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A Full Convoluted Neural Network-Based Tactical
Intent Recognition Model for Airborne Targets
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Abstract This paper designs a deep learning model MLSTM-FCN in combination with the advantages of
fully convoluted neural network, recurrent neural network and compression and excitation module aimed at
the problems that the existing air target recognition methods are not high enough in agility and reliability.
The complex local features can be extracted from the air combat data by the fully convoluted network, and
the long and short memory neural network can capture the temporal features of air combat intention data.
The results of ablation experiments and comparative experiments show that the MLSTM-FCN model is su-
perior to the existing air target intention recognition model in terms of intention recognition accuracy, re-
action speed and anti-interference ability, and the results of sota are obtained, providing a more effective
basis for commanders in making air combat decisions.

Key words intent recognition; aerial targets; deep learning; fully convoluted network; long short-term

memory ; squeeze-and-excitation block

MiE R B4k B REfk . T AL BB H 25 &, B R, EE 2% A John Boyd B4 H T 1 7 1 45 PR
REFELANENIKE TERELRNELR, B 00 B8 (observation orientation decision action, OO-
FHABACRHE R BAE 20 42 70 4 DAY, MSCHRL2 0T D& FE AT ] B 4 b, #2200

KB 2023-09-20

ELWMB: ERHARR-E4 (61806219,61703426,61876189) ; BEVG 4 H SR Bl 2= KLl A 78 1H Rl (2021JM-226) ; B 75 45 & A B B 35 48 A A 6 2%
141 (20190108, 20220106) ; B 7844 61 37 BE 77 32 #3151 (2020KTXX-065)

EE BN R 1999 ) B FIRE AW A, DF5E 5 ) g A 8 AP . E-mail: lemin_lee2023@163. com

WISMESE: KW K1988—) . 5 . g vl MM L R 342 . Pl B 98 0 1) o 5 i s B AL 38 A0 . E-mail : yafei_song@163. com

SIAER: FAR AP EH. 4. —AETL2EFRHENEN T FPARKAEERABHA]] ZFETRAFFH. 2024, 25(5);98-106.
LI Lemin, SONG Yafei, WANG Peng.et al. A Full Convoluted Neural Network-Based Tactical Intent Recognition Model for Airborne Targets
[J]. Journal of Air Force Engineering University. 2024, 25(5):98-106.



55

BRI A — R T 2 B BURR 22 I 45 110 2 v B R AR R TR U A A 99

FEIF AR IR A AR OCAT B, 0 B 42 w2 141 AT %
9 A AR 0 SR, SR IBCRH L AT 3l . 7E By 25 4051 48k
HdL AN B A1 X B s o H AR EOR B R B — B
2 R T R R

AT AR ) PN AIMUE 5 I I A AR Y T2 2 IR
] 72 BE AL 37 b R IR 4 25 3, IR M AR O 15 B
FE53 53 AT s T 9 37 e AL L B i DR SR AECEE P N AT
FERE . TR — ), 2 TR 2 b R R R
07 2 AL AE T GE T e AR B FD N T RE Y
Jrkt . Mo T G B B0 0 vk A 4 DL i i 1)
26 IR AR SCHR RN UE 48 B . DU ST 09 2% 5 o I
Iy AR PRI b 3z 3h 2 8, S F AR R 18 2 26 O
AR DL S A A B s B v A T L R B R K
KB B 2B A Ry X T B 5T DX ) R DG BK B 4
WS BORE M, 5B RHLR AR B B0 g 3
TR A [ SR 51 I 48 38 3 BRI 255 PE AN 7 ik
TR AR BTN W T R S B R R G
FBARICBCVE . L KR GOK L K4 5 5 A M
JE o R PO 28 330 A7 4t F A 25T BT DG vk 45
[ S WL 54 5 St e TR S S M A P AR Y £ D
IS0 TR A R R R AT
RE Y 7 Tk R E AR A 4 I IR 2 2 . Rl )
2% FI T BP i 28 o 245 ik s P R 0 TR 2 ) O
20 23 v H AR RO 5 R e Ak SRy I 1) R 81 R AR Y
S ER L ORI R I TR R R VA L L S Y I NI TE
LISTW BT AR ERYEEE R DOk TN 2 8 B ]
T TR R U o 5 B AR A S g R R
B R B 27 2] O AR 25 v B AR ROR B R ME 55 R
HAT B PERE .

