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Abstract

reference video quality assessment algorithm is proposed, which applies three-dimensional (3D) convolutional neural

In order to assess the quality of distorted videos accurately without reference videos, a universal no-

networks to extracting spatiotemporal features of distorted videos. Firstly, the convolutional neural network model
3D ConvNets is trained on the video quality database, and then the features related to video distortion degree are
learned. Then, 3D ConvNets is used to extract features of the input distorted video, after which L.2-normalization
and principal component analysis are performed to prevent overfitting and eliminate redundancy. Finally, linear
support vector regression is used to predict quality score of the distorted video based on video quality features. The

experimental results show that the proposed algorithm can assess video quality accurately across different kinds of

distortion,

and it still maintains a high level of accuracy when the test video database is changed. Last but not least,

the computational complexity of quality assessment process is extremely low for the proposed algorithm.
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Fig. 2 Quality assessment process of the proposed algorithm
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Table 1 Median SROCC of tests on LIVE database
Type Algorithm Wireless 1P H.264 MPEG All
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NR V-BLIINDS 0.792 0.725 0.827 0.861 0.731
Proposed 0.743 0.714 0.767 0.857 0.718
# 2 LIVE $U3# Bl ales 25 LCC Pl
Table 2 Median LCC of tests on LIVE database
Type Algorithm Wireless 1P H.264 MPEG All
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Table 3 Median SROCC and LCC of tests on CSIQ database
. ) SROCC LCC
Distortion
V-BLIINDS Proposed V-BLIINDS Proposed
H.264 0.938 0.943 0.955 0.963
Packet-loss 0.426 0.829 0.518 0.872
MJPEG 0.947 0.891 0.957 0.886
Wavelet 0.873 0.943 0.900 0.921
White noise 0.940 0.943 0.965 0.963
HEVC 0.817 0.943 0.822 0.961
All 0.561 0.717 0.569 0.721
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Fig. 3 Box plots of SROCC distributions on (a) LIVE database and (b) CSIQ database
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