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Abstract: The artificial intelligence technology(e.g., deep learning) is an effective approach to electromagnetic target
(ET) recognition. However, in the recognition of multi-mode ETs, when the training samples with a certain mode are miss-
ing or rare, the recognition rate with this mode will be significantly degraded. The reason mainly lies in that the data dis-
tance between different modes of the same ET may exceed the data distance between different ETs. To remedy this, a cross-
modal ET recognition approach via Siamese network is developed in this paper. Following the framework of metric learn-
ing, we design the network structure and the loss function carefully, so that the recognition training process intentionally
drives the Siamese network to enlarge the data distance between different ETs while shorten the distance between different
modes of the same ET. Consequently, the multi-mode ETs can still be successfully recognized by employing certain dis-
tance-based decision criterion, even with imbalanced training data sets for different modes. The numerical results based on
realistic data show that with same data sets and network size, the cross-modal recognition rate of the proposed approach is
20% higher than that of the classical convolutional neural network approach, and that of the popular data-enhancement ap-
proaches.

Key words: electromagnetic targets ; cross-modal recognition ; Siamese network ; metric learning ;imbalanced data set

1 3% GEP SRV R P S T
B Lo R R T OE MU PRI A 2 5 A T v

Wk H 3 :2021-06-29 5 & 0] H 3 : 2021-12-23 5 5 4F Ji i - v 3]
FEATHH  FR HRPF A (No.U19B2028,No.G0562171110)



1282 H, +

EE 2022 4

H AR FRAEIE AT AR VC B , DA R 8 X H 4w 5 4 i
FPHRR Rk Z AR E B m i K, 3 1 fE
J122 AR 2 m 137 5 b U HERR R EAIL . T AR,
DATRIE 7 2] 50 O AR M N T R R O & % LB 3R
By BAnks O T — R AU T % s
P 2 HL 35 AL 40L 5 e Al L ME R OC R B RE T . R R i
BT R S 1 500 o 28 T 48 R AT S I 5, ml Lok 4
Fee o ACRRAE S0, F R 15 e AR SR IBOR B 17 P
PRI A ZE I 265, S BR3P R B L1714,

SR TR GRFEA TR L HARTE RIFAIER T,
AP I 245 K 22 BB AR B b 52 Bl H BRI 55 . HX
FERY S5 T RRAR . Rr B, BUA A R H bR BAT
Z R0 TAERC, T4 3l F-HL AT 34 2G/3G/4G/5G S5l
253 AF L B AT LA CAELEAS [RIAE B, SR HIAS [] A il 1
g RN Jr AT B 2 RETE At S HE
ERERN AR BREE IR R R HAREREE 2 H bR R
SR 2 H AR TR R R e R SR e A A
RSN R BRG], GE 0% AR B 28X ik B AR &
B YN LR A I i A A AN S8, e 3 2t B —
UM Y REA S8 A R B0 T i D I s B0 . A
SO IITZRAEAS 78 R AR PR WA B R A
Je A A R R < IR PR 2 ) T A
SYHLIAT N, 75 5 DA e LLARAS B AT 1R PR B
o EEUH] A AR I AN R Y AR
SRR+ oy EEE . DA G o0, 76 H & IR S
PRAESC i & TAEEAR AL . H o YITZA00 0 DL s
2, B G5 T AR IR A FE R, AT RUR DR 488 e 1 3R
AR — B SRR, HL A 2 U4 B A R 2 T = A
2, i T AT B = N ZRREA S AR R 19 H AR IR
oy PRME . 55— T, NS AR R R BB AEAE AR
BT IEH RS B AR AR A M, B 2
i3 T YNGR B HARRG. 26T ik g A SCE
X UL B AR RS B B s A B i S A0 1)
BT R 5T .

HAT, ¢ TR A5G 42 i H AR RO IR] 8, A
TRJ7 I A 328 B 2 T vk 2 T vk
TR AR 7k Forp B5die J2 i ) O i ) FH 2R
e B A BB R 4% (Generative Adversarial Network,
GAN) %57 R 45 B AR RO ZRAE > B3k 2 1T Y
515 DU 3 1 T A 2 2 g o 0% il BRI AN S48 3 )
2w AR I IR AN SRR S Sk e B
GrIEp S BRSPS T RIS B RS T
) HYBESY S AT IR A TRAA S A
B J2 T RN T O AR A A T A i
AT AR BRI Z Ab, 55— 2D A i 57 2
INFEAR IR P, — AR AE W ZRAEA A JE IR

P B AR A i P SE R AT) SR 2 Hh Al 1 o A
MO R B LAY W A RS TERT
G C ZARZ WUER KR LR TARCE B 215
AL B ARTE AR AR A L 0ty e s U] 1) ST AR
Bz — AR IL RIS A JNE S
B 2 0 08 7 R AR ARG I T P A S R
B 0 AU 5 T B33 )23 T 1k P e e IR TR A
HENf M8 AL Ge T A AR A Bs 2 RO M RE Ak
MR ——IX BARIEAZE S . A AR 2 8T AR X i 4k
PP INFEA IR AR ON R A 5 IE 2  R] L,
AT B AR R o — A BF R % 1E— K
KB bR AL S /N R (H X —> H g H
P BA 250 TAER I 50 4 R R X ). e A
SCH BEAY AR AR AR O 2 BT B 25 2R B LU BTN
[e] 17 2 B 56 A B AR B0 03 AD R i 17
AP OR AR T ELPRAR . 25 TR, i T Rl RS R AN
DETC , B4 {7 BRAT 5 SR At AR ST [) M LA AR A4
NI ERPERE .

