0.8853 0.708 2
Bagging Regressor 0.8623 0.8000 0.6265 0.9171 0.8970 0.7367
Bayesian Regressor 0.876 6 0.8137 0.6340 0.9015 0.894 3 0.718 6
KNeighbors Regressor 0.8257 0.747 8 0.604 0 0.8849 0.8739 0.681 4
SVR 0.869 0 0.816 8 0. 644 4 0.902 1 0. 886 2 0.706 2
Ridge Regressor 0.889 1 0.8206 0.6449 0.9195 0.907 5 0.742 4
LassoCV 0.876 3 0. 809 4 0.6255 0.905 8 0.899 2 0.7311
Random Forest 0.8726 0.8290 0. 658 4 0.9200 0.907 8 0.7525
LSTM 0.903 1 0.8379 0.6724 0.948 7 0.9390 0.787 1
BiLSTM 0. 906 2 0.841 4 0.6779 0.955 1 0.946 2 0.807 8
GRU 0.907 6 0.8453 0.6799 0.9572 0.950 1 0.809 0
BiGRU 0. 906 0 0.8622 0.700 4 0.958 3 0.9559 0.8193
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Table 5 Modeling methods performance comparison with other state-of-the-art QoE models
Qolt i1 WaterlooSQoE- Il LIVE-NFLX- I
VPLCC VSROCC VKROCC VPLCL VSROCC VI\ROCC
Yin2015" 0.722 0.714 0.543 0.673 0. 686 0. 482
Spiteri2016"* 0. 809 0.798 0.597 0.731 0.711 0.712
Bentaleb2016' 0. 625 0.718 0. 521 0. 898 0. 883 0.712
SQI 0.673 0. 690 0. 496 0.910 0. 906 0.735
P. 1203 0.769 0.797 0. 604 0. 817 0. 821 0.619
KSQI™’ 0. 794 0.776 0. 584 0. 905 0. 893 0.722
CGNN-QoE™! 0. 890 0. 881 0.707 0.935 0.927 0.778
AT 0. 906 0 0.8622 0.700 4 0.958 3 0.9559 0.8193
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