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Relative Image Quality Assessment Based on CPNet

LI Kai-wen, XU Lin and CHEN Qiang
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Abstract For two images with different quality,the human visual system (HVS) can easily distinguish their quality difference.
Thus,it is more accurate to judge the relative quality of two images by simulating HVS than to give the absolute quality score of
images. A CPNet (Compare-net) model for evaluating the relative quality between images is proposed in this paper. It is a score-
independent algorithm that uses the form of image combination to solve the limitation of data volume. Compared with the absolute
quality score label, the proposed relative quality label and relative quality order label have a broader application scenario than the
absolute quality score label and are more convenient and accurate to obtain. Firstly, by analyzing the influence of convolutional
neural network structure related parameters on network performance.a reasonable network infrastructure is constructed. Second-
ly,the quality difference characteristics of two images are obtained by the methods of two-channel input network and the feature
differentiation.and the classification learning is completed by combining the relative quality labels of the image pairs. Finally.ex-
periments on public database show that the accuracy of the proposed algorithm is better than that of other algorithms. CPNet
achieved the best accuracy of 0. 971 and 0. 947 in the same reference image experiment,and also achieved a very competitive accu-
racy in different reference image experiments,0. 926 and 0. 860 respectively. In addition,a three-channel network is designed and
experiments are carried out to explore the possibility of extending the proposed algorithm to multiple channels.

Keywords Image quality assessment,CPNet, Relative quality order,Quality difference,Convolutional network
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Fig.1 Example diagram of relative image quality evaluation
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Fig. 2 Architecture of dual-channel CPNet
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Table 2 Accuracy of each algorithm for two-image pair with

same reference image and distortion type

EES JP2K JPEG WN BLUR FF Aver
SSEQ 0.914 0. 885 0.969 0. 956 0.915 0.928
DIIVINE 0.922 0.874 0.974 0. 980 0.917 0.933
BRISQUE 0.929 0.893 0.973 0.987 0. 936 0. 944
BIQI 0.915 0. 885 0.973 0.965 0.917 0.931
Kang 0.951 0.925 0.990 0.988 0.948 0. 960
RankIQA 0.972 0.939 0.996 0.979 0.861 0.949
CPNet 0.967 0.940 0.997 0.995 0.955 0.971
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same reference image and different distortion type
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Table 4 Accuracy of each algorithm for two-image pair with

different reference images and the same distortion types

Bk JP2K JPEG WN BLUR FF Aver
SSEQ 0.832 0. 865 0.905 0.919 0. 840 0.872
DIIVINE 0. 836 0.894 0.931 0.917 0.829 0.881
BRISQUE 0. 855 0.873 0.922 0.929 0.837 0.883
BIQI 0.842 0. 884 0.927 0.903 0.837 0.879
Kang 0.909 0.927 0.958 0.939 0.852 0.917
RankIQA 0.915 0.913 0. 950 0.915 0.816 0.902
CPNet 0.931 0.944 0.962 0.936 0.859 0.926

5 HLEXRE S EAA AN R H 2R PR
SR BN iR ES
Table 5 Accuracy of each algorithm for two-image pair with

different reference image and distortion type

H# L ES Hk o E

SSEQ 0.842 Kang 0.821
DIIVINE 0.863 RankIQA 0.868
BRISQUE 0.861 CPNet 0. 860

BIQI 0. 846 — -

21— 5 Al %0, XGE i CPNet X HA M 7 2 % & %
S A TR] B0 2 A 1 TGO R FE A G R PR 2 3] Sk R
U o AF R E BE AL R AR 0 BT i % L h AR AN AR, XS
B 4 A0 5 5 P o B — i PRI o % 7 0 4 [ 28 8 A T R B 11
B, NHR AT LIAR 25 5 2k H o0, L2 4t SR 32 B AN ) 26 A 1y
B H L NIR AR e W AR

4 BT LGS 2 2 M S % BRI 5 1A Bk AEAH IR =
RGP RE s — RN T M (LR 2 M
# 3., FEMFESZ EG AR K LR B S8 T, iR S % E
Gk U LB F A O B rp ) 25 i R B LR 22 R AR
0 HFR R L B 0 PR e ) TR R TR A I ) 2 S LE AR
AEKT [ 2t ) T 7 3 o A N 4R . AH LU A R 208 R
AT e FLZE AL R, R R 2 25 R AN TR 2k 2028 3 R
M AETETE £ 25 S R B b p A 00, B IR 4 AT IR TE R &
2 MG ANTR] e B2 17 PR 2 36 o 1) oA SR A T T

