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A Radar Emitter Signal Sorting Method Based on Multi-task Learning and
Multi-domain Feature Fusion

PU Yunwei'*, ZHAO Huijie', LI Wenkang', TIAN Chunjin'

(1. Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China;

2. Library of Kunming University of Science and Technology, Kunming 650500, China)

Abstract: Radar emitter signal sorting (RESS) plays a critical role on modern electronic warfare. To
address the limitations of traditional sorting methods, such as low efficiency and limited accuracy in
complex electromagnetic environments, as well as radar-communication spectrum sharing (RCSS)
brought about by the development of 5G communication technologies, this paper proposes an innovative
solution based on multi-task learning and multi-domain feature fusion. First, the proposed method
constructs a multi-task learning (MTL) framework to jointly preprocess noisy radar-communication mixed
signals, including signal cleansing, denoising, and time-frequency feature enhancement. Second, a feature
fusion network is designed to extract multi-scale features from both the time-frequency image domain and
the time-delay-Doppler domain. An improved iterative attention mechanism is employed to achieve cross-
domain feature fusion, resulting in a high-dimensional feature representation with a strong discriminative
power. Finally, a clustering model based on DeepCluster is used to accurately sort radar emitter signals.
Experiments demonstrates that under low signal-to-noise ratio (SNR) condition of —6 dB, the proposed
method effectively suppresses communication signal interference and achieves a sorting accuracy of 93.8%.
Compared with existing approaches, the proposed solution demonstrates significant advantages in
enhancing the robustness of signal preprocessing and maintaining high sorting accuracy, underscoring its
strong potential for practical engineering applications.

Highlights:

1. A signal collaborative preprocessing model based on multi-task learning is constructed, integrating signal
feature enhancement, cleaning, and denoising into a unified framework for joint optimization.

2. A multi-domain feature fusion model based on an iterative attention mechanism is developed, exploiting
the complementarity of time-frequency image features and ambiguity function orthogonal slice features to
form a highly discriminative joint representation.

3. An improved DeepCluster clustering method is proposed, combining supervised pre-training, semi-
supervised training, and supervised fine-tuning to achieve both strong generalization and high accuracy,
effectively enhancing sorting performance.
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Fig.1 Two multi-task learning methods
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Fig.6 Schematic diagram of radar signal noise reduction module
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Fig.10  Overall process of the proposed method
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COSTAS) \P1.T1 3t 8% iy ik 4 5 I A5 5 A RS B #2215 %5 (Frequency shift keying, FSK) | bk i £ 74
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W 1R . JEAE(E 5 8 25 MHz, 4 ith N 25 4 BEDL A 1 32 7 — k8. B i 7:2: 1 %153
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®1 BERESBESHIEE

Table 1 Radar signal data parameter settings

T ] B FR e ELIONIN
CON D A R f./MHz 30
B A f./MHz 25~50
LFM i
ity B/MHz 12.5~25
FSK4 B R f./MHz 25~50
ok AR f./MHz 25~50
BPSK
(SR T N. {7,11,13}
AR f./MHz 25~50
FRANK o
F AR M 4~8
ok AR f./MHz 30
COSTAS
Costas ity code 1,2,4,8,5,10,9,7,3.,6
- AR /./MHz 25~50
F R M 4~8
. B AR f./MHz 25~50
Bk k 4~5

SEHTE BE % Intel Core i5-13600KF CPU .32 GB DDR4 P ## .NVIDIA GeForce RTX 4060 GPU #J
H AL AT BRAE R S8 Windows 11, I 1 6 45 £ 5 MATLAB 2023A . Python 3.12 il PyTorch
2.5.1(CUDA 12.6 32 %) .
2.2 MTLSPHEEEREEILHHE
MTLSP Hi 34T 55 BEHLH B, AN [ 55 78 DI 25 00 ok 82 ool ol A A o P 400 2 A P A ML 1 3 o2 A
55 00 A9 D0 081 38 3 S R e 22 AR R B S O AT 55 T L o R rp R AR 38 9 AT 55 I 46 1 25 4 A 2 2 T
x2 MEEMSH

Table 2 Network structure parameters

) £ Z EZH

Complex-Valued Convld Cin=1,Cout=2 048, K=(1,31)

