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Pedestrian Recognition for Proactive Driving Support System
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Pedestrian behavior prediction is one of fundamental technique for proactive driving support system. For their behavior

prediction, not only pedestrian detection but also their attribute recognition is important key. In our COI project, we have

developed those techniques and implemented them on a vehicle. This paper presents our recognition system including

detection of pedestrians and recognition of their attributes for behavior prediction. To show the performance of our system,

we evaluated the system on practical environments.
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Since pedestrian is not
in the course of the vehicle,
the break is not actuated
until he run out.

Since obstacle is in the
course of the vehicle,
the break is actuated.
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Fio.1 A situation of conventional auto breaking systems.
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Fig.2 Process flow of the proposed method in training phase.
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Fig.3 Process flow of the proposed method in recognition.
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Fig.5 Samples of input images.
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Fig.6 The results of pedestrian recognition.
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