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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.8 LFM signal ambiguity function and its cross-sectional display
1.2.2 iAMFF ##

Il SR W R R RRAE Rl 5 v R EURT 43 4 2K RRAE SRl (Feature-level fusion) \Je SR Ll &
(Decision-level fusion) . {E%%A(Hybnd fusion) LA B 45 % w1 il A (Intermediate-layer fusion) , H Hp g #4 s
Fil 2 — A AR LAY v )2 e i 2 U s JCHL%IJJ\‘iJLI [Fi] Sl R AE 28 L 1Y mﬂ#AﬁT IR RFIETE TR 2 1 X

AP RS SHh T o AR ARG T X 2RI 2R SR Y 2 TR AR RE S,
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TFI5 I SE -2 3% By 5 AFOS 152 22 BURRAE R IR, A8 2 7 — b DUBERY b gl 25 S A% 0 B3R 4 Rl 5 SR ——
IAMFEF 88, LASE B2 YRR B oAb o TFIALE 1R A A5 5 400 4 B I 1) 22 fb i 3 25 1000 , BB % 37 Bl e
AT S VR 7 ORI A AR R AE |, e T EfficientNet /5 g RRAE 42 I 32 T W 2%, 7 47 ) 2% 45 #5110 1Y [+
i, H g e 1 2 N2 A AR ) M 2 B8R L RE S A AR I TR P R B S0 B 4 Jey i A G RS B -
AFOS 5 F ) R BT IR SE - 225 86 3l f) T 52 D) TG 45 52, HCBE B 2 A 435 4 LA 050 i ) 1) ) A ARG RE 1, B
i 20 A [ 3 A 5 A0 S5 F U2 1T L A 22 53 R MILP Ab B AFOS il 25, 1T LA 254l 418 7 o o A o 72
fegRErmmsH e e S ES
ST AN [ R A B R AR ) e E AT 4R
Xf 5 5 0 — A4k B, Bl S G G kAR B

— TFI
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Net

& |
fIE @l 4 (Iterative attentional feature fusion, i 5 % i
IAFF) Bibe ™ st R B R A, e Bl r ik @ 9 —| 5 <+ g <+ g 694.
JiF 7R o IAFF BB i 24 2 ROl 8 1S g 2 = i
5 e (Multi-scale channel attention module, AFOS —» MLP E @ i

MS-CAM) 52 2 3 A B 7 Rl 5 AT, 58 4% 4
DRSS RSBD B g e susineaaren
BRI BS P  CHEE B R MR TR 5

Fig.9 Schematic diagram of iterative attention multi-do-
W T4 main feature fusion model
1.3 HHEMBREEZX

R T T 155 o VA S M 15 AT B DeeepCluster J7 3 4 T 3 1 i 047 4 W
R R BE— AR E——FII " AR AR, AR AR I3k 1R o 8 28 8 i IAMEF 624l
JIT S A Rl RRAE 5 LSRR L AT RO A A B I 2 L 5 S BB R AIE 7S (R 0 2P 4 Ak LIRS WD R
FRAE4RECRE ), RS VISR RRE M . SRS, 3X SE il & i Ak HT K-means 2R 28 FVL MG RE AT 23 S
THE IR RIS RAE O AR 28 7K T A, RV el 7 i DA AR 2 I R4k o R4 0 T D b 25 T 4 4
LN B AL RN BE ) o XA BN Wk A, S8 R AR 7 > 5 R 28 B AR A B (2 9F , S L L
F 50V i FRAE S R A A . 7E DeepCluster 2 Wi B I 25 2 I , P B S bR 288 X A5 A0 147 W8 Al o, DA
HE— LR TR ALY S 2 PERE . IR AR BT T T B R AR A V2 AL BE O S A B O B R TR
TER T 5T S T AR i 3 A 15 5 U fig

ik 1 ) DeepCluster BB %

HA

NGB ((rys) ) LT Bl A R G RIS RR 45

4L class

B i -
DeepCluster 5 7
Step 1: 47 Wi B it Il 25
For epoch 1
Tl P B SEAR 28 (2, ;) R A28 R A 2 J) S0 A B T 2
End for

