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A study on traffic flow prediction method using probe information in transportation system
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With the remarkable development of Intelligent Transportation System in recent years, it is possible to easily
collect traffic information and various information of the vehicle. Probe information provides more extensive traffic
information in addition to the observation information.
method on urban road using probe information. Accurate and real-time traffic information is indispensable for

the deployment of high-performance intelligent transportation systems.

In this paper, we consider the traffic flow prediction

Traffic flow is complicated, but by deep

learning that can acquire feature quantities automatically, it is possible to express the characteristics of the traffic
flow without the prior knowledge such as the characteristics of the site, and it is expected to improve the prediction

accuracy.

1. FL®IC

JEAED TTS(Intelligent Transport Systems: = & 8 P A8 58 >
AT L) DFELUWHKEBIZE D, JEIREIE B H il DRk~ 220
WERGIZNET 5 Z &V HEIZ R > TWA., @ % iz -
FRT B -DIPESNBHERICIE, B EICHBEI N2
IZ & DS NBBIHIR 8 L2 ETT HElI» SINES N
270—=TEREH S, To—THERIZL-T, LUIRERE
N7 A OBUANG R & 0 A O BT S5 N D
$ﬁnfi 7o — TG A 7 2@ T TR & Mg

EVERE R BRI 2@ VA T L DEUHIZIZIEETY TV R
4A@ﬁ%XLﬁﬁﬁk#ﬁ@V._@4ﬁ&icf,ﬁ%ﬂ
B LD BRI Z U, OB OENPHER A A &
2 REAEL DN L1207 WM 2 b T\ 5. 20
THOHMWIZZ O &SRB BIEREIRMET 2720 TH 5.
INETIZ, BELORBRPWE T UPREINTE 27,
DT = RDOBGORNEREE L ZETFTADRIFLAETH

0, ZORMZREORMHHBNBETH B, T, BKEET
BT H 2 HEEFEEDEM R ORI L OBL 28
OTHY (1], HEEEFRH RS RN E4 2 27128
WTRBEZEE O X W EEA T EL T3 [2][3][4]5]. &
W ISERECH 5%, FEE HEICEE T E A EEYEIC
& o T, HGORHEL Vo - HAEZ B L TR THER
WIROREAERT Z e WTE, ERFHIZBWTEREE
EFseifiEhs.

Z T, AWETIE, To—T7EREHWEZERERICLS

BRI TEZREIT 5. 72, EEFEEIZ L 38 TH
FIEOZYMEEMEET 572012, [EROBMSE Tk L O i
Z119.

2. BAEMIR

INFETREINTELTFUFETE, #OIT -2y 2

BN R» 70— TRERPICKELS FT 605,

GG BTN KRR TR KPR/
T 223-8522 MR ILKHE 3 — 14— 1
E-mail: k.o.lib65Qgmail.com

Therefore, in this research, we consider a traffic flow prediction model using deep learning. Also, we
compared it with other traffic flow prediction method.
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