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Few-Shot Specific Communication Emitter Identification Method Based on Broad

Learning and Attention Mechanism

CHEN Yupeng', LIU Hui', REN Gaoxing”, YANG Junan'

(1. College of Electronic Countermeasures, National University of Defense Technology, Hefei 230037, China;2. Unit 31683, PLA,
Lanzhou 730000, China)

Abstract: Under the condition of few-shot specific communication emitter identification, the difficulty of
extracting individual features of communication radiation source by the existing deep learning algorithm
increases, and the recognition rate decreases. To solve this problem, this paper proposes a recognition
method to construct a shallow neural network by fusing attention mechanism and broad learning. Firstly,
broad learning is introduced to simplify the network model and reduce the overfitting phenomenon caused
by small samples. Secondly, the node attention module is constructed to improve the feature extraction
ability of the broad neural network under the condition of small samples. Finally, the effectiveness of the
proposed method is verified on the public dataset. The results show that compared with the deep learning
method with a small number of samples, the proposed method improves the overfitting phenomenon of the
deep learning network, strengthens the feature extraction ability of the broad learning method, and
improves the recognition accuracy.

Key words: few-shot; specific emitter identification; attention mechanism; broad learning

5 B #3:2024-04-19;481T H#1:2024-07-01



1262 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 5, 2025

51

[l

5 5 RS AR ) (Specific emitter identification, SET) J2& 48 1 43 12 W48 99 W & B 10 B 15 5 |, $2 BUR
S5 U TSR A 1 A I e e S VRS . r A R 2 B S A SRR 0 1) S R 1 RE S RS
SE S AR AR A2 S LA A R PR R AE o 3 Bh A S R AE B Ry S AR RS SORFAE L e DA L HL
550 5 15 5 R R 00 £ 2 PR 228 AR 0k S 2 3 1 A B TR R U R B B Al A AR TR R A
R 5 A LA T A

G N T8 Re 00 & B, 3k T HLAE 2% 2 38 o B0 9K 3h 09 3 15 50 59 IR A (AR 50 i i F iz, e 3k
FURBE A 2 (4 7 1 B8 DA R 50 v ) 2l 2 2 A R SRS R DX B ) A R B SR SUREAE X
5 0 B VR A A 0 DR R O LA A A {5 SRR BB T o S I A0 T I e o el 2 I 4 4 4 o B 2 I 51
78 B o 28 00 45 5 R A B 0 4% A R P A% 1 IR % R 7 1 TR ) b BUAE T A 4 2k
Ho DL R TREE A 3 B2 I 45 0 5 G 38 9002 3 T I R0 o8 % i B B B E SE BRI AE SR BT
AR M 3 A5 70 AL 75 S5 o (4 B A AR o T A 6 0O 6 (14 2 ) 3o AR T DL AR A 4 0 46 A R G i A R L £ B
o (40 AR A AR AR BN /N B ARE AR XA R R R AR SRR AR L S R B0
6 SURFIE A IR AR T8 4, 25 5 B0 28 N 25 100 A5 19 A IR A AL 5 S PR A A0 g 22 B K . BRI 7R /NRE AR 261
AT I A5 3 45 1% R B 2 > P 2 DX 4 2 214 3 A R S DA A T 31 I a5

INBEAR 2 3] [0 15 BT JAIL B R F T I AR AR B 1 AN 5 £ 5 ORI 405 X R A R AE B2 IRt
UG o R /IR AR 2% > 1] B0 A fiff DR 7 3 R B0RT LA 43 o 3« 356 T 0 TR Bl %) O 1k 3 T K00 1 iR A
AL T R e S s

S AR A O B S R DR RO A b WO R, 7 H AR A 4 B T S . (B
o 3 KA R R S B A7 A B 22 S, A 5 S OB R A H AR BUEOEE L LG, B T IR B
TE LT TCiE I %5

