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Abstract : ITmage quality assessment(IQA)is a fundamental problem in image processing and computer vision. IQA is very
important for the performance evaluation of acquisition, processing and analysis systems of visual information. Most of the
existing no-reference( NR ) image quality assessments are based on the natural statistical characteristics, or design deep
network to predict the image quality. These methods have not considered the visual characteristics ,which produces the large
difference in image quality score between the objective and subjective methods. To overcome this problem, this paper
proposes a NR-IQA method based on the deep network and visual characteristics. Firstly, mean subtracted contrast
normalized map of the image is calculated, and the map is resampled into overlapped patches randomly. Then the deep
network is designed by combining the VGG net and Inception net to predict the quality scores of patches. Finally,the scores
are ranked and the worst-case pooling is utilized to weight the scores to obtain the image quality score. Experimental results
on public CSIQ, LIVE and TID2013 databases show that the proposed method performs consistently with the subjective
perception and has a better performance than state-of-the-art methods.
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Fig.1 The proposed NR-IQA framework based on deep network and perceptual characteristics
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Table 1 Comparison results between the proposed method and reference methods

WiReS Eit TID2013 CSIQ LIVE
SROCC 0.889 0.806 0.866
PSNR
PLCC 0.847 0.800 0.856
SROCC 0.856 0.876 0.913
SSIM
PLCC 0.867 0.861 0.906
SROCC 0.963 0.924 0.964
FSIM
PLCC 0.932 0.912 0.960
SROCC 0.843 — 0.928
CNN++
PLCC 0.804 — 0.897
SROCC 0.717 0.815 0.958
BIECON
PLCC 0.762 0.823 0.960
SROCC 0.885 0.871 0.960
deeplQA
PLCC 0.913 0.891 0.971
SROCC 0.825 0.884 0.975
DIQA
PLCC 0.850 0.915 0.977
_— SROCC 0.811 0.948 0.964
AT PLCC 0.840 0.960 0.965

F2~4 W5 TARSCITIEAE LIVE  CSIQ AT TID2013 504 2 I (4 B 2% A PR PERE. R AT LA
AR SO TS AR LS BUERRE ARAS AL 1) F2 % W — 35 k. (EUZ X T TID2013 i b i 5 15 A2k
YR FLBCRAT S R . 33X IR R ELE Ay Ry A R B AR Ak, R T R R A 5 A L AR 2 T IRk
HIX ARG B S T i e 25 BRI LS EL 5 8 T SR A, (L B o 1 Rl o AR O R
BTN SR A 22T 5 B R DRI 32 00— Bt BT Rk, SRR UL, A SO R X T R4 R
BB B B B SR AR R 2R AR T B R RE.

R2 AXFEELIVEHIEELHNER
Table 2 Results on LIVE database

LIVE SROCC PLCC KROCC RMSE
fi 0.943 8 0.911 0 0.807 0 11.024 7
gblur 0.965 2 0.960 6 0.848 9 8.779 2
ipeg 0.978 2 0.984 8 0.888 6 56728
ip2k 0.948 9 0.960 3 0.794 9 10.441 9
wn 0.982 6 0.898 0 0.900 1 6.8217
All 0.963 7 0.965 0 0.846 8 6.461 6

R3 AXHETECSIQHIBELMER
Table 3 Results on CSIQ database

CSIQ SROCC PLCC KROCC RMSE
awgn 0.952 6 0.954 0 0.771 9 0.058 1
blur 0.947 8 0.962 7 0.897 6 0.072 2
contrast 0.792 2 0.797 6 0.804 3 0.125 7
fnoise 0.843 0 0.824 4 0.764 1 0.096 5
jpeg 0.967 5 0.989 1 0.802 3 0.059 6
jp2k 0.964 0 0.957 2 0.845 6 0.078 6
All 0.948 3 0.959 9 0.813 8 0.084 9
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Table 4 Results on TID2013 database

TID2013 SROCC PLCC KROCC RMSE
#1 0.978 5 0.978 6 0.653 3 0.463 6
#2 0.948 5 0.944 3 0.799 2 0.239 7
#3 0.968 5 0.976 4 0.813 3 0.458 1
#4 0.914 6 0.926 5 0.720 0 0.238 1
#5 0.968 5 0.990 1 0.764 6 0.479 9
#6 0.933 9 0.937 3 0.846 7 0.218 1
#7 0.923 1 0.935 6 0.733 3 0.414 6
#3 0.917 7 0.944 7 0.553 3 0.242 8
#9 0.900 8 0.962 0 0.626 6 0.692 7
#10 0.941 5 0.986 0 0.673 3 0.915 6
#11 0.922 3 0.930 4 0.680 0 0.983 2
#12 0.853 8 0.934 7 0.406 7 1.240 8
#13 0.943 6 0.916 0 0.673 3 0.560 2
#14 0.874 7 0.902 8 0.589 3 0.601 6
#15 0.167 7 0.188 6 0.226 7 0.759 3
#16 0.681 0 0.744 1 0.320 4 0.700 2
#17 0.803 1 0.813 9 0.440 0 0.692 0
#18 0.843 9 0.820 1 0.653 3 0.293 2
#19 0.948 1 0.931 7 0.769 0 0.369 5
#20 0.917 7 0.933 3 0.655 3 0.688 5
#21 0.955 4 0.962 2 0.839 8 0.216 7
#22 0.932 5 0.928 0 0.771 2 0.310 0
#23 0.908 5 0.970 9 0.613 3 0.793 5
#24 0.932 3 0.961 6 0.879 9 0.219 8
All 0.810 9 0.839 9 0.756 0 0.302 4
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