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No-reference Quality Assessment of Depth Images Based on Natural Scenes Statistics

CHEN Xi LI Lei-da LI Qiao-yue HAN Xi-xi ZHU Han-cheng

(School of Information and Control Engineering.,China University of Mining and Technology,Xuzhou,Jiangsu 221116, China)

Abstract Depth-image-based-rendering (DIBR) has been widely used in virtual view synthesis. The quality of depth
maps is a crucial factor influencing the synthesis results,because the errors of depth information can easily lead to se-
vere geometry distortions in virtual synthesis views,and it is difficult to obtain perfect depth maps. In this paper, an
NSS-based no-reference quality assessment algorithm for depth maps was proposed. Firstly,the edges of the depth map
are detected by the Canny operator,and the distorted edge region of the depth map is defined based on the detected ed-
ges. Secondly, Gradient Magnitude (GM) and Laplacian of Gaussian (LOG) of depth map in the distorted edge region
are calculated. The GM distribution is fitted by Weibull function for distorted images as well as undistorted ones. The
Asymmetric Generalized Gaussian Distribution (AGGD)is used to fit the LOG distributions for distorted images as well
as undistorted ones. Images are naturally multiscale,and distortions affect image structure across scales. Hence,all fea-
tures are extracted at five scales of the original image. Finally, Random Forests (RF) regression model is used to pro-
duce a quality index to assess the quality of the depth maps. Extensive experiments on benchmark databases demon-

strate the effectiveness of the proposed method,and it outperforms the state-of-the-art methods.

Keywords Quality assessment,Depth image, Natural scenes statistics, No-reference, View synthesis, Random forests
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Table 1 Performance comparison of different methods on

MCL-3D database

Vi ES PLCC SRCC KRCC RMSE
BRISQUE NR 0.6594 0.3516 0.2390 1.2046
NIQE NR 0.3918 0.3451 0.2332 1.6741
ILNIQE NR 0.3143 0.2279 0.1602 1.7210
NFERM NR 0.4736 0.3876 0.2698 1.6111
DESIQUE NR 0.5728 0.3699 0.2524 1.3134
BLIINDS-1I NR 0.3880 0.3421 0.2304 1.6891
BIQA NR 0.8094 0.6176 0.4392 0.9307
DIIVINE NR 0.4543 0.4039 0.2814 1.6274
BIQI NR 0.3291 0.3102 0.2189 1.7130
QAC NR 0.5689 0.2681 0.1958 1.3177
PSNR FR 0.7947 0.6972 0.5219 0.9726
SSIM FR 0.8069 0.6418 0.4723 0.9464
MS-SSIM FR 0.8022 0.6283 0.4635 0.9565
IWSSIM FR 0.8223 0.6819 0.5112 0.9117
FSIM FR 0.8290 0.6498 0.4860 0.8961
GSM FR 0.8151 0.6571 0.4880 0.9281
IGM FR 0.7991 0.6759 0.4997 0.9633
GMSD FR 0.7560 0.7386 0.5510 1. 0489
VIF FR 0.5268 0.5294 0.3918 1.5893
MAD FR 0.7786 0.7226 0.5423 1.0053
BDQM 0.3591 0.3623 0.2464 1.7031
BPR 0.5938 0.5539 0.4024 1.2637
AT % 0.8744 0.7983 0.6181 0.7722
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Table 2 Performance comparison of different methods on

SIAT database

VRS PLCC SRCC KRCC RMSE
BRISQUE NR 0.5045 0.4929 0.4103 0.1331
NIQE NR 0.3284 0.3591 0.2846 0.1817
ILNIQE NR 0.2193 0.2530 0.1532 0.1992
NFERM NR 0.3529 0.3437 0.2602 0.1707
DESIQUE NR 0.4338 0.3550 0.2760 0.1420
BLIINDS-1I NR 0.4035 0.3993 0.3052 0.1551
BIQA NR 0.5491 0.5874 0.4519 0.1324
DIIVINE NR 0.4782 0.2719 0.1645 0.1361
BIQI NR 0.4567 0.4340 0.3777 0.1392
QAC NR 0.6024 0.5417 0.4179 0.1258
BDQM 0.6152 0.5616 0.4443 0.1174
BPR 0.6569 0.6127 0.4975 0.1092

R X T & 0.6888 0.6190 0.5000 0.1039
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Table 3 Performance comparison when trained on MCL-3D

database and tested on SIAT database

I * PLCC SRCC KRCC RMSE
BRISQUE NR  0.4186  0.4315  0.3647  0.1447
NFERM NR  0.4418  0.3501  0.2693  0.1403
DESIQUE NR 0.4531 0.3973 0.3021 0.1396
BLIINDS-11 NR  0.3663  0.3841  0.2905  0.1609
BIQA NR  0.3979  0.4063  0.3175  0.1572
DIIVINE NR  0.4152  0.3772  0.2883  0.1513
BIQI NR  0.4075  0.2254  0.1475  0.1525
QAC NR  0.5894  0.4887  0.4079  0.1282

E S 0.6577 0.5952  0.4286  0.1061
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Table 4 Performance of proposed method when different number

of scales are used in building the scale-space representation

AR E ROE # PLCC SRCC KRCC RMSE
1 0.8362 0.7291 0.5445 0.8953
2 0.8489 0.7451 0.5684 0.8615
3 0.8458 0.7361 0.5500 0.8626

MCL-3D
4 0.8584 0.7486 0.5771 0.8554
5 0.8744 0.7983 0.6181 0.7722
6 0.8595 0.7721 0.5923 0.8531
1 0.5785 0.5413 0.4121 0.1304
2 0.5954 0.5682 0.4494 0.1275
3 0.5821 0.5481 0.4311 0.1284

SIAT
4 0.6549 0.5895 0.4765 0.1158
5 0.6888 0.6190 0.5000 0.1039
6 0.6793 0.5988 0.4805 0.1075
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Table 5 Experimental results with different characteristics

A E nE PLCC SRCC KRCC RMSE
— 0.7231  0.6128  0.4302  1.0779

MCL-3D — 0.6926  0.6064  0.4291  1,1497
ERES 0.8744  0.7983  0.6181  0.7722

— W 0.3961  0.3679  0.2871  0.1584

SIAT — 0.4132  0.3915  0.3015  0.1518

ERES 0.6888  0.6190  0.5000  0.1039
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