RO R e TE U FE AT 5 5 BEAS RO UM R AR HE SO AE A 2R PE T B e RS AR B0
S5 7 VR HE N i o 107 A R T E A I R A Y AT B TR AR UK B, SRR (H R
ST ARG A O L 55 S 18 SURRIE I B R B = B R L 04 AT A R 3 SRS 1R 5 48 SURRAE T
Al 50 5 PR AN 2 AR IR .

o A0k e o B o B 1] A 3 A 2 S B0 B3 R o URURI T a2 B AR RN 2R 86 1 T ) SR RE S R )
BEAUAE /NFEAS 5 A T b, 2L 00 R W E ARSI OC R o %007 TR 00 B s o 50 A 3 A A SRR, AN 1
0 H b pR 2 T OB R PR AT BR B A 3R R e A Y [ A

A b 37 7 i 5 T R T o 2 ) % TR /N B AR A PR SURRAE A B EOVE Rl 20 TR R & 2%
JEXF/INBEAS S I 2 o AE/IREAS SR B A BN X A R 8 SURRAE 38 R 78 43, TR BB 2% > T vk
2% W7 By AE I GRB e o oT B M 7RI A2 4 0F L B A 92 AL BB F 22 . Philip %6538 Y 10 5 1 2
>J (Broad learning, BL) ] DL fife P V& B 2 > 38 51 (9 LR 0] R 5 3 2% > fa7 SR A0 A5 700 208 g i 7 B 700 1) 32
PR . 1, I3 3k R g Bl 3 T TR 1)y aRE G T R T O R R A ), AR INREAR S E TR HL TR 2
2] AT L eI 1) R AE 2 3 R 7 R R A B I T i T A S S IR A T B 2 2]
17 5 SR A PR O 5 AR 4k B 4 o SCR[ 1248 H 7 — b 1 3 10 B 3 2 2] 7 vk R A e B 4 SETHR
R BETE T — P IE I AR T R W, PR AR A A R (S O S 8, SCRRL 13 ) 7E TAL BB BT T —
T o J2 TR A R AR Iy 1%, LA B8040 40 A3 10 R -, B R 48 SRR 4 o SCR [ 14 48 1 T — Rl AR 5 4R
fiF i A 2R B8 B 2% 2 45 19 SELJT i, 1% 07 16 26 38 a3 A0 A 5 A BT A500F Do S5 A 50 40 200 1 7 9 4k B, R
BT PR 5 b BT A, DA LS (9 SR ALA 5 vh B IO RORFAE o 4 BE B 2 2] Pk B Al as Tl



RFm 5K T RS T Fo iz & AR 64D HE RGBT 5 R AR IR R ik 1263

A5 50 S A A ) R i L e R A T R ST A S BE L) R A, n ] s 8OR Y AR EURAE R
— AT A R 1 ) R

A 488 R /N A A S A R S DA AR 3 2 o B R el 2 0 8% 11 T R ORI A AR SR R T R AL
i 4 5 ¥ 2% 2] (Broad learning based on attention mechanism , AM-BL)R 51 J5 ¥ , 5 15 5 I HLH A 2 58
JIE A 25 1) 245 1 R IR T 5 4 iR Y R, R HG R R OC T AR v R S S 4 R 9 iR ) e A B
P REIESEHURE 07 o SO0 BT, X LY B8 B 2 o R AL | BT i B AL Y TE B A o B E e v A
JIBLHIEE & T W2 Bz Ak FE /A S T R B AT PR RE

1 BEEFIEEEANH

1.1 EEET]

7

5 BE 2 31 7 VR 1 A G 9 AL 1] k25 52 R K01 SE b I G
HST 00T R IR T G TR I TR 25 R 4 S A T a 5
?%1‘%@;’%@“%”&%%%#%uigijqagémgggg?gﬁg 'c;liﬁ-ﬂ%ﬁz I_i%ﬁ%_ﬁ;_ig
3 3 e A O 30190 7 o R I T G TR - @i TR
B L 0 Bon e 1 RO® BV IE®@ - @Y
AR R AR R R NIRRT 1
R R A SRR N R o A O T T G 0 AR
1 358 P W ST B A S R 4 B K1 BL RS
3T O 4 4 AT, 52 05 E 2 5 I 5 T Fig.1 BL system model

