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Abstract

Aiming at the shortcomings of cumbersome feature extraction steps and weak generalization abil-
ity of algorithms based on artificially extracting intra-pulse features in the field of radar signal
modulation type recognition, this paper proposes a synchronous compression based short-time
Fourier transform and transfer deep learning modulation type recognition algorithm. The algo-
rithm uses the advantages of deep learning in the field of image recognition, uses FSST to convert
the signal into a time-frequency image and preprocesses it as a data set for the training of the
ResNet101 network. At the same time, it also optimizes the feature extraction of the network by
means of transfer learning. Ability, accelerate the training of the model, and reduce the training
requirements for the size of the data set. Considering that the time-frequency images of complex
phase-coded radar signals are more complex and representative, this paper takes polyphase-
coded and multi-time-coded signals as the research object. Experimental results show that the
proposed algorithm can effectively distinguish phase-encoded signals with different modulation
types and the same modulation type with different modulation parameters.
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1. 518

FRSI R RSP, 1 EIAE S KA AR H S B 2%, AR AR E LGS
(K A RFAE AR PE A BUOR BN 22 5, KK N RFIE I T 81405 5 ik U S ORI T 3 . (5 5 Ik A F
FERTIE I N TR 7R AT 5L, AT IR 2 S BOR B BRI . N L7 i UK R AR B R, (B4
HUPBRIEFRONE A, RSB AR 155 Bh il . 5 AN THERUNRHEA L, i VR FE 5 ST B S
MRFIEZ AR D5 HOE TR S 2 ATl BT, RS S ARG S E o iz M A . Sk
[113@3d Choi-Williams 4341 (CWD)Kt 75 1A {5 5 5 A I S5 UG, Skt UG Al LA 31 F5 3 AR =X g i 25 E 30
H PRI AT PG R AE, B0 18 SVM 1 R 43 28 06) 1 S i 2 R R (R R AE HEAT 43 28 o SCRR[2] 1R B
CWD SRIEAE S HIRSEE, et 7B M - TRHER SIS 4038, EEMH-6 dB 11
ZAET, X 12 B IA(E SR B FRIE R T 97.58%. SCHR[3]H VR E 5 S BARSKT HR S B A S 5 1R
HEAT T SR STRT SREUE IAME 5 I USSR 5 F1 IR B — A B R 42 X 4% (deep normalized
convolutional neural network, DNCNN )X i 4l PG 2E 47 B, 5 fm {87 FH ResNet X4 6T [ 1 i 7 B 431 L A5 1)
FHIEEAT 5 2] 5300 . SCER[41EH STFT SREUE 15 5 B A0 G G Ak 35 73 545 FH 2503k 1) GoogleNet
Aty AlexNet XFiF ARG T IR A, RGBT, X LFM 55, ZHMILE S M2 minE 51
RIS TR IERR . NIA TR LRI, B RTBON AT — B 7 RN 8 I AR 36 5509 %
SR FE IAAE 5 1R B A0 P AR S A T A B J 28 N TR B 2 > X 28 HE A TARRAIE 1 2 ) SR

DRI, D%t 2 2 A A G A o G A5 5 AT AR, A STASE A IR 40043 1% 22 25 8 1) ) 25 s 4 0 I e L oA
(FSST)XHE 5l A ik #RAF B A AR, o BERASTRAL B1 5 A8 ] ResNet101 ¥ 28 5t IR 45 L5 AT REAE 12
WS, AT ARARHE RSO PR 2R, TEX LR EATIIZRRT, A SCEH 7T I 5 AR,
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2. FESRE
AR 5 KA TS BB AT G 0RO
s(t)= A g << @)
Xrb, ANESIRE, () NESEI, ¢(t) NESYIM, TAESIKE. HIEES S HmkA ] 77 20
57308 1 SO 5 (AR S AT X5 S R R, B @ (t) = 2nf (t)t+ g (t) B 0 . A5 5 IMIAL T 20 A 15
oy o) =@ (1)+d,(t), I, o (t)=2nf (t)t, O, (t)=¢(t). W TAHAMEDES, f(t) NFEH
f, EEBIL SR () BEMSCRAE S ARG, ¢ (t) IIRE S BRI AL S 75 UM 6. BLURBl4 T
P17, P2 f4. P3G, PA {55 IKIARRL AL (L HLAE

