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1. Codebooks for Scene Categorization

* Images as bag-of-features

* A feature represented by a discrete
prototype in the vocabulary
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2. Visual Word Ambiguity by Kernel Codebooks
[Visual Wi ] Uncertalnty Gaussian Kernel K, (z) = ¢1 exp(_% f’/’_z ) prre—s * A drawback of the codebook model is
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that an 1mage feature is assigned to the
single best codeword

5 T T T T T T T T T T 5 T

| ool * Hard assignment yields 2 issues:
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1) Visual word Uncertainty (egm)
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2) Visual word Plausibility (eg ¢)
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* We propose ambiguity modeling by
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e Sift after PCA (12 dim)

* 8§ vocabulary sizes:

{25, 50, 100, 200, 400, 800, 1600, 3200}

* Test modularity by incorporating kernel
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4. Conclusions

* Codeword Plausibility hurts performance

* Our approach is more robust to the curse of dimensionality than the

Categories Train set size Test setsize Performance Increase €
traditional codebook model

Scene-15 1500 2985 4.0X1.7 % * Larger vocabularies increase performance asymptotically, mostly
benefitting hard assignment

Caltech-101 3030 5050 6.3%1.9 % * The relative performance gain of ambiguity modeling increases as the
number of categories grows
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Caltech-256 7680 6400 9-3£3.0% * Codeword Uncertainty yields best results, over all dimensions, vocabulary
sizes, and datasets
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