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No-reference Stereo Image Quality Assessment Based on Disparity Information

ZHU Ling-ying,SANG Qing-bing and GU Ting-ting

School of Internet of Things Engineering,Jiangnan University, Wuxi,Jiangsu 214122, China

Abstract In recent years,with the rapid development of deep learning in the field of image quality assessment (IQA),2D-IQA
has been improved,but 3D-IQA still needs to be improved. Therefore,combining the three-branch convolutional neural network,
the paper proposes a no-reference stereo image quality assessment based on disparity information and analyzes the influence of
different disparity maps on the performance of the model. The algorithm takes the left/right view patches and the disparity map
patches as input,automatically extracts features,and obtains the regression model through training to realize the prediction of the
stereo images. In this paper,5 different stereo matching algorithms are used to generate disparity maps. The experimental results
show that the SAD algorithm is the best. The experimental results on stereo image databases LIVE3D and MCL3D show that the
method is not only suitable for evaluating symmetric distortion images,but also for evaluating asymmetric distortion stereo ima-
ges. The overall distortion results of this method are superior to other comparison algorithms. Especially on the MCL3D image
database, the evaluation method PLLCC and SROCC of the proposed method are 1% and 4% higher than other methods. The Ex-
perimental data shows that the proposed model improves the performance of stereo image quality assessment, which is highly con-
sistent with human subjective perception.
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Fig. 1 Parallax principle
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Fig. 2 Disparity maps generated by five stereo matching algorithms
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Table 1 Matching error rate
CRLAS s 0D
algorithm SAD SSD NCC GC SGM
all 9.71 10.12 10.59 16.17 13.58
tuskuba
nonocc 12.99 13.43 14.10  20.68  22.93
all 12.82 12.22 10. 60 41.17 99.71
venus
nonocc 10. 63 9.97 8.21 39.69 99. 55
all 44,31 43.35 40. 22 52.13 99. 74
teddy
nonocc 39. 27 38.11 34.56 48.18 99.53
all 43.34 42.37 42.36 58.33 99. 69
cones
nonocc 36.52  35.23  35.23 54.97  99.92
Average 26.19 25.6 24.48 41. 41 72.51
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#40*40 40*40*1640*40*;3*20*%8*20*3%0*20*7 s 640 BEEXA HHE R O e g
&\6/3 ™S L | Consl N
i onvz * *
e N Uy - 0
\ \ Pooll (Max_pool) k=2,5=3 20 % 20 % 16
4N Conv3 . L. 20 % 20 * 32
s 3{79 B Convd R8s lp=lon =32 20032
i Ly Pool2 k=2,5=3 10 % 10 * 32
ﬂ”,\ \ _ Convh k=3,s=1,p=1,n=148 8% 8 %48
s \3 ™S 4
|l W —2 e '/%?32 E / Pooly  x-peel r=2,5=2 deas
—~ \6/ - | U Avg_pool 4w dox 48
R BR RARLER mf M BRg o SEHE FCl Rel.U 1% 1% 320
bk EE FC2 RelL.U,dropout=0.5 1% 1 %640
B3 b U 2 B 2 1 FC3 n=1,sigmoid !
Fig. 3 Three-branch convolutional neural network structure
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&% s Phase 11418 T % FRRE X #R 2k H IR 3L 360 3k
KEEMG, 7€ LIVE 3D BB, — 3L 5 Fp 2k 2450, &
B4 JPEG JE4F (JPEG) \JPEG2000 JE4F (JP2K) & i A
% 75 ( Additive white Gaussian noise, WN) . & #4581 (Gaussian
blur, Gblur) FIkt 3 % ¥4 (Fast-fading, FF) 2¢ 2, LIVE 3D [
G (0 A 43 80RO 38 £ W45 43 2% (Differential Mean Opi-
nion Score, DMOS) 3K 7R , 43 BUbE =7 » UG T i 5k 2% .

R T S ESE I 0 38 A L R A MCL3D B8 R b i1 3 1k
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#84¥ (Mean Opinion Score, MOS) 3¢ 2 7% , 43 $iob% =5 , K14 i &
AT . LIVE3D F1l MCL3D #4819 2k 2R 5 &
AR Nk 3 T3,

Table 3 Type and amount of distortion images in database
EX ¥ %% H kg X EMEM  Gblur  FF  JP2K  WN JPEG  AWN  Sample Transloss
Phase 1 20 365 45 80 80 80 80 — — —
LIVE3D
Phase 11 8 360 72 72 72 72 72 — — —
MCL3D 9 648 108 — 108 — 108 108 108 108
M 2 ST AN Yo A N
4.1.2 HEFM AR 62(1‘ —y)?
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tion Coefficient, PLCC) Fl #f % /K & 55 2% AH 5% £ ${ (Spearman L B B
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M QRSIVSH)

# 4 MK 5 W T LIVE 3D Phase I I #4752 53 35k
TN P PR {E , % 6 A3 7 5 T 78 LIVE 3D Phase 11 &
AT SRR I e AR (. BARCRE L M = BT f
FH JR) 8 ST /R VT B 3 5 (SAD,L SSD, NCO) A= i A4 ¥ 2% 1 4R H i
N R dvag i K =i v i Ll = 7 S (E B B S
£ 7)) 37 AR VE it 8095 A A% 1 (SGML AT GO) R 22 BT, = 4
SR PR AR AN 5 4 SAD 22 R Y = 43 SR I 4 RE AR
F Wi AR (H R A SGM M2 8 Fn GC W22 181 1 = 43 52
IR ) S AN 0 T A SRR L TR O D % R A I B 22
BOFRAE 2 5% ma A5 0 Pk R, 2. 2 W th B 3E B SAD, SSD Al
NCC F7 3 A 1l R 22 181 0 o o B2 O T SGM i GC ik, I
I = 43 SO AD I il 5 00 25 PRI o 0 A OG, B A R 22
TS B, X 4% L A 4R BB A 25 00 A0 22 5 AE L DA T B2 T Y
B8 5 522 40 22 P 1Y) 15 D A 6 R Ty o B 2 PR AR 2B 1) P B

