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Mobile Robot Path Planning Based on Improved:TD3 Algorithm

LI Mingming, PAN Zihao

(College of Communication and Information Engineering, Xi'an University of Séiénce and Technology, Xi'an 710600, Shaanxi, China)

[ Abstract] The traditional path-planning algorithm of a mobilé robotwsually requires a map to effectively plan the
path. By contrast, path planning based on Deep Reinfotcement Learning (DRL) does not require maps for
navigation, owing to which it has received considerable attention. However, traditional DRL path-planning
algorithms often face challenges such as low sample utilizatidon, slow training speed, and insufficient generalization
ability. To solve these issues, the Twin Delayed Deep/Deterministic (TD3) policy gradient algorithm is improved to
enhance its path-planning performance for mobile robets. First, to solve the problem of the TD3 algorithm having
limited ability for continuous space exploration, the exploration strategy is improved and the continuous space
exploration ability of the algorithm is enhanced*using pink noise with time correlation. Second, the n-step method is
combined with the Loss-Adjusted Approximate Actor Prioritized (ILA3P) experience replay method. The n-step
method can capture the long-term feward signal more accurately by expanding the immediate reward in the
experience replay buffer to thé n=step cumulative discount reward, whereas the ILA3P method can improve the
sample utilization and perférmance of the algorithm by efficiently using the n-step experience. Finally, three
different environments 4are built"in Gazebo for the experiments and compared with various algorithms. The
experimental results show that the improved algorithm has more advantages in terms of training time, average
success rate, and average distance, which proves the effectiveness of the improved algorithm.

[Key words]) path planning; Deep Reinforcement Learning (DRL); Twin Delayed Deep Deterministic (TD3) policy
gradient; pink noise; Loss-Adjusted Approximate Actor Prioritized (ILA3P) experience replay
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Table 4 Total training steps and total training time

0 250 500

for different algorithms

RPN MINGSE 2 SR/ h
TD3 303 553 16. 45
TD3PN 284 583 14.18
TD3PN-LA3P 249 021 12. 22
5-TD3PN 244 294 11.63
5-TD3PN-LA3P 237 472 11.35
TD3-PER 352 745 18.18
SAC 332 394 17.42
DDPG 411 371 21.56
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Fig.12 The trajectory of leach algorithm in environment a
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Table 5 Test results of each algorithms in environment a

Ak FRIE/ % PR /m P/ s
TD3 70 9.29 25.91
TD3PN 100 9.05 21.51
TD3PN-LA3P 95 9.03 20. 60
5-TD3PN 100 9.00 20. 22
5-TD3PN-LA3P 100 8.77 20.13
TD3-PER 60 9.25 23.13
SAC 100 9.21 23.51
DDPG 30 9.87 29.42

(2)TD3 (b)TD3PN (c)TDSPN-LASP  (d)5-TD3PN

(e)5-TD3PN-LA3P

(f)TD3-PER (8)SAC (h)DDPG
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Fig.13 The trajectory of each algorithms in environment b
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Table 6 Test results of each algorithms in environment b

RPN FHRThER/ % PR /m PR/ s
TD3 70 13.33 34.29
TD3PN 100 13.15 31.04
TD3PN-LA3P 95 12.63 28. 66
5-TD3PN 100 11.82 26. 64
5-TD3PN-LA3P 100 11.73 26. 54
TD3-PER 15 13.56 40. 44
SAC 95 12. 38 32.79
DDPG 15 13.08 34.13

(a)TD3 (b)TD3PN (c)TD3PN-LASP  (d)5-TD3PN

(e)5-TD3PN-LASP  (f)TD3-PER (8)SAC (h)DDPG
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Fig.14 The trajectory of each algorithms in environment ¢
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Table 7 Test results of each,algorithms in environment ¢

Wik CPMRIPE/ % CFEEEE/m CFEIMEs
TD3 25 12. 89 32.39
TD3PN 40 13.31 31.11
TD3PN-LA3P 75 12. 70 29. 60
5-TD3PN 65 12. 38 29.19
5-TD3PN-LA3P 85 12. 06 28. 64

TD3-PER 0 — —

SAC 5 13.93 37.58
DDPG 20 13. 36 34. 36

SRR NGRS W5 » RN R EE 58 BT 15 31 1Y
FEARBREIL sk TE TR 8 ., B 5-TD3PN i
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Table 8 Number of samples in experience replay buffer

after training for each algorithms BAL A

TD3 303 553

TD3PN 284 583
TD3PN-LA3P 249 021
5-TD3PN 236 297
5-TD3PN-LA3P 229 478
TD3-PER 352 745

SAC 332 394

DDPG 411 371
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