541 55 12 1) EHEZwe 5 r A Vol. 41 No. 12
2024 412 H Control Theory & Applications Dec. 2024

BT Ik b e 4 2% 1) B e 32 i F Ui

XIBRAE, SRR, SR, & &
(URFR THE I GERIBR T B A PR A F, JE5L 100043)

TR DA, R A RTRE B | il I 2 15 S A5 0I5 10 K b o 28 00 46 (SNIND 8 XMl 7F 7 5 288 e 42 ) (¥ 52 X
AT PR S FE T I Ash 42 0 4 SR )R R 1 7 i SEBL S M B RS O H R RERCGE IR 2 S5 10
Ragfez —. Ak, ASCE /4 T SNNIOEEA SR S AL, R85, PRGN 1 I R 2 T kb b 22 0 2% 8 e 4
RV 7C 2 JE DL RAENL AR S TE NG NSO B G DL B, s 1 BT IR 5, I LASEBISNN
S R RE S e, B AR EE T SNNTE AR HLIB 5 PRAR. A3 & PEARTHE H SNNFE il A Jre R BOAR Mk 2%, 9 e
PRIGUR SRR LA 55 15 FB .

RHBIA): T4 R 288 IR IBE S 25 M I 28 5 B R Pl M2 S THSE

SIS XUBRAE, $05° K, SNEME, &, T kb 22 0 25 ) B RE 4 il BT FU kg 4 ) BELe 55 NEH, 2024, 41(12):
2189 - 2206

DOI: 10.7641/CTA.2024.30330

Research advance in intelligent control based on
spiking neural networks

LIU Xiao-de, GUO Yu-fei, HUANG Xu-hui, MA Zhe'
(Intelligent Science & Technology Academy of CASIC, Beijing 100043, China)

Abstract: In recent years, spiking neural networks (SNN) have garnered significant attention in the fields of brain-
inspired learning and intelligent control due to their advantages in energy efficiency, robustness, and the ability to incor-
porate spatial-temporal information. In the field of brain-inspired learning and intelligent control, SNN architectures have
shown promise in achieving complex control tasks with autonomous interaction with variations in the environment. This
paper presents a comprehensive review of the development of intelligent control based on SNN and systematically sum-
marizes relevant SNN control applications. Firstly, the basic concept of SNN, as well as the motivations and advantages
of intelligent control based on SNN, is briefly introduced. Subsequently, the research progress of intelligent control based
on SNN in recent years and its applications in fields such as robotics, unmanned vehicles, and unmanned aerial vehicles
are systematically reviewed. Additionally, we summarize some hardware platforms that enable efficient implementation of
SNN algorithms. Finally, the opportunities and challenges associated of SNN control are discussed. The purpose of this pa-
per is to provide a technical framework for intelligent control based on SNN approach, and facilitate its rapid development
and application.
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Fig. 1 Research content of intelligent control based on spiking neural networks
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Fig. 6 A control framework of combination spiking neural networks and reinforcement learning. DRL: deep reinforce-
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Fig. 8 Decentralized spiking neural network routing architecture
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