P1 hd.
¢ :¢p,q :KA_TC[M _(Zq_l)J[(q_l)M +(p_1)J @
P2 f1.
¢=¢mq=§§{2p—1—M]Pq—1—M] ©)
KXef, 1<p,g<M, HIECREFS1<i=(q-)M +p<N,, FifGKE N, =M?. XF P2 i3, M HUE N
B,
P3 f.
4 :Nic(i—l)z 4)
P4 1
4 =0 i ©)

Rob, HBCRARFS1<i<N, .
LR T2 545 5 ORI A5 A W AT AT 7 A 1

XFF T1 gwbd {55
8(t) = iy (1) = mod{%“nw [(kt_ jT)J?n}Jn} )
3T T2 FifE
2n [2j-k+1)n
B(t) =, (1) = mod{?lNT [(kt— jT)( 2 H,Zn} -

R, 02 j= INT(LT/K)<k—1, NBHBABIMET : K SR IEEG n AR AR Rtk
A INT i RECKEEEG mod () AU B 5L
T3, T4 T 2 AR R M YT 8 AT A A 6

XF T T3 4ifidf5 5
¢(t)—¢r3(t):mod{2—nnlNT [”;—th},zn} (8)
XF T4 B,
2n NAFt’  nAFt
¢(t)—¢r4(t)—mod{T|NT{ o’ —T},Zn} ©)
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R, n SRR, AR, JRED (S KT AF AURBIAESE, INT AR A
mod (-) AER B 5L

3. FZERErHEEH Tk

()25 1 4 6 ) (e B v o o ()25 T 4 /N i A2 e (synchrosqueezed wavelet transforms, SSWT) % J& i
K. 2011 4F, Daubechies K /N AR 4 5 i) A5 B HER AR M S5 A4 H T SSWT SHVE[5], 1ZEIEII AT /)
BT R AT S HE, AR R R B 0 AT R 4 B BLSEAR AL [6], 5% Gei S HE A A
I [ 2 2SN T AT RE R BT 0 e, v LK B MR S HER AR 6 — ANRFBI[7], X 451%
F RS S I EA[8] [9] [10] [11] [12]. FSST /& Oberlin 5 Thakur £ SSWT [F) %4l E32H ), 5 SSWT
AR, FSST XHE 5 i I (6 B AR i (1 45 S AT [R) 0 R 46 [13] [14].
NHEPARETE S f (1) 61U FSST AR Hd R . AR BB 5 MR AT B 2NER T AR R
f(t)=A(t)e’* (10)

T SE RS 5 bk IR B IH-A5 #e (short-time fourier transform, STET) N 1 5815, SCBR[13])4H T B A
PHIE T e f) STFT 5 A

©

Vv, (t,n)= J. f (r)g(z'—t)eszn”(fft)dr (11)

—0

A, g(t) Fon R WA S 10 IR I P AR I AR /2 28R A IR, 76 t =t BRI T UK 53
AR IR A [14]:

() ~ Aty e 2ot e o)) )
HIREHL, 551 STFT 28t = t, A5 T LG
Vi (to.n) = [ F(r)g(r-tp)e " lde
= Aty)e ) [ g(r—t,)e Hr o))y, 13
= Aty)e” 4 (- ¢/ (1)
Forf, G(n) T g (t) MR AR, 45t B BRI
V)= A3 (- (0) a0

MG STFT B RIE Pl LA H BE %Ey;%qﬂf‘bﬁin o' (t) BRIT 72 STFT HyJERt |, FSST
T STRT I RHV, (tn) 18 (L) - (.o (tn)) MRREATH , WU R WMARAB) IR, Bt 2H
;%‘ﬁEE TR A 77 1 S 43 T
HENE g(t) RIESMH g(0) =0 MR, f(t) 1 FSST £rh:

T, (t,@:ﬁo) [V, (tn)s(o-b, (tL1))dn (15)

SOy (t) 7 £ (t) OB, ph Tkt S
agvf (t’ﬂ)