Ry it R 2 A5 X H R AR R AR A B AR b ) A
SR B AT, AR SCE e /AT A 7 e REAS 2 A D A
AR 2 2] IT AR AR I MR A b FE SR DA
B 5T Y L G TR BOR = S Wi g Sy S AL, 22
T WA S A B RERE S BT B AR AN [ A
AR 1] 1Y 22 5 v] Re AN ] B R EE 1a) Y 25 5, X
AR G AT B BRI BIERE R RE . 5 —T7
T, H T I TR — 4%, [l — H AR A [l 5 i £
P AT AR AL 5 A (CRT R AE a5 ) oA A0 48 BURME , an
RBEBIE TR B 27 2] ok A B 0 OG 2 3k A ] A = a] 179
A FEBURRIE B i 2 4 2 DB A U e
T R MG IR A SO T — B R T 2R AR Y 45 (Sia-
mese Network ) i) FL G H bR b ) 553 , DL de Z 1880
t B bR e AR B A g a4 b i B R n] . AR 3L
FETTHRLE T -

(I AEZRA: G5 HESR 2R 3 1 16 il I 246 435 g
e PRE, 5| Tl 28 I A TR FE 2 ) s R e R AR AR [ —
HL G E AR AS [V RE2K R] () Al 18 48 SURFE [R5 1k
AN RIS 0] L R S0 25 S, AT TE T jR 250 AN 1
B | 1 7 2 FwES ;

(2) T RF Hoye o) S B B T — AR ) ke
YU, 38 3 303 D ASE T g o 286 e B ) i 5 1 R 4
A A B BRI ) S ] %) RR CG R 25 R R AT B AR 425
TR 2 A RORE T R T TRR 51 A DR SR
SECYVA: WL B

() TEMEEERT 42 T —FERG HIPe S AL,
0 AR 2 DU T i a5l 2k i, R 2
FEAHEATIOE A e A0 1 i e 8 SR i o 21 580



o6

FF I FH b 1 8 58 2 i R B X 2% R I 45 HL &% A
MK AR ), BT LT AP RE

2 EFTEAMEHERIRANE X

2.1 BEREFERIFENAE

AR X b i ke 22 A X LG E AR TR AR Y A A e
A Ly SR ) R, 55 2 e i B AT IR B 22 >
R E . B 1SS T B vk A AL BRI ()
1 B Y R X, B rp e # L 3R AR 3N AR E
b, g5 1,2, 3 WX 7 3 Feis DUABE , S5 4 06 1 5 DL e
G W (1 3 I8 T N N [ N E e 2 N 1 = W R 7 o
T 48 BURFAE J& A [8] B9 (A AT 7R AR 5 25 (R ik T AN W] o2
B, I H IR — B bR B [ 452 2 B8 18] 1 48 SURRIE
2 5 A Be A AL A ] H AR s (R AR AR 22 R . LA
BEAACER A TAEBCR M 5 o] . (S 5 s
(i) Py A% i 52 B A 38 38 5 1k V% i 52 ), HLAS [m] A B
MR ESE R, S, b E RS E RN T
OB R A R B T AR A R B R R E 22 R OE
AW FEIX RGO Al — H A5 A [R5 X5
I 18] 19 Fi8 SRR 25 57 56 42 AT e i AN ) H A A )
25 5.k BLAH IR B A i H AR 25 7 KU/ . 7EE 1 (a)
o A SN GR A A B I 4% 58 AR 4 M i 2 A
AR I ZRE A (1) Bl S5 ) £ E 2 [8) Y 43 A1 A D0 1
FEATAEN A, 2w T WA AR A TE 25 (R Y 4 A .
T AR Y R SR A (L ] vl 4 1 B ) 3] ok
B, R ki B AT o i as e A AL, an i 1(b) B
7. TRV Y R (R AR o Hi D B, s &
AR S .

H R AT a] A, [l — E A A [ ) i AR AE 22
ST REHE 5 B AR AR ] R AIE 22 Sk S BOR 2
2 i R B R A B Y HE SRR, R A AR TR )
PERESZ B AR R M AL . R A iz [l B, A SCHLR
JiE 527 ) (Metric Learning ) 14 B AR K 55 4L B AR AE | 1™
BRI BURE . BART S il TR — A E RS

E(W,M, {ynﬂx’l’,x;}:’:l) - 211\72@‘

Hor Al - I o A 2 FO R M TR A T B
V"= 1 RRFEAX T PIAE S B AR E B AR, y" =0 RoRkE
AN F MG S R AR bR, A4, 2y =18, B x] Al
xy SR i) — F AR A R AR TR, 4505 R £ () 3R AL M
deUWWﬁLFE%z| (3)