1.1.1 4% &
FEOE Y SR A S LA i, R R
Zi=¢,(XW,+B,) i=1,2,-,n (1)
s, RN ER A RRAE T AU I Y SO BRI AR, XA R SN EUHE 1 A, W, R B, 4 ) 3R R BE BILAE B )
URAE T o JL il R S EC G FRAE 5 0050 C FRRAE 15 5508, S8 T FRAEJE MR IR o B4R, A
oW, F e B, 2 BE LA B, 3k 8T 45 R BEPLTE
1.1.2 ¥E¥ A&
F IS 5 97 s A AR M AR e i — D PR S N LG AR ) o BRI b RO E JC R A AR R M AR Y
S PR AT 28 50 0] DLDL S AR AT ) 8, B 5T RS T 2P s AT SRR
H,=E6(Z"W,,+B,) j=1,2,.m (2)
& Wy B, 53 RIS AN 1 SN 50T IV A T bR L BB A B WD B AR B L S8 e
TR SRR BRI AR
1.1.3 thit K%
TE Jit 7 9 2% vy PR adf 2 SR A i 22 T 286 A L0 23 AR A — A TR0 8 5 0 o 38 3l SR PR 0 1Y O ik B R A
2 B — YR S B AT A5 I 25 AT sl S T TR BEE 2 0 4 T [ A% 9 RIRG BE T [ D7 TR A DG B L el b
TINGRad B 2% B o SR DR st o] DL 2 X 2 1 O B 1) e/ e Al ot B AE DA s/ i ik 22 35 3]
i HR AL
arg rrvlvin (|Aw — YHZHL/{HW ”:2) (3)

KMoy =0, =v=u=20, BB MA 1 L, EN L. H B R BB KRS AW — Y Hz,



1264 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 5, 2025

308 1A TE AT A W2 G155 80 5 e 5 MO AL B ) 2 56 R L A AL P 7 Rl W
HE—
1.2 EEANG
VE LA — B 5 E 1 R T A R th th SR B R O g, LR SR
K U T A 1 B b B R 2 55 L T O B B AR O bR o 1 MO 5 AR R
S5 R HL 2 A T R ) 5005 I 2 T 0 4 T L I e < B TR A A o T 3 6
94 SRR 9 T . 5 WL E — A e B SR 0 L0 b L R 0 P T 5 AR ) 4 4 P40
AR SCHE 4V ) O o
50 T R 4 A % T 9 A AT R
5 R B T DR TR 2 S B g ke
O\ AE P B 4 A 45 4 R IR R EE g G
VE L3 ot S TR 0 T R R TR SR 9
Ak T B A A 90 A A A
850/ 0015 8, T T 4 A A P T —
S LB R P LR b 1P 2 7
VES CAME G BT 11055 AR E 5 5 Z, (=1, 2, ) 200 3 B4 2 08 i 2 758 51 14
TEAE L L = franoSomr =+ S VAR Frse = Srmaer fomans S o

FEB IR A D—
TER AR
B BRMEA
2 A S
Fig.2 Node attention module

1 .
Sivg = AveragePool(Z,):7]; Z(L1,C) (4)

Ffimae = MaxPool( Z,)=max ( Z;(1<{j<<[,C)) (5)
A OFRET L Z PR TR ARG CF R E B S ROl A (R R 23 3R B I G Y 2R B0 B0 S 24 Al
Bl 094 g E B JF S BEPL AR AR R R W ARG B IR [, 0 AR B R HT Sigmoid B R
B B YT A TR R

M =0(( fig T 2X frnu ) W,) i=1,2,-++,n (6)

2 ZRERNNHNEEFIEE

AM-BL HE T 5 F8 B it 22 90 45 55 BCRR A 1 30 1 60 o 65 47 5 089807 150 A B8 47 8,

TP 22 9 WL 5 B 5 O SRR . KRR B 3 IR 1/ Q R A S 5 1 2 )

