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Multi-scale feature extraction and feature selection network for
radiation source identification
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Abstract ;: Convolutional neural networks currently applied to radiation source identification process the time-series 1Q( in-phase and quadrature-
phase) signals in two ways: one way transforms them into images, and the other way extracts shallow features of the 1Q time-series data. The former
way leads to a large computational effort of the algorithm, while the latter way leads to a low accuracy of the recognition rate. To address the above
problems, a multi-scale feature extraction and feature selection network was proposed. After inputting the 1Q signal, the shallow and multi-scale
features of the 1Q signal were extracted by the multi-scale feature extraction network. Then the data dimension of multi-scale features was reduced by
the feature selection network. Feature enhancement was achieved by the adaptive linear rectification unit, and a single fully connected layer was
used to classify the radiation source. Comparison experiments with ORACLE, CNN-DLRF and IQCNet on the FIT/CorteXlab radio frequency
fingerprint recognition dataset show that the proposed network improves the recognition accuracy and reduces the computational effort to some extent.
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Fig.4 Multi-scale feature extraction network
2.3 HEEFEREMIET
TERFIEZESE)Z | 1 S P RRAIE 200 5 1) 45 ) oy
?E%HXF%EH@IJHﬁ%ﬁfﬁﬁﬁﬁ%ﬁﬁh%%
TERG oS3 FRIEIE 42 AT LR AR e £
EI’JZEE,Ll@/}jﬁ/'\}:éiﬂéﬁﬁﬁfrﬁg; PNIiE=AL
ZERYTHREEE o 2 RUBRAIEZEHE M 2% (multi-scale
feature selection network , MSFSNet ) 241k 2k £5 )2
FRA% 0 R 285, A % SKNet AR LR 5 A T 1
Wit . 2 REFHEERF M A 5 Fis.



- 144 - (FE TR SR S AN S

55 46 &

Y

LR BEHERAR N © U
[ ]

»-

2T wiEE

»

® FRBUEHEHT

D FRBARE AR

KIS  ZREEFHEZERE M2

Fig.5 Multi-scale feature selection network

MIELS mR, 9285 B S0H 2 4 hE Rt 44 4or
A, O A — 4 4 R P 2 A 2 (one-
dimensional average pooling layer, AvgPoolld-1) |
AIEFEJE M Softmax T e BT BN FRIETE
RE AR P A e 191 28 88, B i H LU i) 3 BT LAk
L) SR R AEAS BT A RAALE
2.4 HEEREMET

TESPEIZ SR BOE NS B B IE
2k 14 B2 JG ( adaptively parametric rectifier linear
unit, APReLU ) B4 28 11 8% i o £ ReLU , iZ 45 4F
STFE B REAS AL A AL AR AL R
Hofe LUK 0L 1) FE AR AE , W] DX A AR AE 3 1T
RS 55

IRJE R T J )2 (flatten ) 5 22 4ERFAE e - 1
— 4, () (dense) K27 2 19 70 A 50K
MEFR” WSS BIREAARIC A5 (8] o H )i R Softmax
YT PR ECRs Z2 T i HE RS 2 (0, 1) X ]
R REA AT RS

3 XfEEseIe

3.1 X MLERE

AR T B — R RAAE SR ORI AR AE Ve 1)
#% ( single-scale feature extraction and feature
selection network , SFESNet) , % 2544 22 R EEHRR1IE
PR 25 rh 5 FRUZ B K R B E O 1, R BBy
5 MSFESNet 52 4= #H [A], if LI SFESNet A~ LA 42
WO 2 REEFHMERYRES) . @4k MSFESNet 5
SFESNet 7 AH [F] 20 45 5 b A9 X b 52 56, 56 4iF
MSFESNet H1 22 JUBEHFAE 52 U 26 0] LAAT 2034 4
I FUNMER 38, 3% 1 & MSFESNet i) R 28 4544,
Bl AR 600 x 3

