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Human Detection by Co-occurrence Probability
Feature with Shape and Color Self-Similarity
Features

Yunr Goro,™ Yusr Yamavcur!
and HIRONOBU FuJiyosHi'!

Conventional human form recognition methods mostly use shape-based fea-
tures, of which the HOG feature is typical. In recent years, the Color Self-
Similarity (CSS) has been proposed as a feature that uses color information.
The CSS feature has been confirmed to be an effective feature representation
that involves calculating color similarity and determining the degree to which
it seems a single object is represented. Improvement in detection performance
by using the CSS feature together with shape-based features such as HOG fea-
tures has also been reported. Therefore, the proposed method achieves highly
accurate human form detection by using HOG features and CSS features simul-
taneously. Using the HOG shape feature and the CSS color similarity feature
to generate a co-occurrence probability feature makes it possible to understand

the relations among features that are based on different properties. Evaluation
experiments confirmed that this approach improved the recognition rate relative
to the previous method of using HOG features and CSS features together.
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0 1 Histograms of Oriented Gradients
Fig.1 Histograms of Oriented Gradients.
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0 2 Color Self-Similarity
Fig.2 Color Self-Similarity.
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Fig.3 Visualization examples of CSS feature.
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Fig.4 Flow of learning that uses Co-occurrence Probability Feature.
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Fig.5 Generation of Co-occurrence Probability Feature with HOG feature and CSS feature.
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Fig.6 Classifier by Co-occurrence Probability Feature with HOG feature and CSS feature.
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Fig.7 Examples of INRIA Person Dataset.
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Fig.8 DET curves of evaluation experiment.
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Fig.9 Examples of human detection.
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Fig.10 Output of strong classifier.
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Fig. 11 Selected feature.
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