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A B TR R G DA IR B R 02
o HAESAETRERBIF 0 RETT HBES, N
TRAE SR PE B R S HF . K H 3R - (Pulse
Descriptor Word, PDW){E A IA(E 5 FI1Z0RAE
Kot , RiaE 7 BEEHE] (Time Of Arrival, TOA).
#HA(Carrier Frequency, CF). Bk % (Pulse Width,
PW) & i@ % (Pulse Amplitude, PA)SCH S,
e AR AR 5 BB VA ) 2 AR AR S PR
gyst, mT RGN . B 5EFTR
G2 IR, SRS 2 H 2 B PDWRE A S
T ™ U R A5 o

FENFEAR AR, ARG 8 IR Bl R (R ) 25 5
=, W™ ER A 5 AR TR
i, ESA) T IR G LR .
INFEAS B G 58 77 0 (n T LT AR B, b B
KAEH AR (Synthetic Minority Over-sampling
TEchnique, SMOTE) /4§ )£ N 4 PD W 445 I £7.7E
BERMRE: Ho—, XMELUES A 5 R R
PR (IS A . Bk T8 A R A, L, A
B S A 12 S SEAS 5 G v 70 AT (A0 3008 H
B TAEBB . WKFEwEAR) s H=, o= Xf 251
R IV, BUE B S 200 b 25 SR B Ak
99, CESCERREE RS .
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B AR S B A T, Goodfellow4s N FIEE H
T AR BT 4% (Generative Adversarial Network,
GAN), iZMERAE R AR FEA, et
5 R SEREAR AL, ok 72 R 2 A
AR, ABAFAEROR A ) R, AR E S5
A /. Mirza®5 N3 H 264 A8 5o Bt i 2% (Condi-
tional Generative Adversarial Network, CGAN),
IR A B GANREAY, 43 HIAE AR i35 9 2%
L5053 2 X 2% G I 20 Ak S BUR AR O 1R, (H
AR AL I SR AR 2 55 1) Lo Iy 22 ROV 7T I 2%
(Time-series Generative Adversarial Network, Time-
GAN) T B A R0 Brai sk . AR 5 B
Bk, HIRSEHLT NS S8 A g @,
FESERR. BRITAEOUREIL Ty, EEHN HIAPDW
BRI E AR, TimeGANIFETER 7 LA
A, R R R R ER RS, SR AR S5 R )
%)@, EskandariNasabZE A\ Mg H B AR 30
AR HL M 4% (Chronological Generative Ad-
versarial Network, ChronoGAN), 18 it £ Bl X )
I B - K R R 12 M 4% (Gated Recurrent
Unit - Long Short-Term Memory, GRU-LSTM)%2
RIS e M B 450 2K R B, A R 17 Ik 1] e 47 A2 o
AR AR AR, E R P8 T A5 5 ) SR R
MBS LR . Tang®E N W24 H 4 B 0 51 7
B4 TP 4% (Auxiliary Discriminator Sequence
Generative Adversarial Networks, ADSeqGAN),
GBI 11 PR Pl s v o b L P e sb 27 s e
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B B AR T TN AT TR R X A, B
OISR b BE ARG E 1) AT 1) 20 HAE B 5 5 A
RN EHIBA SR TR, Chowdhury%E A
& BB L&A AR O 709 2% (Randomly condi-
tioned Convolutional Generative Adversarial Net-
work, RCGAN) I i 2% A2 BUHE 42 5 LS TM W 45 4if
PR BRI B ARHE, HAERF G741 0
FHAEEA L . WAk, B IEAVE BT HN % (Dy-
namic Aspect-aware Generative Adversarial Net-
work, DAE-GAN)MgE &R B E i 2% 5 Xt Pl
Yk, 1EJRIBBORE S AR SR TR EEN, H
FL B A R R A R

