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1 MobileNet-SSD https:/github.com/chuanqi305/MobileNet-SSD.
2 RefineDet https://github.com/sfzhang15/RefineDet.
3 MobileNet-YOLO https://github.com/eric612/MobileNet-YOLO.
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Average Precision (AP):

Ap % AP at IoU=.5@:.85:.9%5 (primary challenge metric)
aplou=.59 % AP at IoU=.50 (PASCAL VOC metric)
aploU=.73 % AP at IoU=.75 (strict metric)

AP Across Scales:
AF’S"‘E%1 % AP for small ohjects: area < 327
R % AP for medium objects: 327 < area < 967
aplaree % AP for large objects: area > 96°
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