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Abstract

Aiming at the problems of poor recognition ability under low signal-to-noise ratio (SNR), difficulty
in extracting feature parameters and complexity of classifier model parameters commonly exist-
ing in current radar signal sorting and recognition algorithms, an automatic radar signal sorting
and recognition algorithm based on time-frequency analysis, deep learning and transfer learning
fusion model is proposed. Firstly, the time-frequency image of radar signal is obtained by intro-
ducing Multisynchrosqueezing Transform. Then, the time-frequency image is preprocessed by
gray scale, Wiener filtering, bicubic interpolation and normalization. Finally, based on the migra-
tion learning method, the off-line training and on-line recognition of radar signals are completed
on the basis of Goog-LeNet and ResNet models. Simulation results show that when SNR is -6 dB,
the overall average recognition rate of the algorithm for nine radar signals (CW, LFM, NLFM, BPSK,
MPSK, Costas, LFM/BPSK, LFM/FSK, BPSK/FSK) can reach 93.4%, which is better than the conven-
tionally artificial extraction algorithm in noise resistance and generalization.
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X AR R R E SR RANEETEFENKGERIE T RANENE. FIESHRIAE. »REHELS
BERZEEE, /R T —AE TR EEEINTEBE MR ERES B MG R EE.
HAELIANZERSEAZRBITEESHNMER, REFHAKEN. EHIEH . N=KFHE
ERE—EF B EGRHAT A, REETIEBEINAEE, PlGoogLeNetfIResNetiH A %
RESER T W ERESHEENSMEL R . HEERERE, H£E%RIEAN-6dBE, ZEENIFERS
5 (CW, LFM, NLFM, BPSK, MPSK, Costas, LFM/BPSK, LFM/FSK, BPSK/FSK) #4318 R A4
93.4%, PEMATRIEEEFEFRIUEERNZEET] .
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1. 51§

TR, BEE AR R R, DMRESRME (Low Probability Interception, LPI) ik AR 1%
FloB R ARSI DR T Z N . AR H R, F5RMBNZH, (5445
KEE TR S E: #45i(Carrier Frequency, CF). ik 55 £ (Pulse Width, PW). ki1l & (Pulse Amplitude,
PA). FiA}A](Time of Arrival, TOA)FI ik f (Direction of Arrival, DOA)ZL K K ik ##i& 7 (Pulse De-
scription Word, PDW) 8 ¥k DA /& ik 5 5 23308 1R (1 SE B 75 Z2[1] [2]- 5 B 2B ik d T 1A (F S A s
FEIIKAEE, ETHKNERNERE SRR EIEZ D BN TR

