CEN S G N
ELECTRONIC MEASUREMENT TECHNOLOGY

20234 3 A

DOI:10. 19651/j. cnki. emt. 2210930

R BB AL SN 38 AR B R R A

fHm BN 2 O# BLFE O OR X
Q.M AEAFRBRFEFREEILSLR F5 266000; 2. LAAR A F AN Y E EZFE F 5 266590)

B OE . RO IRBDIR AL S B L B AR AR B0 AR A B T A B 05 A A R L TR R S R E A ()
R TE 3 P25 G5 0 B9 R A b 4R — Bl RE T B R SR SRR 5 R O M E AR Q MR BRERTER R
BEmf R AT A ST N T e-greedy SRR TT 5l 2] T 5 IO W SIORR 2 U IR R R e BRI L M 5 B 2 4R
REFHEM R RSN L3785 0 20 8010 18 38— Fh 5 3 2 il PR R 78 B AR A B BB R B9 51 5 35 5 e il (L, TE IR A5
BF O B R g R R R RE R RE RS TR IR 2R . M TR RS BRI AT O SR L O A R R IRk
TE A [ A b 18] T AR IRAS T B g A9 - 45 3 B (DRI B R O W BSOROCR B AR ML R AR S R 4 5 T 48, 0406 B TIE T B IATE
BEAR IR 7 A SR E R . RIS Q learning B3R L ST Ky R 0T, T SR 58 0k B AR LRI BT FRAR T T 28. 1406,
FA T4 9 RS4R3 B AR ML BB

KGR RN TR AL S S s IR IRAL 2 5 se-greedy SN s A L#g

RESES: TP242  XUEARIRTG: A ERFEFRSEMRE: 520.2

Application of deep reinforcement learning in robot path planning
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Abstract: To address the problems of inaccurate interaction information with the environment, sparse feedback, and
unstable convergence of deep reinforcement learning algorithms in path planning, a dueling deep Q-network algorithm
based on adaptive e-greedy strategy and reward design is proposed. When exploring the environment, the agent uses
the e-greedy strategy with self-adjusting greedy factor, while the exploration rate ¢ is determined by the convergence
degree of the learning algorithm, so that the probability of exploration and exploitation can be reasonably assigned.
According to the physical theory of artificial potential field method, a potential field reward function is created which
contains a larger gravitational potential field in the target, a repulsive potential field reward near the obstacle, making
the agent to reach the end point faster. Simulation experiments are conducted in a 2D grid environment, the results
show that the algorithm achieves higher average reward and more stable convergence under different scale maps, with
an improvement of 48.04% in path planning success rate, which verifies the effectiveness and robustness of the
algorithm in path planning. The method proposed in this paper is compared with the Q-learning, which has a 28.14 %
improvement in path planning success rate with better environment exploration and path planning capabilities.
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