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Raw Material Classification: What & Why? Key Idea: Use Coded lllumination as Classifiers Extension 1: Multi-Class Classification Dealing with Surface Normal Variations
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Classify materials based on appearance-related features: i | ™ Material 1 >olution: Augment training sets with normal-variant “BRDFs”.
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Main challenge: appearance is high dimensional. E ¢
: 3 §7o" __________________ o0 70
Prior work: (1) measure slices of high-dimensional appearance | £ o D S ™ 0
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Question: Can we directly measure discriminative features? Fisher (LDA) Light =
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