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F—  FET VOGNet FiF&E MRS

Models | LR LDA
VGG 6ImageNet 0639  0.648
VGG 6ImageNetRegion 0707 0.697
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VGG 1 9ImageNet 0626  0.640
VGG 1 9ImageNetRegion 0.709  0.695
VGG 19ImageNet (finetune) 0728 0734
VGG 19ImageNetRegion (finetune) | 0782 0.790

*1. Model: [Networks] [Dataset] ... [Region (optional) ]
*2. [Region]: Region propoesals generated by selective search.
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9 UPC-5TP 0.503 0.588
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VGGNet 58786  l.65s | 146535  37.92%
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