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No-reference VMAF Video Quality Assessment Model Based on
Multi-mode Bilinear Pooling and Temporal Pooling Aggregation

ZHUO Li, YANG Shuo, ZHANG Jing, LI Jiafeng
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract; To solve the problem that it is difficult to obtain the original video information in the practical
applications, a no-reference video multimethod assessment fusion ( VMAF ) prediction model was
proposed in this paper. First, the VMAF scores of distorted video frames were predicted by adopting a
frame level no-reference VMAF prediction model, which was established by a convolutional neural
network based on multi-mode bilinear pooling operation. Second, the quality feature vector was obtained
by fusing the aggregation results of the VMAF prediction scores of the distorted video frames by three
different temporal pooling methods. Finally, the nu support vector regression ( NuSVR) method was
adopted to establish the mapping relationship model between the quality feature vector and the VMAF
score of the video. The important application value is demonstrated that the proposed model can predict
the VMAF score of the distorted videos without the original video information. Experimental results show
that the proposed model can obtain higher prediction accuracy.
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Table 1 Performance comparison of different temporal pooling methods

WaterlooSQoE- Il LIVE-NFLX- I
Ak ik
Veree Vsroce Viree Vsroce
VQpooling 0.8558 0.9120 0.900 8 0.903 6
THpooling 0.8721 0.9256 0.9183 0.9104
Mpooling 0.8910 0.9334 0.9189 0.9132
VQpooling + THpooling + Mpooling 0.9111 0.9333 0.926 4 0.9133
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Fig.3 Experimental results of three pooling methods
on the WaterlooSQoE- Il dataset
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Fig.4 Experimental results of three pooling methods
on the LIVE-NFLX- Il dataset
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Table 2 Comparison of model accuracy of different

modeling methods

WaterlooSQoE-II  LIVE-NFLX- II
AT 1
mee  Vewoce  Vewee  Veroce
TSR 0.8667 0.9066 0.9193 0.8908
& SRR 0.8758 0.9283 0.9211 0.9114
K34 1H1 5 0.8741 0.9169 0.9196 0.9037
BEYLBERE FF%E  0.8792 0.9274 0.9182 0.9168
aEVE| 0.8802 0.9291 0.9191 0.9140
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