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A Pedestrian Hazard Assessment Method in Urban Road Scene

ZENG Lingqiu, MA Jisen",HAN Qingwen, YE Lei
(College of Computer Sceinec , Chongging University , Chongging 400044, China )

Abstract : In view of the influence of pedestrians on vehicle driving in traffic scenes and the problem that the as—
sisted driving needs to avoid the danger for pedestrians, a pedestrian hazard assessment method based on vehicle —
mounted monocular cameras is proposed. Based on the characteristic environment of Chinese cities, this paper divided
the driving environment into three scenarios: regular roads, crosswalks, auxiliary roads. Different risk assessment
methods are used for each type of scenarios. A convolutional neural network is used to detect and identify pedestrians,
auxiliary police, signal lights and sidewalks on the road in the video. Then, it detects the key points of the pedestrian
and uses the multi—target tracking method to generate the time series of the pedestrian skeleton. Pedestrian behavior
and trend are obtained through LSTM (Long—Short Term Memory Neural Network) analysis of posture sequences. Fi—
nally, a pedestrian hazard assessment model is built to realize the pedestrian hazard assessment in multi road scene
by synthesizing the video information, pedestrian information and scene information. The experimental results show
that the scene classification makes the assessment results of the hazard model more consistent with the actual pedes—
trian hazard. The proposed model can effectively evaluate the pedestrian hazard and assist the drivers to drive safely.
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1 Pedestrian Risk Assessment Model

: Pedestrian P, Crossroad C, Assist Police A
: if Pis exist then
if A is exist then

Calculate Risk = Risk(p =)

if C is exist then
Calculate Risk = Risk(p = b)
end if
end if
10: Calculate Risk = Risk(p = a)

1
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3
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6
7
8
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11: end if
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Fig.5 Pedestrian hazard assessment algorithm
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