ks o H A BRI B A A DL R D
UG BE AN 5 o 33K 0 75 48 #5 50K X LU A 45 4T
LARGE T AT B8 23 VE 85 D% 1Y DO, 78 25 P AR R
Hh, el T A R B A W AT BE 2% 5 BT84 IRT Y A 4
s O FRGE SN B E AP, Qi R 2R G S AN
R R AN R S & i O AN S RSN TS
ZHCEFA RS OFL T IRRE I AR  TE R A
WEIA S b, H bR 2 R RO 2R S8 i A A (6] 28 2
0, X T R 25 S BOAR G877 AR R A0 A W B )
4R,
BEX b 7] BT, A SCHE B 22 B KG J1 TTE &R ek
JE O BERPTTREE ) 3 ATy L JT R T s
H b AR 3 & U A A MLSTM-FCN (multivari-
ate long short-term memory- fully convolutional
networks) , $f 4 & LR 4% (fully convolutional net-
works, FCN) 5 K & ic 12 M 4% (long short-term
memory, LSTM)#H%5 &, -4 FCN th 5] A T & 46

58 Jih B Bk (squeeze-and-excitation blocks, SE).,
OXF T HERH 2 )5 T8 - FCN R A RO B4 #5417 F#1E
PRI, 7843 I A FR A 28 I 24 A B ) 3 9] 508 1
FRAESZIBCRE J7 , 52 5 I 2 1 R s e ) A ek g 5 ©
Xof T HRE D5 T - FON () 45 0 2 B S04 Ry, ml LS
PR R AE 42 ORI AL B8 [5) B SE 19 51 A X 35
JEE T 5 W REE 5/ 0N DRI S 3 A X 48 LA A g 1 ok R
T OXFFHr TP U5 i . LSTM 5 8 %F - B 8] 77
FNECAE AT REAETE 9 B R L S SE I DL A —E 1Y
FHGRES) R SE BB Ay 51 A $2 1 A LR T 4
I P v M 75 ) 400 1 B ) ol A A5 AU X T R A AT AL
HAT R 4P ) o il SE R R B AR MLSTM-
FCN (R A 450 26 (8 3 1R DR Al 58 F 1 20 5,
R J o 3 B AN L RE AL T A 2 h HARE
PSR IR B 1 AS SR A AT 2801

L5 b AR SCBE T B A ) R MLSTM-
FCNLZ5G T 446 B 2 W 45 1 20 pi 28 1) 4% F T
A 5PN SR L s, M T A T AR
TE AL B (1) e 57 AR E R4 w8 TR0 4 BE O T B A A R
ARG B 3 ek 9 6 Ik W 2R A A R TR AR S 1 o
S BEFIPT TP RE ) Oy R ML Al T
A aS T HARE BRI A RS T2 A A AR
BRI 285 5 Sy s i VR RO SRR ML T S R AR A

1 ZEHHIEEEIRS

1.1 =i BirEEIR A 6 # iR

25 v H AR R B U R 7R AR BT 55 FL R A
fitkh b, 38 W O H AR AT 8 9 4R G B TR
FIIN 32 6 1 o A 3 AR AR HE 3 O B A
PR . AR b B b, AR 55 FL R O R R R T
Z A7 e —Fp AR Y 6 R

LR UL AT 55 B3 7 AR B I B &
W b DR R A3 ff A AT 55 BT U T AT 5
JEA . BRI IT A L4 A O AT 55 o i
R — RN TTAE 55 7 50, P IR R T AR 58 1 R B
SRAAT Ry s A DT S BAH R 4R B R . e, £
S5 R 7 N AR B 2 o AR R R A A
=N ES DUIRIILE 2 Uy U - N N Al i W L O (82 < S P
. BT BB — 2 1Y Bt U 9 2 A
RE B ELH2 0000 2], HBE A 1 12 )2 4 A 4 o B R
T B BRI R A5 B . Jo 2 B HE B4 A 04 GE 4l
5 Rk B AR AT 55 B 7 1547 o0 B R SR B 0 R
ARAT R BNAE S ik 2L GE 408 5 8 0 R 2 7 4 4 2 S A
N G B L AR S5 2 2 T I 4 HE A 2 B R AR
75 S 23 05 K AR B I R RS i . AR 55 BRI
HERMEEIT Z R CRME 1 iR,



100 TR KR

2024 4

P A L
Fig. 1 Reasoning process of target intention
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Fig. 2 Overall structure of the model
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Fig. 3 Loss values for the MLSTM-FCN model
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Tab.2 Experimental results of the six models
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Tab.3 Performance comparison of different models

155 7Y W/ % S80e/M R B/ ps
MLSTN-FCN 98. 86 0.29 30
BiLSTM-Attention™*’  96. 45 0.37 85
BiGRU-Attention""" 95.17 0.13 34
BiGRU-TCN 95. 31 0.12 33
BiGRU-FCNF 98. 15 0.31 44
BiLSTM-TCN"* 93. 89 1.24 38
Hicrarchical 5. 76 0.11 37

. 3 9
Aggregation model™*"