Step 2: 2 W B Il 25
For epoch 2
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XF BT A UINZRAE A 2} 1 il AR 4T K-means 2R 28
RIEERM A R 9} BN { (2, 9,) )
IR (2,9, ) WAL R HEAT 2 B 1 2
HEA AR S5
End for
Step 3: A Wi B M
For epoch 3
i LSRR 28 (2, ) P 2
End for
PRAF F AT
1.4 HBREKRRESBIREER
ASCHT R EE T MTLSP HHAMFEF B RESS J5 i& 8 A B AN 18 10 B 7R , R GEAE WA R 5 15 5
VAT 55 2 BERL ARG VR BLE AF {5 5 1Y R B, AL LRGSR 0 TEURI MRS 1 3815 5 TH e
C R nvﬁ’JAFOSF ¥ TEIAN AFOS JEAT TR BERRAE Rl it o 4R R AIE 1) o feJ iy SRR B X iy
fIF o) i BEAT 438 45 2 B A 6] 8 AR 5 2H L SR 267K .

MTLSPHER T
manl {AMFFARI Class 1 Class 4
Task 3 — A1 : |
FEIEIER \\ 5 ity
il — =l — Ll B 69— ||
1 Input 1?:3%% [ | I % Output I .
TE%YT‘HE | Class 5 Class 8
il i
AFOS

10 A7k sk
Fig.10  Overall process of the proposed method

2 LWRHSHERSH

2.1 METXHEER

Sy 30 E AR [ W] AT R R SO L A S BRy vh f H ERCH R T 05 LA i R e S (Conven-
tional pulse, CON) | £k % 8 4 {5 5 (Linear frequency modulation, LFM) | PU 5 £% 4t % {5 5 (4-frequency
shift keying, 4FSK) , — #F il #1 %% % #% {5 5 (Binary phase shift keying, BPSK) . Frank % 41 £ 2 14 {5 5
(Frank code phase-coded signal, FRANK) ., Costas B4l 4ii i3 {75 5 ( Costas frequency hopping coded signal,
COSTAS) \P1.T1 3 8% iy ik 4 5 I A5 5 A RS #4215 %5 (Frequency shift keying, FSK) | bk i £ 34
il 17 5 (Pulse amplitude modulation, PAM) | 4 # 4 45 % 5 ( Phase shift keying, PSK) . 1F 32 i J& 18 il {5
5 (Quadrature amplitude modulation, QAM ) 3t 4 R 3d 5 15 5, JIr A 15 5 B0 I i (1%, SNR 431 Ry
[—10,10] dB, RHEH A 200 MHz, 55 5 5 £ 4% 2001, B8 0 26 4004, HEFILFESSH
W VPR o AR AR5 IR T 25 MHz, i % 4 7258 0 BEALAE i 32 (o — 2 i K. M4 I8 7:2: 140 73
YIZRSE 30 UE 4 AR 4R, BD 18 480 M YIZREEA , 2 640 MR BEA
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®1 BERESBESBIEE

Table 1 Radar signal data parameter settings

il eI i SRR
CON AR J./MHz 30
ES RS f./MHz 25~50
LFM -
G 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 R M 4~8
ok AR f./MHz 30
COSTAS
Costas ity code 1,2,4,8,5,10,9,7,3.6
b1 AR /./MHz 25~50
F R M 4~8
. ok AR f./MHz 25~50
Bk k 4~5

SEHTE I % Intel Core i5-13600KF CPU .32 GB DDR4 P #% .NVIDIA GeForce RTX 4060 GPU #J
H AL E AT BRAE R G Windows 11, I 1 36 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 [T 55 78 DI 25 08 2o 82 oo il ol A i o P 400 2 A P A ML 1 3 o2 A
55 [0 1) D0 081 3 3 S B e 22 AR R B S O AT 55 T L o R rp kR AU 38 SR AT 55 I 46 1 25 4 2 2 T
x2 MEEMSH

Table 2 Network structure parameters

W £ J2 %1 2%

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

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

JET— Conv2d#2—#20+ReLU Cin=32,Cout=32,K=(3,3)

AE S TR AT .

