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Input Image
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__area of overlap

oU —=, (2)
area of union
TP TP
Precision =55 " 5p = Wl detections” ()
Recall = —1F e (4

TP+FN _ dl ground truths’

1. 92 22 745& R HAE HolEAl 2t

Methods Dataset Bubble
Faster R-CNN validation 81.7
Faster R-CNN test 75.2
Faster R-CNN with FPN validation 85.3
Faster R-CNN with FPN test 78.1
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