IR0 245 A 28 3o B LA T W 5 O 0 — L VR 5 20 35 2 0 0 40 0 5 G 3 50 B 5 DB 4

P2 B AR MO R R I R R R \

S 4 47 R R T A e R 4% (HhirEY )

WA IR T RR RN T S e O

4 R B3 L 0 L L % I 4 O 3

AT L3 2o e g R A Ao FEEMARR
N 2L 55O 1/ Q R B A M 105 0 AR X, B i {

X=[ay, a9 oy] « WHVIEH AR XBER (D (e | EREEED

50 b WA o n
O oA T A IR M Zom B BN %@@@ @@@%

Z2'=12\,Z,, -, Z,]c MR Z" @150 (2) 34 9

____________________

______________________________________

TS H = H\,H,, -, H,, . A
FE T 05 B SR 43 ) LR A AR B 22 R0 R RABRX )
SR H" A, B2 (A~6) 43 ) 320 4 10T A P e i K3 AM-BL Z& 5k

FERERT R MM, M, B¥IRIGERESEE T Fig.3 AM-BL system model



HRFM F R TRAESF I Fo 2 & AMH 6D HRBAT 5 HR AR R A T 1265

R T S 15 1 ) R A AR 2 H
Z"=27"M, (7)
H"=H"-M,, (8)
W 20 3k 5 T T T B A I B R A A R R I R IS B T R AR A =2 H " .
W BL (4 th 25 R Y
Y=[Z"H"]w" (9)
KW =[ZH"]'Y = A"Y, Fm 0 4 0 45 1) 2 B A, vl DL i X () 3 U A 8], EARe+ 73
7 R (1 33

W=+ AAT) 'ATY (10)
2 A= O, i )R A6 ok e/ — 3 [ @, I 5 B0 o O3t o 15 3 AM-BL W28 I AUE N
W'=A"'Y --hm(AH—AAT)lAT (11)

XoF T A bR 4 14 A SR R RO X, 8 0 AE E’Jiﬁﬁ/\ S A B R B A DR R PR A5 R
Y=AW",

3 KRBRERSHW

3.1 IRTFEMEFEES
Sy B ] 8 1 - 5 CPU K Intel (R) Core (TM) i7-12700KF, GPU ) NVIDIA GeForce RTX
3070 Ti, ¥ & # 5% J 5T Python 3.9 i Pytorch IR & 22 S HEHE
T B UE AR H A e G RS AR O s B R
P, 7 SO R 28 T B S R A AR ) K i 4T
HEAT S0 I 5 R B 2 2] AR ZE 8 AT LU . S0

®1 HEEESSH

Table 1 Dataset signal parameters

S KO8R 4 S FF I8 ADS-B AU S, A5 2 R 4 SR SR

75 FH 52 L SM200B A1 1 090 MHz 4 [i] K 2& AU/ MH 1090
. BT ADS B S S8 P & CHLIR 9 Tl 77 = PPM Jik w57 & 37 ]
(0 R T D IHOU R B AT A R B T RFRAS 58/ MHz 10
HEREARL D], WA B F R 19 ADS-B {5 2 1F RAFA/MHz 50

Sy IQREAS , 135 2 Bl 10 45 1 A 1k . BLIA Di"‘ﬁn/dB 20

)<1¢

BEANE 1R . A LB KA 10.20.30.50 BAFEAES K 4 800

1 100 4> Y1l 2 A AR SRR A I /D 31 22 (9 45 57,
IR AR 1004~ . SEE 45 SR H 2 50 UG4S R I8 S8 R RO 3 (E
3.2 FENMBISFFEREREE NIRRT

SR 6 W T T BIL R S 8 JRE 2 > e i HORE 7 A B T, AR S e X A R 3 D AL S Fisher
I &5 58 ofe i AR AE AR CRE T3 945 o Fisher i WG 5 G2 XA 268 ) 85 22 M 55 2 N B 22 B 09 ) S AL 1Y
PN S 2 [ B W B4R S S PR A 22 S R L THAE A 5