IR TV BAE R H USRI, BN Ik
PDW 45 1) 52 % I P R 55 U i 4 =X 22 R 1 I AT
FAERFERR, 2Lk, GANARRLE S k8
AT TGS OIS :  (1)I Pl ) . gl
B AR [ GRUE B F A i i, A DA IR
PPN R RS 1Y S S NS A T R e TS
FRPEsh R0, (2)BARE 5 Bt NPTl g =
AR AL, AN F SRR K PDW 2 £ X 5 1
A ()RS AR s e IUA 7RG
RAE 5 PR R BURFE VR B RN AE RO R, 3 BRI 36
SOOI RIRESE, AR TR,

BEXT EIRPRAR, A SCH I e S A A O it
%% (Temporal-Conditional Generative Adversarial
Network, Time-CondGAN), —FfiH] ] /NEFE A TR 1 %)
UTEL I 3 2 A AR R e 2% o HAZ O BIE i T

(1) 2R KA AR SE L FR 25 2 1 X 4%
K BB B RAUR AN EBTRE, JF 58S IEBET
(VR PERbEr, SO AT 45 A Bl

(2) ARSI gt PSR ICA AT PUH
555 RARS, WL AR LR i 1
PR X Ttk LI Ry KU FRAFE] 1 5271

(BB FP-Geit A itk : I GRUM R #%
SREILECHR R, 70 A 20 AR B F1 R I e i 2 1
(A E A AR ) 5 w5 2 FRAE 2 A 6 R KL (Kullback-
Leibler divergence) 5 F#1% .

ACAEREAUPDWHE 4L L 4T 1 R GE ks
IGAE: AR EVGG16 5 LSTM 4 25 4% H i e
T 2 B SR IR A~ 4R 71 15%, B S TimeGAN
A R 43 BB T8.25%, 4.2%; KLU L IR,
B Ik T O3 A R 2 P 28.25% .

2 HXIfE

2.1 H XML (GAN)
A BN 4 EH2AN 43 I 2t LR A AR X 245
XFPUAR NS . FEEAJEIL: F5E HE A (1 AL

FE 2RI AR A I A R AR R A, T R AR
P HH PR A SR AR A AR . PR IR FEAE BT
AN W BB I 28 BUE S BRI N 28 1t e, 2B 2
g . FHO o AR R E A ek B = (1) Brs
mén max V(D,G) = Egepy(a) In D ()]

F Ezp.(z) In(1 =D (G (2)))]
(1)
Hrb, D(x)REHNERHINEE R, G2)IRE
R @~ paaa () Flz~p.(2) 9 B R B 5L
Bt LK BEHLE 5 () oA, B[] NHEE.
2.2 FHERIIMLEE(CGAN)

RGN TMZE o B =), AR Zg Il 2kt
FERRATHER); AR BN 48 AR R LR
BRI B PR 28 RO s N 4%, AT -5 H 4K
PEARTTIR), SCIR S . HH AR (2) s
mén max V(D,G) = Egrpy(a) In D (|y)]

+ Eznp. () In(1 = D (G (2]y)))]
(2)
2.3 BFSE XTI MLE (TimeGAN)

& G T 2% (GAN) BA R 2644 et 470 kA
2% (CGAN) JCiEA S5 FE B 18] P 51 5040 1 K AR S
B TimeGANTEGAN L8 IERE RIS 57 9 4% -
RNLS, RE ML RN IR 2 (], X
PN AETEE 2 AN AT,  E S A& AR 11
BrEsh @ B RF; FIHETimeGAN 1] A
A 2 ST mADAFAE . A R R FES I (] 2%4R . Time-
GANI 2 (1) H A R 3 33843 4 R

Ly = Eswire, llls —3lly+ ) llze — jt”;| (3)
t

Ly=E

In Ys + Z In yt]
t

+ E57m1:T~[J [ln (1 - :':/S) + Zln (1 - Igt)‘| (4)

t

S$,T1:T~p

LS = Es,ml:TNP lz ||ht — gz (hsa ht—17 Zt)”g] (5)
t

Sob, Lo RREMIK, LoRERFBK, Left
RUEHK.