% 1 MSFESNet W& 4514
Tab. 1

wbk EWARGE RO BB kR

MSFESNet network structure

Convld-1 600 x3 3 16 1
Convld2 600 x3 3 16 1
AvgPoolld-1 600 x3 2 16
MSFENet 300 x3 3 16 AET 1
MSFSNet 300 x 18 3 16 1
APReLU 300 x3 16
contact 300 x3
flatten 900 x 1
dense 900

ARSCHEIM 28 TR IE A BUZ R/ NI E A [+
B 1Q & FH f 4 ™ #1150 ( convolutional neural
network structure based on IQ correlation features,
IQCNet) ,ORACLE""”’ (optimized radio classification
networks ) , CNN-
DLRF'™ (deep learning for RF device fingerprinting

through  convolutional neural
in cognitive communication networks ) | 1 45 #1102
(long short-term memory, LSTM ) & £ %
CLSTM " ( convolutional neural network long short-
term memory ) 5 MSFESNet 75 AH [f) &4 % b 47
SEH, LA UE MSFESNet A] DAAE— & R L5
PUIMERR R, AR

3.2 HUR&

Xof L S 5 T 4 P B &R 4l 46 Ol FIT/ CorteXlab
Seuas I 22 B o L AR A Y A
R SCR RS . 22 Gics 21 G RS
B, 1 & AE o H o b, 5 o pl vy £ Wi it B o
433 MHz, 2IRHLR AL K fy 5 MSample/s, %%



56 ]

SRMUA: 25 - 1T 1) 6 S DR AR ) 22 ROBE R A O AR A B 456 I 2% $ 145

PR B 3 FhE I (2 e =R 2 Bh e 5 & o el
o 3 Rl A% dm e X il 2 - B e 51 B E AN
A E s QPSK ] il i [ 5 Bk , Ak Ay [ R A 5 %X
e e S BEHLAE AL, id 5 QPSK 1 il /Y BEAIL £ Hks , K
HBELAL B e 51 g e R, HLBCA Gead iR i e
PUME RS EHE , O MR A 4. 2 PS5 e 5 7 XU
VIR < 3 3ok [ 5 A5 5 W PR ASE A0 A SR AL & S5 2 3 [
SE A AL SIS O T B (5 5
i J32 114 722 Dy AR AR X, L ABE A0 1) By 38 A8 e Y L Oy
20 dB''*,

H bR T R0, AT e [ P 3R A el )
R E I E AL BELAL SRR 6 AN [ 5
ARSI 30 B 4 o SR AR Bl A R, g0 a4 A
21 BRSO & XA [FE S, A A A ik
600 > 1Q Hidfs a5, 1 B HEWHLIEEARR 55, IF
XHEWE 5 T g0 S A .

ARSI TR AR R IE X 2 8. R
ARSI I £ 1 fg Ak B S AR, B AT %
Bl AT AL PR AE . 1 S AT MATLAB 3¢
W FIT/ CorteXlab S48 SOR B K 46 5 SR 5 F 4K
P 1.Q 43 A 33X B 1,Q Hiedli Ay SEAE A 5
BB 1.Q BT Vit + ¢ i85 (i g M 1.Q 3L
A B D) L 153 1Q Bl 1Q o
TIHHE SRR R

FREE T.Q Bl rh 3 & A7 4 B i B2 FIAH
ALAF B, 1Q Bl th & A RHIE S e EFE R,
JIT LR AL B 6 T,Q 1Q 1 255 A, IX A4
PERT DA R 252 ) 250 =F & B ARAE , LABE = 4
SN AER 3
3.3 WhFE

ST FFHR BB A U4 R 03 P i 7
BEf ., XTI O (25
A, AT DL REALE 3 O FLIE ] (true positive,
TP) . £4 1F # ( false positive, FP) | B Jz {5 ( true
negative , TN ) FlI{f [ ] ( false negative, FN) . iH 5|
RTES S @IE