Sh=-o D@l m) (2w, (12)

A m N E R R B, = — / T, ()sn RN jRIEAR M FEARL; ¢ KR T KM 2K

n;

ki Eﬂﬁﬁ%%ﬂzq/ﬁ%%ﬂ,iltﬂ%%ﬁﬂﬂ%@rﬁﬁ%%ﬂltﬂﬂ’]?ﬁj%#&f AN

7 n.
SI;:Z%(nﬁ,—m)(yﬁj—m)" (13)

=1



1266 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 5, 2025

SN :%Ziiﬁﬁ?ﬁ%ﬁ%ﬁzt%ﬂjﬁ%% SN 7 B A BB Tl ]9 7% SR B W 1 3 , B 275 5
=1

Fisher #4558y F2 RN EEE A EHRETS Fisher W& 3 b

J,=Tr[Sy'S;] (14)  Table2 Comparison of Fisher criterion values
SR GREAR B BRI SEE RS before and after adding the node atten-
Fisher i 01 5 56: 45 52 4013 2 0% , V0149 140 0 8 0 tion module
PG Fisher WER M 51K ) Jype SCH W], fE R  FRARL 10 20 50 100
R REA SO 2P T IR S B BB Fishersfe /0 5142 12056 3188 56142
Ui b FF 8 B0 1 A 2K 90 T 3 B Jo 5270 12521 367.79 828.15

3.3 AEASHIEE T HBEXTLE

R B UE A S 5015 B S AT RO | g s AR R AR SRR AR A [ R ORI R R A S
3.3.1 RAY ERET oA KT RA A EG YR

TEICE A 2R B2 Ry 100, 6 G FEAS TR R AR B30 T 5 s s B 0 S B0 U1 200KG B2 1) 52 ), 285 1L n
& 4~6 TR o

1.0 1.0
095
0.9 0.9F
' N, . 090r
@ 0.8 i ) O8She o o,
€07 £ o080t
& 0.75F
0.6 - 10
0.70[ T8 —e—e—"—s——"
o2 0.65f 100 . . .
2 4 6 8 10 12 14 2 4 6 8 10 12 14 500 1500 2500 3500 4500
FRPAETT 5L FHES % R R

B4 R RAAE S S SOE R A e /5  RRESER OBkt EI6 AN SR a0 RO ol R 3
Fig.4 Comparison of accuracy under Fig.5 Comparison of accuracy Fig.6 Comparison of accuracy under
different numbers of feature under different feature win- different numbers of enhance-

nodes dows ment nodes

A R BB AR /N R 4 Tk 5E 4 R IR A AL 5 B 95 SURFIE , UG E T A B A 5 24 5 R
1A B 7 A DR TP 0 2% i e 5 Y T N B R s S L S R, T B
WU R 5 S [, ELA 50 3 A B R R 4652 5 S 2 E R L IR Bt ) 224G o 59 4, 2 IR E AR 2
BRI A SUREAE XY R ST H A B A B ORI o R AR [ Y S O RO AR AR
NI . AR AR AE 50 LL L, P00 44 RE 5 0 4 of e S VR AR HE AT RO, TRUN RS AR AL HE BT AR
LR A RORT |, B UCREAE 1Y A0 KON,y 8 REAE 1 A B 1A SN, O 8 B 5 1Y R BN, 31000
A 152 S RO AT IR 2250 10
3.3.2 RFERAL R SR 5] R 6 e

X HEAE A [ 1 25 A5 AR i T D P 2 5 A T 085 B2 A 52 0, I 10 19 S FiE BORAR B A A o 45
W 7R A 10 B ) 107 "/ D) 4% 06 A (AR f B SRR R B T B AE— B0,
PUNMEA 58 TRaE o 7EW/NE] 107 1 I [ 26 U vl B 5 TT i SRR B o 20 B JCJSLIRL A28 /g TSR 4%
F19 ik SEC o 0 A0 DA 0, KA 0L BB 0 B T 2 R ME A R B 2 B T o 2 AVNE — E R 1E W AR T
XD SR A S WA LT B A, 4 L T, RO E A R B T . SRR SRR A RORE B A
10 *AF R [ 5 S HOHAT IS 2252 80



