%256 1 2 % T R OR ¥ % W Vol. 25 No. 1
2024 4F 2 f JOURNAL OF AIR FORCE ENGINEERING UNIVERSITY Feb. 2024

M R ARRIEZE P HAREBIRA 7%

BB WL RADL 4 R BEPE
ST

TR EEE S SR, PE4, 710077 ;2. 94587 TN, TT.J5 & = Hs . 222345)

n

HE H#AATPTERPELUHTETERHAEERE R WA RE - MFETESE 0 A EER
HAEEHHEAEANERARIN T &, ZFEREFLERFENFAGEEARIFTONTELAE B R4
RS T RIS Ao T BRAERIENRE B R ERA 8 E NI 3R FRAE B3R o & 2 B A 4
B, TEERRNZ T ERABRAT A PEHEART RS EERTE R NI R E g LN ERE,
XBRA BERANHZERNLE; BEEANF B2 XX BALTH

DOI  10.3969/j. issn. 2097-1915. 2024. 01. 012

RESES ES24 XHEARER A XEHS  2097-1915(2024)01-0076-07

A Fast Aerial Targets Intention Recognition Method under Imbalanced Hard-Sample
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Abstract Aimed at the problem that air target group intent is often difficult to be identified rapidly under
condition of imbalanced and difficult classification, an intent recognition method is proposed based on mov-
ing-window estimation of the temporal convolution self-attention network model. First, the proposed
model is intended to preprocess the feature data by the moving-window estimation method. Second, the
flow information of multi-dimensional time series feature data is quickly extracted by the temporal convo-
lution network (TCN). Finally, the self-attention mechanism is used to capture the key features from each
feature datum and optimize the weights. The simulation results show that this method improves the train-
ing efficiency and classification accuracy for the intent recognition of hard-sample in imbalanced samples.
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