1831 5 K7 F

PREALI R SR 2024, 32(7)

Computer Measurement & Control * 225 ¢

XEHS:1671 - 4598(2024)07 - 0225 - 07

DOI:10. 16526/j. cnki. 11-4762/tp. 2024. 07. 033

hE %S . TP181;V249 XHRFRIRAD : A

AEXRMESMBEBELFEIZTANBESM

£ 3. %

ORHBAGE B TR B TR BE . AR

%, BAEHN

610228)

WE: FEXICAHLA ISR A 5 2 o 0 Al 2 2] O IR AF R VN GRACRAR . 32 AL RE D A Ak 22 S R, 5T 2 S A
B, BT RERCIZ (LSTM) 2 25t gt 1 28 I 40 M0 S A B . G id B A S T AU RE IR Y B 3 15 B, SE B0 T WA 4 i
0 Sk 5 i) 200 M 00 2 - ok — 2P R X B A B D TR BE i AL A o) Bk D3QN MRS AN FER R s AL AE AirSim iy ELIRBT Y SE IR R W
b LS R B 51 A BE 5 A R R R B I R RE D TG A HLE BE AR B S LR RE . M TR D3QN ik, B HARIEERTOLT . B
B AR AT T 2540, KBIT 97. 11005 WAL FARSUE IS kSN Gt AL . B3k A AR B Ry 99. 4506, T D3QN ALK
11,46 %6, RAERFNH 0 B ARA; RUVHEIZMRE B EE 8T .

KEEW: TAML: WML RIKTH; D3IQN; A LA

Reinforcement Learning Algorithms Combined with

Brain-Inspired Navigation
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(School of Software Engineering, Chengdu University of Information Technology, Chengdu

610228, China)

Abstract: In response to the low training efficiency, poor generalization ability, and universality of widely used end-to-end rein-

forcement learning methods for autonomous navigation of UAV, a brain-inspired navigation model is introduced. Based on the long

short-term memory (LSTM) neural network, a brain-inspired cell navigation model is constructed, the self-motion information of the

UAYV intelligent agent is integrated to encode grid cells and head direction cells, further supplement this information as the state of the

deep reinforcement learning algorithm D3QN. The experiments in AirSim simulation environment show that the introduction of the

brain-inspired navigation model can effectively improve the training ability of the algorithm and the navigation performance of the

UAUV intelligent agent. Compared with the original D3QN algorithm, the success rate of reaching the target is increased by 2. 54 % to

97.11% with the target first fixed. the success rate of reaching the target is 99. 45% with the target continued to train after changed.

The new target point misses with the success rate of the D3QN of only 11. 46 %. This indicates that the algorithm effectively improves

generalization abilities.

Keywords: UAV; deep reinforcement learning; brain-inspired navigation; D3QN; autonomous navigation
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