@y (tvﬂ)=m (16)

DOI: 10.12677/jisp.2021.103013 116 & 555 Ak #


https://doi.org/10.12677/jisp.2021.103013

B LA TR R B, TE ¢ %) STRT B AR AT = ANBRIS A A [F) (0 2, B
@ (r.m) =0 (t,1m,) = (T,m5)=F, M
Vi (7.m)+Vy (2.7,)+V, (7.5)
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Figure 1. Map Schematic diagram
1. BREIREE
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WE G50 BB RS 5 IR FSST X5 5 AT AL B A3 B HIE 5 IR A B (I R (5

300 300
250 250
200 200

= =
150 & 150 E
100 100
50 50
0 0

HiFE (GHz)
i (GHz)

Fﬂ HS) BJ wﬂ (us)
(a) P1_1 155 FSST E& (b) P2_1 155 FSST ElIf%
300
250
250
200
200
’£ §
S 150 = e 150 &
100 100
50 50
0 0
HHrﬂ (us) HTFHJ (us)
(c) P3_1 155 FSST E& (d) P4_1 155 FSST EI&

Figure 2. Polyphase coded signal FSST images
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Figure 3. Multi-time coded signal FSST images
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Table 1. Signal list and simulation parameters
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Continued
HFADIRAE n 3
T2/T2 1
55 B k 6
AHRLRZSH N 2
T2/T2.2
T 7 5 F B 43 k 4
AHRLRASE n 2
T3/T3_1
W 5 AF 15 MHz
HALIRAE N 4
T3/T3.2
I E AF 20 MHz
AR H n 4
T4/T4 1
W AF 20 MHz
HALIRAH N 2
T4IT4 2
W 5 AF 15 MHz

B f,: U (500,600) MHz ; SEFES £« 2400 MHz: [k T: U (3,5)ps

4, MBERSTIHES
4.1. ResNet101 g5

BEAE RS 2 I IR, W a0 R I 4 R S S, IR S MBI, kiR %E
AN T F R o AREZIA R, A1 B AR N H Bk 22 1 22 9 4% (Residual Net, ResNet) [15], ResNet Rf% 7t
TR X 286 5 H6) 1D TR B CRAIE I 2R 22 4R 2 AR, TE 25 G RIS B (I S AR, B 5 iR B 2 o] W 2% A
Le B BN S5 . MR FE TR ZE A 20 I 2% 1 Bl 2 ke 22 . 5B B AR A N A L, FRZE R
(%0 BARR 5l NBRIOE R 50, M\ BB S%Es:[16], Wk 4. &5 FiR.

BN x, B Y H (X) o TEXR@E A ML, 78 % ) A& U H (X)
e A R4, RTFERA MR ZS F (X)=H (X)-x . B XFMBRMEHER:, /e
ek N T R i A 9
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Figure 4. Common CNN module
Bl 4. EBERMZMERIR
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Figure 5. RseNet module
5. BREBRMEMEIRIR

AR SR RS2 VR BEBCER 1Y) ResNet101 2% 254 [15], M2 — 354 5 MEUL. B 2~5 Bl 2 A
B SRR IE R R, PR R B I 6 PR BT GBI L 2 4 1 x 1R
JEAE A G R, LR/ KRB 4E 5, il —A> 3 x 3 BB, KA LA AR S )

Fmm—mmm
I
I
} 7x7conv 64,/2 IR UV L .
N L e |
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L |
1x1 conv ,64 |
|
|
3x3 conv 64 I X3
|
1
|
|
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6. Schematic diagram of ResNet101 network structure
Figure 6. ResNet101 f4& 45+~ =[5
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4.2. IHBEF3

FE G (R R FEE 27 2D FE 06 25 AR A 8 WX 48 TEAT I S N A4 T K CUARTE IR s, AR 7E TR (5 5 ik il
| U R SEBRAT 55, AR AR ME AR BB AR I B B . R POX — 1 R, A ST I # 5 =) X Tii)I 25
{17 ) 28 BT R AT S HU B o T8 2 20 R MU b 2% S0 B U g e H sl b ) e A, HG s S R [17]:

YhEVRIR Dg M ST T » — AN HAstk D, M SIES T, 1T % ) BER M Dy AT 2 2 21
FRFEISET D T HERTRIN R EL £ () ). Kb Dy = D BT # T, 2HUENL T Dy 2T D, R
S, B Ng > N; o

2014 4 Yosinsk J@ it SIS UE B TR FE M2 AT IE A PE[18], Yosinsk ALK FE2E 2] 4 BN
(B VEFEA AR Bk RS B AR BUR AR R R AR AR, VR )Z R A I8 FH 1), 1 45 11
e — 2 W2 5 0 8 I B 58 S AT 55 HFR R A OGN o RITE AT R 2% I IR, AR IR B VR 454
U6 2 HIAEE LA A AREAE (B2 BB ARl 255 5

5. BXRIE
5.1. EfgFsbE

LI TAEAECE S, BWEINE S 2 &A KBRS, WA NS AN & P AR
BETMEER, BT PREEIIGE, RGNS AN 2 R ESR, iy w2
XIS AREHR AT FRAC B . A SCHZ IR 7 From Aol i 4 B AR 3EAT AR 2

HlP st

A 4

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Figure 7. Image preprocessing flow

E 7. EfgmaiEiniz

K8 gathh 7 LA 1 A {ERELE 5 dB 564 B P1_1 15 5 A B BB AL BE S5 Ch T (EALEE, E4y I8 A i

TR EALEE):
3 ! | K
! I R A
| o | iﬂzmm
KIEH | | ! 1
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‘ i ! 4I8UR ER
EEIR ‘R&Eﬂgi‘ b ] ; (224%224535)
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Figure 8. Image preprocessing example
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5.2. BEIRA7FRRE

K9 gt 7R 2 SO A AE S AT R BRI AR AR . RGBS ST FSST A 5 i 4il&l
AL J5 45 3 R AR R4, Bz Es AR I — e LRI o R . IRIEAE SRR . TR AU AE
THENZRZ /T & e B R AR, B KR ADHT A5 K% R E0E S T Bl i85 5 2001
s T INTRINES LRI RE B 1k I 00450 5 TR 4530 0 W46 2 (R A

RS
e s FSST JonbEEG | g Uy
Sl I A3 B AR TilALEE s - A
L v
N TN E‘%_‘
BN % B BOSAR L i > OIZEOY
esNetl101 RS R

Figure 9. Radar signal modulation type recognition framework

E 9. BAESEHIZEEIRARHESR

6. HASKBSERIH
6.1 {AE&EH

NT R A IR M SVE R MRS, AR P, P2, P3. P4 ZARIL(E S LA T1. T2, T3, T4
Z N iS5 AT O B SRE, B SR E MK S48, 3L 16 KBS . 55 HHI7E 500 MHz %) 600
MHz 2 [ ¥ 5 5L, 19 U (500,600) MHz , U () AR5 5310 A5 5 ik 56 BUAE Y6 FE B2 9 U (3,5) ps
G5 IREER f B8 N 2400 MHz. {55 115 e LLYE H 5 B v—10 dB % 3 dB, ®FEAHIE SEGA
fEMEEL N A2 ) 200 ANikat,  BNEESEAS 520 7 4 2800 Mkt . _EiR 16 3515 S REA Ak N S 30 B
* 1R,

NG, B S EHEZIE 80%. 10%. 10%[H LLFI R/ NI ZREE . MREE . JhildE. I E
F %445 MATLAB R2020b, Ff# F #.4> NVIDIA GeForce RTX 2080 Ti A5 GPU Xl Zik AT ik .
VISR A B VEA BB AR 26 2, ISR SH O E W4 3.

Table 2. Experimental environment
2. LR

IR e NEiE

MATLAB R2020b
CPU Intel(R) Xeon(R) Gold 6134 @3.2GHz
GPU NVIDIA GeForce RTX 2080 Ti
W1F 128GB
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Table 3. Training hyperparameter settings

%= 3. B8R E

S ZHUHE
Mini-Batch Size 64
Max Epochs 5
Initial Learn Rate 0.0003
solver adam
Learn Rate Schedule piecewise
Learn Rate Drop Factor 0.001
Learn Rate Drop Period 1

6.2. SLWERS D
6.2.1. RAIERE

A, MRS 14 10 Jy ResNet101 FIIZRId 2, 1246 2. 4% 3 BRI S SHOE T,
5 R ZRTE LR 2P/, B 56 UE IE T 57 58 eI DO U, il ZRoe e e s, SRR IR

WK Fe 2N 99.87%.