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 R, 51N R P A0 SR AT 1) H A 58 B AT 55 40 2k 22 1) 1) 3 25, ad i ol BT 55
FIAT 2 ] BACEE 2 50, AR A 45 AT 55 B A B 5 1 11 2l 9 B LA R P STk P 11 RO T AR AL R
A5 0 RS A B R R A AR 00 o T DLAE B, B TE AR R AR AL E T R, R WA AL
PRVERE A WA T o 1502 bR 1 AN 3 780 00 DR FaE 0 R T AR, RS Iz 4 AL e A R el /N I DR TR A
KA A A R TR AR R B TR 5 TR % eR R 2 R RO G (AR R T AR E L X Y
P ) s 2 AR X s, PRAIE T A AR A o L, A R AT 55 i R e o) o BB IAORE A E Tk
IBCHL ) BE A AR AT 55 XE B2 Sh A W AR AL AL T7 1), $ 085 1 24T 55 2 > IR PR AR,
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Zo o MTTLSP R K IF [ 4 4k , A% 430 28 10 =

BB BE 05 A R0 T R A S R RS A L O S 0.9

TR AR R E L PR 12 JBOR TR ] 08

SNR 4[5 F , B8 6 LEM {32 3 17 i 5065 GF 412 ol

BRI AT LS B 12(0 MssT i 8 07

S, P 12(b) OB it 3R TR 0T

G2 B KR TR 2, M A B Y PR AE R sl

AL A0 [F) B L B3 T A0 B L e -

O L G A N AR I SNR A T L4 oy,

B TF TR SR A 05 55 47 15 B8 15 5 110 S SRR AE 1 0.0 SH it S R

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

T T} RESS {4 0] 4 M A HE#f % B ASH R P40 e A B S i kAR 0 7
TEESEY R KR AF R iR B ir$2 Fig.11 Balancing iterative processes by uncertainty loss

YL 45 R IR AE L 1L % ResNet 78 43 AT 4 1 B9 weights

PR PR 8, B e 7 S5 rh R I ARG . D
ffi#E SNR 25 — 10 dB (9 Ik SNR 244 F /5 B8 52
B 100% M A5 15 S Ve % . JF— P50k
B, 5 % SNRIEZE — 14 dB 15 5 15 Ve CR A TR 1R
TR AR EM: BUE 7% L AR R R
WRAR B4 B 5 e b 5 M

5 AR M T R 005 T i A 5 m ) g 7 i
PEAT A8 0 AR T, 3 T U-Net A5 5 3 2 M
230 1) 2 A AR E SR B S i3 A I R ML, BEfE 7
SR B S S S5 AR BT A0 R B RS T, BRI
HURZE G T 24155 24 IHELR P I R IE SR N 9 .
FIRNE S SRR S | PR TR RN Z Fh 0:dB- SR

0.dB SNR
(a) BB

(a) Target images

SN . . e (b) HRAHIE A

(H S I RFRE Az EE . RI13BAR T 15T 1% (b) Enhanced TFI
WRAEHATE O B I i B MR AR | T DRSS Y BEAT 242 T Pl 12 SRR E 1A SR ASE e 5 R
ERCAe O oal = R R S G Fig.12 Effect of feature enhancement module