A=(T, +T\)/(Ty +Ty +F, +Fy) (1)
Horr o Ty 7R 52 BR Ry 1E 4] A 28 28 1E 1 B Ik
B, RI3eoR H 8 Ry 1E B HH) 2 IE B kB
PR S Ry S A E Sy T A R, B R R
F) 7 Ay AE A5 B DR 15 1 R Ty R S BR oAy
T g B 491 R R 8, B 3R 7 K i Dy A 45
H A 0 0 R E By 2 92 B hy 1 40 4
SRy BB ) KR, B3R s A0 Sy 49 E A B g R
UL

3.4 LHRRE

REARSZBR T 2 U BE AL S B0 O B T 75
RPN MERR R . FRUCEIRIR AR N« 1 Sk
GRS AT G S E1TE G/ WA N L €TE Sy
AL AL RS  FF b 19 70% 112 DI 254K L 10% 1
NYUESE 20% VRIS . (T ZR 4R A ke
AN LA TN G, 45 D1 G5 58 — 58 0 £ 1 96 ik 4
R REAR A TR IE , e B B0 R4 R f lr RO I 2% 2
VAR L SIDIRESS S O - I E RN S R[S
L By W28 AT, LA b 8 DR v 1 3R A
NEZBIER R . 2L, FZH 40 5
YNGR AR AR AR 2 TP, D e SO b BT A 5
56 10 VIl G5 58 YRR BEE D 40, S AR AN AT 6
JI7R o

HARSBBENL L 5
10% 20%

a] SR gl e

4

LA 25
PIE=3
R EFH IR A
MR 23
g HRER

K6 HRScE e
Fig.6  Single experiment flowchart

3.5 IGKH

i s g pr it R AL R AE RGN
Ubuntul8. 04. 4 LTS, 4774 128 GB,CPU % Intel
i7 - 9700k CPU @ 3. 60 GHz, GPU >4 NVIDIA
GeForce RTX 2080Ti,CUDA A<M 10. 1, 4 FE1E
5 A Python 3. 7, R EE 2% S HEZE N tensorflow2. 3

TEVIZRETA B 8 AT Bl AL B, A I 25
Bl RN 1024 5 451 9% R BUR 52 U, A 4% o
H i& W % f i ( adaptive moment estimation,
Adam) , 2 2] R F A A8 22 ] B8 4R R B
FESTEEIRRIIL 3 50 OV A58 S %
FRRIFARR 0.7 4%, WG~ ZBLE 0 0. 001,

S SUIRADR BRASUE AR

€ ==X [ylny+ (1 -1 =5)] (2)



- 146 - EZ VIS AN 4

55 46 &

Ko FORFEAR |y FORELHRSE, N FRFEA A
B,y FORTUAEE R
3.6 NREMmE

AT T JH: Al %) 2% 25 74, MSFESNet iz K 1 ¢
U EA 2 ROBE RIS IR 45 n] DA IR R 1 2
REFHIE

T BH A 2 ROBE R AE 4 B 4% 1Y
MSFESNet 1A B A5 2 R FeAE £ B 25 1
SFESNet JF17 Fb #2561 , /9 25 () i A B0 d 0 1
k1 600 B[] J32 471, 4 S 2 [ A B AL Mg 75
A ARy H L i A, AR D BB S T SR
SEERZE RN 7 Fis

100 ——

95 N

ool
.

