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Abstract In today’s society where image data are exploding,how to use computer to efficiently acquire and process image infor-
mation has become an important research topic. Under the inspiration of human visual attention mechanism, researchers have
found that when this mechanism is introduced into machine image processing tasks, the efficiency of information extraction can be
greatly improved, thus saving more limited computing resources. Visual image saliency detection is to use computers to simulate

the human visual attention mechanism to calculate the importance of the information of each part in the image, which has been
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widely used in image segmentation,video compression, target detection,image indexing and other aspects,and has important re-

search values. This paper summarizes and introduces the research situation of image saliency detection algorithms. Firstly.,it takes

information-driven sources as starting point to summarize the saliency detection model,and then analyzes several typical saliency

detection algorithms. The models are divided into 3 categories according to whether they are based on learning models, which are

based on non-learning models,based on traditional machine learning models and based on deep learning models. For the first cate-

gory,the paper compares in more details the saliency detection algorithms based on local contrast and global contrast,and points

out their respective advantages and disadvantages. For the latter two categories, this paper analyzes the application of machine

learning algorithms and deep learning in saliency detection. Finally, this paper summarizes and compares the existing saliency de-

tection algorithms and prospects the future development direction of the research in this aspect.
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Table 1 Comparison of detection algorithms based on SOD
Algorithm Accuracy Recall rate
1T 0.52 0.24
MZ 0.48 0.37
AC 0.51 0.32
CA 0.58 0. 39
FT 0.45 0.26
LC 0.43 0.32
HC 0.52 0.33
RC 0.71 0. 36
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Table 2 Comparison of detection algorithms based on ASD

Algorithm Accuracy Recall rate
1T 0.58 0.22
MZ 0.42 0.41
AC 0.58 0.49
CA 0.62 0. 57
FT 0.73 0. 60
LC 0.56 0.55
HC 0.76 0.75
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Fig. 2 Saliency images based on global contrast saliency detection
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Table 3 Comparison of common data sets
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