SHE R o) 4% 5 3 ] 9k /N [ — 5 A (R /AN T A6
FOTESE s (8] P YIRS . 4 " =0, Bl x Al 2K A A
Al F b , 5 5% R KR 0() 1B AL

g.(x3) —g.(x})

g, (x3)=g,

i T AR A 4 Y E R H AR SR IR A 1283
2 2 .
.1. 00 2 .«-—»s/ o 1
® - @ —
o : ® [ ) °
i ® ® ®0 . o

(a) 5 DUABEACHCE B P o0 28 )11 25 14 1) 231 1]

00 g0 .. ,®% -
) @~ @
00 O e

: o [ ) o9

() MR IR L IR S5 R
1 BRI I 7 e AR B R AR A s iR ol 72

(WS ) ), A 45 6] — H AR A9 A [a] TAEAS 27 i s
[i] i 5 SRS R TRT B AN () H A 7 B s ] o 5 B
SrECREME L DTS2 BEX (6] — B 5 AS [R5 Rr AIE 19 55 4k
FD AN ] H AR AT SURRAE 1 . 78 3 2 ) SR,
AR 2% B HARFR A T T X 2R A ) 4 A i B R A
fRTERLAY 21, O X0 25 T 28 A I 2% 17 Fl e E s 5 A 5 1)
BT IR
2.2 ETFEFEMZREEREREIRAFEE
A5 W 25 S FH Yann Lecun 7£ 2005 4F 42 H A9 —Fp
25 L8 SRR HAZ AT SR SR IR B 27 ) R i o ) ) —
F B O 2, BARGE /e an &l 2 o . B, A2 A
TR BA MR RS g, (), I HILE 25w, %™
2806 dan A EICHE e B Ry R s (] op g — A ) B R ]
I T) S R RS B i A\ K 7 2 ) o Y A
RLRE . B xR xR AR v B AIL 6 B 565 o %o (1]
— BHAREUAN A BAR) B AR 580 , 205 #h 2 2% 5
ok
=g, (x!); i=1,2 (1)
A O 48 B 2 2 %0 S 1 3 R T T G A 2R R R
(Contrastive Loss) , 4i /Nl — H br (B B9 B2, 5 KA [A]
HpRE AR . R A4 2% s BN T
0f) ] (2)

+(1 —y”)(max{M— ‘ g.(%5) —g.(x7) | ’

E(W,M, {y",x’f,xﬁ}nNzl)

:ﬁi(maX{M—‘ o})2 (4)

BEEE, 0 4585 AR ] H bR A J B 5 Ja) b i i g &= /0
hi kM.
) 28 11 2 ] LA 3 SR i T f Ak T B sz 3, B

m}n E(W,M, {y",x';,x;}ll) (5)
A Ak 7] B3 H R FH BEALRS 2 T B 75 (Stochastic

g, (x) —g.(x)]



1284 H, ¥

2022 4F

o

r» g, -2, &)
g,(x) £.,(x))

B 2 R 4% B 24 [ 4%
! I

xy x5
B2 AR W LE R R
Gradient Descent, SGD ) iR f# , IR0 .
WkHeW’f—n"vwz(mM,{y",x':,xz}neM)lwzwﬁ (6)

Horp N RS E YR SGD 3% X mini-batch; 7> 0 A 2 4%
Hk . ERARSZE T, W] LU SGD (i3 5 Adam
S T 25 S5

R S R NG R R R U el D e T S
TR 5 A B s ) P A RAE I T BT AR I Y
O3 2N PRI . 5 G 1 25 A T 45 0 0 0 R 0 2
55 5 Y B O A A1 RO 2% v 3R A5 45 A R
S ) i g S5 r 1A A B (AR X S B
BEE) DR ICHIBLRE S, I A M i i 1T PR L A7
F e —— BN T TR Ry [ 2, R 1R Sk
52 AR T TRR R 435 B 2 DA O T AN
Ivi) 37 5% B B0 B I L I AT A B | Bk = R T
PE . ARl BRI B X, A SR T —Fh Q IR T K
PAEN], DLSE B A H AR
2.3 Qi =R AN

Q I T 1 ) e %) S ] ik oy

[*=arg min min
=121 gl

(7)

2, (0-g,(x))]
n €4, lq@)=0

Horr o IR 57 55 SRR TRAYHE n A
GRAUE 5 q() S 5 SRR A DRI Gt A A O AT — R/
QBT 5 1 2 A S DR/ ) S Q e T i TR
7 A JEE A 2 ] P B R RS S AR R
TR A Q A R I R 3 B /(R S R 4 i A
EREZ RS INA L EE i

B3 45 T Qi s I B JRU B R B . g i L
IR 3ANFRGT IR (L ), B H AR 3 AL
(BHE LM =), 215 0 2B A M 2% )5, 1E
JE A A (A RSN D (0 E LAY . 3 R AR (IR T
WIS 1~3 5 U A0 DA Xl =2 1) B 8 e 30 ) I Q
(X L Q=4) MBS R AR 15 73 B die 5 3 AT Ay ke
PR BRSO IE TNIE S 1~3 S IR R AR 553 51
127015, 5 7 2 p 2 (O AE TLE AR ARSI 1.