851

IBHERTE /%

80

57
—+— SFESNet
—— MSFESNet

70 .
EEd o REvla

WA ARrpR IR

AR LA
EEd o e ByEA
ARG RS

BT 22 ROBERFAE SR IR 25 36 U3 HE R R B 5
Fig.7 Influence of multi-scale feature extraction

network on recognition accuracy

& 7 "] A, 78 6 Fli7 5t T, MSFESNet #l
SFESNet 7E4 [A] $it 4 I 22 30 ok i & — 3%
o HE AT IR B 2 A i MSFESNet 7¢
BEEE LA -3 A % 5 T SFESNet, Hir
MSFESNet 7£ 6 Fi7 5t T 19 7 25 000 HE i 25
94.71% , 1fii SFESNet 1 - #5 18 I i 1 % Ky
89.6% , R WG 5. 11% , UE W] £ R R AE
PRI 28 FI) T 58 = iR I ERf 52

K 8 &7k T MSFESNet 5 IQCNet(8,32,3) .
ORACLE ,CNN-DLRF ,LSTM , CLSTM % Lt % 4% £
6 Fi iz 50 F A ) E R R, R IR 8 AT A
MSFESNet [ F- 23R JIHER e i i . 76 6 Fhdg o
F, MSFESNet , ORACLE , CNN-DLRF , IQCNet (8,
32,3) \LSTM ,CLSTM [y - 24 15 531 o A 55 43 il oy
94.71% . 61.71% . 72.09% . 91.67% . 91.76% .
93. 13% ,MSFESNet ()32 0 RA X G 5 % 7
e 33% 22.62% 3.04% 2.95% .1.58% ., T

LA i : 5 ORACLE, CNN-DLRF  IQCNet (8,32,
3) \LSTM CLSTM # bt , A= ST 48 [ 265 7 35 531 v
i3RI A — R

1009 e

80| N v " S

701

\\
60
50| [—>—ORACLE
—&— MSFESNet %
LSTM
40 | |—+—1QCNet (8,32, 3) o
&— CNN-DLRF N

CLSTM

IBHERTE /%

WA RIE BE BIE
Hazh  pEMLE M
TR

Ty

K18  MSFESNet 553 H o 2% HUSERf 3 A LA
Fig.8 Recognition accuracy comparison between

MSFESNet and contrast network

3.7 HEERE
ARSCIIT 4 P 45 Hy — 35 UM 8L, DR IEE 19 265 1)
TR T A2 2 B AT LAZR RN -

= 0(3 W, K) 3)

o, D FoR MG BT BAT B FUZ S, M, R |
A FUZ B RRAE B KB LK, R LB
2K BRI RN o

PAAR SCHITE 0 0 265 R 451, BRL Sk A SC e 4
SRR 28 K)o A RRE SR IUZ RRIE SRR 2
KIZ AT RUR , BT A A 3 B R 4K
SRAG BRI = AR AT 00T . AR IR IUZ (25
SCEERE) TR 2 Ao SOR BB TR SIS 2 Aoy
ST 2 NERZ, Hh A G RUZ R E
KB G RUEERE 1200 .3, P G ARAF 4R B 4y
(A Gl T, =6 x1 200 x3 =21 600, 4
fEEREZA 6 MR ERUZ , BRI RHIE
BB B BUZECER & 1 200 .1, [A] b3 T3 H R AR
WG AN T, =7 200, 4328)2H
4 NBRUZES I, 4 DN EBUZ M RE BRI
GREEEHE 1200 .3, [6] L)%, 2R 2R iHE
IR N T, =14 400,

25 LRI AR SCRT BT I N 45 1153 2%
Tya=T,+T +T, =43 200, 1@%*5 Iﬁjﬁ:—ﬁtﬂ‘%
FLAthox b R 28 (T A 2 B, e 2 o o



5 6 1] SRMAE | 55 A7 i) 58 SR 50 PR 22

e

HE RIS BRI e I 2% - 147 -

K2 NERBMAHERE

Tab.2 Network model calculation complexity
BES PENE S
IQCNet'*'(8,32,3) 172 800

ORACLE""! 816 384
CNN-DLRF™ 347 456
MSFESNet 43 200
LSTM 685 498
CLSTM ™" 1 282 946

HIZR 2 R0, S AR 28 A1 LE , AR SCRn s #Y
MSFESNet HAT i R R IR . BRiLZ 51,
ARSCHERH R A B A 65 L (8 AR ) 2l 0 i A
WIZEHEAT TSR A [ 9 46 i B B 2 00 S 3
SRR 3 R .