3 EFFHRHE B ZE (Time-CondGAN)

3.1 LKL

PDW H4fs #s i 1) A 5 5 52 2 HUBEA B8R 19
R, A A A3 T T (1)
Fe BN ER R . A% G5 R TIR AR A . K
T8 B AR (2) et oAl i AR R
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Sy BB B R ik T8 e AR S AR I % (3) 1A
HIRRSCIRTS: B = 2R 2R T 804 R To ik 2
PR R 2K
BExt FiR AR, Time-CondGANR X Hi4:
FRAESE . 30 sk 2 R 40 1) 248 6 0 AL 1) A8 o o A i
B SNSRI AR R A I R S S
. ERMGEMWEIATR, HAE R
ST RS P28 . RN R Z% L K S IR 24 0 1 oK) 8% 4
Sl . PSR APk . MR B AR R AR
AV RC AR e 3L R A R BRI 2B s WX 4% FH 2%
bR . B AR N S AL . I ) 2% kR 4% 5] NI
FPRFESEEL, ZATEHIR s it AL kast A\ A BE
LIS IR, H o & s PD W . 25
BEOCNHIARZE, & RPDWHHE M ESZPDW
P, AR P DW i 1 289 DA R B AR
RVIEEA A B A R B AR 2 40 A R 0 5 Bl 2k
WS, AR F PR B E Gt as Tl 25 SR .
TR B, EE ] HSLPDW T 41 FK 4k
FKoRFEERE ). BMARBEIE2RTR: HiEgmiD
HER, ALK ELPDWR S5 A X[ GRU
W, BRI AR IR R4 AR R s [a], PR 2%
W haAs sl I [ GRU 5 482 2 SN R 050 -
XEHUINZRBT B, W 4t — D RS diik AL i PDW
FEAN I P ahAs . Geit o A Fs =0k k. i3
From: 76 B gk mli b 51 NA 5 2 AT 45 H ML

Hil, P E ARG, FIRIEED. WEBHTN, R

] A B R S 2R AR R A s i etk LR AR R X

FE A4 o

3.2 MKEH

3.2.1 FIZRM RSk
HERSLPDWTAIMHUR . B/ Mz 2k

1A Y RE A RO FE P D W 2 3 1) Fk A 45 Fy F SC BE

N BEXT N 25 24 S A

Lix = Bomp, [|R(E@ - 23] (©)

Hrr,  Lep R MIIZRFr BRI 2%, RO)AEMK
5%, E)REmLEE.
3.2.2 BBk

RNE ) ESLPDWIFFIN MR RN, &
LGN B AR . @ A/ METII AR 2 T A S
WEBH 25 L 7 51 1) 34) 77 & 22 (Mean Squared Error,
MSE), &l Boas 7= A2 P DW 7 511G AU it
FPYNEEE, &S CF/PWEKAR

Ls = Enwp, |18 (h) = h3] (7)
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3 MBI SR

Li= By [I6(G (210) — ¢ @I (8)

Hrh, () FRHHZERNN I HZ
it 2 5 AT A R TR VG ) A, e B o A
BRI X 1, e IRATII NGB SR AR A
Ras Y EAR, R Gl N B, K ER A
AT 70 K5 H AT DS, HoA R sk Ban X (9) Fow
Lp = Lagv + AasLis 9)
SR R (8). (9w
Lp =
Eopia I Dadv (2]€)]+A Enp,[In(1-Daa G (2] ) €)]

Adversarial Loss

+ AdsEzmpiua [In Dy (In Degs (y |, €))] (10)

Classification Loss

Lg = Eznp, [In(1 - Daav (G (2]c)) |c)]

Adversarial Loss

+ AEnpy || (B) = I}

Supervisor Loss
N zpis | |6(G (2]e) = ¢ (@) ]3] (1)

Feather Matching Loss

Hr, LpFoRADlgeatink, LofRRAERS SR,
3.3 £ RREEMLE

AR AR S AP R, RS 2%, T
TEMEY RMNLS, FHEA 54 AR, HH
()2 AR BCRE A B L R R R DR B SR IR )
PDWH /7 £ 4

A Yt X 2545 B B PD W il 2R A i N K
B8R IE M &, AR R AL T IR I AR
BT, S U TR VE OB . MR 24
EEE, BRMAREREENBx6x 14ET EE
Bx128x 14EFE, MK 25 BUbn 25 2 i O 2 SRR AiE
ML, 874 A% BE 05 AR 9 T o 1R i 28 204 AR RlRE
PDWZ 4. # Hilid 2 2 EE A, 75 E8hnds
5 REMEE RS IA],  BE AE REE SE AR I -

