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A design of Optimized Vehicle Routing System(OVRS) based
on RSU communication and deep learning
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Abstract Currently, The autonomous vehicle market is researching and developing four-level
autonomous vehicles beyond the commercialization of three-level autonomous vehicles. Because
unlike the level 3, the level 4 autonomous vehicle has to deal with an emergency directly, the
most important aspect of a four-level autonomous vehicle is its stability. In this paper, we
propose an Optimized Vehicle Routing System (OVRS) that determines the route with the lowest
probability of an accident at the destination of the vehicle rather than an immediate response
in an emergency. The OVRS analyzes road and surrounding vehicle information collected by
The RSU communication to predict road hazards, and sets the route for the safer and faster
road. The OVRS can improve the stability of the vehicle by executing the route guidance
according to the road situation through the RSU on the road like the network routing method.
As a result, the RPNN of the ASICM, one of the OVRS modules, was about 17% better than the
CNN and 40% better than the LSTM. However, because the study was conducted in a virtual
environment using a PC, the possibility of accident of the VPDM was not actually
verified. Therefore, in the future, experiments with high accuracy on VPDM due to the
collection of accident data and actual roads should be conducted in real vehicles and RSUs.
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3o AZE AASH= Optimized Vehicle Routing
System (OVRS)Z A9t} OVRSE Al 7HA] BEZ
49t A HAZ Ambient Situation Informa-
tion Collection Module(ASICM)2 Wi-Fi2} WAVE
£ ol&sto] =2 FH FRE sk, wedA A
e} 7ol FH JRE 13T F EgR
Road Risk Prediction Module(RRPM)S ASICMO]|
Al £ 2 RS FActe] R ARl 7k
25l S =43 vpx 9o 2 Vehicle Path
Determination Module(VPDM)-2 2}&9] Aefjo] uwh
2t RSUF FAlsIH X29] J=E Zh=tt. OVRSEE
% 3hel ASICMO] RPNN2 CNNHETH oF 17%,
LSTMETH <F 40% © £2 d62 Bk FF
OVRS= AA| AgollA HAEEooF gt E3h
OVRSY] 732 HFE Yo Ao gt 4
Yol o]FojA|A] ottt wEbA] FE HA Ao
OVRSE A8A1Z1 T kgt 504 Fezo] gt
Ago] o]Fofxof & Ho|t}.
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