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Abstract Recently, pedestrian detection from in-vehicle camera images has become an interesting topic for re-

searchers. Especially, since a pedestrian holding an umbrella may not recognize an approaching vehicle, the system

is expected to detect them and alert the driver. However, it is difficult to detect a pedestrian holding an umbrella

by existing detection methods since an umbrella usually occludes some parts of the body. To tackle this problem,

we propose a method to detect a pedestrian holding an umbrella from an in-vehicle camera image. In this paper, we

propose a method that synthesizes umbrellas onto generated pedestrian images, and then learns them for improving

the accuracy of the detection of pedestrians holding umbrellas. Experimental results showed that the detection

accuracy of the proposed method outperformed existing methods by 14%.

[Note] This document is an informal handout distributed at an IEICE TC-PRMU workshop.
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“Learning appearance in virtual scenarios for pedestrian

detection,” Proceedings of 2010 IEEE Computer Society

Conference on Computer Vision and Pattern Recognition,

pp.137–144, June 2010.

[8] “

MILBoost ”

(SSII2011) IS1-15 no.188 pp.1–8 June 2011.

[9] T.F. Cootes, C.J. Taylor, D.H. Cooper, and J. Graham,

“Active shape models. Their training and application,”

Computer Vision and Image Understanding, vol.61, pp.38–

59, Jan. 1995.

[10] M. Enzweiler, A. Eigenstetter, B. Schiele, and D.M. Gavrila,

“Multi-cue pedestrian classification with partial occlusion

handling,” Proceedings of 2010 IEEE Computer Society

Conference on Computer Vision and Pattern Recognition,

pp.990–997, June 2010.

[11] A. Carpenter, “cuSVM: A CUDA implementation of sup-

port vector classification and regression,” http://patternson-

ascreen.net/cuSVM.html.

— 6 —