TELE I B3 WX 20K AL 75 3 e i B A B 7
Yk PE IR TEREIE, HEAKEFILK HFRPDWF
SN E . RIS G B 2R W) & M B x
128, ZFHY R EBx128x256, Wil E B L
P fE e = R P (1>512), ERCPDWIF
FIRKEEELR, I HLUER 2 P24l 38 4 = i 7 B =,
1R 2 M AL R R Y

REAIE fil & 55 28 BRI 285 1 S ) SRR AR AT B
EYE, BHMNBx128x 19 & £ Bx128x 5124k
B, YR JE AR 5 R R AT P, PF
PG I BE 4EFE N Bx512% 256, 35 B B0E
ENIEMEGRU, MH4ERE Bx512x256, o
GRU% 4 ik N & Z TN E .
GRU Z i # K R AR (dn 308 A2 . B3k 1 [a] [a)
B&), BfRA T SR A EE . SRR 5
TERFIETE RS P 4R BB EE, SR A5 B 5 e 75 5 ]
IR FE A o
3.4 FIRIZEMLE

H M 2 a5 R, A ZPDW T 51 5%t
N R SR TARZE ,  HH B PR SR BB, XA
W5 I SR A, BN IX oy BOSE /AR R
P, FEIN TR AR HA & E B IR S
N5 RS 1) 2 A 2 Wi AR R 43 SIS I 0 201 2% S 4
P2 AT R 2R
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5 FIAER 45

S F HE A RSB AR R B AR S (n ik B 5 AR
AR B) LA S B R 2] (U s 9% A ) AR AE
Fik, ACKAMEGRUME B SZ LEEN
LR E G PDW A E 4T 38 H0,  BARERE AR
SRS YE Y B 2 Bx512x 64E%, 5PDWHE
AT, KPR R AR IE N2 E WM GRU, i
HER AR N BXx512x512, ¥4 K EERE AN £
SKER ML, B &b H I P BE 4k B N Bx 512 %
512,

W5 N I e B HE 2 AT Ak, R B 4k
Bx512x51248 A Bx 512, Kbtk o i 7 ik
VA ORI A s 5 A 5 0 s 1 {9 11 DU R o G2
BZHAT 2K, KBRS N BX6, X
Hrpe o a, HimhBdngE hBx1. Hdsr

AT 55 T 531 8 DRV 28 1) R S R A AAE (B AS [+ 3
il ALK T8 0 A ), S TH AR BB T A . JF
B 70 R IL IR BN FPRAE, It SR
3.5 #XA25(Embedder). %E 2% (Recovery)5Hs

BaEmLg

RN SIRE S E 6, 2 2AE T Al
B, HMZ¥IPDWR AR AR R, NE
R RS E S AR A SR . P RS XA GRU
PAR A RE R A, H OV IR YE R AR B, NS
WA GRULL S 4B Z R, H H R HEPDW
B, B ASS SIRE ST, ARG E
AR EEMIAG 73 AT AT FSHE IR S I 2RI

B I 0 240 TR A RN 5 A 1 I 9
B, RIHERTAINESN . FEH3EGRUA
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Jl, oA Oy T R AR A, AR BR s A ,
MSE i 2k 29 R U 7y 51 55 1 SE RS AR & o A — 2
D DR AR P DW 2 H (1 21 32k I 7] [ B ) 745 & L5k
I PR e e A O 9 B A B kT R, T
Y3

4 FLWER5HR

4.1 SENIMERCE

AR SCRR S B IR SRR B AR TN
4.2 TEHIRSE

T HRESHEEN, Sz n] B
W, AWBHELER(17], WEFIEIZHE,

o TERHTHAINZRN, SA)IZRMbatch  size
N256, BRI IENZR300 epochill gk, GAIDHS
KA AdamRACF L, 521 2AHH0.001~0.000 01
Lo PEAR M, SEIGAE FH Pytorch HE 2R SEH
4.3 FERS5SH