g b o 2R R F AR i AR S B R 4R L A

3 Ak 4 ) Q AL AP R R
Q I3 PR AR SCAR T T2 A R 458 A B H A

By ETIRE MRS BRI R
A th 2B FAR A B A LR i X
T A BRI SR AR U 5524
ABRL B UNZRECE XA 2 TR 1 2R A 28 01 2k
WHR2 RAFIM AR
PR3 AR L
R4 BRI BAREAS S 2 MR T AT REA LR U Y
TE =i A 2B A= P2
RS WA P R AR 5 A IR EL A RS 2 I A B A R A
PSR e JI R ZAEAS T s AR BRI T
WREST A FbR O AIREAS 5 i AR A B B e 0T Y
QP EE R R IFR A
PRS2 4R3I Q AR R R R AR/ N H AR
PRS3 ORI AC E Dy PR 5.2 P A

11 3 ) R ML, AN 8 2 AR e o LA
S R 2o T 2T A 3 ) o Js YRR S B o ik 2R
R R SR A S TR R A R N A A B T RR
SRR EIT.

3 ETESHRRGENEEKIRZ

T 5 DA B e R s 4 s 2 ) AR i 17 0,
FOAZAF BB, 22 BT IR B2 2 ML, A B 45
1 I AT AR A DL B 2 R4S A8 v A AR =)
RN, FERT— T SRR 51 ABEY) R BRI S
FIPe Rt 252 W 2 B B R R RE T, A 2 LA
PR A 2 — 20 P2 T4 0 22 WAL A RO PE RE . %
LAY FEA S FRUN P 4 FR

TERE 4 38 3 6 B R AT E AR g s 4T 8E U
L 906 2 BT R B T AT 26 A © U R As I 2R A I 4%
BT RS 2715 1Y Q I 3T A P L 3R AR m ANl ST
H IR L 38 X m AR g SR TS e, B
R YRR REA G P2 5 S22 R
BACHIE P ) R Y 8 2 AN A o 1) s e 2 A ST U
FIPLZE LR W AT R THR 200 ) D ff %2




6

B

g BT AR 4% A L 1 AR B AU B

1285

KB 25 o 2%
IREH R

I%Uy%éé‘%l I
F e R2

%2§%+ﬁ%EA
'
— WA
1Yt o HERAR
i ‘

K4 TS IS5y A 3B R s

ARAT 2 H R I RE A B e 55 2R, AL R S R A
NZARA A ARBAE (AR 28 A B GRde v, X 28 A2
2% AT HHT I ZREUITE A BB 047 1 U
PR, NIMEBLM 28 1 A K. W EER, AN KRE®
AR R AR R B SRR A R .
A A HE A TR, AT LSS IR 1) 5 RS, R AR
PR ARBE, 7] B2 T BB IR RO, AL 22 A W
ZRVERE . kG R R R, — 5 AT LA T A
TR A R 5 e ) AR I RSN R AT I 4% SR 5 o5 — T
AL LA 265 SR A DR AL A 38 2ok Xk 1) 2% B i 72
K e AR RE Y HEI, et R B &R A BT I 4%
B

4 EHiRteenik
FIF 5 388 22458 2 15 L 65 A R S R A A T B
BT R APEREIIA . Horb , B0 5 SRR 5 A

A4 (200 MHz, 330 MHz,400 MHz,440 MHz, 500 MHz)
ABEEE S R AR . R AR v T
BB (11440 MHz) 2 22 WA, A 4 At 22k
w7 LA, ) R R DA A 8 Al 2 A =X
R S B 5 L & 2 LS B i U D g

YES X5 Lt Tl Bp I 27 25 A 0 28 S 4 R 8 R B A4
D 28 ) - A SRS SRR PR B . R 28 I 48 R e R 0 i
2 FHL A 28 X 2% (Convolutional Neural Network, CNN) , i)l|
R AL B R i AR 2 B R A R it 7
PR BAEAEA . B AR R AR A I AR 42
W7 s, AR e A 48 st B b AR e (Short-Time Fourier
Transform, STFT). HL{A [} 26 FlZ2 Az [ 2 () AH 56 S 80000
T VPR, Hrh E WA Y 2R A & T T, DAL a DL AsE
AUNRAEALL T 920 S 21, 75 0%~100% 2 5] 5 £ —
S R ) LR, AR [R) 2 DS I R AR i R
s R R SR R R

R1 BRMEINIE 4 W& EE X b

28 LRINCIE 2 ) 4%
) 2% A 7 Resnet50 Resnet50x2

FRAE SR STFT STFT

PRE A I 10 000 10 000

RE AR S ] 2.6 ms 2.6 ms

B DA IR AR 1920 1920

P DU AR AR (T D) 0/192/384/576/768/1 344/1 920 0/192/384/576/768/1 344/1 920

B DA SO U AR B 300 300

TES— S B S HH & 5 WA R A DI 2k
ARGEA GRSl 25 L () F AR CNIN RITAR SCRT 4R Y 1) 2
Az W28 5 1 3 G S HL B DLASE 2 8 SRR AR A 7
P A RIREEME IR 5 s . B ST LUE H 5
A CNN 78 52 WA QU AR AR B2k A 15 00 T AR R Ho A
R IR BIRE T1, A 45 A A0 5 LA 2R B RGR i
1, AHAA A 56%, 1111 5 FFHL & 19 TS0 2R AUh 35% ,
JUT-Z5 [ FREMUAE I . 5 2 KX, 254 0 46 1 25 DA X
FEARBRRITEN T, X 15 25 4 SBEIREAK
TF USRI M, B 0 45 L A LA R A IR
BIRILE] T 98% , H T RERY A Ky 45 H AR T WA LA
B A Z B AR R BE Ry . 534, BEE X 145 2
S A IR R T 60%, HA 35 55 A RUR

