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Abstract Acquiring pixel-level labels is laborious and time-consuming, whereas image-level labels can be obtained much more

easily. However, the use of image-level labels for co-salient object detection(CoSOD) remains underexplored. This paper presents

a two-stage approach for weakly supervised CoSOD, relying solely on image-level labels(class labels) for model training. By utili-

zing the semantic information of class labels,this approach enables the localization and segmentation of co-salient objects. In the

first stage,a pseudo-label generation network is proposed to generate saliency maps for input images,supervised by class labels.

In the second stage.a co-salient object segmentation network is trained using these saliency maps as pseudo-labels. A self-correc-

tive learning strategy is also incorporated to enhance model performance. For the first time, this paper proposes using image-level

labels based training approach for CoSOD. Experiments on three representative datasets demonstrate the effectiveness and feasi-

bility of the proposed method.

Keywords Co-salient object detection, Weakly supervised, Self-corrective learning strategy,Class labels, Two-stage approach
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Table 1  Comparison with other methods on the CoSOD3k dataset
Algorithm Fg E§* S* MAE
UCCDGOLS] — — — —
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WSLNetl17] 0.716 0.811 0.764 0.110
PSODL27] 0.739 0.821 0.783 0.101
VRFL18] 0.754 0. 830 0.789 0.096
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Fig. 8 Example of visualization results
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Table 4 Ablation study of the loss function on CoSOD3k dataset

Loss . § .
Foe o max S, MAE
L, L, f 4
NG 0. 440 0. 545 0.520 0.301
N 0.608 0.692 0.611 0.132
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Table 5 Ablation study of different modules on CoSOD3k dataset
Algorithm Fgmx E;mx S MAE
Base 0. 747 0.828 0.765 0.095
Base+ 1IFAM 0.751 0. 835 0.775 0.089
Base+GFEM 0. 754 0. 837 0.777 0.089
Base+IFAM +GFEM 0.762 0. 844 0.787 0.084
Base+1FAM +SCLS 0.776 0.853 0.794 0.078
Base+GFEM +SCLS 0.779 0. 855 0.795 0.078
Base+IFAM +GFEM +SCLS 0.785 0.859 0.801 0.072
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