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"+ Visual Recognition (Image recognition and Understanding) '

 Three frameworks for Image representation
1) Traditional representation:
Color statistics, HOG, LBP-based descriptor etc.

2) Bag of Feature model
(Super-vector, SC-based, Fisher vector)

3) Deep Learning (end to end learning)

« Applications
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Bag-of-Features: 4 steps
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~Cding s for Local features

Local Blnary Pattern ey
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Integrate
Reduce Spatial or orientation
coding error invariance Vg
V Rotation invariant co-occurrence LBP

Local ternary Pattern  Pairwise Rotation Invariant Co-Occurrence LBP

Proposed methods:

1) Data-driven threshold based on Weber’s law (WLTP)
2) Integrating Spatial and orientation structure (RICoWLP)

High-order statistics of spatial structure
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End-to-end learning / Feature learning / Deep learning
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* Image representation

1) Traditional representation:
Color statistics, HOG, LBP-based descriptor etc.

2) Bag of Feature model
(Super-vector, SC-based, Fisher vector)

3) Deep Learning (end to end learning)
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