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No-Reference Image Quality Assessment Algorithm Based on
Semi-Supervised Learning

Jin Xiangdong, Sang Qingbing

School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, Jiangsu, China

Abstract This paper proposes a no-reference image quality evaluation algorithm based on semi-supervised learning and
dual-branch network training to realize self-supervised learning in image quality evaluation. Specifically, it is a training
process with two branches in which a small number of hand-labeled data samples are used for supervised learning in one
branch. Self-supervised learning is performed in the other branch to assist the former in training the same feature extractor;
the self-supervised learning part adopts several traditional full-reference methods to jointly label the training samples with
soft labels. Extensive experiments are conducted on six public image databases. The results show that the proposed
algorithm outperforms most current methods on the synthetic distorted image datasets and has a good generalization
performance on the real distorted image datasets. The predicted results of the proposed algorithm are consistent with
human subjective perception performance.
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Fig. 1 Flowchart of the proposed algorithm
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Fig. 2 Structure of feature extraction network
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Table 1 Quality score regression network

Name Layer
FC1 (1000, 1024)
FC2 (1024, 512)
FC3 (512, 1)
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Table 2 Comparison of SVR model prediction and five full-reference image quality evaluation algorithms

Dataset Parameter SSIM FSIMc GMSD VSI SPSIM Proposed algorithm
SROCC 0.948 0.965 0. 960 0.952 0.962 0.986
LIVE
PLCC 0. 945 0.965 0.960 0.943 0.960 0.963
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Table 3 Comparison of image quality assessment on each dataset
Dataset Number of referenced images Number of distorted images Evaluation parameter Parameter range
LIVE 29 779 DMOS [0,100]
CSIQ 30 866 DMOS [0,1]
TID2008 25 1700 MOS [0,9]
TID2013 25 3000 MOS [0,9]
Challenge 1169 MOS [0,100]
KonlQ-10k 10073 MOS [0,5]
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Table 4 Performance comparison of different algorithms on artificial simulation datasets

Dataset Parameter MLV A-D RISE DIQA DB-CNN Proposed algorithm

LIVE SROCC 0.931 0.968 0.949 0.970 0.968 0.983
) PLCC 0.943 0.973 0.962 0.972 0.971 0.979
csI1Q SROCC 0.925 0.922 0.843 0.946 0.957
B PLCC 0.949 0.942 0.868 0.959 0.953
SROCC 0. 855 0. 865 0.928

TID2008
PLCC 0.858 0.869 0.939
SROCC 0.879 0.812 0.934 0. 844 0. 816 0.926

TID2013
PLCC 0. 883 0.845 0.942 0. 880 0. 865 0.934
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Fig. 6 Scatter plot of prediction results of the proposed algorithm on each dataset. (a) LIVE dataset; (b) CSIQ dataset;
(c) TID2008 dataset; (d) TID2013 dataset
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Table 5 Performance comparison of different algorithms on

natural distortion datasets

Challenge KonlQ-10k
Algorithm

SROCC PLCC SROCC PLCC
HOSA 0. 640 0.678 0.671 0.694
WaDIQaM-NR 0.671 0. 680 0.797 0. 805
PQR 0. 857 0.882 0. 880 0. 884
SFA 0.812 0.833 0. 856 0.872
Proposed algorithm 0.871 0.863 0.893 0. 845
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Table 6 Ablation experimental results

LIVE Challenge

Module
SROCC PLCC SROCC PLCC
RepVGG+RelLU 0.967 0.957 0.841 0.822
RepVGG+P-ReLU 0.969 0.962 0.845 0.835
RepVGG+ReLU-+self  0.981 0.975 0.869 0.857

RepVGG+P-ReLU+

0.983 0.979 0.871 0.863

self(ours)
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