BT Bk BRI ER IR 5 00 IR B 1 SCHETE TARESR IR 20 R 28 it . K ZEEMAWIIT R, &
MIREERER TR T BB R 2 R Gt i SR el o A 46 vk . SCHR[3]d I Choi-Williams 73 A7 15
FME SRR SEIE, 2 — DB I AR 7 R B AR RS 5 00 1) o TR AEBORRAE 5 1 P T 3R
] & A1 (Support Vector Machine, SVM) )33 88 5E B 1 %) 8 Fv iR IA A5 5 IR, FEAS M EL K T-45 1 1 dB 1Y,
BRSSO ZR IR F] 95%:  SCHR[A]142 H —PhIE T HOMI s B 8 VI RHE R 7, M@ 8 77m. Ul
T 2O RBP4 2H R RRAE ) o, BT B EURRAE e Hh s i T NS S B E R, RN BB it
WM SCHR[S]R FH B EAAAR B EH RS 5 IXGEAG T, 5T L 4E%5(Generalized Dimension, GD) 77 AL
et f 1) A (Bispectra Diagonal Slice, BDS)H$2HUH 3 AN X 4 B K IHFHIE q [EAE NRFESEH T15 5 1918
A, FEAEMELEY 0 dB I 4 PR IE(E 5 BRI RN 92.2%, X LLHH] LLHGA N TRMESRELAS S 4L
M, NTHRHEESR A TR R R Wik RGBS A, (HEAAER LA . —
FRABREAMR . N TR REAAE LU FL e, R AR — M0 G E, TEACIEE % o) U 45
GyiBEREE LS ORI E AN R o BT AN [ 1) R A T TS R RRAE s 7R A 3T 1) R
BRI RO S RATHT N, FHERERAE A R =R, N TRIPEENIRE R, SR
PR RERIRAE, MAEHON IS — e FRRE G, SINRRAE 24 B S i 22 5] GRS FE R 1
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BEE TR ST AR AN & R, T EAE T ENA R PR B A Z ARy, 2B A PR 2 ) 5
ANB| T EIBAE 5 1 N, I % R R FE 2 2] I 28 AR | SR U 5 IV AER-E, RIS T
R AP IR R [6]-[11] 0 SCHR[12] 51 A —Fhi X R R . Cohen RN 473 A1 15 31 B8 1845 5 R I AT
LT YEANIEN . LR ERE . KA A0 T 5% N CNN WIZ%S2BL T %) 12 #5155 (LFM, SFM, 2FSK,
4FSK, DLFM, EQFM, MLFM, BPSK, Frank, MP, LFM-BPSK, 2FSK-BPSK)f{] 1 iR 5, 7Ef5M:EL A6 dB
I, BRI R AL R 96.1%; SCHR[L31HE H 1 —Fh s 3 WMk ST IR 6 LR 242 9 2% (Convolutional Neural
Network, CNN)FI7i# /K & k4% (Herman Neural Network, ENN) IR &0 S8R, % RS M L K T2 12
dB %t 12 R 1515 5 (BPSK, LFM, Costas, Frank, P1-P4, T1-T4) B AR I ik 5 94.5%. 1H 5L 5K 2%
SCJRHEG, VRS S B AT AR T OB, TR RS RS IR RRE, T HANREE R0
R T HAESs . AR IAE T R SRR I, A DASRIS K& m B ERIGRAEAR . T#5)
T T A P IIAT P R U ESE 2R SR oAt e A [ (A G Al Py [ R, DML 2 o RR B 2 ST 4RI T — AN ) S i
[14]. BI85 2] (IR BN W 28 AN FH AR IT BRI 25, 10 R 7 SEAE TR 5 D0 28 A5 R P B it ek 38 1)
FEAREAT NG, SR IREAT I ES S HOR, AT AT (8 PREE HbIE B0 S K IR A RBOR « SCHR[15] 2 T BudE A% ki
(1) Cohen 87541 15 21| T 1645 5 ISR , 8 FH 71 % H 2w 5 #5 (Stacked Auto Encoder, SAE)#1 AlexNet
S5 R B AR 242 M 4% (Convolutional Neural Network, CNN)JR &R, 5@ E /2% S 758 i 7 %) 12 F
ik 15 5 (Costas, LFM, NLFM, BPSK, P1-P4 fil T1-T4)[JiR %A, 7E{EMEEL K T4T-6 dB i, PRI
15F] 95.5%, RERXECEIEIAG T REFIRMACR, EUPREE 8. 1) BARE AR, JIZR EHK
2) IREMELL NIRAIRCRAE; 3) WE G AMISEA EIAE 5 RIERD .

Rl ARSCEEEBIAMNT R RER = BAE, /I T —METERREEINERE S
HEARBI R . ARGl 5] N £ E 725 R 4548 #:(Multi-synchrosqueezing Transform, MSST) 32 & ik 15
S AREIE, SR JE XS I SRR AT AR FEAL . AEGNIEDE . W= AEVE AN — A TAL 3, G FIT %% 2
(SR, 455 F GoogLeNet Fl ResNet 3 Ffi T Il 5 toh 22 I 26 A58 20 5o B A LG HEAT B 2RI 5, B Ja SEBR T
X} 9 PR IAE 5 AEL IR