Conv2d#1+RelLU Cin=16,Cout=32,K=(3,3)

U 5 Conv2d#2—#20+RelLU Cin=32,Cout=32,K=(3,3)

SRR R A R )

Conv2d#1 —#19+RelLU Cin=32,Cout=32,K=(3,3)

Conv2d#20-+RelLU Cin=32,Cout=16,K=(3,3)

ConvTransposeld Cin=16,Cout=1,K=(3,1)

TENGRad B, 51N R P A0 SR AN TR 1 H A 58 B 2 AT 55 40 2k 22 1) 1) 8 25, d i ol B AT 55
FIATT 2 ] BRCEE 2 50, AR A A5 AT 55 A B 5 1 11 2l 9 B LA R P STk P 1 BOR T AR AL T
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PRVEREA WA T o 1502 bR 1 AN 3 7E W) 0 DRSS FaE O R T AR, RS iz 4 AL e A R el /N I DR TR A
KA A TR AR R B TR 5 TR % eR R 2 R RO G (AR R T AR E L X I Y
R U s 2 AR X s, PRAIE T A AR T A o L, A E R AT 55 i R i o) o BB IAORE A E Tk
TAUHL ) RE AR H AT 55 X B2 Sl 2 I R AL AL T7 1), 308 1 24T 55 2 > I AU PE AR
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B TSR 1 12(a i Mss TRt 8 07

I 1, T 12(b) OB it 2R TR 0T

G2 B KR TR 2, B A B PR AE R A 0l

F AR AE {9 I R T 40 B0 L 46 T ozl

T L G A N AR R SNR A T L 4 ol

B8 TF TR SR A6 0% 5 17 15 B2 15 5 110 S SRR AE 1 0.0 HH e b R

B HH TR 5 M R BL AR T2 ST R L AT D Epoch

FHTF RESS (19 0] 5% M F i o 2% B 11 ASHE PR e A P i 10 Qo 7
TEESEY R IR AF R B e if$2 Fig.11  Balancing iterative processes by uncertainty loss
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(Ambiguity function main ridge, AFMR) #1 WVD 43 #i (Wigner-Ville distribution) {E & X FLHRRAE , 35 A
BACREG B AFF AU IEAT RilG | BH BFHERRAE 0] 5 1) 5 AR g X BREH HEAT I o A o BT SE 3 1 7E
SNR 2} —6 dB~0 dB Z& 4 T #E4T , 42 T A 40 ST IR 05 BLAF 5 2 L 200 M FEAR 3631 6 400N HEAR (55 2
BB 1, LI a5 R MK 3R .

R3 HEMIEER

Table 3 Ablation experiment results

. } SNR/dB
0 —2 —4 —6
AR5 0.998 0.971 0.837 0.565
AFF-+TFI+AFOS 0.996 0.962 0.741 0.460
TFI+AFOSHf) 0.997 0.956 0.725 0.438
iAFF+TFI+AFMR 0.995 0.971 0.807 0.544
iIAFF+TFI+WVD 1.000 0.971 0.745 0.416

SR AR R AR SCR AT TFT S AFOS FRAETE 33K 57 35 48 SRS 5 450 15 8 07 i B A B i &
#E LRGSR RRIEAE S AT 55 T S T AR SR RE . JUHAE IR SNR AT BT 4R O ik e IR S T R A
EREPERTREE . 55 2, S N IR SE I, AXER A SO AR IE il & LU B T AR T TEAS
[f] SNR T AR RIALTE o s3T50 4,5 2 AYRHAE XS HE S50, BAK WVD 7E R SNR A5 18 S8 A5 HAR 8 i i
[ 481 2% 43 9 e R4, (H G X M 7 SRR #E (IR SNR A5 148 TR RE I i T % s AMFR LS T 5 AFOS f M il
1 S 25 8L, I AFMR BEHEOFR, e —2 5 S0 ME B, il AFOS & A AFMR H i 2 35645 B Hid
AL AR RE B o3 A 0 DN DD T, P SRR AE 13 = T AFMR, U DL BB RO B i 9 0 R HE R R
2.5 EBEIWHRREIEE