W& 25 . ARSCG UL JE AR A 4 1 B AR R0k
T T AR AR E A i s AU RE ) 7 5 LA
RUNGEEARBLIE  FAIR CNN AL B T, H
AT AR R 4 B

BE— b, LR K] 5 h 3515 5 H A TR BT
SRAE 2 2 AT (B 192 MREAS A 3 DA 1|
EREARBE 1Y 10% , K2 500 ms) 55 3 5 5 S LG
P AR S 514, )RR 15 2 5 45 G
OB I R AR AT SR B . WA 7 1 3R AR TR R
FEEmME 6 in . LA WInbE3I SRS SHE
YIGRFEA G , 2 Fh 7 I IR 5 R AR B BT, {5 L fk
CNN J7 35 B U AT SR BG40 v 5 IR R AN 2
50% 5 HREL 5 VXU ALK 5195 1 22 A I 26 7 1k



1286 H, ¥

2022 4F

BORPET I, 35 BN 13% 3% T 60%), 5
SH AR H 39% H N5 T 66%, 5 L & -3
HIRFN 70%. AT UL AR SC TG 3 AR A I 2% 1 B
B H RPN S E AR AR A B s 4 A

Normalized confusion matrix

3| 0.21 0.19 0.15 0.19 0.25

4| 0.06 0.08

(a)  HIRCNNIURRIAHERCHAIR35%)

Normalized confusion matrix

' 0.04 0.31
0.07 0.31

06
0.13 0.25

4 0.02

5. 0.06 0.07

Predicted label

(b) A UIRRIB AR T4 60%)
K5 LRI G AR S A BRI I B TRV R

Shy 2 TR M I R 41 1 R O R BE 7R T B S
T LT A 5 E R & IR B I ZRAE A . [l
FEXT HESE PP T A LG JR CNN H AR IR ST 50,
ARSI T 2 AR 55 ) D7 IE A T HO  — Rl 2k
A5 R B B 3 5 07 58, TR T AR O T R 4%
GAN P 712 . K17 B o 5k 6 AR
PP AR B WA SRR A R i AR AR Ll P TR 7
AR YN A A 1 B0 (IR T3 IR A B Y
20%) I, 2 Ffr K 4h 48 5 05 12 B U SR AU W 4 1 48
L A CNN 7 i, 10 PR S 4 X REA LR/ I 3
B T7IRARMEA ST Y e 3 5 ARCR , D e PR RE SR T
AR XU AR A AR A R AR A A
R R, Bt 5 07 1 0F A IE . 53X 3 M7 kA
FU AR SR PR SE D 3 I, 4 ) 2 A 57 LA 5
YN ZRREAS B AR T8 WAL 19 209 I, YU R PR RE S
T i) Fr e R A 209%. IR A8 5 UL R A 1Y
o X RCRAR /N, AH 38 2o 55 5 DS ORE X 5 A2 B e

00

(a) 24 HfA CNN PR I 20 A (T 2 1R 5 %
51%)

Normalized confusion matrix

00

- -

(b) 2L R 2R UNER VA M CF- 23U 2 70%)
Ko Hi3%5 . 55 AR 10% i WA ZAEA S AR 1B A8 1

1 >
/5
98 —O— LU LEMERG IR
G BB CEUELERE R 50
e B R BN (GANSIRD 70
9:8 \ —o— Ao ik
L 07
iy 0.9
=
0.6 0.85
0.8
0.5
0.75<
0.
0.7
4 6 8 10 12
o ‘ ‘ ‘ ‘
0 20 40 60 80 100

AT 1 5 TR 4 76 2 R AR B T 29 LE (%)
P75 AR ) 5 = AR AN i A 5 22 P

ARHEATH G ATHIR AT LI SRR AR, SEH I 45 i
FVEIPRAS . A WA GRREAS T 4R S i, LA
LRI PERERECHR] . IR 45 RV, A SCHR k4
) T D 5 DA SR AR e G A - 0 A 2 114 A
L.