Transformer™” 98. 38 0. 10 160

1 I A P 2 0 2% 1 JR B AT e L vT LA
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SR T X B VR U2 U R A () B B B T AEE AR
W%, (HR R T2 B8 0, 52 3] 5 17 454 i B I L B
AU S0 1 BE 0 BR 2 Sfe 1R B2 (9 AR . e
R 2 (B 1) G RO T B2 I ) 8, AR SCH
) MLSTM-FCN ¥ B ja) LSTM 1 4 45 B X 4% 45
M T G my W LSTM, A R4 FEAR T 45 % iy
SRR R T T IR0 R R R
3.3.3 BRI RS o BT

WX S5, 78 E B T MLSTM-FCN A&
AL B T MSTM-FCN # #4 3f: I [a] fh 25 808 &
S AR AY X L, S 56 25 IR T BE B = — i i SE
VEIR T o PR, A SCHE [A) — 2086 45 AT 1R ALY
AlSC G, SCE A R AR 4 R,

R4 HREZRER

Tab. 4 Results of ablation experiments

TS0 24 B 25 ) )
W/ % WOME PN ps
LSTM FCN SE

N/ NG N 98. 86 0.008 30
N 97. 02 0.015 22
N J 98. 72 0.009 28

NG 98. 30 0.032 24

J J 98. 44 0.028 25

ZER R, AR SCH H A MLSTM-FCN & F i
SR R Y A SR N OB TR R B T 3 B 4R
T, M % F LSTM, LSTM-FCN. FCN., FCN-SE ##

ALy TE T 1. 84%.0. 14%.,0.56%.,0. 42%,
R A XS T FCN AEAY 75 45 2% {5 Tt 38 B0 ST AR
7. 78R 3 E 7 . MLSTM-FCN f1 LSTM-
FCN 7E1 G AH 22 A K 09 A7 52 T, 5 7 33 51 3 B
PR XA T — 2 X A A s skt T ) ek R T
3.3.4  BIAVGTTHERE J1 404

M T 7E 65 M 5, — AR 23 BB BT 19 4% Fh
TS EIREZ AR T AL, T B UEA 3¢
P B ALTE 3 BR B T BT T AR RE T, AR SOR R
A BRI T N )5 e B v i R R L AR 4 LA
TARIBEAR T HIEE L (SNR) .

2

signal

SNR = 10lg —10lg S (14)
noise n
IS
N10 "
noise=random(N)+/ | n (16)

Kha MG S0 ARAEES N BEGES
KB snoise il A5 ME LT BAA RS GE S,

AR BIEAE M L 20 dBL10 dB.5 dB.0 dB,
—5 dB.—10 dB, —20 dB BY4E B F Y 2 Ak 1
MLSTM-FCN 1, I F 858 T A [ 455 784 1) 2 1 1 5]
ROR L EER WK 5 PR,

x5 BEBEREFERILEIRAEREIL

Tab.5 Comparison of recognition accuracy of each model at different signal-to-noise ratios

- R/ 0
M 20 dB 10 dB 5 dB 0 dB —5dB  —10dB —204dB
MLSTN-FCN 98. 86 98. 15 97.02 96. 88 96. 45 94. 89 90. 77 85. 94
BiGRU-Attention 95. 17 92.76 91.19 88.49 84.8 84.52 75.99 63.07
BiGRU-FCN 98. 15 98.01 97.16 95. 45 94. 46 90. 20 87.50 82.39
BiGRU-TCN 95.31 92. 05 89. 35 87.64 86.510 81.96 69. 74 65.62
BiLSTM-Attention 96. 45 93. 89 93.75 89.77 90. 62 87.93 84. 80 73.30
BiLSTM-TCN 93. 89 86.93 84. 80 85.09 83.38 78.98 80. 68 58.52
Hierarchical Aggregation model 95.76 92.54 88.79 82.07 76.62 70.18 65. 10 56.33
Transformer 98. 38 97. 65 92.04 88. 49 82.23 77.58 74.23 69.98

A LU B A (1 o i 3 B A A MR Ly T R
s U VI N S E IO (5 S | Y Ll O = e Y
—20 dB BT s MLSTM-FCN A5 5 i 1 A5 4R
T AL 4 M FEFE MR 0 dB I AL T
MLSTM-FCN £ B ) o 8 % 3% 390 96% . Ml =2
T AR B AERR R AR R LT 0 dB R TR
Sy Wi, BIGRU-Attention # 2 FRE T 21. 73% ., Ui

R A SCHE AR TR A 07 6 2 5 I P s B AT 4 Y 4
PRV T HHERG R A AL B

T Bk — 2 B UE A R Y 5 X R AR S ]
6oyt B I 4 B L AR BEAT T AT . AEIZSER
e BOd i R R 35 590,106 .15%6,20040.25%
3020, SR 2 Tl 5w S 0 B Al i O A L . BB 1
ol e 24 KA R G I X R ) B8 R AT R Ak B
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Fig. 6 Experimental results of missing feature space com-

ponents
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