2. ETHHASHEE S FALE
2.1. BABKREHIESEE

TIAAE T B P ARFIE AL 35 ik PN A =8 AR AE AT K P T B R AR AR o T = IR AR PR 9 8 BURFAIE
R N ORAR ZE P A B TR R R S LR A [ 1 SR AR R P A I [ A RRAE, RTF AR SE AN AR
(Specific Emitter Identification, SEI). A & i Hil 41k F5 R W B W5 1 SCBL MR e i DhRe, A b
T — SR SRR, A5 M 18 1) A0 R o) AR 8 1) DA S R s DA VR B TR R AR 2 [16] [17]
AR A B KN A B AR IE RIS SURRE R AT

i SR T IR 5 — MRS 5 AT = 0 e A P o ALk, S SR T R

y(t)=s(t)+n(t)= A" +n(t) [N

A, () RRFRES, n(t) Ronmfiass. A ZRESHEE, A 1. ¢(t) RnE5H
B IS AT O Fob R 3K A 5 TR 1 24 43 3l A - 5 B 5 (Conventional Wareform, CW). £k 1% 45 5 (Linear
Frequency Modulation, LFM). JE£k 184515 5 (Nonlinear Frequency Modulation, NLFM). —AH4RIE(E 5
(Binary Phase Shift Keying, BPSK). £ fZ#f5{5 5 (Multi-Phase Shift Keying, MPSK). Costas 4w fi3 {5 5 LA &
LFM/BPSK. LFM/FSK Fil BPSK/FSK & &5 5 .
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22. ZERFELETIHR(MSST)

HILESEN—FEPFRES, B8 FEENNHEGEE . ARSI ITER . Il B AR 4
(Short-time Fourier Transform, STFT). /M35 (Wavelet Transform, WT). 4% 44-18 /3 4ii (Wigner-Vill
Distribution, WVD)LL & Cohen 288550 Ai%% . Horf STFT J@ T2k A8, 78 SERR B A A7 7E T s B0k %
PAERT BB WVD J& T R AR e, FE AL 22 73 5 5 A5 5 I AN A 3 B 1 2 7 A2 A8 IR 40 T
Choi-Williams 7373 J& 1= Cohen 2R —F, AT DB 4 52 SCIUK 90, (H ik 5 2 B 32 X0

MSST & —Fixd STFT 2 AT [R5 s 4 o AL BRIK et 550925, 1 Yu Gang 55 AT+ 2018 4R 1 X Hi 18],
HA RN REN, I EAS L X, 8 CWD BA — ik .

155 s(u) M %LET {8 HL 48 e (Short-time Fourier Transform, STFT)jE 3K

G(t,w)=]g(u-t)s(u)e ™ du @)
A g(u) A REL.
EIE SN
s(u)=A(u)e ©)

Forbt A(U) + (u) 4IRS S IR AL
I VBRGS0 — 0 2 B BB FF k5 00

{A(U) o @)
o(u)=p(t)+¢(t)(u-1)
55 s(u) ITLARAR A
s(u) = A(t)e!" =) o
F, (55 s(u) FEI A STRT) R o Fem A
G(t,w) j g(u-t)A(t)e’ (o) (-0 g-Iu-t) g,
e[ g (u- t)e( o0 g () o

= A( )e”’ §(w=¢'(t))
i ERRE, A
0,6 (t,w) =2, (A(t)e"§ (w—¢'(1)))
= At g (w-¢'(1)) i’ (1) )
=G(t,w) jo'(t)
2 G(t,w) = 0 I, BEEFAIRAM T W(tw) AT RN

. _0,G(t,w)
PN I AR AT [H] 25 s 45 Ab B (Synchrosqueezing Transformation, SST), R R/~ HA
Ts(t,7) :.[j:G (t,w) & (17— W(t, w))dw 9)

AT SST, AT LAMSIRE Ty [ FE 4 STFT HIZ5 I, 2 I 4 im I i 1r) e i SR AR
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XEAFEI I S 4k S AT SST, A
T (t,7) = [TsH (8, w) 5 (i - W(t, w) ) dw

T8 (t,7) = [ TS (t,w) & (7 — W (t, w) ) dw (10)

s () = [T (6, w) 5 (= W(t, w) ) dw

eyt T 6 Mt R TR IA (S 5N 3 AR SR I (5 S5 S ME L 8 dB I ) MSST I A& &
2.3. BB G AL

TR W X BRI AN RS, DA A B 2 7 AR N ZOR I SR, 75 280 e Xt IR
I ARG AT TRAL R, AR AL BRAZ AT .

