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Abstract: Spiking neural network (SNN) is a new generation of artificial neural network. It is more biologically plausible and has
been widely concerned by scholars owing to its unique information coding schemes, rich spatiotemporal dynamics, and event-driven
operating mode with low power. In recent years, SNN has been explored and applied in many fields such as medical health, industrial
detection, and intelligent driving. First, the basic elements and learning algorithms of SNN are introduced, including classical spiking
neuron models, spike-timing dependent plasticity (STDP), and common information coding methods. The advantages and disadvantages
of the learning algorithms are also analyzed. Then, the mainstream software simulators and neuromorphic hardware of SNN are

WeRFHI: 2023-09-18; &M HIY: 2023-11-08

TR TSRk, G H RS MABIEI B, B ETTREGR L, BT R &R (E R A AT E-mail: chaihongfeng@cae.cn

FEWWIH : EXKE SR IRITE (2021YFC3300600); 1 E TARBE &SI E KA 2075 5 F S il XU I I 55 7l 4k 28 BRI AF 9T (2023-
XY-43); [H &K B AR 3E G 00H (72201161); 1 = 1 B 5 01 37 36 5] 44 B A 2026 1 H (2022CSIGG0800, 2021-YF09-00114-GX,
P03522083587, PO3522083675, HP2300490)

AFIMHE: www.engineering.org.cn/ch/journal/sscae

061



RO 48 R ST IR 5 B R R

summarized. Subsequently, the research progress and application scenarios of SNN in terms of computer vision, natural language
processing, and reasoning decision are introduced. Particularly, SNN has shown strong potentials in tasks such as object detection,
action recognition, semantic cognition, and speech recognition, significantly improving computational performance. Future research
and application of SNN should focus on strengthening the research on key core technologies, promoting the application of
technological achievements, and continuously optimizing the industrial ecology, thus to catch up with the advanced international level.
Moreover, continuous research and breakthroughs of brain-inspired systems and control theories will promote the establishment of
large-scale SNN models and are expected to broaden the application prospect of artificial intelligence.

Keywords: spiking neural network; brain-inspired computing; learning algorithm; neuromorphic chip; application scenario
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