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Radar working mode recognition based on self-attention multi-kernel
dilated convolution network

ZHANG Fuqun', HE Minghao', YU Chunlai' , FENG Mingyue' , ZHANG Yinan', LIU Kang’

(1. Air Force Early Warning Academy, Wuhan 430014, China;
2. National Key Laboratory of Complex Aeronautical Systems Simulation, Beijing 100076, China)

Abstract; In complex electromagnetic environments, radar countermeasure reconnaissance signals often suffer from
significant distribution differences between training data and actual combat scenarios due to substantial pulse loss
and false pulse interference, which seriously degrades the recognition accuracy of the air-to-air working mode of
active phased array radar. To address this issue, this paper proposes a recognition model based on self-attention
multi-kernel dilated convolution network ( SAMKDCN ). Centered on dilated convolution, multi-kernel selection,
and residual structures, this model constructs a feature-map extraction module for multi-scale feature learning across
the temporal dimension. Moreover, a self-attention mechanism is incorporated to adaptively adjust feature-map
weights, thereby highlighting critical features and strengthening feature representation, which ultimately enhances
the accuracy of AESA radar working-mode identification. Simulation experiments show that SAMKDCN can
effectively learn the core features of the air-to-air working mode of AESA radar. Under ideal conditions, it achieves
a peak accuracy of 99. 14% . With pulse-loss and false-pulse ratios ranging from 0% to 50% , the average
recognition rate attains 95.11% ; Even under the extreme scenario of 50% loss rate and 50% false-pulse rate, this
model retains a recognition accuracy of 88.23% , demonstrating favorable generalization ability and robustness.
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Fig.2  Schematic diagram of missing pulse and spurious pulse
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© 134 - R

[N AN

5558 4%

3.2.3 HEZES

S A TPA AT TR A R 3 I T A
TR A T E ) 2 R E S WA
(SAMKDCN) 525 32 i % Fe AR Y () S 5500 TR X
Hegh

W33 PR, FEMSHEEF BE SRR
B LeNet ZEE AN, 20 1 075 J7;VGG16 5
SKNet 15 %1 (1) 2 5 5 A0, 53 31 29 0 18 929 Fi
18 964 J7 ;ResNet18 B S 4 290 17 165 J7 ;1M
AlexNet 5 TCN #8403k HAZIE, 4300 29 K
35 351 #0135 278 J3, A SCHE A9 SAMKDCN A5 2
SRR, AR 37 367 T, X — 45 B s
SAMKDCN #RIZE /A R 24, KSR B E S T
HoA X HARRY 1252 24 BT 32 R AR AR
FERLG R A FEE AL S 2 R 23 R B BB X
S B AEPETHERLAE = T S AR S s SRR
X IR T AR R AR i R AE 572 AR IR B BE
J1o ST i B9 S A B A0 5 220 il S
55 5 Re X LS5 SR IR X E 4R RS I AR A H
BRI s s A AP ERE L S T L SEA

*®3 HEERE
Tab.3  Algorithm complexity

sk W
LeNet 10 751 258
VGGl16 189 292 614
AlexNet 353 511 814
ResNet18 171 651 916
TCN 352 777 798
SKNet 189 642 230
SAMKDCN 373 668 294

3.3 SAMKDCN iR B4R #r
3.3.1 BERRFM T HBIPERE ST

FYRSEF ST SAMKDCN 2875 2 2 244 R IR
BIERE AU 0% %% 0% B AR R 10% £k
R 0% BIR 0% F KK 10% BK 10% F IR
10% HEMER 4 FiBILE) PDW S AR REA HEF I 25

100

TEANTA] 9 25 S ok e 0 R Al ik o L 1) R 24 I 32
P28 TR 1 RE = 4k it T AN 13 i

o

e
T © % %
T S 5% = @@@

13 SAMKDCN iR 3l {4 g = 4 th E &
Fig. 13 3D surface graph of SAMKDCN recognition performance
SAMKDCN [ £ i ~F- 2431 51 K 29 R 95. 11%
TERRAAEE N HEM R R = Tk 99. 14% . M X%
P B G RARETE 0% ~ 40% 5l P B VB 2% 24k
TREFRRE AUTE 40% £ 5 40% M B0 e 1
OUT  HE R TR IME, SR, 7E 50% RRFRY
50% MEAR R DI A1 T, AR e 22, HERR 5
88.23% , XKLL L5 R 7T 43 W], SAMKDCN [ 4%
TET I8 TARBR X FOIME S5 h i i R B, HOAUA
RCPRHUT I8 TAEAE 2 1 AR R, e B 5 K i)
FROES: 2T e 07, i HLI 4 BAG — o &k | BRI 7E
—EFEE T HCHUE R R AR RS B A, P
AEXS R AR %, R TR 5 2 551, Ay
FRRAE R BRI ET , M MR TREAL,
{RILATS B B H AR AT JURRAE HEAT 50 28, B
BB IIZ AL RE ) RIS B
Syt — ARGk op &R 5 RO SAMKDCN (%)
Ky, A TE R RFHEMEN 0%/0% |
20% /20% I 40% /40% ()35 T ATk, &l 14
25 T AH R Y R IS T ARSI IR VB HE R

100

VSt VS

HRWS{ 20 [EXN o 80 HRWS 4 40

MRWS- o MRWS { oo

TWS o TWS{ oo

Truth label
Truth label

STT STT 4 oo

MTTq o 20 MTT oo

TASA ©

TAS{ 00 00 o0

1.0 0.0 0.0 VS 96.0 X
00 80 HRWS
MRWS { 1

TWS o

Truth label

STT

0.0 20 MTT X

TAS{ o

S qO q® @@ S S S
« q&@ @Q‘@ PN AR =
Predict label

(a) 0% ER0% KB 2% 1F

S GO q® @® S S S
« Q&@ g&@ PN AR
Predict label

(b) 20%ZF 520% RE B 5%

S (O q® @O S &S S
« Q&\ﬂ \l\q:ﬂ PN NN
Predict label

(c) 40%FE K 40% B 414

14 TEEKIRRREEREE

Fig. 14

Confusion matrix for working mode recognition
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