Stepl: KEH S 734 I o BRSO K B 5

Step2: KRFHAEY 3T MIUE R A 2 BR AL IR Bme 75 i, o BB HEAT 3G 9 AL
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Figure 1. Nine kinds of radar signals’ MSST time-frequencyimagewhen SNR = 8 dB
El 1. fSKEEEY 8 dB BY 9 MIEIA(RSHY MSST ESE &
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Step3: iz X = YA VLA I UG /ISy 224 x 224, F FiT A 15 5 A ARG R SE R/ IMR RS —
BUF /N

Step4: e M K B/ MBI BB AT 0 — AL AL 2E

2 /& Costas {5 5 fEfE M EL Y 0 dB T HUIRT SN FUAL B AL . 280 LR IR AR B LA, FE S RTESE
AR B (S 5 e A5 R RN SR A LB TR A AT ARG B

AijB PR Rk EHR

Figure 2. Preprocessing of time-frequencyimage
2. ESREGTAL TR

3. EBREES
3.1. BBIFIZREHEREIER

3.1.1. GooglLeNet %%

GoogLeNet & Hi Google 2 A4 H — Rt sh A M4 IEAY, ¥ 7E 2014 4E 1) ILSVRC 43 KAT45 L 38
SR . HSEEENCN AlexNet 1] 1/12, {HAEE AT AlexNet. GoogLeNet (1) ELAIIH 3 2 A
P —HA R P S bl 1 & e AR, TR 1 i S0l 5 ST R I 2R 18 R B AR
T RAE% Networkin Network (NIN) I EAE BT T Inception Z5Hy, %45 RS 78 R 8 25 0 K+ B 7B A I
P, SR X2 T SRR, I X 248 PR IR R R B

—AME HL Inception 54401 3(a) . B 3 RS RIS A S — N oAb ook sk, @
AT HIAL SR B E— 2 EE, SRR R AR I TE AT A P

EPAT BRI E S, B NG rEES0L 2, SR KREMZHERE, SHRNSHHED
SibZ, B R AT B4R . 1 3(b) N B 4E TN BERY Inception FEHL. iZAEHUH R 1 x 1
BRI AN BRI RV E T T 1 x 1 BRUSEITRELE, WD 7 EHE EE .

KH T Inception ] GoogLeNet fAYRFEILA 22 5, HMELEM W 1 s,

Hrb, “#3x3reduce” , “#5x5reduce” FTNAE 3x 3. 5 x5 HBEMERTMT 1 x 1 BRI EE.
HNEUE A 224 x 224 x 3, FFHAW T EBMEAM TR, FralE4e 28R A 7 ReLU JELeME0E
3.1.2. ResNet 4%

METG KT, WZE R P ERE LA L, BEIRZ R I 255 B TR ICE ISR AR R RRE,
TR B R HUAS RSO R bk . (HAF TR R, IREEMIZE B TRk . B X 25 B (R AN T 34
WZRRHER S TR, SR T FREES. N T HRIaZRA R, —FhFRy ResNet T G s &
I 28 R R R A O T e BE T LB T BB, B BA 3.6% (14 1% if3 T 2015 4E 11 ILSVRC 432 LL 3.
HF AP 2R T k2 B (Residual Block), A R0 1 I 26 28 FE S8 I BT 5|2 AR B2 3 R AR Ak ) R,
B ZEREHR ) 5 a1 4 B
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Figure 3. Inceptionmodulation
3. Inception &1k

