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Deep Learning on large images
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Vertical edge detection
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Vertical edge detection examples
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Valid and Same convolutions
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Summary of convolutions
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Multiple filters
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Pooling layer: Max pooling
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Pooling layer: Average pooling
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Types of layer 1n a convolutional network:

- Convolution CCoMU\ <
- Pooling (pooL) «

- Fully connected (Fc) e
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VGG - 16
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What are localization and detection?

Image Classification Detection
classification Ath
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Classification with localization
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Defining the target label y

1 - pedestrian
2 - car <

3 - motorcycle
4 - background &
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Sliding windows detection
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Evaluating object localization
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More generally, loU is a measure of the overlap between two bounding boxes.
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Non-max suppression example
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Non-max suppression algorithm
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Non-max suppression example
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Anchor box example vy % ‘;}»\ o7
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