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Complex Electromagnetic Environment
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Abstract: To cope with the problem that the traditional fine feature extraction methods for identifying
communication transmitters suffer from the lack of the labeled samples in real complex electromagnetic
environment, an efficient fine feature extraction method, called locally neighborhood preserving regular-
ized semi-supervised discriminant analysis, is proposed for communication transmitter recognition. Based
on the bispectrum estimation, manifold structure information is incorporated into the linear discriminant
model by unlabeled samples, which extends the linear discriminant analysis to the semi-supervised learn-
ing. Extensive experiments on the real-world database sampled from different FM communication radios
with the same model, manufacturer, manufacturing lot, and work pattern demonstrate that the proposed
method can obtain better recognition performance.
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Fig. 1 Fine feature extraction for identifying communication transmitter based on LNPRSDA
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Fig. 2 Average recognition rates of three methods on the samples from 5—7 radios
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Fig.3 Average recognition rates of three methods on the smaples from 3—7 radios
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Tab.3 Average recognition rates with 20 experiments for three methods on the samples from

5—7 radios (One labeled sample for every radio)

ik TEAR 2 VN GRRE AR 5 / 2 M REAS R B/ %
BiSpectrum 53.33 56. 67
BiSpectrum + PCA 53.61 56.67
BiSpectrum + LNPRSDA 57.50 58.33

R4 IMAFEEBRBES~T SHAYBLEHT 20 RIBHEHRINE(BIBEF4INHERAERE)
Tab. 4 Average recognition rates with 20 experiments for three methods on the samples

from 5—7 radios (Four labeled samples for every radio)

/RS Tobr s UG AE AR 3 %/ % MR ARG R/ %
BiSpectrum 72.22 73.33
BiSpectrum + PCA 70. 56 70. 00

BiSpectrum + LNPRSDA 75.56 78.33
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RS 3MAREBRRI~T SHAHMBLET 20 XLIRNEHIRINE(EINEEE 1 IMIHELERE)
Tab.S Average recognition rates with 20 experiments for three methods on the samples from

3—7 radios (One labeled sample for every radio)

VRS Tobr 2 VN Gk A 2/ % T RE AR/ %
BiSpectrum 50. 17 57.00
BiSpectrum + PCA 52.67 55.00
BiSpectrum + LNPRSDA 54.83 60. 50

R6 IMAFEEBEAI T SHAYBLEHT 20 XK EHRINE(BIBEF4INERERE)
Tab. 6 Average recognition rates with 20 experiments for three methods on the samples

from 3—7 radios (Four labeled samples for every radio)

Tk TEAR 2N GRRE A5/ 2 WA R SR/ %
BiSpectrum 69. 33 69. 00
BiSpectrum + PCA 77. 33 75.00
BiSpectrum + LNPRSDA 80. 00 77.50

2.3 10 MR EHAMFERN

AN ERHEALIER G 15 ~HE 10 SWMFEA, B E W 2. 195, 3 F 7 EAE 10 MH G F
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(a) One labeled sample (b) Four labeled samples
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Fig. 4 Average recognition rates of three methods on the samples from 1-—10 radios
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RT 3MAFEERE 1~10 SHEAKFELHIT 20 ALEHEHRANXR(BIEER LITEXEHRE)
Tab.7 Average recognition rates with 20 experiments for three methods on the smaples

from 1—10 radios (One labeled sample for every radio)

Tk T b 2 N G bE AR H 3R/ %% ML REAS R R/ %
BiSpectrum 40. 50 39.75
BiSpectrum + PCA 44,42 45.75
BiSpectrum + LNPRSDA 47.50 47.50

RS 3WMAFEERE I~10 SHEAKFELHIT 20 ALEHEHRANXR(BIEEFIIELERE)
Tab.8 Average recognition rates with 20 experiments for three methods on the smaples

from 1—10 radios (Four labeled samples for every radio)

J5 Fobr A YIS RE A R 0 %/ %% MR AR AR/ %
BiSpectrum 61.67 55.50
BiSpectrum + PCA 72.17 67.75
BiSpectrum + LNPRSDA 78.17 75.25

2.4 it
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ZHCLE AT I T B R BN R . X E R LNPRSDA J5 ik A7 &Ll A T 3 {5 5 5 R
LI 54 1 ST 25 R 5 B . AESEER P R T R A REAS HUA LA 28 I AR 2 4 A it AS IR B0 R A
LG 4 AR 0 — 5 0 0 5 5 LA W B AL S A 8RR i TG A 288 A R 45 s SO 0 235 (1] 1
IR 5 A 25 [A) B AN BE AR 55 10 30 40 T4 R B AE (] Bt AR 4 A B 5 R AR 4R S A 0 43 2 B85 D 1) M T
PR IO {5 4 G T 10 A 00 40 RS AIE o 7 S5 50 v JIr Ak B LA Fl 8 B0 S DA S B TC 4R AL R 1R Th R AR
B s B ELAT Y 0 A P R A A R R A I P R ST 4 R AR T U 2 B 0 3 S A I SRR A 4R
BB O R 35X BEARAERRAE . X AN 3 O B LNPRSDA 77 2 8] 41 1 3 i % 5t i 2k P R AE
WL