Table 1. Thestructure of GoogLeNet
%% 1. GoogLeNet 4B 45+

Type Patchsize/Stride  Outputsize Depth #1x1 #3x3reduce #3x3 #5x5reduce #5x5 Poolproj Params
Input 224 x 224 x 3
Convolution 7x712 112 x 112 x 64 1 27K
Max pool 3x3/2 56 x 56 x 64 0
Convolution 3x3/1 56 x 56 x 192 2 64 192 112 K
Max pool 3x3/2 28 x 28 x 192 0
Inception (3a) 28 x 28 x 256 2 64 96 128 16 32 32 159 K
Inception (3b) 28 x 28 x 480 2 128 128 192 32 96 64 380 K
Max pool 3x3/2 14 x 14 x 480 0
Inception (4a) 14 x 14 x 512 2 192 96 208 16 48 64 364 K
Inception (4b) 14 x 14 x 512 2 160 112 224 24 64 64 437 K
Inception (4c) 14 x 14 x 512 2 128 128 256 24 64 64 463 K
Inception (4d) 14 x 14 x 528 2 112 114 288 32 64 64 580 K
Inception (4e) 14 x 14 x 832 2 256 160 320 32 128 128 840 K
Max pool 3x3/2 7x7x832 0
Inception (5a) 7x7x832 2 256 160 320 32 128 128 1072K
Inception (5a) 7x7x1024 2 384 192 384 48 128 128 1388 K
Avg pool 7x7/1 1x1x1024 0
Dropout (40%) 1x1x1024 0
Linear 1x1x1000 1 1000 K
Softmax 1x1x 1000 0
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F(x)+x

Figure 4. Residual block
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4. FRERRIR

MR AR A

Horpox X, 2 AIER

— KA

N

y; = F(x%,W,)+h(x)

=T (y)

(11)

AR IR, F (W) ZoR5 S BII05E,  h(x ) = x Frtassm

SF, 9 ReLU Wud s 8. KB ZRHUY ResNet P25 SLAT 5 BN E (9IRFE, ML 5 a1 2 fis.

Table 2. The structure of ResNet

52 2. ResNet %454

ey} A H 4 18- 34-Z 50-/Z 101-)2 152-)2
convl 112x112 Tx7,64,stride 2
3x 3, max pool, stride 2
Conv2 x 56 %56 33 64 343 64 1x1, 64 1x1, 64 1x1, 64
[ ' }2 [ ' }3 3x3, 64 |x3 3x3, 64 |x3 3x3, 64 |x3
3x3, 64 3x3, 64
1x1, 256 | 1x1, 256 | | 1x1, 256 |
_ _ _ _ 1x1, 128] 1x1, 128 [1x1, 128
Conv3 28x 28 $x3, 128 2 3x3, 128 4 3x3, 128 |x4 3x3, 128 |x4 3x3, 128 |x8
X X X X X X X X
onve_x X 3x3, 128 3x3, 128 ’ ’ ’
- - - - 1x1, 512 | 1x1, 512 | | 1x1, 512 |
_ _ _ _ [1x1, 256 1x1, 256 1x1, 256
Conv4 14x14 3x3, 256 2 3x3, 256 6 3x3, 256 |x6 3x3, 256 [x23 3x3, 256 [x36
X X X X X X X X
onva_x X 3x3, 256 3x3, 256 ’ ’ ’
- - - - | 1x1, 1024 | 1x1, 1024 1x1, 1024
_ : _ B} [1x1, 512 1x1, 512 1x1, 512
Convs 7x7 $x3, 512 2 $x3, 512 3 3x3, 512 |x3 3x3, 512 |x3 3x3, 512 |x3
X X X X X X X X
onve_x X 3x3, 512 3x3, 512 ’ ’ ’
- - - . | 1x1, 2048 ] 1x1, 2048 1x1, 2048
1x1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10° 3.8x10° 7.6x10° 11.3x10°
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HA G HIREE 5> B8 18, 34, 50, 101, 152, EAEREELE—A 7 x 7T HERZE, HEE A
RRIMAIRAE, SRIEHATHES R, S ML ik Z BB E KN 8, 16, 33, 50. fi)m il 7E M
I e NPk, A RS R LA, (NS H Y s () AR e o B S

32. TBREFEY

2005 4=, FE[E B = A 78 1R R (DARPA) (S B AL HEH R AP A Z (IPTO) A TR 2= 21 e T — T
TS N RGREE R NI AT 55 b 22 B AR R RE 77 B B R 45 TR ) . fEIX AN X, IE
B2 2 BIE N — B ANEAT 5 h 32BN, Mg A 21 H R AE 55 [19].

