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Salient Object Detection Based on Multi-scale Feature Extraction and Multi-level Feature Fusion
LI Lingli', MENG Lingbing', LI Jinbao®
(1.College of Computer Sci. and Technol., Heilongjiang Univ., Harbin 150080, China;
2.Shandong Artificial Intelligence Inst., Qilu Univ. of Technol. (Shandong Academy of Sciences), Ji’nan 250014, China)
Abstract: Salient object detection has been widely used in image retrieval, image segmentation, pedestrian recognition and other fields. Current
mainstream detection methods fuse multi-level feature information through short connection to add feature maps, which cannot accurately and ef-
fectively control the transmission of information flow. In addition, existing salient detection methods usually use single feature detection, which
results in discontinuous and fuzzy boundary between the saliency object region and the background. A new salient object detection method based
on multi-scale feature extraction and multi-level feature fusion was proposed in this paper. Firstly, the multi-scale context information was ob-
tained by using the dilated convolution of different expansion rates to make up for the deficiencies caused by single feature detection. Secondly, a
multi-level feature fusion module was designed, which fuses low-level feature, high-level feature and global context feature information for differ-
ent distribution characteristics of them. It can not only restrain the transmission of noise, but also restore the spatial detail structure information of
the saliency object effectively. At the same time, a concise attention module was constructed, which can effectively retain the channel informa-
tion after feature map fusion. The F-score, mean absolute error, structural measurement, precision—recall rate curve and F-measure curve have
been evaluated experimentally. Experiments on five public datasets show that compared with other thirteen mainstream detection methods, the
proposed method in this paper achieves significant improvements in different evaluation indicators, of which the F-score, and structural measure-

ment on four datasets are better than other methods. Meanwhile, the saliency map predicted by the proposed method in this paper has better con-
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tinuity of edge contours and clearer details of spatial structure details.

Key words: salient object detection; multi-scale feature extraction; multi-level feature fusion; saliency map; deep learning
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Fig.1 Network framework of MSML by the proposed
method
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Fig.2 Multi-scale feature extraction module
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Tab.1 Test results of different models

DUT-OMRON DUTS-TE HKU-IS ECSSD PASCAL-S
Fmax MAE Sm Fmax MAE Sm Fmax MAE Sm Fmax MAE Sm Fmax MAE Sm

MSML 0.818 0.054 0.843 0.891 0.037 0.893 0941 0.029 0.925 0953 0.032 0.933 0.873 0.063 0.858
U2Net 0.823 0.054 0.847 0.872 0.045 0.873 0935 0.031 0.916 0951 0.033 0.928 0.859 0.073 0.838
ITSD 0.821 0.061 0.840 0.883  0.041 0.885 0.934 0.031 0.917 0.947 0.034 0.925 0.870 0.065 0.853
MINet 0.810 0.055 0.833 0.884 0.037 0.884 0.935 0.029 0.919 0.947 0.033 0.925 0.867 0.063 0.850
F3Net 0.813 0.053 0.838 0.891 0.035 0.888 0.937 0.028 0.917 0.945 0.033 0.924 0.872  0.061 0.854
AFNet 0.797 0.057 0.826 0.863 0.046 0.867 0.923 0.036 0.905 0.935 0.042 0.916 0.863 0.070 0.848
BASNet  0.805 0.056 0.836 0.859 0.048 0.866 0.928 0.032 0.909 0.942 0.037 0.918 0.854 0.075 0.832
CPD-R 0.797 0.056 0.825 0.865 0.043 0.869 0.925 0.034 0.905 0.939 0.037 00911 0.859 0.070 0.842
MLMSNet 0.774 0.064 0.809 0.852  0.049 0.862 0.921 0.039 0.907 0.929 0.044 0.914 0.850 0.073 0.838
SMJD 0.802 0.057 0.821 0.832  0.059 0.836 0.920 0.039 0.903 0.928 0.049 0.907 0.854 0.082 0.835
HRSODT 0.743 0.065 0.762 0.835 0.050 0.824 0910 0.042 0.877 0.925 0.052 0.888 0.846 0.079 0.810
ABMP 0.774 0.064 0.809 0.851 0.049 0.862 0.921 0.039 0.907 0.928 0.045 0.911 0.850 0.073 0.838
PICA-R  0.803 0.065 0.832 0.860 0.051 0.869 0918 0.043 0.904 0.935 0.046 0.917 0.857 0.074 0.848
PAGR 0.771 0.071 0.775 0.854 0.055 0.838 0918 0.048 0.887 0.927 0.061 0.889 0.847 0.089 0.815
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Fig. 5 Precision—Recall curves on five common saliency datasets
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Fig. 6 F-measure curves on five common saliency datasets
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Fig. 7 Comparison of visual results of different methods
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