®3 MBRBSHHERIIZRE

Tab.3 Network model parameters and training time
BES SRR IR s
IQCNet''*' (8,32,3) 22 773 397

ORACLE™"! 7 584 367 1329
CNN-DLRF! 334 373 227
MSFESNet 137 949 136
LSTM!" 200 853 602

CLSTM!?! 1 612 053 501

M3 ] LUE AR SCRT $ 19 2% 5 At 1)
ZEAT G, PR [ ) R PR 75 B ] —H il ik A7
—H N SR A ]2 f /D i, AU 136 s,

4 #Hig

AR SR R T 2 ROBE R 3R B R ALk 1B 45 A
SRR S IR o %07 R I 2 ROERHIE 2
I 0 285 B IBURR S DA 5 TP R JZ R AN 22 RUBE g
kPR30 2o R P 5 ) 248 69 2 AR A 22 JRLUE
MEEATFEZEMRRAE BEFE 451 , SRR R m] L SE 23 A1)
PR SIS 5 002 FR AR AN 22 RUBE AL, 4 v
SRR MERR R, SCREREAR 9 25 2 B0 sl )
2B ]

2 % 3Lk ( References )

(1] 4R, XU, SRR 5T 4 TR AE 14 B 0 a6 U
Prk[I]. BUNTEIS, 2022, 46(4) . 1-7.
XU T, LIU Z M, GUO F C. A radar radiation source
identification method based on high-dimensional re-frequency

features[ J ]. Modern Radar, 2022, 46 (4). 1 - 7. (in

(2]

(3]

(4]

(5]

(6]

(8]

(9]

[10]

[11]

[12]

[13]

Chinese)

LECUN Y, BENGIO Y, HINTON G. Deep learning[J].
Nature, 2015, 521 436 —444.

WA BETURE ) H B P BB K R RO
R FEEARSFEE, 2022(9) : 181 - 184.
HUANG J S. Research on image retrieval algorithm in
computer vision based on deep learning [ J]. Information
Technology and Informatization, 2022 (9):. 181 - 184. (in
Chinese)

REFT, XUHSC. TR A 2 HE SR TS AL 0 4003 14 7
JALI]. %R, 2022(5) : 34 - 40.

DU Y N, LIU Q W. Application of deep learning framework
in computer vision [ J ]. China Security & Protection,
2022(5) : 34 —=40. (in Chinese)

JURE, BURE. BT UREE 2 2 0T LA B 50T
JEL)]. Bl RE S, 2022, 37(2) : 247 -278.

LUH T, LUO M K. Survey on new progresses of deep
learning based computer vision [ J ]. Journal of Data
Acquisition and Processing, 2022, 37 (2) . 247 - 278. (in
Chinese)

KONG M X, ZHANG J, LIU W F, et al. Radar emitter
identification ~ based on deep  convolutional neural
network[ C]// Proceedings of the 2018 International
Conference on Control, Automation and Information Sciences
(ICCAIS), 2018 309 -314.

B RGO, T BE A o 1 R ke A IR B
BI]. UKL, 2021, 37(1): 7 -11.

YIN X F, WU B. Radar emitter identification algorithm based
on deep leaming[ J]. Aerospace Electronic Warfare, 2021,
37(1): 7 -11. (in Chinese)

RYE. BT RS SRR IR RE IR [ D], BB
R TR R, 2022,

ZHAO N. Intelligent recognition of radar emitter based on
deep learning[ D]. Chengdu; University of Electronic Science
and Technology of China, 2022. (in Chinese)

XIAO Z L, YAN Z Y. Radar emitter identification based on
feedforward neural networks [ C]//Proceedings of the 2020
IEEE 4th Information Technology, Networking, Electronic
and Automation Control Conference (ITNEC), 2020 555 -
558.

