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Fig.1 Process of training and detection.
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Table 1 Factors to complicate the human detection, and its countermeasures.
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Fig.7 Cluster Boosted Tree [33].
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8 Poselet O [82]. /i : Poselet D FYMfE. 47
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Fig.8 Examples of Poselet [82]. left: Mean poselet
image, right: Poselet represents a part of the

human pose.
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Fig.9 Detection results using Deformable Parts
Model and human model [34]. (a) Detection
results, (b) Root filter. (c¢) Parts filter. (d) A
spatial model for the location of each part rel-
ative to the root.
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Fig.10 Flow of human detection by ISM [97].
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Fig.11 Estimated partial occlusion regions [36].

(a) Original images. (b) Corresponding seg-
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segmented region, the negative sore.
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Fig. 12 Human detection using geometry
information [37].
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Fig.13 Optimizing classifier by Transfer learning [38].
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Table 3 Comparing human image databases.
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