wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFiiER S EEHRERAE ISR EE
TR, Bz, Bz, XiE

5IAEX

BME, Bk, EBx, X ETHECSREEMRERUCFINIHNTRIELJ]. HENRZE
2023, 50(3): 323-332.

XU Linling, ZHOU Yuan, HUANG Hongyun, LIU Yang. Real-time Trajectory Planning Algorithm Based
on Collision Criticality and Deep Reinforcement Learning [J]. Computer Science, 2023, 50(3): 323-
332.

BN EEE (SERXINEE IE SR EENE)

Similar articles recommended (Please use Firefox or IE to view the article)

EESUE RN REBUFEIERNEIRETTE

Backdoor Attack Against Deep Reinforcement Learning-based Spectrum Access Model

HENRSE, 2023, 50(1): 351-361. https://doi.org/10.11896/jsjkx.220800269

EFHIT AR MIRZR T
Sparse Reward Exploration Method Based on Trajectory Perception

HEMREIEE, 2023, 50(1): 262-269. https://doi.org/10.11896/jsjkx.220700010

ETHEUEARNURBRERERBUFEITTE
Deep Reinforcement Learning Based on Similarity Constrained Dual Policy Distillation

HEMREEE, 2023, 50(1): 253-261. https://doi.org/10.11896/jsjkx.211100167

—FETRERUFINTNNENEBEZNLNTTE
Bi-level Path Planning Method for Unmanned Vehicle Based on Deep Reinforcement Learning

HEMREEE, 2023, 50(1): 194-204. https://doi.org/10.11896/jsjkx.220500241

ETFNER MENELELRNERFRRAR
Study on Dual Sequence Decision-making for Trucks and Cargo Matching Based on Dual Pointer
Network

HENRIE, 2022, 49(11A): 210800257-9. https://doi.org/10.11896/jsjkx.210800257


https://www.jsjkx.com/CN/10.11896/jsjkx.220100007
https://www.jsjkx.com/EN/10.11896/jsjkx.220100007
https://www.jsjkx.com/CN/10.11896/jsjkx.220800269
https://doi.org/10.11896/jsjkx.220800269
https://www.jsjkx.com/CN/10.11896/jsjkx.220700010
https://doi.org/10.11896/jsjkx.220700010
https://www.jsjkx.com/CN/10.11896/jsjkx.211100167
https://doi.org/10.11896/jsjkx.211100167
https://www.jsjkx.com/CN/10.11896/jsjkx.220500241
https://doi.org/10.11896/jsjkx.220500241
https://www.jsjkx.com/CN/10.11896/jsjkx.210800257
https://doi.org/10.11896/jsjkx.210800257

0 Vf :ﬁ- *fh 1’*‘ ‘? http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 220100007

ETaiER B EMRERLFE IR HPIER X E X

#Hy B &= #®wBR' X H'

1 I AFRELEFR A 310018

2HEWEEAEATIAF T HENAFEIRF R H vk 639798

SHMITHEIAFHEFEAKBELES 2+ M 310018
(201930605055 @mails. zstu. edu. cn)

i E HAEAARBEAEHBERBNBEIBINBZAREAXN FH—AEXRIE, A TERFHHRZTORE. R BETAT
LSTM(Long Short Term Memory) ## DRL(Deep Reinforcement Learning) # 52 & #id #L %] 5L % Crit- LSTM-DRL, & s, 3% L
/\%‘JF?—%%%«H:N LT A 3 T AR K A 64 B ) L 3F 5 &S T AT AR 2 T AL B AR B3 5 4 42 & (Collision Criticality) 5 2 &, %
W FF Ry st it 2 &R E MAKB S35, A6 LSTM B AR IE & 4 E WML RIER TR J6, HALE ARS Fo ik 3R3E R A2
w248 4 DRL éﬁ#ﬁ‘?A,i’rﬁ—X’TﬁlﬁkééﬁﬂMﬁo AT — Ao 2 A B — A 4E, i@ LSTM A= DRL # 5 F — 8F 2] sF 2 69 4k
WML AT T H LT KREG R KM EAZST Z G Sh4E, AT RR IR, I HRF 3 AR, B £ 5 A K54 69 2038 2 %
A EI0ANERFY ORI RN GGBERA e ETERADHET(1~10) 0 RF ZINLER, 54 T A01E R B R &K 2% P
R, A —F S AT EANTER Y AU AZ N 6 KLY R, N R R T A 4 e LB A G B A- IR A (Joint State) , 547
TAELEIMIATRE TR MR, FHRERBIET Cric LSTM-DRL # 4 2t .
KR TR ;R EFHEEERERNLET
HEESES TP242

Real-time Trajectory Planning Algorithm Based on Collision Criticality and Deep Reinforcement
Learning