2.3 IAMFF#EELEHR

X T NG A% AT 0 B0 73 W 43 (1) & MTLSP Y Task 3% 11 9 TFLE , L
FEAR A [N, 256, 256 1;(2) B MTLSP ) Task 2 4 H 09 BB & A5 5 B 21845 5 19 AFOS, IR
J9 N, 5121, Ml K [A] By 45 AE B8 0% 0 F) 9% IAFF BB 3 ik il &, e B T B B H s
EfficientNet-BO ¥ £ $2 B TFI B A ZURHE i AR R [N, 128 189 ) 2 , #F ) MLP 2 L AFOS 315 F
ARTRE R [N, 128 TR HEAE [ B IAFF B H A8 1 22 B B 3 P, e 4R L il & 75 a8 15 5 o i
HIUREAE LA SR oR BOCRAIE B0t 128 A 1 B B A A8 R R AN (] 98 1 O =X 1) 75 35 15 5 22 ) 22 53 )RR AIE 1) ot
K 14 E78 T LEM . FRANK 1 P115 5 75 SNR 0 dB I} 4% [ B} 45 8145 45 AF R0 oR %k 1 22 170 T 1l
JEFRAE R 434 7 B W 14T LA H LEM AR SRR AE EZE [ — 20,200, 20 40 50 40 180, P K
&, FRANK M P1 F2AE[ — 10, 15], =35 W {0 B AH I, 32 08 137 70 A Ak s Al B Ji o 260, 43 B85 REAIE AN
B, 5HSCH R AR, FRANK M P15 (5276 TFA % [ 7T 35 300 B 1F B — 2 AR UM . 726 m A
AFOS & , &Rl 4 B RHE ] 8 2 30 3 Ry 22 5, Forp LEM AR AR 3 70 8 B oA W 4, FRANK A
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Fig.13 Effect of signal denoising module at 0 dB
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Fig.14 Effect display of feature fusion model
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2.4 SHIEERSHAKE
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(Ambiguity function main ridge, AFMR) #1 WVD 43 #i (Wigner-Ville distribution) {E & % FL R AE , 351 A
BACREG B AFF AU HEAT RilE | BH BFHERRAE 18] 5 1) 5 200 Dy X BREH HEAT I o A o BT A S 3 1 7E
SNR ) —6 dB~0 dB Z& 4 T #E4T , A2 T A 40 ST IR 05 BLAR 5 28 L 200 M REA 3631 6 400 HEAR (5 5 2
BB 1, SR R INME 3 s .

R3 HEMIEER

Table 3 Ablation experiment results

N : SNR/dB
0 —2 —4 —6
AR5k 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

SRR R AR SCR AT TFT S AFOS FRAETE 33K 57 35 48 PR 5 4540 15 8 00 i B A B i &
#E LRGSR R IETE S AT 55 T S T AR S e . JUHAE R SNR AT BT 4R O ik e IR S A A
EREPERTREE . 55 2, 3 N IR SE I, AHER A SCOT i AR AE il & LU B T AR T TEAS
[f] SNR T AR R IALTE o s3T50 4, 5 2 AYRFAE XS HE S50, BAK WVD 7E R SNR A5 18R G A5 HAR 8 i
[i] 481 2% 43 9 e R4, (H G X M 7 BURR AR (IR SNR A58 TR RE I i T % s AMFR LS T 5 AFOS s M il
1S3 25 8, I AFMR BEHROFR, o —2 5 S0 ME B, il AFOS & A AFMR i 2 35545 B Hid
AL ASOR RE B 43 A DN DD T, P SRR AE 13 = T AFMR, Ut DL BB ORI i 9 0 R TE R R
2.5 EBEEIWHRREIEE

R IR ARy S A A E IR 4E L SE R 100 A8 ik RN 2R e, L X IR AR R ) 2 640 MRS
55 Tk, H iRk 5 1 7604, 5155 8804 . 5578 MTLSP B He 4b B B B, {5 53 R AT 55
AE % A7 R Ve 45 42 T B JELA5 (5 5 IR IIEJS 22 78 1A 05 5 9 20 i AR REAE A I i . /1 T A9 1 760 > AN [H]
SNR {5 F £ L R AR Bl A J5 o3 18 , BARUEM SRR 3 89.0% o M ARIIZ 7 ik A2 A R N F 37 5 F (W 3R BLAL
B — 200 BN TR] SNR I AR A ST 9 e 48 48 BCHUUR [R) SNR PR 8 T #EA7 5056, S2 g0 45 SR a3k 4 fF
/R, FE SNR>0 dB B, #5570 5 i 6 i 53 1% 4 255 5, Bl A SNR BRI, HER R 2 20 MR (H7E—8
dB BT BE MU 422 00T 85 0 MY MR 38, 1% 7 10 Ak B L A i 1) 43 K 8 T RV O 1 5 R 1

