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Abstract: A smart vehicle decision-making model based on deep reinforcement learning and risk assessment is
proposed to solve the problem of safe driving decisions for vehicles in highway environments. Firstly, a Bayes-
ian based position uncertainty quantification method is proposed for modeling and quantifying driving risks;
Then, a self attention mechanism is introduced into the decision model to help vehicles perceive potential dan-
gers in complex scenes and avoid dangerous decision execution; Finally, a simulation environment was construct-
ed on the Highway env simulation platform, and the model was trained and tested using simulation experiments.
Multiple experimental comparisons were also designed. The results show that the proposed RA-PPO-Mul model
achieves 98% safety rate and higher driving efficiency, which is superior to the traditional reinforcement learning
model and the model that only introduces a single module.
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Tab.1 Description of simulation environment and main
vehicle parameters

U S5 1H

1 TR 40m
2 XN 5.0m
3 KRy S 20m
4 T KA T 30.0 m/s
5 T/ M T I 16.7 m/s
6 KA ] 1.0s

7 i AT 15.0 Hz
8 AR A 6 1 S i {1 50 m
9 AR B 1 {E 80 m
10 AN 2 4l s 9 1 100 m

Wtk HEEBIE d,.d,,dg W5 E S E A E
PRUEZE o EAIG G812 J5 B2 T AN [) DRSS X el it
B 2 B, A B DXl 1) 2 7 DX e O A A U 22 o,
FIVE TR DX il 1) 22 4 X Sl AR 1 22 o TR A K
= (33) . 5(34)
o,=(d,-dy)/3 (33)
o,=(ds-d,)3 (34)
kg B DRSS, A AR B 2 3k v T I ML B A
Bk R A 2 MR A R S B2 OF
W RS DA A5 B RN 32 T 7 AL 43 i) ik A FRE 2 A A4
TR, BN A N 3R 2 R o

F2 MHRARE R 5
Tab.2 Test Model and Explanation

iy AR Vi

1 DDQN Motk F DQN, 51 AP R 4%

2 PRDDQN ERRER Y v vzt ma B G EE 2
DDQN

3 Dueling DQN W Q (H BRE A3t P RS (AR
PR DQN

4 PPO I AR WS A S

5 RA-DDQN A RS PG RS ) DDQN 2k
LAY

6 RA-PRDDQN AR WAL AL PRDDQN
FLERAR

7 RA-Dueling DQN  Jil A KBS PFA AR EL Y Dueling
DOQN HE£R AR

8 RA-PPO TR PPAG AL 1) PPO SE2k
HEHY

9 PPO-Mul A Z K3 B TP PPO %
LR AR

10 RA-PPO-Mul 56 RIS 23k i1

JIBLE 2R S R




55134 TR A5 SR TIRBERAL 7 T B9 RE A KUl e S 1 89

AT PGBV R SCLLR SCHE bR . X
BeSE bR L AV RIS B 3 AN T, Bl 1A
TR PERERR L . HAASRbRE AN 3 R

&3 WMMEREIEHA

Tab.3 Evaluation indicators and explanations
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Fig. 5 Time safety rate during the training phase
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Tab.6 Model test results for changing super parameters
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Tab.7 Model test results of different driving scenarios
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