Kl 6 s T A 2 2% & 4 5256 CPNet X T 9 1 &
BIE - ERENEBRENE. B 6 EKkHATARRS
% EAZ AR JE: e 1L 28 BU L O 14 B 75 (White Noise, WND ) F %
XoF 8 K 0 ik DA S 56 v (A R D 5 TET 6 () v g TG R 2
BB G S EURE AT . B 6 T LLE H A R e 21245 A
TR I A FRUAZ A R PRI AE AL BB O A 2 BE 8 2 ) B A 2 ]
B J0 R A 25 5 T AN TR) 2 0 2 T 1 7 i RS A TR A
TR L LR AR L BRIt 52 46 ORI AN A
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Fig. 6 Comparison of convolution kernel weights in experiments

of different dimensions
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Table 6 Accuracy of each algorithm for three-image pairs

with same reference image and distortion type

Bk JP2K JPEG WN BLUR FF Aver
SSEQ 0. 889 0. 844 0. 950 0.894 0.733 0.862
DIIVINE 0. 841 0.803 1 0.837 0.681 0.832
BRISQUE 0.832 0.794 1 0. 847 0.676 0. 830
BIQI 0.851 0. 749 0.832 0.914 0.686 0. 806
Kang 0.936 0.878 1 1 0.589 0. 881
RankIQA 0. 940 0.835 1 0.917 0.558 0. 850
CPNet-1 0. 940 0.863 1 1 0.739 0.908
CPNet-2 0.924 0.871 1 1 0.719 0.903
CPNet-3 0.938 0.875 1 1 0.754 0.913
CPNet-4 0.932 0.868 1 1 0.711 0.902

H1 % 6 FIZE 7 AT 41, CPNet fE 8 (& | 0F T H A& ¥, [
3 3 L2 T A 1% 19 A5 0T T LA & 3 L TR LT 0 A 9 T
DA 158 B GOt v, 3 R G b 2 /0 A7 A 7 i LR B MOS i
R 5, 3% 530 1 CPNet H YA 15 7000 43 B7 A0 5]

F T AFEXAR S ER ORFE R BRI 3 0
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Table 7 Accuracy of each algorithm for three-image pairs

with same reference image and different distortion type

H X ES "k Y E
SSEQ 0. 780 RankIQA 0.743
DIIVINE 0.769 CPNet-1 0. 807
BRISQUE 0.776 CPNet-2 0.812
BIQI 0.699 CPNet-3 0.783
Kang 0.624 CPNet-4 0.788
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Fig. 7 Diagram of test examples

XTI 7 i 3 AR ), A TR B O 45 2R n k8
JRF . HoA,1,2,3 GBI 3 R A 5, AR X BT 5 T A 72 2
A F R BB BT ik 43 BOAR W B AR IR R O R Dy . BR TR
8] 3 7 SCAA W R AR TN IE A L R A B 9 AE L3 3 AN
AT A DE . R M5 3 v A SR — i R SRS i PR Y o 2 AR
/N BLJE TSR] 4 06 FL S AL, IR AR M X 550 AH A 5T 4 22 5, PRI G
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Table 8 Prediction of each algorithm on three examples in Fig. 7

HE 1 R 2 w3
SR AR X R 7 132 123 123
SSEQ!! 123 123 231
DIIVINERH 123 132 213
BRISQUE'?* 123 132 213
BIQI-?"- 321 132 213
Kang26] 321 132 213
RankIQAL* 123 132 213
CPNet-1 123 123 213
CPNet-2 132 123 213
CPNet-3 132 123 213
CPNet-4 132 123 213
4.2.2 FARASFEBEREZRE

AR B S IR AN R I 1) R RS X B 3 I 181 4% B
A AR 2k BB R A2 225 RS R 5 2) N BCHE 22 v Bl AL 38
3 MR P 2 B AR A 3 IR PR B A R TR] 119 2k L S U RIS [R) 119
EE L

SHE DASEE 2) B4R A B an R 9 FFk 10 o,
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Table 9 Accuracy of each algorithm for three-image pairs

with different reference images and same distortion types

% JP2K JPEG WN BLUR FF Aver
SSEQ 0. 746 0.758 0.822 0.797 0.760 0.777
DIIVINE 0.688 0.729 0.871 0. 750 0.778 0.763
BRISQUE 0.682 0.738 0. 865 0. 749 0.786 0.764
BIQI 0.708 0.722 0.722 0. 846 0. 646 0.729
Kang 0.553 0.636 0.821 0.651 0.611 0.656
RankIQA 0.764 0.707 0. 825 0. 754 0.557 0.721
CPNet-1 0.735 0.690 0. 856 0.663 0.739 0.736
CPNet-2 0. 750 0.711 0.858 0.706 0.739 0.753
CPNet-3 0.7456 0.715 0.851 0.681 0.735 0. 746
CPNet-4 0.763 0.724 0. 856 0.699 0.754 0.759

210 BEEMARSHE R KI5 H
FEL (3 ) 0 ¢
Table 10 Accuracy of each algorithm for three-image pairs

with different reference image and distortion type

H ik A Hk UGS
SSEQ 0.768 RankIQA 0.657
DIIVINE 0.775 CPNet-1 0.717
BRISQUE 0.771 CPNet-2 0.728
BIQI 0.696 CPNet-3 0.707
Kang 0.493 CPNet-14 0.711
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Fig. 8 Influence of number of convolution kernels on LCC

and SROCC
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Fig. 9 Influence of convolution kernel size on LCC
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Fig. 10 Influence of number of convolutional layers on
LCC and SROCC
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Fig. 11 Influence of network structure difference and sample

size on algorithm accuracy
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