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Feature Ranking

Objective:
- maximize the relevance between the feature and its class
- minimize the redundancy between the feature pairs

max @ (Rel, Red) , |® = Relevance — Redundancy

1
= MI (f;; class) po—— ZMI (fi; )

MI(X;Y)z[//)(Iog p(X.Y) dxdy

Ranking: p(x)p(y)
- Iteratively rank the features, select one feature at a time
* maximize the objective function at each iteration'

fm = argmax |MI(f;; ¢) Z MI (f;; 75)
fie F\Fm-1 i — 1 f€Fm_1
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Incremental Feature Analysis
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Relevance of Haar-Like Features
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Relevance of Texton Features

100

901~

Classification Accuracy (%)

40

30

IHHHHHHHHHHHHHH

=

 LHTTHTTR TT I H i
SN Yo W% H PAH
H G 'HRTH S H |

oo TTTTToL Tt TTo TH T T T HHHCHHHHCHHHH R H

44.4

| | ® Selected — Sowerby —=—eTrims = Corel =——NYUv1 —NYUv2

20

Caner Hazirbas

10 15 20 25 30 35 40 45
Size of Feature Set

Optimizing the Relevance-Redundancy Tradeoff for Efficient Semantic Segmentation 9



Relevance of Color Features
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Relevance of Location Features
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Relevance of Depth Features
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Feature Selection
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Number of Selected Features
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Semantic Image Segmentation
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Classification & Segmentation
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Improved Runtime
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On average we improve the runtime by a factor of 7.7
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Competitive Results

Classification
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