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# 1. Udacity Annotated Driving Dataset fiff F B o P BE b #5
method inference time [ms] fps params mAP car truck pedestrian | bicyclist light
SSD7 [16] 15.330 65.233 213,904 | 254 52.7 36.7 10.2 9.1 18.1
SSD13 15.991 62.534 833,437 | 30.7 57.9 439 16.1 16.2 21.0
SSD300 [1] 23.446 42.650 24,280,556 | 34.6 58.4 454 23.1 19.8 26.3
FPSSD7 [2] 13.043 76.669 299,472 | 278 54.4 35.6 16.3 12.2 20.7
AFPSSD7 (ours) 15.444 64.751 384,176 31.8 56.3 421 18.1 17.7 24.7
# 2. Pascal VOC 2007 test i I I 0 1 fE b #%
method backbone fps GPU params input size mAP
Faster R-CNN [8] VGG-16 0.5 Titan X - ~1000x600 73.2
YOLO [9] GoogleLeNet 45.0 Titan X - 448x448 63.4
YOLO V2 [10] Darknet-19 40.0 Titan X - 544x544 78.6
SSD300 [1] VGG-16 46.0 Titan X - 300x300 77.2
SSD512 [1] VGG-16 19.0 Titan X - 512x512 79.5
SSD300 (implementation) |  VGG-16 34.7 P6000(3GB) | 26,285,486 300x300 76.5
SSD7 [16] 7th conv 42.0 P6000(3GB) 317,824 300x300 36.5
FPSSD7 [2] 7th conv 42.4 P6000(3GB) 403,392 300x300 43.5
AFPSSD7 (ours) 7th conv 329 P6000(3GB) 548,576 448x448 49.6
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