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YOLO v2 Feature Map
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* For example, we can create 5 anchor boxes with the following shapes.

* Rather than predicting 5 arbitrary boundary boxes, we predict offsets relative to each anchor box.
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Type Filters Size/Stride Output
Convolutional 32 3x3 224 x 224
Maxpool 2x2/2 112 x 112
Convolutional 64 3x3 112 x 112
Maxpool 2x2/2 56 x 56
Convolutional 128 3x3 56 x 56
Convolutional 64 1x1 56 x 56
Convolutional 128 3x3 56 x 56
Maxpool 2x2/2 28 x 28
Convolutional 256 3x3 28 x 28
Convolutional 128 1x1 28 x 28
Convolutional 256 3x3 28 x 28
Maxpool 2x2/2 14 x 14
Convolutional 512 3 %:3 14 x 14
Convolutional 256 1 x: 1 14 x 14
Convolutional 512 3x3 14 x 14
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Convolutional 512 3x3 14 x 14
Maxpool 2x2/2 TXT
Convolutional 1024 3x3 X7
Convolutional 512 1x1 TxT
Convolutional 1024 3x3 TxT
Convolutional 512 1x1 TXT
Convolutional 1024 3x3 TXT
Convolutional 1000 1x1 TxT
Avgpool Global 1000
Softmax
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Infer #EIEFER: 1. Resize image to 416x416. 2. Run CNN model. 3. Run NMS.
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