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(19 2) B3 GAto 3 3 : 3 #g o] &, FPN, UNet++, PSPNet,
DeepLabV3+& o] &3 3

<

<E 1> 9 B8 7 Ae9 A=A v DPC(decoder-pyramid channel), DSC(decoder—segmentation channel),
DMP(decoder-merge policy), DC(decoder channel), PD(psp-dropout), POC(psp-dropout channel),
EOS(encoder—-output stride), DOS(decoder—-output stride), BS(batch size)

T4 EE 719 HE 3 T4 mloU FEAZH(X)

MobileNetV2 256-DPC, 128-DSC, add-DMP, 4-BS 0.55 0.06

FPN EfficientNet-b0  512-DPC, 128-DSC, add-DMP, 8-BS 0.56 0.06

EfficientNet-b0  512-DPC, 128-DSC, cat-DMP, 4-BS 0.58 0.05

DenseNet121 (512,256,128,64,32)-DC, 4-BS 0.52 0.12

UNet++ MobileNetV2 (512,256,128,64,32)-DC, 4-BS 0.50 0.07

EfficientNet-b0 (512,256,128,64,32)-DC, 4-BS 0.53 0.08

ResNet101 0.2-PD, 512-POC, 8-BS 0.47 0.12

PSPNet ResNet101 0.2-PD, 256-POC, 4-BS 047 0.08

ResNet101 0.5-PD, 512-POC, 8-BS 0.47 0.12

ResNet101 16-EOS, (6,12,18)-DOS, 4-BS 0.53 0.12

DeepLabV3+ ResNet101 16-EQOS, (6,12,18)-DOS, 8-BS 0.55 0.14

EfficientNet-b0 16-EOS, (6,12,18)-DOS, 4-BS 0.95 0.06
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MobileNetV2 HE= EfficientNetS ©] 83 725 w2 YE7F =2 W B3 842 FojEe] 2 U=
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