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4.3. Tl i Bl <2 or

Method original Grad-CAM  Grad-CAM++ LayerCAM
Top-1 Acc (%) 68.74 50.36 50.07 48.26
Top-5 Acc (%) 88.57 75.62 75.26 73.43
Confidence (%) 68.64 50.24 49.99 48.12
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0.7 BB TAT, RERHEImAZIM L.
m #6 frs, A1 BIRAR T ELEHW top-1 43
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6 R T MR MR L5 1 fE. LayerCAM
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SRIGFRAVE I R b 25 K I 2R BT ResNet50 [19]
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EG i S o

% 7. R R, SegNet il RefineNet f24: Wik,
FAT RSB SRR ¢ RNk AR
3 [12].

Methods mloU (%) FPS
SegNet [4] 21.95* 17.92%
RefineNet [37] 32.90* 31.05%*
Grad-CAM 0.35 60.97
Grad-CAM++ 6.46 60.24
LayerCAM 27.26 60.61

SBANYT . FAHE DAGM-2007 gk [75] £
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v 4 4 60.4
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Method Metric | S5 S4 S3 S2 S1
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LayerCAM-normal
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locl |46.62|44.05| 41.83 |43.18 | 43.71
LayerCAM
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#* 130 AREE T LayerCAM B 2380 B Y L.
LayerCAM-normal: /R FAT{# F 4L B 430 B 1Y J5
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mIoU(%) S5 S4 S3 S2 S1
LayerCAM-normal 34.3 22.2 14.4 8.4 4.8
LayerCAM 36.2 35.7 31.5 21.8 11.1
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5. Conclusion
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