WANG X B, HUANG G M, MA C S, et al. Convolutional
neural network applied to specific emitter identification based
on pulse waveform images [ J ]. IET Radar, Sonar &
Navigation, 2020, 14(5) . 728 —735.

HANNA S S, CABRIC D. Deep learning based transmitter
identification using power amplifier nonlinearity [ C ]//
Proceedings of the 2019 International Conference on
Computing, Networking and Communications ( ICNC ),
2019 674 - 680.

TRESC, I, SR, S5, JEAEHRE SR ST 0 1 24
LG 32607 ik (1] Gl AE A4, 2021, 42(2): 103 -
112.

HE Z W, HOU S, ZHANG W C, et al. Multi-feature fusion
classification method for communication specific emitter
identification [ J ]. Journal on Communications, 2021,
42(2): 103 —112. (in Chinese)

KA, R TR B HPLC AR5 5 A S
AT ]. @5 IEEAR, 2020, 37(10) : 46 -48.
ZHANG L, WU Y. Research on automatic modulation

recognition of HPLC communication signal based on deep



- 148 -

(FE TR SR S AN S

55 46 &

[14]

[16]

[17]

learning algorithm [ J ]. Telecom Power Technology, 2020,
37(10) ; 46 —48. (in Chinese)
QIAN Y H, QI J, KUAL X Y, et al

identification based on multi-level sparse representation in

Specific emitter
automatic identification system [ J ]. IEEE Transactions on
Information Forensics and Security, 2021, 16, 2872 —2884.
JEI 2, TBERT, E S BTGB R LB E S
WHILT]. J@fF4, 2019, 40(7) : 114 - 125.

ZHOU X, HE X X, ZHENG C W. Radio signal recognition
[T].
Communications, 2019, 40(7) ; 114 = 125. (in Chinese)
BERER, BB, TR, . T SR SORM IRk 1Q
GG LM ()] BB R R 24, 2022, 44(4) .
180 —189.

CUITS, HUANG Y H, SHEN M, et al. High-efficiency 1Q

convolutional network structure for radio frequency fingerprint

based on image deep learning Journal  on

identification[ J]. Journal of National University of Defense
Technology, 2022, 44(4) . 180 —189. (in Chinese)

SANKHE K, BELGIOVINE M, ZHOU F, et al. ORACLE;
optimized radio classification through convolutional neural
networks [ C ]//Proceedings of the IEEE INFOCOM 2019—

[18]

[19]

[20]

[21]

IEEE Conference on Computer Communications, 2019
370 - 378.

MERCHANT K, REVAY S, STANTCHEV G, et al. Deep
RF  device
communication networks[ J]. IEEE Journal of Selected Topics
in Signal Processing, 2018, 12(1) . 160 —167.

SZEGEDY C, VANHOUCKE V, I0FFE S, et al. Rethinking

the Inception architecture for computer vision [ C ]//

learning  for fingerprinting in  cognitive

Proceedings of the 2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR), 2016 2818 —2826.
XIHESR. FET LSTM Ay 3R kA S IR LN AR (1. A e
FTH, 2019, 39(12) : 92 —95.

LIU K R. Radar emitter recognition technology based on
LSTM[ J]. Ship Electronic Engineering, 2019, 39 (12):
92 -95. (in Chinese)

Vi4x, WSFhR, #h9, 5. JET 1D-CNN-LSTM ) Ff 7€ 4%
SRR [T ]. BURTERL, 2022, 28(12): 30 -
34, 55.

XU Q, TAN S B, SUN X,
identification method based on 1D-CNN-LSTM[ J]. Modern
Computer, 2022, 28(12): 30 =34, 55. (in Chinese)

et al. Specific emitter