NIGUEA SO A M, il A SR 5
TimeGANB A EPDWEE 4 F A7 xS Lhsess, &+
BRKLEE . AT AR BORE A DL A BRE A )
FITEVGG16FILSTMAE Y 357 551 2 2 W 48 b ot Ll ik
B, S eSOdE T fE A A RE AT AT
4.3.1 KLEE S

KLHEEE, 7] DAFRAYEAH XS (relative entropy )k

FIHE
(L)

e R
(RHE )

GRU
—————— > AR
_________________ i
| : )
: l Z2ed
| |
I |
Wid: 4 — i — RNN |« : | c
| | I
| ! | I
! | ! GRU |
| |
e J | b %
i A 4 !
| Bt |
|
A !
Bl 6 A IRE S IR A 2
F 1 IWIBITIME
TEESZN WA
LS 5 R JiR A
CPUALH &5 Inter(R) Xenon(R)Silver 4210R Pycharm 2020.2.3x64
GPUEF NVIDIA GeForce RTX 3090 Python 3.11
BITHNAE 32 GB Pytorch 1.8.0
BERS Win7
#+ 2 AESATZERTEERSHEE
Bl “x JE VS HRWS  MRWS TWS STT TAS
JEHE(ns)  4~10  4~10  50~200 5~200 5~200 5~200
WIESH PRI X - - , - s . - s X
gl [f] & W HAR/EE) AR /BE)/SE BE)/SE/EE/EZ W1/ 5% AR /1
PW i (us) 1~3 1~3 1~20 0.1~20 0.1~20 0.1~20
ik 24k op TEM(GHz) 95,105 95105 9.5 105 9.5, 10.5 9.5, 10.5 9.5, 10.5
eyt [i5] 72 [ 5E ik S Jik R AE AR fik H 4 AR Jik 2 $EAR
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& SR (information divergence). KL#ELREE i3
WRTE T R AR Z I 22 R, KL
AU ROR R IR, BB 0 22 AR O T4
KL RS /IS R AT, 00330 B 1 8 1) 22 SR R B /s T
R HE S, WK LBUE R Z A0,

KK PD WL 1K % S AT X H, N3t
Ne WFSHMMHAEZE: TOA(RIANE): AU
RKLEEH(0.636) 8 TimeGAN(0.80) F&1%20.5%
R AR BT 5 A A B 8] (] B A A AR TR AR S
(7 BT P R (L J&) A P BB B e ) o BUI(CF) -
Time-CondGANIKLALE(H (7.93) 402k (9.14) F
B£13.29%, Sl T W B R S5 R DU AL 1 S % 4
W ARV A AL,k S AR R A
B ml b A ) . ik B8 (PW): AR SRR L50.20% )
B EH(4.68 vs 9.40) M TimeGAN, MET £
A5 40 ) 8 B T ik 5 8 F A e e P A 1

g2 H ot 52 77 1): Time-Cond GAN
FENRSE (PA) ZH K LA EAE (8.51) 8% & T TimeGAN
(7.81), FIREJERIGEE: WERL ARG At 1RE 5
2 RIE R hZ, ARSI RN, Hg
THRAVE (IBh ST L RS T30 B S H N E
A, DA LRI R BE AR BT 25 AR A B R 75 it — 20
W,

RETRESHAFAESGH A, {HTime-CondGAN
FEI 7 2 5(TOA,,CF PW)_E B AKLEUZ )
{HE TimeGAN#{£28.25%, iF B HAE K KIPDW

%= 3 KL#EXtt

S5 Time-CondGAN  TimeGAN FRXS S 2 (%)
TOA 0.636 0 0.800 0 20.50
i 52 8.510 7 7.810 0 -8.97
B 7.930 0 9.144 8 13.29
ik % 4.680 0 9.397 2 50.20