x4 ATESNRSELER
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 24 — 6 dB O dB B 52 56 {5 45 58 25 A 1R V6 60 W, WL ¢ T1 45 mT 26 XoF T 45 g 265y 1
H) CONAR 5 F LEM {5 %5 A5 80 S RE ME 0 b JE 42 FLARAE , 10 PLAN T1AF %, WAL 75 5 52 Wi 7 1400, 7RI
SNR I 25 8 DL [ HE 6 4 B Al D 285 5 b o JF BE R IS R iR BB A 438 AFOS X TFI A9 57 fiF #b
Fo, JEAREAE BA AU 9 FRANK (5 5 1 PLAE 5 84 1 B0 IRt A TR VA 175 0
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Fig.15 Model sorting confusion matrix

S itk — B W E TR O VAT R A A R s 10
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16 5 AT LRSS B AR I R g Rl O]
SNR e F 253 L B 47 10K G 1 , B 75 SNR 22 gﬁ:
T R AU L BS80S0 M O R L BT R B, B <
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— N SRl g - N N 04+ //6.. B

75 H A A B 7 R PE . CSRDNN' LA E o3 e - g’ISTLbasedmethod
SRR, B % 1t LSTM . 195 46 3 25T s LPI-Net

AR B, 2 P % 05 1 B LSTM T #2406 B4 2T o o LPLNet

(Gated recurrent unit, GRU ) Fl X a] [] #2115 2R B¢ a1 o
(Bidirectional gated recurrent unit, BGRU) 3 /> 1§ ¥ -10 -8 -6 -4 _ZSNRO/ dB2 4 6 8 10
i 25 X 45 K8 i, 2 B O T I SRR AR X LAl 3 90 45 16 R [ 80 S e 5 X
R EOURRAE LG R SR - AR SO 4l Ty ik Fig.16 Comparative analysis of experimental results
Vg B 351 5 W S ) A3, T LAl A T A0 1
R R SN TR W R A SR S [P S
MTL based method" " #& ¥ SNR i % B R4, 1ff b % SNR i (6 H off oy St g 2 D O %7 R
sy 1) i (19 MT LA A HEAT 43 38 , )R W Rf 43 3845 5 HE 4746 28000 Tt Ak 3, {45455 0 7 TE XoF i Mg 75 5 5% o) e
DL BBRE A 9 B AR A0 267, B0 T U B DA XT 488 . AFOS+CNN Rl A T 15 576 235 1 i 4%
i, JF 5T CNN G5 1740k . RIFETE & SNR AT L 1% 007 15 25 T R 4P B9 FRAE 42 BURE g 1M 43 36 1A
RAE o A TR T O SR G0 R AR LA SR m X DL AR AR5 5 TR JE ARAE 2 SNR & i T,
ResNet18 X 55 Fr ik (1) G AL BE J1 AN 2 , I 7 3% 114 0 398 o A 28 A R R AIK o (IR #2828 (Low probability
of intercept, LPT)-Net 77 " 7E {lk SNR 4 fF T 2 BUAL sk , EL 45 B0 9 HT TR RE S o SR, 10 0 o Mg s
AR REPE AR R SNR A4 T B 23 Bl 55 065 45 40795 FRAE il 32 68 ) L 8 O s (R B0y &k
S Ay e OR o AR B R T AR SCHR MR Y T R AE R MR R D0 VREAE 3R GA T 5 4 Tk iR = TR B R AR
5, R 7R 4528 SNR & TR H L F i fve tE St T3k ee 1o .
2.6 EMEFEXEHEELR

