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I, Proposed method
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Fig. 1. SegFormer Architecture
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lIl, Experiment

1. Dataset

Table 1. Configuration of Dataset

train (0.7) valid (0.2) test (0.1)
949 272 136

total (1.0)
1,357
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2. Results

Table 2. Experiment results

Mean loU F1 Jaccard
model
Score Score Score
SegFormer 0.9827 0.9827 0.9664
U-Net 0.9539 0.9539 0.9135
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Fig. 2, SegFormer / U-Net Predict Result
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IV. Conclusions
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