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Type Filters Size Qutput
Convolutional 32 3x3 256 x 256
Convolutional 64 3x3/2 128 x 128
Convolutional 32 1x1

1x| Convolutional 64 3x3
Residual 128 x 128
Convolutional 128 3x3/2 64 x64
Convolutional 64 1x1

2x| Convolutional 128 3x 3
Residual 64 x 64
Convolutional 256 3x3/2 32x32
Convolutional 128 1 x 1

8x| Convolutional 256 3x3
Residual 32 x 32
Convolutional 512 3x3/2 16x 16
Convolutional 256 1 x1

8x| Convolutional 512 3x3
Residual 16 x 16
Convolutional 1024 3x3/2 8x8
Convolutional 512 1x1

4x| Convolutional 1024 3x 3
Residual 8x8
Avgpool Global
Connected 1000
Softmax
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Darknet-19 [15] 74.1 91.8 7.29 1246 171
ResNet-101[5] 77.1 93.7 19.7 1039 53
ResNet-152 [5] 77.6 93.8 29.4 1090 37
Darknet-53 77.2 93.8 18.7 1457 78
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Two-stage methods

Faster R-CNN+++ [5]
Faster R-CNN w FPN [5]
Faster R-CNN by G-RMI [6]
Faster R-CNN w TDM [20]

ResNet-101-C4
ResNet-101-FPN

Inception-ResNet-v2 [21]
Inception-ResNet-v2-TDM

34.9 55.7 37.4 15.6 38.7 50.9
36.2 59.1 39.0 18.2 39.0 48.2
347 555 36.7 13.5 38.1 52.0
36.8 57.7 39.2 16.2 39.8 521
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YOLOv2 [15] DarkNet-19 [15]
SSD5I3[11, 3] ResNet-101-SSD
DSSDS513 [3) ResNet-101-DSSD
RetinaNet [V] ResNet-101-FPN
RetinaNet [V] ResNeXt-101-FPN

YOLOvV3 608 x 608 Darknet-53

21.6 44.0 19.2 5.0 224 355

31.2 504 333 10.2 34.5 49.8
33.2 533 352 13.0 354 511
39.1 59.1 423 21.8 42.7 50.2
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33.0 57.9 34.4 18.3 354 41.9
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