I i A SR R A R S AL A 5 R 9 1 4%
PO AIRACR . 55, % 20 2 AT P DR



o6

g BT AR 4% A L 1 AR B AU B 1287

AR A, HEATECS IR A AR 2 | B g5
IR RS A o A8 BB, e 2 B A R U A v
EARH o B R 2 R . 32 2 T o 5 DL AR 5K
WINZRAEAS B I I, 3R 5 ) DR e A i 5 U0 R 0 56
Z .l LA R S A REA I R R AL 70% 22
A s R U e v 2 B 309% 1) R R AR 3IE A PR
R, S BUR 2R RCR AR 22 TR 100 R
Ja , IR AR AE T 100% , JLF- A 23 BLFI RS 1 00, (i
B2 158 0% AR (RIS 100 /S BEAS (I 6 I e S A
AE S A5t ). S BRI H IR, I 327 P R AN AR Z (8] AT
P
K2 BREFIRFEAESRAMNENIR

e FIp A A AV
2 65%
5 72%
20 74%
50 80%
70 91%
100 99.99%

V1 8 Jifr 715 Ry AN T e PR AR TR e B A 0 e 2%
PPN R e . n] LUE 8 A ) e 2 2R
F0 S 5T , 2 A 10 296 o 2 LA OB A0 1) U5 R 4 T
L REI M TR TR H 20 A REAS PR 0 A5 R R AT IR A
PN BB, e 28 B PR3 R BE S 32 i 1 T I 18 21 90%
PAE . Rl DUAS 4598« 28 A 10 265 119 i 30 P BR300
IR A 0 phe B A5t AL 1) AT AR G 34 76 52 B 157 FH v A D
A 2 15 R Al A bk F e H b 5 LR R B TR

[ .

094

0.8+

0:7

acc

0.6+

0.5 4

044

— EESTHERSHRRIR

0 —— EEOMEREAHIRRR
— BRI EARA AR R

T T T T T
0 25 50 5] 100 125 150 175
Epoch

P8 AL AR i 5 WA SN e A R 2 f

5 mik

IRy~ =]

RS 22 A8 2 i s A A 3 10 X a4 1 1Y
B B R () R, 4 11 1 — A T 2R A 2% 1 Q i 3T

AR IR AR 220 G 15 L S8 I B kAT
TRETERERAE . SCU0 R W AE 5 DA AU e A Kt
ERARAYTE §ER AR SCH R 5k o 5 DL AR XA U1 fiE
T R BRI 2% O T BA 0 R 1 5
IR T BUR AN &0 %) D 3 N1 S 3 oS 2 N
PR T — AR A P R BRI, B 5 AR I
AR, 748 THR S SR B[R I, ST R 2% 1) 3 2
B

S 30k

(1] SRR, HEAISC, BREG . BRI SR S H AR U M.
Kb E B RHE R R, 1996.

(2] E5, RuatR, Sdr, 4. — AR VLS H bR U
BLD] THAEHL LA S R, 2000, 36(6): 42-43, 69.
WANG Q, SONG J M, HU J P, et al. A improved template
matching algorithm of target recognition[J]. Computer En-
gineering and Applications, 2000, 36(6): 42-43, 69. (in Chi-
nese)

(3] SRAREE, 255 MR, s AT/ N AL R 7 25 18] A ri T

R 3 S SRR (9], KT 5 1R #E 4, 2008, 33(2): 13-
15, 20.
GUOJF, LI'Y J, ZHANG K. Study on space target elec-
tromagnetic signature extraction and recognition using
wavelet transform[J]. Fire Control and Command Control,
2008, 33(2): 13-15, 20. (in Chinese)

(4] gkdk, XV, £7K, 5 5T L G O RRAIE 2 B IS 2

P oA A B AE LA H AR IR [0]. SRR =22 4Rk, 2019,
34(1): 52-59.
ZHANG L, LIU Y, WANG F, et al. Nonlinear target recog-
nition based on electromagnetic scattering feature parame-
ter extraction and data distribution analysis[J]. Chinese
Journal of Radio Science, 2019, 34(1): 52-59. (in Chinese)

[5] P54, £3CGE, Bk . RES IR GHRD). tr T
b K25, 2015, 41(1): 48-59.

YIN B C, WANG W T, WANG L C. Review of deep
learning[J]. Journal of Beijing University of Technology,
2015, 41(1): 48-59. (in Chinese)

[6] ZHENG S L, CHEN S C, YANG L F, et al. Big data pro-
cessing architecture for radio signals empowered by deep
learning: Concept, experiment, applications and challenges
[J]. IEEE Access, 2018, 6: 55907-55922.

(7] SR, TR pe=s, & MR . JE T CNIN A H 4 5 R H ARl
D] B TE B XA, 2020, 35(2): 34-38.

XIAN P, ZHANG X Y, GAO Z Z. Electromagnetic radia-

tion source target recognition algorithm based on CNN[J].



1288 FH, I = 7 2022 4
Electronic Information Warfare Technology, 2020, 35(2): sity of Electronic Science and Technology of China,
34-38. (in Chinese) 2008. (in Chinese)

[8] GAMA F, MARQUES A G, LEUS G, et al. Convolutional [16] FEAE, RIDH, B, & . ZIRETE S TARER A7
neural network architectures for signals supported on PREEA[T]. s IRAE AR, 2020, 60(11): 1384-1390.
graphs[J]. IEEE Transactions on Signal Processing, 2019, YANG L, ZHU W G, LYU S Y, et al. Review of multi-
67(4): 1034-1049. function radar mode identification methods[J]. Telecom-

(9] HUHH, M50, IR, & T B M A M1 SAR munication Engineering, 2020, 60(11): 1384-1390. (in
EUE BARFUIATSE [J]. B 52540, 2016, 5(3): 320-325. Chinese)

