Learning Rich Features from RGB-D Images for Object Detection and Segmentation
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Object Detection

Learning representations from depth images for use in object
detectors

Instance Segmentation

Compute Feature Decision Tree
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Super pixel
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Pixel Prediction

Depth Images are image-like enough to use Convolutional Neuradl
Network models

Contour Detection
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- location of pixel in box
- depth, relative depth

- height above ground

- angle with gravity,

- azimuth, normal vector
- Luv color channels,
- IS missing data

Geocentric embedding into Horizontal Disparity, Height Above
Ground, and Angle with Gravity (HHA) works better than just raw
disparity
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Metric (AP")
Use region overlap

instead of box overlap
In Pascal detection metric

Synthetic depth data can help
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Gupta et al. (2013) + Additional superpixel features based on deep detectors
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Recall

- Assign best scoring overlapping detection to each superpixel
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- Compute teatures between superpixel and detection
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score of detector, overlap between detector and superpixel,
mean and median of depth in superpixel and detector
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