Kol WA B SE S B S Gt X —
451 5 RIS (VGG16 /LSTM 2 KHER R TF15%)
EE B, DI T SRR T A HUT R
S

4.3.2 RFESH

RIRHIE A RS B S F A, ASON EE T B S
Wi+ H 24 Time-CondGANAE BB . E SZ+Time-
GANAEREIEEVGG16 5LSTM 433528 L1 g
mE7. E8. EOMEBAFIR. IR H:

(1)/MER SR R Z R T M E AR
10K, Time-CondGANA IR VGG164r3
HEHf 2 NA3%F- T 259% (+37.2%), i TimeGAN
(45.1%) 7=130.8 % Mgt RIGAE 1 2% A A5 50 28 5 4
AR 2 RE S 2R R P P U 3 SR A

(2)VGG16 ML BOE R . ESOREASEAET,
VGG1645 4 Time-Cond G ANEE (I HER 2 (79.31%)
Al S (63.97%) #EF24%, TLSTME &5
10.3%(64.12%—>70.7%) » 1X 3K BIERI ML W 2% A
A AR EUAE BB 1) )= 0 B AR AT (G ik 8 ) B A
), HEERE K.

(3) A AR L bR i BT e AR RIS 290
i}, Time-CondGANIAVGG16iiK17.1%14
X8 5 (70%—~87.07%), {HLSTMIE 2 f5 £7.45%
(69%—76.45%). BLHLRIMREEART, A
F2 B DR AR L) e 7S R S E B, TTLSTM
Xof I 2 37 55 () U BB A1

(4)Time-CondGAN 4 L H: EAEFEA
T, Time-CondGANA:BEE 14 25 e i %1
B TimeGANR8.25%(VGG16)54.2%(LSTM)
A KLEUE o (BKLIEMK13.29%), A H8F
AT 55 ) ) 38 5ok SR S IR R AIE P R A A
4.3.3 AIHER

NIGUEAE T PERE, A EE Time-CondGAN

4 HRERESR(%)

FEAKE VGGI16 (ESHdE) LSTM (Es¥dE) VGG16+Time-CondGAN

LSTM+ . .
. VGG16+TimeGAN LSTM +TimeGAN
Time-CondGAN

10 42.65 49.17 59.00
20 52.83 53.74 68.00
30 57.80 57.06 74.00
40 61.07 60.90 79.58
50 63.97 64.12 79.31
60 66.62 61.40 85.23
70 67.00 67.82 86.37
80 67.58 65.62 87.10

90 70.00 69.00 87.07

63.00 45.10 54.43
65.00 58.92 57.92
67.00 64.73 62.80
70.35 68.17 65.30
70.70 70.52 65.30
71.58 74.18 66.82
74.82 78.08 69.00
74.38 78.25 70.95
76.45 80.00 73.68
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AT %

2 %

ARG . TimeGANA AR AT tL 45 81, A
AR RINEL0. F11FR. LR

(L) st B R mE R, 8
(CF)FE0~ 500} ] A2 A 38 3 76 [l 42 il 7£9. 98 ~
10.10 GHz, A4S Z LBt EYE,
RHEBAEEEMEBEAE . L2 T, TimeGANMIZ,
SRAE AR R 1] 25 Py SR B3 Bl BE K, HAFAE R
PR IAR, R B KRR RE I R Ik
A GRUZER A R 8 SR 4 1 B A
B, 4B BARUE LR, B K I
I 7 3% 2 1R 22 B 35 %

—o— VGG16
— LSTM

HER R
o o o o jam)
S R R = =)
ot [« [ (=} o

20 40 60 80 100
FEAL
7 B VGG16LL LLSTMIRBIPEREXT L

s 2 o 2°
& 8 & 32

10 20 30 40 50 60 70 80 90
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Data Enhancement for Few-shot Radar Countermeasure Reconnaissance
via Temporal-Conditional Generative Adversarial Networks

HUANG Linxuan HE Minghao YU Chunlai FENG Mingyue
ZHANG Fuqun ZHANG Yinan

(Air Force Early Warning Academy, Wuhan 430019, China)

Abstract:

Objective Radar electronic warfare systems rely on Pulse Descriptor Words (PDWSs) to represent radar
signals, capturing key parameters such as Time of Arrival (TOA), Carrier Frequency (CF), Pulse Width (PW),
and Pulse Amplitude (PA). However, in complex electromagnetic environments, the scarcity of PDW data
limits the effectiveness of data-driven models in radar pattern recognition. Conventional augmentation methods
(e.g., geometric transformations, SMOTE) fall short in addressing three core issues: (1) failure to capture
temporal physical laws (e.g., gradual frequency shifts and pulse modulation patterns); (2) distributional
inconsistencies (e.g., frequency band overflows and PW discontinuities); and (3) weak coupling between PDWs
and modulation types, leading to reduced classification accuracy. This study proposes Time-CondGAN, a
temporal-conditional generative adversarial network designed to generate physically consistent and modulation-
specific PDW sequences, enhancing few-shot radar reconnaissance performance.

Methods Time-CondGAN integrates three core innovations: (1) Multimodal Conditional Generation
Framework: A label encoder maps discrete radar modulation types (e.g., VS, HRWS, TWS in Table 2) into
128-dimensional feature vectors. These vectors are temporally expanded and concatenated with latent noise to
enable category-controllable generation. The generator architecture (Fig. 4) employs bidirectional Gated
Recurrent Units (GRUs) to capture long-range temporal dependencies. (2) Multi-task Discriminator Design:
The discriminator (Fig. 5) is designed for joint adversarial discrimination and signal classification. A shared
bidirectional GRU with an attention mechanism extracts temporal features, while classification loss constrains
the generator to maintain category-specific distributions. (3) Temporal-Statistical Joint Optimization: The
training process incorporates multiple loss components: Supervisor Loss (Eq. 7): A bidirectional GRU-based
supervisor enforces temporal consistency. Feature Matching Loss (Eq. 9): Encourages alignment between high-
level features of real and synthetic signals. Adversarial and Classification Losses (Egs. (8)-(9)): Promote
distribution realism and accurate category separation. A two-stage training strategy is adopted to improve
stability, consisting of pre-training (Fig. 2) followed by adversarial training (Fig. 3).

Results and Discussions Time-CondGAN demonstrates strong performance across three core dimensions.
(1) Physical plausibility is achieved through accurate modeling of radar signal dynamics. Compared with
TimeGAN, Time-CondGAN reduces the Kullback-Leibler (KL) divergence by 28.25% on average. Specifically,
the PW distribution error decreases by 50.20% (KL = 4.68), the TOA interval error decreases by 20.5% (KL =
0.636), and the CF deviation is reduced by 13.29% (KL = 7.93), confirming the suppression of non-physical
signal discontinuities. (2) Downstream task enhancement highlights the model’s few-shot generation capability.
With only 10 real samples, classification accuracy improves markedly: VGG16 accuracy increases by 37.2%
(from 43.0% to 59.0%) and LSTM accuracy by 28.6% (from 49.0% to 63.0%), both substantially outperforming

conventional data augmentation methods. (3) Ablation studies validate the contribution of key modules.
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Removing the conditional encoder increases the PW KL divergence by 107.4%. Excluding the supervisor loss
degrades CF continuity by 76.2%, and omitting feature matching results in a 44.6% misalignment in amplitude
distribution.

Conclusions This study establishes Time-CondGAN as an effective solution for radar PDW generation under
few-shot conditions, addressing three key limitations: temporal fragmentation is resolved through bidirectional
GRU supervision, mode collapse is alleviated via multimodal conditioning, and modulation specificity is
maintained by classification constraints. The proposed framework offers operational value, enabling over 35%
improvement in recognition accuracy under low-intercept conditions. Future work will incorporate radar
propagation physics to refine amplitude modeling (current KL = 8.51), adopt meta-learning approaches for
real-time adaptation in dynamic battlefield environments, and expand the model to multi-radar cooperative
scenarios to support heterogeneous electromagnetic contexts.

Key words: Generative Adversarial Networks (GAN); Few-shot learning; Radar countermeasure reconnaissance;

Temporal data generation; Pattern recognition
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