TIAN ZZ, ZHAN R H, HU ] M, et al. SAR ATR based on [ 17] b &, 2=, 4R . AN F R FH S BR (M. db 5
convolutional neural network[J]. Journal of Radars, 2016, 5 [ B Tl Rt 2018.
(3): 320-325. (in Chinese) WANG S F, LI Y, XU M. Principle and Technology of

[10] O'SHEA T J, ROY T, CLANCY T C. Over-the-air deep Cognitive Electronic Warfare[M]. Beijing: National De-
learning based radio signal classification[J]. IEEE Journal fense Industry Press, 2018. (in Chinese)
of Selected Topics in Signal Processing, 2018, 12(1): [18] HE H B, GARCIA E A. Learning from imbalanced data
168-179. [J]. IEEE Transactions on Knowledge and Data Engineer-

[11] #R#ME, BR, XKML, 45 . R A AR LSTM #5570 11 25 ing, 2009, 21(9): 1263-1284.

HRRP H#r iR 5] [J]. 754 7B k22244, 2019, 46 [19] KRAWCZYK B. Learning from imbalanced data: Open
(2): 29-34. challenges and future directions[J]. Progress in Artificial
XU B, CHEN B, LIU J Q, et al. Radar HRRP target rec- Intelligence, 2016, 5(4): 221-232.

ognition by the bidirectional LSTM model[J]. Journal of [20] #k = . A MRG0 2B vy T 0 ST D). K& &
Xidian University, 2019, 46(2): 29-34. (in Chinese) FRR2E, 2014,

[12] 2R, i lB, A0, 45 LT REPMR 2R 5 5 54 QIAN Y. Research on Application of Classification Algo-

52 0048 S VR R R R B [T, B 2R 4R, 2020, 48(9): 1695- rithms for Imbalanced Data[D]. Changchun: Jilin Univer-
1702. sity, 2014. (in Chinese)
LIDJ, YANG R J, LI X B, et al. Emitter signal modula- [21] CHAWLA N V, BOWYER K W, HALL L O, et al.
tion recognition based on kernel collaborative representa- SMOTE: synthetic minority over-sampling technique[J].
tion and discriminative projection[J]. Acta Electronica Si- Journal of Aurtificial Intelligence Research, 2002, 16:
nica, 2020, 48(9): 1695-1702. (in Chinese) 321-357.

[13] Z#%, Wil Ao, 55 T4 KR 22 P 45 1) T R R ST I [22] STEFANOWSKI J. Dealing with Data Difficulty Factors
{5 5B, o F243), 2020, 48(3): 456-462. While Learning from Imbalanced Data Challenges in
QIN X, HUANG J, ZHA X, et al. Radar emitter signal Computational Statistics and Data Mining[M]. Switzer-
recognition based on dilated residual network[J]. Acta land: Springer, 2016: 333-363.

Electronica Sinica, 2020, 48(3): 456-462. (in Chinese) (23] A4, whifE, s, 45 . L T30 FHR A RAE I AR 415

(14] ZREE, Mkilh, FHEA, 55 . 5L TR mi e A 2 ﬁifiﬁ%[ﬂ. P S5 R, 2017, 32(10): 1831-1836.

0o 2% 1) g S R TR (0], T A 4R, 2020, 48(6): FENG H W, YAO B, GAO Y, et al. Imbalanced data pro-
1198-1204. cessing algorithm based on boundary mixed sampling[J].
LIDJ, YANG R J, LI X B, et al. Emitter signal modula- Control and Decision, 2017, 32(10): 1831-1836. (in Chi-
tion recognition based on stacked sparse denoising auto- nese)

encoders[J]. Acta Electronica Sinica, 2020, 48(6): 1198- [24] LT, X3ET . ASIEECHE 52 T 36 F AR BB I 45 0 2l

[15]

1204. (in Chinese)

B . 2R 5 R B P A R T R AR R A B
SEPLD]. JAR: BT RHE R, 2008.

CAI J Y. Implementation of Modulation, Dispreading,
and Demodulation Modules in Multi-Mode Digital Radio

Transmission Broadcasting Station[D]. Chengdu: Univer-

R LA R e U BIE S (], HE T O A A 2 i
2019, 33(3): 176-183.

BAO P, LIU Y J. Research on fault identification based
on improved deep model in combination of generative ad-
versarial networks under unbalanced data sets[J]. Journal

of Electronic Measurement and Instrumentation, 2019, 33



%

6 M

g BT AR 4% A L 1 AR B AU B

1289

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

(3): 176-183. (in Chinese)

BB, Bk, TH, B —FhEETR G B S A9 AR 1Y
i B B 23 R BIL ). THEEHL TR 5 Rk, 2012, 34
(10): 128-134.

GU Q, YUAN L, NING B, et al. A novel classification al-
gorithm for imbalanced datasets based on hybrid resam-
pling strategy[J].
2012, 34(10): 128-134. (in Chinese)

ZHOU Z H, LIU X Y. On multi-class cost-sensitive learn-
ing[J]. Computational Intelligence, 2010, 26(3): 232-257.
B, B, RRE, 55 JE T AR A B A 5o AU H AUk
5 SR CEWT ST, Sl 7 S5 TAEAL, 2011, 28(8):
146-149, 153.