KT IR ARy S A AOrE  E IR 4E L SE R 100 A8 ik RN 2R e, L xR AR TR ) 2 640 MRS
55 Tk, iRk 5 1 7604, 5155 8804 . 557 MTLSP B He 4b B By B, 15 53 VR AT 55
AE % A7 R Ve 45 42 T B S8 A5 (5 5, DR IIEJS 22 78 1A 05 5 19 20 2 AR REAE WA JF i . /1 T A9 1 760 > AN [H]
SNR {57 F £ 23 FrAE Bl A J5 o3 18 , AR UER SRR 3 89.0% o MR J7 ik A2 A R N F 37 5 F 1 3R BL AL
B, — 200 BN TA] SNR I AR A ST 9 e 48 48 B HUUR [R) SNR PR 4 T #4750 56, SC g0 45 R sk 4 fF
/R, FE SNR>>0 dB B, #5570 5 i 6 i 53 1% 4 255 5, Bl G SNR BRI, HER R 2 20 N e (H7E—8
dB BT BE HUAS 422000 85 Y0 MY MERR 38, 1% 7 10 Ak B L A i 1) 436 8 T RVARC O 1 5 R 1P

x4 AESNRSELER
Table 4 Sorting results of different SNRs

SNR 10dB 8dB 6dB 4dB 2dB 0dB
Acc 1 1 1 1 1 0.999
SNR —2dB —4dB —6dB —8dB —10dB Mixed
Acc 0.987 0.977 0.938 0.848 0.745 0.890

& 15 '€ 7~ SNR 4351 2 — 6 dB O dB B 52 56 {5 45 58 25 A 1R V6 60 B, WL ¢TI 45 mT 26 XoF - 45 g 265 oy 1
By CONAR S F LEM {5 %5 A5 80 S RE ME 0 b JE 4 FLARAE , 10 PLAN T1AF %, WAL 75 5 52 Wi 75 1400, 7RI
SNR 23 8 DL [ HE 6 B H Al Ah 285 5 b o JF BRI IS R iR BB A 438 AFOS X TFI A9 5 fiF #b
7o, SR A REAE B A AU (9 FRANK (5 5 1 PS5 84 1 B0 IRt i TR VA 175 1



EEth FATEHESFIRIBFERLINTEARBHRET > EF & 1073

FEAHER HARE
z 200 ” 200
; 175 ; 175
| 150 a 150
B i | 125 3 o 125
- 2.
= § | 75 = § | 75
§ 50 § 50
" 25 "1 25
=1 E-0 0
C(I)N LllfM FSIK4 BPISK FRAINKCOSITAS Pll T1 0 C(I)N U;M FSIK4 BP‘SK FRA‘NKCOSITAS Pll Tl 0
Predicted label Predicted label
(a) SNR=-6 dB (b) SNR=0 dB
B 15 AR 45 35 TR v S B
Fig.15 Model sorting confusion matrix
Sy — 25 B IE BT 4R 7 v AE 42 2 MR 4 1 R I 5 L0 e
B3 43 36 B A7, AR SC 3 HSC Rk [ 15-18 ] # Aoy s 9 7 ok 097
Vg 5 HE L2 Hb 75 F R A B S0 86, M 06 45 R 081
16 TR . TR E A s e R m 7]
Q L
SNR 4/ F 4B BLAFIORUGEYE % SNRiE £ 0F
N e N NI IR ol S TR T 051
T S 280 43 P 9o 1L AT R kL %04 ; e Proposed method
77 HY B (PO IR P R . CSRDNN' 3 5K i '3' - <= ML based mothod
N s . N , . 0' L ‘/ E ey
FIF B & 3% 07 5 B LSTM 1 #5846 3 2 o ool v e LPLNet
(Gated recurrent unit, GRU) HI X[\ 7] 2 98 3 28 5C 0.1 f .

(Bidirectional gated recurrent unit, BGRU) 3 /> 1§ ¥ 10 8 -6 -4 _2SNRO/dB2 4 6 8 10
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A 45 500ME 45, Bt 4 000 M HEA . ik 5250 A SO vk P B HERA 5y 0.869 , AR I 25 R an k& 5
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Table 5 Sorting accuracy of measured radar data
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Table 6 Measured radar emitter signal data parameters
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