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Figure 1: Flowchart of Proposal.
(fg means foreground, and bg means background)

Table 1: 10 categories used in experiment.

ID | Category Name
ak47

backpack
baseball-glove
basketball-hoop
bathtub
beer—mug
binoculars
cartman
cd
centipede
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Flgure 3: Results of automatic ob] ect extractlon

Table 2: Conclusion of experiment.

Method | Conventional1| Converttiondl2| Proposall | Proposal2 | Groundiruthl| Groundtruth2

Accuacy| 06475 06875 07279 076 07475 07975
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Figure 3: Accuracy of 6 methods for 10 categories.
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