CERS SR G 5 NS

ELECTRONIC MEASUREMENT TECHNOLOGY 20234 4 A

HA6 % B8

DOI:10. 19651 /j. cnki. emt. 2211239

£ F ¥ PPO R A B R AR

# # THA4E B F
(b g shimH EH AR LA KR 030000)

#OE: SRR I AR PO B B 3h 2 S AT Dy g SR IR A TRT I SR A R IR IR B A N M 2 L R SR AR R A 1 )
R, 2 05 35 3T 0 SR WA AL 530 1 (RPPOD . SR A LSTM 575 3l B0 5% i 045 B B by 2 3R e R 4% 5 (L R 4% B AU &
R T A% DG IR A5 8, » S S Rl (A 0T 25 200 9 100 0% 0000, 428 w50 4 e A X TR B 100 MR DA A RE T L DR ZE A E I 45 I L2 T T4k
B — S REFENZRE S R T A B R AAE 2 A TR R SR RS, 5 G5 A I A A Z s |,
PRGNS, B CARLA FEBMFRE NN, bt F ik 5 kit &l & 5k, H BT 75 e
HERATH 3 RS MM R4 BRE T 10%6.16% .30 %  IEHR B M i E A 5K .

XKEH: AEE R  BIWEMI B LSTM

hESES: TPS TERERIEE . A ERRAEERSSERE: 520.6

Research on autonomous driving technology based on
improved PPO algorithm

Yao Yue

(North Automatic Control Technology Institute, Taiyuan 030000, China)

Ji Mingjia Yang Xiao

Abstract; To address the problems of low sampling efficiency, poor environmental adaptation, and poor decision
making that reinforcement learning faces in solving end-to-end autonomous driving behavioral decision problems, a
recurrent proximal policy optimization (RPPQ) algorithm is proposed, which introduces a mobile inverted bottleneck
convolution module and LSTM to construct a policy network and a value network, which effectively integrate the
correlation information of front and back frames to achieve the prediction of multivariate situations by the intelligent
body, improve the rapid cognitive ability of the intelligent body to the environment, and add L2 regularization layer to
the value network to further improve the generalization ability of the algorithm. and finally manually set the intelligent
body to keep the action constant in two consecutive frames, introduce a priori knowledge to constrain the search space
and accelerate the convergence of the algorithm. Through CARLA open source simulation environment testing, the
improved method significantly dominated the reward curve compared with the traditional method, and the success rates
of three types of tasks, namely, straight ahead, turning, and designated route driving, increased by 10% , 16% , and
30% . respectively, proving that the proposed method is more effective.
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