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Abstract: Humans pay more attention to the regions of interest in an image, so distortion in those areas is more likely
to affect their subjective quality scores. However, traditional image quality assessment (IQA) methods do not take into
account the difference in the attention received by different regions in the image, resulting in a lower degree of fitting
between the predicted score and the subjective quality score. Aimed at the above problems, a saliency-map-based dual-
stream image quality assessment (SDS-IQA) method to highlight the area of interest in the image was proposed. A
dual-stream hierarchical structure composed of a saliency map branch and an original image branch was used to realize
multi-scale distortion perception of images from both the whole and the focus, reflecting the importance difference of
features in all dimensions through dual attention. In the feature extraction stage , SDS-IQA used spatial attention in the
saliency-map branch to reflect the difference in attention in the scale space, strengthened the distortion information
expression of the original image branch through spatial attention weight, and used gated attention to strengthen the

interaction between channels in the feature fusion stage, so that the attention difference between channels could be
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reflected during fusion and the key characterization of distortion in the region of interest was eventually realized. Ex-

perimental results show that the Pearson linear correlation coefficient of this method reaches 0.976,0.896 and 0.865
on three synthetic datasets (LIVE, TID2013, CSIQ) , and 0.869 and 0.877 on two authentic datasets (LIVEC,
KonlQ-10k) , respectively, proving that the prediction results of SDS-IQA have good fit with human subjective as-

sessment.

Keywords: image quality assessment (IQA) ; saliency map; attention mechanism
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Fig.2 Flow chart of spatial attention weight guiding feature extraction
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Fig.4 SDS-IQA scatter plots on synthetic distortion test sets
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Tab.2 Assessment results for different distortion types of

images

ik REHY
JP2K | JPEG | WN | GB | FF
SSIM™#! 0.939 | 0.946 | 0.964 | 0.904 | 0.941
PSNR 0.870 | 0.885 | 0.942 | 0.763 | 0.874
BIECON®? 0.952 | 0.974 | 0.970 | 0.945 | 0.923
DB-CNNB 0.955 | 0.972 | 0.980 | 0.940 | 0.930
DQM-IQAP" 0.952 | 0.950 | 0.951 | 0.956 | 0.956
TSIG?! 0.966 | 0.950 | 0.979 | 0.963 | 0.911
SDS-IQA (A3 5% 0.971 | 0.968 | 0.983 | 0.958 | 0.954

®3 HEIBIEENXE SROCCH PLCC & 13T
Tab.3 Comparison of SROCC and PLCC results on au-
thentic datasets

ik LIVEC ¥t#li% | KonlQ-10k %tk
PLCC | SROCC | PLCC | SROCC
DIQAP! 0.680 0.671 0.761 0.739
DB-CNNF! 0.869 0.851 0.869 0.856
BIECONS 0.596 0.582 0.598 0.591
AIGQAPY 0.761 0.751 — —
SETNet " 0.776 0.745 — —
DQM-IQAP" 0.676 0.652 0.673 0.655
SGDNet!'"! 0.872 0.851 0.868 0.811
SDS-IQA (&3 H5) | 0.869 | 0.853 0.877 0.854

IQA JrikAE X &2 4% H R A B R Bt A R
TR TR B, ELA AR 5 A S PR A
2.4 BEEHIRENK

751 NR-IQA Jrik AMUFE A B a5 b R B
K47, 1 A v ARG b e 2 3l 1QA BdiisE. h
Tl SDS-IQA 7 ik 1hi% A AIBHE S Rz L RE ST,
ASCHEFEAE TID2013 £di4E EXF SDS-1QA Jrikitkty
Yk, IAELAM 4 DEARAE LiE . e ik
PSR A B 4R A B S AR R S
TID2013 ¥dliE i MOS {EARIAGTE R0, 91, AfE
T EEATE AT . BRI LS R 4 B
7. WFHATAL, SDS-IQA ke 3 AMEdE4E
f) SROCC fH# 1, 16 CSIQ B¥fifk FiHEIt HA
—ERS ST IEB T SDS-IQA 7 B HERE AR T
BB AR, T A R4 b R LSk LA A
I BB ELAT AR T 1438 1 e

F 4 BEIEENKK SROCCER
Tab.4 Cross dataset test results of SROCC

SROCC

itk LIVE | CSIQ |LIVEC | KonlIQ-10k
BLIINDS- [T ¥ 0.836 | 0.568 | 0.142 0.304
RankIQAP” 0.599 | 0.667 | 0.289 0.460
DIQAP! 0.834 | 0.679 | 0.048 0.182
SETNet " 0.854 | 0.710 | 0.462 0.407
TSIG"?! 0.853 | 0.735 | 0.455 0.324
SDS-IQA (A7) 0.858 | 0.686 | 0.542 0.586

2.5 HBLKIE

ASCBEH T IR SEE A SDS-IQA FRA ]
Heia 20k, 76 KonlQ-10k $diase Fakfrilll4h:, 4Kk
SEIGH R AR R AN RS 5o & Ko E R )
B2, LR B AU 53 2 A VE B2k, DAt Ry 3t
T A TR i AR R | SEG 4 AN 5 Fis. 78 HAR
P JL 2 0 45 1 10 T I R AR FR AR, SROCC I
PLCC ¥I/NF 0.700. 1E456 25 7R S G EE
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Fig.5 Ablation experiment results
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Fig.6 Visualization results
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