XU Linling' ,ZHOU Yuan’ , HUANG Hongyun® and LIU Yang'"*
1 School of Information Science and Technology.Zhejiang Sci-Tech University, Hangzhou 310018, China
2 School of Computer Science and Engineering, Nanyang Technological University,Singapore 639798, Singapore

3 Center of Library Big Data Processing and Analysis,Zhejiang Sci-Tech University, Hangzhou 310018, China

Abstract Real-time collision avoidance in dynamic environments is a challenge in trajectory planning of mobile robots. Focusing
on environments with variable number of obstacles, this paper proposes a real-time trajectory planning algorithm, Crit-LSTM-
DRL. based on long short-term memory(LSTM) and deep reinforcement learning(DRL). First,it predicts the time to the occur-
rence of a collision between an obstacle and the robot based on their states,and then computes the collision criticality of each ob-
stacle with respect to the robot. Second,it generates the obstacle sequence based on the collision criticality and abstracts a fixed-
dimension vector by LSTM to represent the environment. Finally, the robot state and the extracted vector are concatenated as the
input of the DRL’s value network to compute the value with respect to the system state. At any instant,for each action,it pre-
dicts the value of the next state based on the LSTM and DRL models and then the value of the current state; hence, the action
generating the maximal value of the current state is selected to control the robot. To evaluate the performance of Crit-LSTM-
DRL.it is first trained in three different environments and obtain three models: the model trained in the environment with 5 ob-
stacles, the model trained in the environment with 10 obstacles,and the model trained in the environment with variable number of
obstacles(1~10). The models then are tested in various environments containing different number of obstacles. To further in-

vestigate the effects of the interaction between an obstacle and the robot, this paper also takes the joint state of an obstacle and
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the robot as the state of the obstacle and trains another three models in the above training environments. Experimental results

show the effectiveness and efficiency of Crit-LSTM-DRL.
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Table 1 Performance of different Crit-LSTM-DRL models in different test environments(success rate/collision rate/timeout rate)
Total average Average rates in different test sets
Models -
rates 1—4(setl) 5(set2) 6—9(set3) 10(setd) 11—14(set5)
Crit- LSTM-DRL-5 0.894/0.080/0. 026 0.97/0.00/0.03 0.99/0.00/0.01 0.96/0.03/0.01 0.88/0.10/0.02 0.67/0.27/0.06
Crit-LSTM-DRIL-10 0.966/0.008/0.026 0.90/0.00/0. 10 1.00/0.00/0. 00 0.99/0.01/0.00 0.98/0.01/0.01 0.96/0.02/0.02
Crit-LSTM-DRL-D 0.978/0.014/0.008 1.00/0.00/0. 00 1.00/0.00/0. 00 0.99/0.01/0.00 0.97/0.02/0.01 0.93/0.04/0.03
Crit-LSTM-DRL-5-] 0.791/0.024/0. 185 0.99/0.00/0.01 0.99/0.01/0. 00 0.92/0.01/0.07 0.66/0.03/0. 31 0.40/0.07/0.53
Crit-LSTM-DRL-10-] 0.963/0.004/0.033 0.87/0.00/0.13 0.99/0.00/0.01 0.99/0.00/0.01 0.99/0.01/0.00 0.97/0.01/0.02
Crit-LSTM-DRL-D-J 0.970/0.024/0. 006 1.00/0.00/0. 00 0.99/0.01/0. 00 0.98/0.02/0. 00 0.96/0.03/0.01 0.93/0.05/0.02
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Table 2 Performance of different LSTM-DRL models in different test environments(success rate/collision rate/timeout rate)
Total average Average rates in different test sets
Models
rates 1—4(setl) 5(set2) 6—9(set3) 10(setd) 11—14(setd)
LSTM-DRL-5 0.862/0.124/0.014 0.98/0.00/0.02 0.99/0.01/0.00 0.90/0.09/0.01 0.78/0.20/0.02 0.66/0.32/0.02
LSTM-DRL-10 0.806/0.032/0. 162 0.45/0.00/0.55 0.85/0.00/0.15 0.93/0.02/0.05 0.93/0.04/0.03 0.87/0.10/0.03
LSTM-DRL-D 0.942/0.042/0.016 0.99/0.00/0.01 0.99/0.01/0.00 0.96/0.03/0.01 0.92/0.07/0.01 0.85/0.10/0.05
LSTM-DRL-5-] 0.812/0.104/0. 084 0.83/0.01/0.16 0.98/0.01/0.01 0.90/0.07/0.03 0.76/0.16/0.08 0.59/0.27/0.14
LSTM-DRL-10-] 0.922/0.022/0. 056 0.96/0.01/0.03 0.97/0.00/0.03 0.97/0.00/0.03 0.90/0.03/0.07 0.81/0.07/0.12
LSTM-DRIL-D-J 0.928/0.032/0. 040 1.00/0.00/0. 00 0.99/0.01/0.00 0.95/0.03/0.02 0.89/0.05/0.06 0.81/0.07/0.12
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