o000 0OO0o0o0O0oooo
THE INSTITUTE OF ELECTRONICS,
INFORMATION AND COMMUNICATION ENGINEERS

0o0oo00d0|ogoooogooooooon

oooo
TECHNICAL REPORT OF IEICE.

o0 oot oo oottt oo oog

LiTTO0000 04878501 0000000000 1200
1100000000 052002 000000000200 2-1
E-mail: tyuu@vision.cs.chubu.ac.jp, fitakayosiQomm.ncl.omron.co.jp, 11thf@cs.chubu.ac.jp

ubo0 OooboboooooboobobooboobooboobOobOOoOoOoOoOobOobOOoOoboOobOOobOobOoOooon
boooooobOoboboooooobobooooobooboboboooboooobobobooooooboon
gbocobooobooboboooobooboobobooooooboboooooobOobooboooobOoboOoobooon
gbooboooboobobooobooboboooboooboobooboboooooobOobooobooobooboboooon
gbooboooboobobooooboobooboboooooobobooboooooobobooboooobOoboOoobooon
gbobooboboooboobooooboobooooboobooboobooboooonog

ubooobO bOoooboobooobooboooboobooboo

[Survey paper] Human Detection Based on Statistical Learning

Yuji YAMAUCHI', Takayoshi YAMASHITA™, and Hironobu FUJIYOSHI'f

1, 1TTChubu University 1200 Matsumoto-cho, Kasugai, Aichi, 487-8501 Japan
11 Omron Corporation 2-2-1 Nishikusatsu, Kusatsu, Shiga, 525-0025 Japan
E-mail: tyuu@vision.cs.chubu.ac.jp, {takayosi@omm.ncl.omron.co.jp, 111hf@cs.chubu.ac.jp

Abstract Object detection is detecting and localizing generic in an image. In object detection, the basis is face
detection, which has been researched since early times. In recent years, the detection target has changed to the
human image in various different appearances. Under these circumstances, a lot of methods have been proposed for
resolving the factors that complicate detecting humans. In this paper, we discuss the factors that complicate human
detection and survey human detection methods from the viewpoint of two approaches, feature extraction and clas-
sification by statistical learning, to overcome these factors. In addition, we summarize the evaluation methodologies
and image databases that spurred development of human detection.
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