RFm 5K T RS T Fo iz & AR 64D HE RGBT 5 R AR IR R ik 1267

J T WAEACCH 9 AM-BL )y ¥k 5 i e T sk 10T —
TV E 22 5 L I 485230 45 5 o BL SOk 14 W 9 SFEBLN 08_%
5 AM-BL 77532k 5 245 810 3£ 30 /R 280, SFEBLN o
R R 510 B R OCOR S go‘é-/,
3.4 FRANGHARBEETIRER YICE

Hg 8 7 SC 7 U 1 R O B8 46 AR SO B 5 S0k (16 T3
F1 i) ResNet18 # 8 SCiik[ 18] i Transformer #5 Y F1 3C ik 02 = ?80
[147vh (g SFEBLN A T il 5 3 25 5] 3L 28 4550 (g 31590 5 5 > 4 s 10 12 14

6
FHAETT AL
AN NEIES ¢ E SN

Fig.7 Comparison of accuracy under different

=R ) SR B [A) SE AT R LY o TR B 2 ) B AR 5 R SO
Ag PR A B M 4% 1, ResNet18 #5551 Fl Transformer 5
R Z B0 E N Adam R4 T7 125, 2% 2 32 0.000 1, B33
A 0.1, I kAR R B 50, ResNet18 5 A4 4iL 4b B /NN
32, Transformer # B ib Ab FR A/ 8, 5 B ik B A SL 56 BT
- SRR o 5B 7 4% AT 50 TR 54 I S 5 HOF- 1Y
B o ANTR) 772 0 0 531 o 0 23 R 4 B3 551 4R B ] 5 R
4R o

regularization coefficients

®3 HEEIESY

Table 3 Main parameters of the model

SR R ZHUE
SR ] TR A BN GRRE A SR E T A A T TR ) A S 3
RIVERE ¥ A T T B AR SCRE R AE A R ISR AR AR B R ey o BN, 8
AR AL OR A T A A O A5 R YRR AR R B RS R BON, 3000
100 I, AM-BL #8977 35 2 97.9%6 i 3051 o o 5 5 [ IE 1 5 B A 10°

ResNet18 [# 2% i 3 Yl 2 e A3 22 SR ME R R AE LT}, >
W GREE 58 & I 1k RE A AT RE BB JEE 2 ] I 28 Y . 7245 BL
A5 2R ) il S 6 60 L TP A T BB R S R R B A5 R R R S T 10 ~200 .

F4 TENIZHEAE B RIR 5] TR FHEEIR A SRR E

Table 4 Recognition accuracy and overall inference recognition time for different training sample numbers

FEASL 10 FEASL 20 FEAEL 30 FEA S50 FEA 100
B HER R/ —_ RS il /s HEB 3/ . HEBH 3R/ - HEB 3R/ —_
% % % % %
ResNetl8 656  13.84 73.5 19.58  80.7  24.65  87.1 34.25 91.3 53.27
Transformer ~ 25.7 5252.33  27.23 6208.00 28.43 6957.01 39.7 8565.78  76.6  20507.14
BL 68.0  0.82 84.3 0.82  90.3  0.85 95.3 0.89 97.3 1.01
SFEBLN 14.3 0.80 57.5 0.87 835  0.89 89.9 0.94 91.9 1.05
AM-BL 69.6 0.92 85.9 0.93 915  0.96 95.9 1.00 97.9 1.10