4 VIEEiEE(2021-01-24 15:15:01)

WI%3#H#1(2021-01-24 15:15:01)

g1 828 #£38 g4

L 535 e A&AS@

=58
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-d

Figure 10. Resnet101 network model training process
[#] 10. Resnet101 M4 #E R Zrid F2
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n
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= a X
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BRARE SR
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M35 2098

W55, 258
52800 %, #2800 0%
560

2800

100 JUER

#BGPU
o8
3e-16

e

ES
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VST FRAE)

P 10 Sk 1 BEAE YR EEAT X 28 A5 R OB HERf 5 (AR pRa 3, (BB B0 815 5 IR0 T Af 5 i 5 i L
ARG S, BIRIZRR (R, T IR AT IR0 o N AN (8 AN [R5 M LT B i x|
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Figure 11. Recognition accuracy rate of polyphase coded signal

11. ZHEREESIRAERZE

B 11 R T 2 AHGR (5 5 1R 50 A e B A e Ll AR A I . AT DAMLSR B, B 28055 1R v e
A L3S BEAE e b G i R, B P2_1.P2_2.P4_1.P4 2 (55N AIMER R R | EE T PL_1.P1 2,
P3_1. P3_2, fE{5MeLL A2 T—6 dB I 515 5 R BITER R T 90%, M{EMEEAZET-1dB I, %%
5 R AR RIS 95%. BhAh, M 11 BRI DUREL P2_1. P2 2. P4_1iX =55 IIHER RIE 5
AME MR LA AL T B A VR BV R L T 90%, P1_1. P31 {55 iR S vE A SR A5 e L AR AL B N R

AVIES

75% —+—T1:2 i

70%
65%

60% - * T4 11| |

55% e
10 9 -8 7 6 5 -4 83 2 A 0 1 2 3
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Figure 12. Recognition accuracy rate of multi-time coded signal

12. ZEHRIDIESIRAERZE

B 12 [T 2 0GR (E 5 1R I MR e B A e L AR B L. 5 2 AR AR, 2 RiD & 2RE 51
BRI FER S (SR L 3G S 3 = . BR T4 2 (5540, HARJHKESEERILAZET-9 dB
IR AR R AT ZE AR K. FEEMREEAZE T-8 dB i, &5 5 AR BIAER R 90%; M{Emeth A%
F=7dB B, %2055 MU HER R 95%.
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FEFEN, 5%

XTLEIE 11 5 12 aTBUR L, ZARGRISAE 5 B0 R B R L BN 2 4k, Db 1 S BN X
PIFE 5 U IERZ, 7 b A TR 2 U0 I B E R EL AR 28, a0 13 P
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Figure 13. The average recognition accuracy rate
13. ESEHIRAIERE

M 13 B 50 KB, 22 M5 5 11 200 S AE 5 W EE D9 [-10 dB, 3 dB] 7 Bl N AR 241K T 2 I 2 i
fET. WM ERERMER, 5% 1 RENSESKNEARSEAER, —R5%5RE5 MM HY

MHEAT R

R G R b GRE R, W1E] 14 Pros. MIRIEFHFFATLUABLP1_1 5 P2 2, P12 5 P2_1 2 d
REBONE, KRGS WML TRMIIREE . SR, ZMHHMIGE S RIEE L2 Wi s 5 &,

P HREARHIE 5 P1_2, HHERIZ Y 90.4%, PR R&ES A T4 L, {559

FHF AR A A 97.03%.

EN 99.9%, 15

p1_1 8 66 1 1
p1_2 5 6 74 2 1 2 15 1
p2_1 2 96 0 4 6 2 1 4 10
p2_2| 103 3 4 4
p3_1 90 7
p3_2 1 1 7 89 3 1 2
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Figure 14. Robustness test confusion matrix
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