i

¥

BRI R AR AT A SRS 7 SR R At

(1. KLRR¥ZMMHE R LI E, PR 710064)

@ BE BT SEHLLE ST AR, AT 5038 22 4 1 AU LSRR, L rh B BOA B o AT N 2 A
I A 2 SE W H AOME R o AR SCRHAT N G5B NE — UIEAT T 45 B VA, IFRARRBT FUREAT T2 . #4847 Nk
P70 IEAE 5 88 5 T = A Bt AT b, E i 72 TAT N RS T B Fpt et g CRIE D BEJETie
T TP R R A AT ORI VE (IEE 80 5 SRS T ST PO TN 7 AT NS CEEmD 5 s
25— BUR B ELBCH AR T Ay 2 I L AR SRAZ U 75 B A SR K 7 Bt L

KA FHAT R PURERER; PUBTN; ERCOIHLE EEYE

PESHES: TP 4 TEARIRRD: A

Research on Pedestrian Crossing Detection Method in Driving Scenarios
(1. Lab Of Traffic Vision Safety Research (LOTVS), Chang an University, Xi’an, 710064, China)

Abstract: With the rapid development of autonomous driving and computer vision, more and more afforts are being made for
traffic safety research, among which pedestrian crossing detection in driving environment is one of the most prominent problems. This
paper reviews the field of pedestrian crossing detection, and prospects its future research. According to the three stages of pedestrian
crossing process of crossing intention, crossing behavior and crossing prediction, this paper firstly reviews the crossing intention.
Secondly, the tracking frameworks in crossing are discussed. Then the pedestrian crossing prediction works based on trajectory pre-
diction is summarized. Finally, some new research perspectives are summarized and some suggestions are put forward for the future
development of this field.
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to-Infrastructure cooperation.
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