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Change Detection Semantic Segmentation
ZAbMEE R U | B S D | WAL | AT | R | Ak | EM | ok
B R (%) 99.232 0.768 17.696 11.508 61.835 | 8.364 | 0.02 | 0.578
275 AEH 0.008 4.869 2.162 0.481 2.481 | 8.541 | 5.154
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Change detection

Semantic segmentation

Global Accuracy mean IoU Kappa | Global Accuracy Class Accuracy mean IoU Kappa
Seg 92.36 48.28 6.86 90.96 62.78 45.83 78.56
U-Net
Diff 99.25 54.56 17.72 - - - -
FC-EF-Res 98.30 - 25.49 89.01 - - 71.92
Proposed 99.17 63.50 32.20 91.46 63.21 53.48 79.24
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xR3 RISADHRBEREHEERE

ALY | REEHE | bk | M | kiR
HIBIRER [%] | 86.975 2.207 0.056 | 0.652 | 10.110
IoU [%) 99.29 0.59 0.0 0.0 0.0
MBRn5.
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