HABE 1M & B X #t # KR Vol. 4 No. 1
2025 4E 1 H Information Countermeasure Technology Jan. 2025

ZHANG Yabin, ZHA Haoran. Specific emitter identification based on deep spiking complex neural network[]]. Information
Countermeasure Technology, 2025, 4(1):52-60. (in Chinese) |

B TR E S Ehkih a8 22 W 2% 5 4 E 58 5 R 1R 5

KL R

(M/RETRRPER SEE TR, BIELH/REE 150001

H E BREABHRPAAERAREEETREETZMEN, TAWEKENZMNAE T k£
HRAR A 7 @0 S P, G 36D 4R R K LA AL B ok B A B AR, AT Tk A, R
T —RETFREERKFAZ MR, ZHEAERT RIHZE.FHALKKEGE
AHHERETEERD . ZFRATH X EZFERT AT RER, MXLEREAN, Z
ARG RA R FKXB]T 969, LA HIEG TR R A 0. 19 ms, EHER KB 2
R EAEERERTHE LR TERAYZE RN AR,

KR BFTERSREA IR AYZ W % A% M % Wi-FifE 5

FESES TN 9112 XEHRS 2097-163X(2025)01-0052-09
XEkPRER A DOI 10.12399/j. issn. 2097-163x. 2025. 01. 004

Specific emitter identification based on deep spiking
complex neural network

ZHANG Naiyu, ZHANG Yabin, ZHA Haoran"
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Abstract Specific emitter identification (SEI) plays a crucial role in civilian spectrum
management. Traditional deep neural network methods face many challenges in emitter
identification, including extended training duration, high energy consumption, and low
computational sparsity. To address these issues, a deep spiking complex neural network
(S-CNet) model was designed, which integrates pulse neural layers and utilizes the intrinsic
properties of complex data to enhance signal representation capabilities, significantly
optimizing computational efficiency and reducing hardware resource requirements. The test
results have shown that the recognition accuracy of this model reaches 96% , the average
inference time for a single piece of data is 0. 19 ms, and it is superior to the traditional neural
network models in terms of model parameter scale, inference speed, and inference data
energy consumption.
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Fig.2 The overall schematic diagram of the model
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Tab.2 Results of ablation experiment
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