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Improvement in Human Detection by Generation Addition Training of

Human Silhouette
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Abstract An object detection method that involves additional learning with a training sample generated by a 3-D
human model is proposed. In general human detection, the environment collection of the training sample may differ
greatly from the detection environment, resulting in low detection accuracy. In the proposed method, a general
classifier is learned in advance, and then camera position, a background image, and other such information on the
detection environment is input to generate training samples that are specialized for that environment for use in
additional training. That makes it possible to learn a final classifier that is specific to a particular environment.
The results of evaluation experiments show that the proposed method increased the detection rate by 13.8% relative
to a training method that used the INRIA Person Dataset, with a FPPW of 0.01.
Key words Human detection, Generation addition training, Human silhouette
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