BARKHE: 25 Uik Dy M5 IE55 Ty, — AN HARER D FIZE TS T, o i 2E 2] BAEK A Dg I T
2 S BN RTREE BT Dy o HARTRIN R4 £, () 12220, Hoh Dg = Dy 8T # T, 28T Dy X
T Dy IRSE, Ng>N; o

GoogLeNet A1 ResNet /E AR ITRII SR 4, &5 — 1 HAKRGHT T, 2338 TEE
(VRFE, (EB)TIERE 22, K TN ZRIF IR AN E AR U ZR IO IR AR, 5T &2 SD B 5%, i Y 2%
WO (Fine-Tune) (1) 7 30k AT DL /D I GhbE A s s 4 02 S IR AE ST R B AR 55 7R, AT A 250 1k
TR IAAE T REA A AN I SRR 1) 7

33. ETIERREF INBAESTERMNEZLRE
AR RE T IE R IR 7 2 ) T84 5 70 R A R G4 MAE I 4] 5 Bl

i
| !
, EL I !
I GoogLeNet/ResNet |

[
| !
| wSST Fistsn AR R :
| y I
| —— -
- e ' 24x224x3 LLZES PIZREER s !
I TSSO I A5 > RGBIHJp {4 ] LR ] TrainedNet 4’( PR ) |
| y i
! [
| !

|
! [
I > VIS I
! [
| !

Figure 5. Theframeworkoftransferreddeep learning system
5. EBREF S ARG EIHER

BAPIRINR

Stepl: FIH MATLAB /=5 A5 5 B dli 45

Step2: %:T MSST 152 IA(E 5 MR AREMGHIE, FEXT I ARG BT K BEA . G R ZEANIER . W
SUSEEAT H ST EERE, AT 224 x 224 (R AR LE

Step3: INEL I 5 M 4% (GoogLeNet 1, ResNet), FIF LR 2 > (I 7772:, TRFFTIIZR N 4% (1 S BT,
B s — ANl ERRZE, MRS

Stepd: IS K2 S I EGHERE S A 224 x 224 x 3 [¥] RGB [EM§, £ B 1 o kb ¥ 5 b i A
ALE, Horb 80%H T-IlZR, 10%H TR, 10%H T Kk

Step5: I ZREERIGIF AL N M IHEATIERS 2% 2 ISk, 1548 6 IR, 193224 TraindedNet;

Step6: | FHYIZRJ5 IBEAL TrainedNet xR4T RS, S8R5SR,
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4. MRS a#H
4.1 fAEFH

IO O FEIAE BUF ARG, T ARHELES A RANSH, A, RALTR
REBR T, IS 0AU () G530, BlinU (1/8,1/4) Fms¥Ga [ /8, 1, /8] o2 MIBIHLE. TEANKY

SHBCEWE 3 Pr, G BCRAER f, =64 MHz , kM 9EET =16 ps .

Table 3. Parameter setting

* 3. BHRE

HIAES MRS HR BV
Ccw B |, U (1/8,1/4)
YIsasE 1, U (1/16,1/8)
LFM,NLFM
i B U (1/16,1/8)
Barker A L {5,7,11,13}
BPSK
ERTTE U (1/8,1/4)
Frank 7%
PSK S M (48}
ERTTE U (1/8,1/4)
[32,6,4,51]
B 51 [5.4,6,2,31]
Costas [2,4,8,5,10,9,7,3,6,1]
FEMEAR T U (1/24,1/20)
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