SRRT 98 B 2 >0 AR L T o W S 0 5 A A 1) 5 0k i A KOH AT TR B 4R BT AT T A AR AR
55, IF ol T R SR S AR e R AR T D i RE ARSI Y LS B AR U MR R AL TR A
5 i EL PR DAy 9 R 2 o st 1R 0 2% vh A2 2R Y JR A5 )R 22 T B i R OR B EE S MY I R SEBR AR 2R Y
W2k ] 32 > F ResNet18 Fl Transformer B 2%, [m] i, A% SCEE HY ) AM-BL BB AE AN W] BE A B0 510
PUNMER A0 T BL AL LAY | 38 3o X5 454> 75 b A0 A58 10F R i A [] A ASC ke iy A [ 9 0 T



1268 R E B L Jowrnal of Data Acquisition and Processing Vol. 40, No. 5, 2025

B AT 55 00 UK B o SR ARCER 43 C AT B AR R B0 G 3 5 AT 55 R AH DG I REAE | [] B A o) S 26 OR
B L FEAS S35 3 I v B8 e 0 19 0 0 T I 4 B R RS B

TH AN AT A e 25 X S 45 SR A S 3 2 TR VA BRI — L IS A5 R . b BL R
I AM-BL SBEAE I R REA KL H S 100 B 19 R V6 40 B 25 R AN 1 8 i/ o AR VA L B i) DL i, 4 S04
A AM-BL 7 5 %60 45 28 RE A B3R SRR NG T BL SE 2R B A0 | 78 8 IR IR I 5 1A T 4 s L B O T
BL B2 A5 {0 o 1 2%

FEARR FEAE
0 100 0 100
1 1
5 80 ) 80
w3 w3 60
60 %
ﬁ 4 ﬁ 4
o A 5
i 40 g 40
6 6
7 7
20 20
8 8
9 9 1 1 1 1 1 i L L 1 O
01 2 3 45 6 7 8 9 0 01 2 3 4 5 6 7 8 9
TbR bR
(a) BL confusion matrix (b) AM-BL confusion matrix
18 TR R 45 2R
Fig.8 Confusion matrix results
4 ZRIE

Bt XEINEEAS S5 T AR S DA MR TR S ] A, 2 SCHR Yl T TR L AR R B R 2 T b A R R e 2 )
26% B0 368 15 4 S DS PASTRURN 7 0 o A S T T D R O AR B B2 2 ) D ik 1 U AIF A FE R
FLHEAT A AL B, 45 2 58 5 DR A5 SURIE B S 4 R 7s o A5 R ERIT, /NVRE AR S5 0 X A S R AU A R
A BRI T AR SCT7 95 A 6 5% 22 19 2% R BT e 2 5 B 7 S [ R AR B0 2% A R 0™ 28 T 4 3R
i 3 G R 2 o ] A TR 45 K 9 5 12 R A8 D A /N RE AR 2% 1R R B U S R I T R LR R A B T
Oy SRR ARSI

SE

(1] #8395, B b b, 26 38 T SR SChoR 19 TR AR S U Jr gk 0] {5 BxHTeoR , 2022, 1: 55-61.
HU Su, MA Shang, LIN Di, et al. Identification of individual satellite signal based on radio frequency fingerprint technology
[J]. Information Countermeasure Technology, 2022, 1: 55-61.

(2] XE&RSC, BRI, ASTEAL, &5 . T RAE Rl B30 15 6 S IR (AR 50 7], Bl R 4R S AR B, 2022, 37(6): 1280-1287.
LIU Zhiwen, CHEN Qi, ZHENG Hengquan, et al. Specific identification of communication emitter based on feature fusion[J].
Journal of Data Acquisition and Processing, 2022, 37(6): 1280-1287.

[3] WU Q, FERES C, KUZMENKO D, et al. Deep learning based RF fingerprinting for device identification and wireless security
[J]. Electronics Letters, 2018, 54(24): 1405-1407.

[4] GONG J, XU X, LEI Y. Unsupervised specific emitter identification method using radio-frequency fingerprint embedded
InfoGAN[J]. IEEE Transactions on Information Forensics and Security, 2020, 15: 2898-2913.

(5] RS, i, 20 Hant, A0 . 1A 1] PR L o 2 00 2% 1O FH A /INREAS 2 S R BFFE [T ], B s 28 iR G224, 2022, 54(S): 80-86.