3 HERIE

Bt Xk S B B2 A% L G 5 £ R A R A A 2 R A B BT I 114 A 8 R A R O TR AL AR SR Y — A
e T Jry V0 AT 408 PR 455 T DU A 4 S S 53 2 A 4 30 £ SR A R RO A R IS I . 7R R TG 23 BT AR
£ 50 S R A A R A5 5 20 R i 2 58 4 6 1 SRRt b AR SO 3 3 e 1) R R S A R R A A
H TC bR 25 A AR 0T 352 (3t 19 30 T 445 40 135 S5 o DT K e 1 40 00 7 326 90 00 Jm i A 48 455 1 0 A 4 B 1) )
AT o S5 B X £ 5 S 5 A i 2 O 0 A ) A R 4 R I R BB, A S B SR R 019 (R A RS TR R T LA
[F] YA AH 1] T AR A AN [R] FMGi {5 i 5 800 4 B 9 SE B 45 R B0k 7 LNPRSDA J5 ik (94 2tk

SE W

[1] Toonstra J, Kinsner W. Transient analysis and genetic algorithms for classification[ C]// WESCANEX 95 Communications,
Power, and Computing. [S. l. J:IEEE, 1995, 2. 432-437.

[2] Luigi C D, Jauffre C. Estimation and classification of FM signals using time frequency transforms [J]. IEEE Transactions on
Aerospace and Electronic Systems, 2005, 41(2); 421-437.

[3] Turkboylari M, Stuber G L. An efficient algorithm for estimating the signal-to-interference ratio in TDMA cellular systems



,é{%’-

M B Al BN BT T 843 42 4R AR n O AR R IR O ok 31

[J]. 1IEEE Transactions on Communications, 1998, 46(6); 728-731.

L4l BRAGAHEERAEF, AW 8. —FHEE T ORERIEU) A i £ 4 500 DR U 7 BR L0 . Bl R 8 5 40 1, 2013, 28(3) : 284-288.
Chen Zhiwei, Xu Zhijun, Wang Jinming, et al. Emitter identification method based on cyclic spectrum density slice [ J].
Journal of Data Acquisition and Processing, 2013, 28(3) . 284-288.

(5] #REE. W REZESF. BT/ 058 5 IR SO IE SR IO (], Bl R4 S5 AL B, 2014,29(4) :631-635.
Xu Yulong, Wang Jinming. Xu Zhijun, et al. Fingerprint feature extraction method for emitters based on wavelet entropy
[J]. Journal of Data Acquisition and Processing, 2014, 29(4); 631-635.

(6] VLSZAR AR, M, 55, — R ARAE R LL T 1Y o RS 2 S 0 B0 40 0 v [0 ). Bidi >R 42 15 A0 21, 2015, 30(5) : 1036-1042.
Jiang Liwei, Yuan Honglin, Yan Yan, et al. High-accuracy radio frequency fingerprint transform method in low SNR envir-
orrment [ J]. Journal of Data Acquisition and Processing, 2015, 30(5); 1036-1042.

[7] Zhang X D, Shi Y. Bao Z. A new feature vector using selected bispectra for signal classification with application in radar tar-
get recognition [ J]. IEEE Transactions on Signal Processing, 2001, 49(9). 1875-1885.

[8] Delprat N. Asymptotic wavelet and Gabor analysis: Extraction of instantaneous frequencies [ J]. IEEE Transactions on In-
formation Theory, 1992, 38(3): 644-664.

[9] Liedtke F F. Computer simulation of an automatic classification procedure modulation communication signals with unknown
parameters [ J]. Signal Processing, 1984, 6; 311-323.

[10] Fisher R. The use of multiple measurements in taxonomic problems [J]. Annals of Eugenics, 1936, 7(2). 179-188.

[11] Li H, Jiang T, Zhang K. Efficient and robust feature extraction by maximum margin criterion [ J]. IEEE Trans Neural Net-
works, 2006, 17(1): 157-165.

[12] Roweis S T, Saul L K. Nonlinear dimensionality reduction by locally linear embedding [J]. Science, 2000, 290; 2323-2326.

[13] Saul L. K, Roweis S T. Think globally, fit locally; Unsupervised learning of low dimensional manifold [J]. ] Machine Learn-
ing Research, 2003, 4. 119-155.

EEE I

TR 19759, B, -+,
BB BF 58 J7 18] - HL % 2
AV AE AR 5 AL B E-mail
leiyingke@163. com,

(3.2 F KD



32

HIEREEH LA Journal of Data Acquisition and Processing Vol. 33,No. 1, 2018



