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Abstract; To deal with the problem of radar emitter recognition caused by parameter complexity and agility of muti-function radars in electronic
intelligence reconnaissance field, a new recognition model based on deep restricted Boltzmann machine was proposed. The model was composed of
multiple restricted Boltzmann machine. A bottom-up hierarchical unsupervised learning was used to obtain the initial parameters, and then the
traditional back propagation algorithm was conducted to fine-tune the network parameters, and the Softmax was used to classify the results at last.

Simulation and comparison experiment shows that the proposed method has the ability of extracting the parameter features and recognizing the radar

emitters, and it has strong robustness as well as high recognition rate.
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Fig.2  Flowchart of ERDRBM algorithm
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e Bk 3 7 6 3 49 8 21 3
LFM 4 5 6 7 32 18 22 6
NLFM 6 7 7 5 21 5 42 7
AR i 0 10 6 3 15 5 16 45




56 ]

JAZRTE 55 B TR BE PR e 2R 28 2 LI S U051 t 141

bk =20 dB B, 4% 2 A0 S UR AR — A R
BRI AT B K o {555, 5k 2 PR O A7 B o 55
VA T T R O AN B I, 7 M 7 19 5 e S AR At
RAVE ST X 5o BRI Z Ah, PSK {554 iR
Sk NLEM {55 F1AH A 4 i 45 5 AR\ FSK 5
SPR K PSK {55 F1 NLFM {5 5 I HESE AH A7
Ut 55 I B A PSK AT NLEM {5 5 (1) #E %
LFM {5 58351 NLEM {55 i B3 A X 45 e
i PRIk 615 5 i i i O A — AR L

x
4 it

TR B 2 ~J I 245 25 1y 56 KPR o R 1
FURAIESE HUARE J1 , 5 HON T 48 55 U 5 R 42
BRI 3200 1) AT A, 488 HE — ol % B IR 1 ¢ K 2%
S M4 G JR 1550 B A ——ERDRBM B, 3t F
AR AR 3 1 Yok ERDRBM IR 5 4 22 )
IR IEATIB)Z TIN5, SR e PR 1o A B Bk 0
BRI BEATIOR] , Fe AL M THR AT 0 2o il ad
D7 BSR4 A ke , JE R AR AR
WEELTE DL T, IR T B 50 A PR A T R A5
Rk o (R A7 A T 5 52 3% B 8 14 1)
R, TR 2GR A R 2 R i A i
PE— 2B A 3 e Il S B Ak M R A
ERDRBM A58 X6 4 5 I 2047 90 475 7 2B 47 1< 4]
RARIBETE

2% 3R ( References)

[1]  Dekker A H. Applying social network analysis concepts to
military C,ISR architectures [ J ]. Connections, 2002, 24 .
93 -103.

(2] E&, W%, ZEpk. JETHOM s 8T s DR RHIE AL Y

FHEA PN T]. P92 TR BAREM,
2013, 37(2) : 285 -289.
WANG Lei, JI Hongbing, LI Lin. Specific emitter recognition
based on feature optimization of ambiguity function zero-
slice[ J]. Journal of Xidian University; Natural Science,
2013, 37(2) : 285 —-289. (iin Chinese)

[3] Dekker A H. Centralisation and decentralisation in network
centric warfare[ J]. Journal of Battlefield Technology, 2003,
6(2).23-28.

(4]  FEibsR, &4, U2, & OE R EER RS
PO R AL T]. WY&l TRHOR S BRBL IR,
2012, 39(2): 127 - 132.

WANG Shigiang, ZHANG Dengfu, BI Duyan,

Research on recognizing the radar signal using bispectrum

et al.

cascade feature [ J ]. Journal of Xidian University; Natural
Science, 2012, 39(2): 127 —=132. (in Chinese)

[5] Bengio Y, Delalleau O. On the expressive power of deep
architectures| C]//Proceedings of International Conference on
Algorithmic Learning Theory, 2011 18 —36.