GU Q, YUAN L, XIONG Q J, et al. A comparative study

Computer Engineering & Science,

of cost-sensitive learning algorithm based on imbalanced
data sets[J]. Microelectronics & Computer, 2011, 28(8):
146-149, 153. (in Chinese)

JAPKOWICZ N, MYERS C, GLUCK M. A novelty de-
tection approach to classification//Proceedings of the 14th
International Joint Conference on Artificial Intelligence.
Montreal: 1995:
518-523.

KRAWCZYK B, WOZNIAK M, HERRERA F. On the

usefulness of one-class classifier ensembles for decompo-

Morgan Kaufmann Publishers Inc,

sition of multi-class problems[J]. Pattern Recognition,
2015, 48(12): 3969-3982.

TRA, R, BONRE, & BT AL R Yy
WEE 222800, THEEHLTRE, 2019, 45(8): 75-79, 91.
ZHANG X, ZHOU X Z, ZHAO C P, et al. Unbalanced
data classification based on hesitant fuzzy decision tree[J].
Computer Engineering, 2019, 45(8): 75-79, 91. (in Chi-
nese)

PREE, RIDUE, KR, 45 — PR T A% ] i AR S A g
P o3 RBE ). BT TR 4 (A 8RB ), 2012, 51
(2): 189-194.

ZHONG Y, ZHU S Z, ZENG Z Q, et al. A classfication
method for imbalance dataset based on kernel learning[J].
Journal of Xiamen University (Natural Science), 2012, 51
(2): 189-194. (in Chinese)

WANG Z, YE X J, WANG C K, et al. Network embed-
ding with completely-imbalanced labels[J]. IEEE Trans-
actions on Knowledge and Data Engineering, 2021, 33
(11): 3634-3647.

AR, aRoK . BT AR S B G Ay 2R e
RN TSN S, 2012, 29(6): 81-83, 88.

[36]

[37]

[38]

[39]

[40]

[41]

LI Z R, ZHANG Y. Imbalanced data classification active
learning algorithm based on boosting[J]. Computer Appli-
cations and Software, 2012, 29(6): 81-83, 88. (in Chinese)
WOZNIAK M, GRANA M, CORCHADO E. A survey of
multiple classifier systems as hybrid systems[J]. Informa-
tion Fusion, 2014, 16: 3-17.

WANG S Z, LI Z J, CHAO W H, et al. Applying adap-
tive over-sampling technique based on data density and
cost-sensitive SVM to imbalanced learning[C]//The 2012
International Joint Conference on Neural Networks
(IJCNN). Brisbane: IEEE, 2012: 1-8.

LIU S J, SHI Q, ZHANG L P. Few-shot hyperspectral im-
age classification with unknown classes using multitask
deep learning[J]. IEEE Transactions on Geoscience and
Remote Sensing, 2021, 59(6): 5085-5102.

DONG Y H, JIANG X H, ZHOU H J, et al. SR2CNN: ze-
ro-shot learning for signal recognition[J]. IEEE Transac-
tions on Signal Processing, 2021, 69: 2316-2329.

TRPFE, AL, EMENE, 55 . R 2 AR 55 Wi 29 > 19 35
HRRP /NEEA H AR U ], P8 % BT B R 2722 41,
2016, 43(2): 23-28.

XU D L, DU L, WANG P H, et al. Radar HRRP target
recognition by utilizing multitask sparse learning with a
small training data size[J]. Journal of Xidian University,
2016, 43(2): 23-28. (in Chinese)

2L, PR . FREAR ER U D). BT S 65 R
2020, 42(5): 1188-1200.

LAN H, FANG Z Y. Recent advances in zero-shot learn-
ing[J]. Journal of Electronics & Information Technology,
2020, 42(5): 1188-1200. (in Chinese)

ZHOU H J, JIAO L C, ZHENG S L, et al. Generative ad-
versarial network-based electromagnetic signal classifica-
tion: A semi-supervised learning framework[J]. China
Communications, 2020, 17(10): 157-169.

DONG Y H, JIANG X H, CHENG L, et al. SSRCNN: A
semi-supervised learning framework for signal recogni-
tion[J]. IEEE Transactions on Cognitive Communications
and Networking, 2021, 7(3): 780-789.

TAO R, GAVVES E, SMEULDERS A W M. Siamese in-
stance search for tracking[C]//2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas:
IEEE, 2016: 1420-1429.

WANG X, HAN X T, HUANG W L, et al. Multi-similari-
ty loss with general pair weighting for deep metric learn-

ing[C]//2019 IEEE/CVF Conference on Computer Vision



1290 LI - 2022 4

and Pattern Recognition (CVPR). Long Beach: IEEE,
2019: 5017-5025.

i M B ASSHEMAE L INABLEN. &
5 TAR, WAL . BB T AR SR
WAE(E S o T X

EBTE F 1964 ML ALK E T
BT 5L, T AR . 25T 1m ARG
(I EReZ OE NG O/

MERRGRIIEE) 5, 1978 4R ik TR
N B WA . RS T 0] L R
R L.

E-mail: jingranlin@uestc.edu.cn

BB H19824FH A, U I ECER N .
RIS e o T o R T s B o ves S i L [
S PSR .

BBIRER L1969 SR AR Uil AL
i L R o o [ e 6 22 0 A A DB LN P
SRR