BT F R TREF I REZ A D RBAE M RANRIRA F & 1269

XU Huiling, SHANG Zhengguo, DONG Shengbo, et al. Review on few-shot learning for DNN applications[J]. Journal of
Nanjing University of Aeronautics & Astronautics, 2022, 54(S): 80-86.

[6] NAKAMURA A, HARADA T. Revisiting fine-tuning for few-shot learning[EB/OL]. (2019-10-01). https://arxiv. org/abs/
1910.00216.

[7] WANG C, FU X, WANG Y, et al. Few-shot specific emitter identification via hybrid data aug-mentation and deep metric
learning[EB/OL]. (2022-12-01). https://arxiv.org/abs/2212.00252.

[8] WANG Y, GUIG, LINY, et al. Few-shot specific emitter identification via deep metric ensemble learning[J]. IEEE Internet
of Things Journal, 2022, 9(24): 24980-24994.

[9] XIE C X, ZHANG L M, ZHONG Z G. Few-shot specific emitter identification based on variational mode decomposition and
meta-learning[J]. Wireless Communications and Mobile Computing, 2022, 2022: 4481416.

[10] PHILIP CHEN C L, LIU Z. Broad learning system: An effective and efficient incremental learning system without the need for
deep architecture[J]. IEEE Transactions on Neural Networks and Learning Systems, 2018, 29(1): 10-24.

[11] PHILIP CHEN C L, LIU Z. Broad learning system: A new learning paradigm and system without going deep[C]//Proceedings
of the 2017 32nd Youth Academic Annual Conference of Chinese Association of Automation(YAC). Hefei, China: IEEE,
2017: 1271-1276.

[12] XU Z, HAN G, LIU L, et al. A lightweight specific emitter identification model for IloT devices based on adaptive broad
learning[J]. IEEE Transactions on Industrial Informatics, 2023, 19(5): 7066-7075.

[13] ZHANG Y, GONG B, WANG Q. BLS-identification: A device fingerprint classification mechanism based on broad learning
for Internet of Things[J]. Digital Communications and Networks, 2024, 10(3): 728-739.

[14] ZHANG Y, PENG Y, SUN J, et al. GPU-free specific emitter identification using signal feature embedded broad learning[J].
IEEE Internet of Things Journal, 2023, 10(14): 13028-13039.

[15] PAO Y H, PARK G H, SOBAJIC D J. Learning and generalization characteristics of the random vector functional-link net[J].
Neurocomputing, 1994, 6(2): 163-180.

(16] Mz, 2, M, 5 i AT R D ML) A8 5 8 SRS AR ik D). RE TSR FHR, 2022, 44(1): 20-27.

QU Lingzhi, YANG Junan, LIU Hui, et al. Method for individual identification of communication radiation source embedded
in attention mechanism[J]. Systems Engineering and Electronics, 2022, 44(1): 20-27.

[17] TU Y, LIN Y, ZHA H, et al. Large-scale real-world radio signal recognition with deep learning[J]. Chinese Journal of
Aeronautics, 2022, 35(9): 35-48.

[18] ZHANG Z, LEI Z, OMURA M, et al. Dendritic learning-incorporated vision transformer for image recognition[J]. IEEE/
CAA Journal of Automatica Sinica, 2024, 11(2): 539-541.

fEEMA:

B =5 (1997-) , 55 , A+
S8k WSS 7 ] c 3B fE
bo W E % 2, Email:
1090145783@qq.com.,

XU 8 (1983-) , %, mil 4%,
T WS T 1) S A R
B HE S B AL L AE | E-mail:
liuhuil7c@nudt.edu.cn,

EEE(1982-), 5 BhH T
PR, A+, BF 5K D5 1
{5 X0, E-mail : 710231091
@qq.com,

BR%=(1965) ,BIEEE,
BB W BT I
[ERE U2 NS g A

E-mail:  yangjunan@ustc.

edu,

(%38 . TR, T4)