(6]  FEil, 5=, WigHE. JETURE 2 M2 M 45 9 IRST
WEF RN [T]. THRAL ST, 2015, 32(8)
2289 -2291.

(7]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

WANG Shanhai, JING Xinxing, YANG Haiyan. Study of
isolated speech recognition based on deep learmning neural
networks [ J ]. Application Research of Computers, 2015,
32(8): 2289 -2291. (in Chinese)

IR, R, ROk, BT IR AR I AR il K 4 2 )
MLI]. PSR, 2014, 51(9) : 1945 - 1954,
HU Zhen, FU Kun, ZHANG Changshui.
composer identification by deep neural network[ J]. Journal of
Computer Research & Development, 2013, 51(9) . 1945 -
1954. (in Chinese)

BEWOF, XA, 2N B FET LBP IR AL 2 > i AR PR
AN AR BB (1] @724, 2014, 35(6) .
154 - 160.

LIANG Shufen, LIU Yinhua, LI Lichen. Face recognition
under unconstrained based on LBP and deep learning[J].
Journal on Communications, 2014, 35(6): 154 - 160. (in

Audio classical

Chinese)

NGRS, B, VPR, JETEREE2E S WL BR Fisher 4347
FHESRICE D [T]. B+ 51E B2, 2013, 35(4);
805 -811.

SUN Zhijun, XUE Lei, XU Yangming. Marginal fisher
feature extraction algorithm based on deep learning [ J].
Journal of Electronics & Information Technology, 2014,
35(4): 805 -811. (in Chinese)

FR3EAh, KB, BB FETURBE T Ml 1 I b ek
KAEMMLI]. BRI EAL S, 2014, 4(3) : 35 -38.
WU Jiawei, GUAN Yi, LYU Xinbo. A deep learning approach
in relation extraction in EMRs [ J]. Intelligent Computer &
Applications, 2014, 4(3) .35 —38. (in Chinese)

Dahl G, Yu D, Deng L, et al. Context-dependent pre-trained
networks  for large vocabulary speech
recognition[ J|. IEEE Transactions on Audio Speech &
Language Processing, 2012, 20(1) : 30 —-42.

Choi S, Kim E, Oh S. Human behavior prediction for smart

deep neural

homes using deep learning [ C ]//Proceedings of IEEE Ro-
Man, 2013 173 -179.

AP, VLA, BREE R, A IR AE 2 M E K 4 K R
K. AN 5%, 2013, 50(9) = 1799 - 1804.
YU Kai, JIA Lei, CHEN Yuqiang, et al. Deep learning:
yesterday, today, and tomorrow [ J ]. Journal of Computer
Research & Development, 2013, 50(9): 1799 - 1804. (in
Chinese)

Ackley D H, Hinton G E, Sejnowski T J. A learning
algorithm for Boltzmann machines [ J ].
1985, 9(1): 147 - 169.

Tieleman T. Training restricted Boltzmann machines using

Cognitive Science,

approximations to the likelihood gradient [ C] //Proceedings
of International Conference on Machine Learning, ACM,
2008 : 1064 - 1071.

IKREAE, SHA, . BT RIS E BRI
S LT]. V%A R A A Rk, 2005, 39 (8):
871 -875.

ZHANG Gexiang, JIN Weidong, HU Laizhao. Radar emitter
signal recognition based on rough set theory[ J]. Journal of
Xi'an Jiaotong University, 2005,39 (8). 871 - 875. (in
Chinese)

EAW, XUREE, SR, % —FE T U TR
IR AR TR Ok ()], LA S =R AR,
2011,30(6) : 566 —-570.

WANG Xiqin, LIU Jingyao, MENG Huadong, et al. A
method for radar emitter signal recognition based on time-
frequency atom features[ J]. Journal of Infrared & Millimeter

Waves, 2011, 30(6) : 566 —570. (in Chinese)



