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Normal | 97.7% | 0.0% | 0.8% | 1.1% | 0.0% | 0.0% | 0.0%

Missing | 0.0% | 100% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0%

Minor | 2.3% | 0.0% |92.4% | 7.6% | 0.0% | 0.0% | 0.0%
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1 256256 28 CNN-1 4 le-2 972 1 99.8 | 77.0 | 89.0 | 99.4 | 84.8 | 99.8
2 256256 64 CNN-1 4 le-2 953 1999 | 91.9 | 86.8 | 99.2 | 943 | 93.7
3 256256 64 CNN-1 5 le-2 97.9 | 99.8 | 933 | 93.6 | 99.8 | 98.6 | 99.1
4 256256 224 GoogLeNet | 4 le-3 99.6 | 99.7 | 99.6 | 87.7 | 99.9 | 99.5 | 98.0
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