F 4 SL¥YE LIVE 3D Phase 1% [ 3515 89 SROCC {8
Table 4 SROCC for different methods on LIVE 3D Phase I database

Model JP2K JPEG WN Gblur FF ALL
PSNR 0.799 0.121 0.932 0.902 0.587 0. 834
SSIM 0.803 0.569 0. 886 0.907 0.803 0. 854
Zhang 0.931 0. 690 0. 946 0.909 0.834 0.943
Lin 0.902 0.772 0.929 0.903 0. 820 0.937
QRSIVS 0. 881 0.513 0.944 0. 930 0. 686 0.916
two-branch 0. 786 0.619 0. 881 0. 900 0. 881 0.925
ours (GC) 0.548 0.095 0.952 0. 300 0.738 0.699
ours(SGM) 0.833 0.643 0.905 0. 900 0.857 0.554
ours(NCC) 0.905 0.524 0. 809 0. 300 0.952 0.907
ours(SSD) 0.929 0.595 0.952 0. 700 0.952 0.938
ours(SAD) 0.905 0.691 0.667 0.900 0.929 0.948
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Table 5 PLCC for different methods on LIVE 3D Phase I database
Model JP2K JPEG WN Gblur FF ALL
PSNR 0.785 0.219 0.935 0.916 0.703 0. 834
SSIM 0.817 0.582 0. 869 0.902 0.797 0.851
Zhang 0.926 0.740 0.944 0.930 0. 883 0.947

Lin 0.934 0.761 0.933 0.932 0.861 0.942
QRSIVS 0.909 0.617 0.949 0.951 0.778 0.924
two-branch 0.929 0.438 0.979 0. 981 0.913 0.934
ours (GC) 0.514 0.071 0.968 0. 395 0. 834 0.769
ours(SGM) 0.739 0.605 0. 960 0.711 0.843 0.725
ours(NCC) 0.951 0.734 0. 960 0.705 0.923 0.919
ours(SSD) 0.952 0.610 0.958 0.983 0.944 0.939
ours(SAD) 0.934 0.747 0.910 0.981 0. 955 0.951
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Table 6 SROCC for different methods on LIVE 3D Phase 11 database
Model JP2K JPEG WN Gblur FF ALL
PSNR 0. 597 0.491 0.919 0. 690 0. 730 0.665
SSIM 0.735 0. 709 0. 886 0. 820 0.818 0.799
Zhang 0.897 0.942 0.941 0.489 — 0.914

Lin 0.897 0.774 0.903 0.922 0.881 0.906
QRSIVS 0.953 0.773 0. 826 0.770 0. 831 0.714
two-branch 0.678 0.714 0.714 0.714 0. 286 0. 881
ours (GC) 0. 500 0. 286 0.429 0.393 0.393 0.075
ours(SGM) 0. 464 0.393 0.857 0.536 0. 357 0.187
ours(NCC) 0. 857 0.643 0. 964 0.643 0.750 0.931
ours(SSD) 0. 857 0.536 1. 000 0.679 0.536 0.938
ours(SAD) 0. 750 0. 857 0. 964 0.893 0. 857 0.952
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Table 7 PLCC for different methods on LIVE 3D Phase II database
Model JP2K JPEG WN Gblur FF ALL
PSNR 0. 597 0.491 0.919 0. 690 0. 730 0.665
SSIM 0.747 0.715 0.892 0.831 0. 829 0.797
Zhang 0.921 0.927 0.957 0.899 - 0.912

Lin 0.901 0.812 0. 895 0.979 0. 896 0.913
QRSIVS 0.957 0.789 0. 829 0.784 0. 868 0.745
two-branch 0.756 0. 836 0.765 0.976 0. 590 0.901
ours (GC) 0. 391 0. 481 0. 587 0.236 0. 537 0.153
ours(SGM) 0.468 0. 309 0.848 0.554 0.062 0.191
ours(NCC) 0.871 0.743 0.978 0.941 0.821 0.920
ours(SSD) 0.936 0.573 0.921 0.936 0.811 0.933
ours(SAD) 0. 900 0. 884 0.824 0.976 0. 956 0.933
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Fig.5 Scatter plot of DMOS values and predicted scores in Phase 1
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4.3 EkERAM

ARSCR I MCL3D PR FE 96 F 12 A5 8 2 45 B oA 3 ok
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Table 8 PLCC and SROCC for different methods on
MCL3D database

Model Type SROCC PLCC
Benoit FR 0.767 0.755
Ryu FR 0. 850 0.842
NIQSV NR 0.621 0.678
S1IQM NR 0.776 0.774
Yang NR 0.905 0.912
Ours(GC) NR 0. 830 0.791
Ours(SGM) NR 0.871 0.788
Ours(NCC) NR 0.928 0.912
Ours(SSD) NR 0.938 0.919
Ours(SAD) NR 0.945 0.923
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