R S UE AR S T 1 i AN A SR B 38 35 A S DN A R AT S 58 40 BT, 348 B 8 A Ik A S R

across various models
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A 45 500ME 5, Bt 4 000 M HEA . ik 5250 A SO vk P B UERA 5 Ty 0.869 , KRR I 25 R dn 2k 5
FIi7R o AE X EE, SCHR L 15 T 48 O ¥ A0 IR B 2 2 SR s AT A5 55 40k, 2 I i B b M 2% [
52 E SRR A B Iz A L DR X T AN () SR S 0 43 N A AE W] S A AR 2 L AL B X TR
7] 28 S 5 0 A T RR AE 5 e L 4 7 R A RS0 o 0 SR 1K . SCIR [ 17 )7 48 O vk 3 o i B 3 P A5 5
TESEAT Rl G o3, i T PR I FR AR 2 A M R 2 DA B P SR SRR AE il A X DA AR AR5 5 TR IZ AR AIE % 7 14X
TEFB 5340 S IR AR 5 DU FAR AR S A R . A SO IEBRE S 1.3 I BRI DL RE S 2 IR RS,
HARSEEFHA 99 L HIEHZ . 58 H B, 2 B oy W5 R i B0 Bk b 2 805t F AT, AR A 2 2 R
UM [ 98 ) 77 20N 04 57 35 58 PR 5, AR R 9 ] 7 =X DO R O 32 222 R 05 53U R IR 2 LS
SefF T TR ToCEX — 8,

®5 TNERHIESEABE

Table 5 Sorting accuracy of measured radar data

R )y vk SR AR RIS R4 RIS MEATEG WHTET7 WHRS Py

AR 0.60 0.72 0.65 0.99 1.00 0.99 1.00 1.00 0.864
SCHER[15 17 0.76 0.77 0.75 0.83 0.91 0.89 0.87 0.91 0.836
SCER[17 17 0.85 0.60 0.32 0.81 0.99 0.93 0.99 0.97 0.808

2 6 I 7 Jhy S 7R 5 B S IR T SRS 2 8, WY LU AR R A S A 9 ) 256 2 A A e M R AR L L
Jok b R L R A, EL AR Rk v e B HH B AR A3 S RO A 0y G A B R R 4 S BRI A A TR
JE) A8, FEAAT 3 SE PR 3 52 7 22 78 0 WG B 05, U WA AR ST 2 07 ¥k R AT — 5 B 1 1R

£6 TMEXEHEESHESY

Table 6 Measured radar emitter signal data parameters

55  JHfl AR FHH R (Radio frequency, RF)/MHz Jik b 5& £ (Pulse width, PW ) /ps
| R 9782.9 882 3~5A- ik —2 , &4 PW #£ 0.8.0.9.1.0.1.1.1.2
Z% i) 00 N . .
2N WA AR AR 4 =y
> 9 840.9 880.9 920 3~5 ki —4H , 841 PW 7£0.8.0.9.1.0.1.1.1.2
i} NN e
AN AT A7 4L AR ey
s G 9720.9 630.9 690 3~5 Ak —2H , 420 PW £ 0.7 .0.8.0.9.1.0. 1.1
Z8 T Y] At N o
SANII WA AL SRy 2 £
4 HELBK o 9 788 [l & 3~54 bk rh—4H , 540 PW 7£0.4.0.5.0.6 (L &
o 9793.9762.9832.9822.9 778.9 808 . .
5 BTN S 6 A0k (L 3~5A Pk h—240 , HHPWTE7 13L&
X IRV IR ZH A2
) 9522.9548.9517.9562.9553.9512 . . .
6 ARZAEI A S 6 3 o4 3~54 Bk vh—41, H 41 PW 7E 6 .12 . 184F 5%
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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.

Key words: radar emitter signal sorting (RESS); radar-communication spectrum sharing (RCSS); deep

learning (DL); multi-task learning (M TL); attention mechanism
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