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HRRP fusion recognition by RVM and DS evidence theory

LI Rui, WANG Xiaodan, LEI Lei, ZHAO Zhengchong
(Tnstitute of Air Defense and Anti-Missile, Air Force Engineering University, Xi’an 710051, China)

Abstract; Aimed at improving target fusion recognition performance, an efficient approach to radar high resolution
range profile (HRRP) fusion recognition is investigated. Three translation-invariant features were extracted from the
HRRPs. Meanwhile, a high performance RVM (relevance vector machine) classifier was constructed and DS evi-
dence theory used to fuse the recognition result. A HRRP classification approach, combining RVM and DS evidence
theory, is then presented. The method makes full use of RVM output probability information, which solved the diffi-
culty of getting BPA in DS evidence theory. The experimental results based on the simulated data show the effective-
ness of the proposed approach.
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- SVM  0.0780 362 68.75
RVM 03120 8 68.75

2) Rl PRI REXT H

N T B UEAR ST $1 filt 5 PR 0 T 0k A R R
ARSI ARGk IR R A ik SVM
_DS FEAT R, AR SRR A R I SCHR[ 2 ] 42 1
PR TRE VA REL I T SEASLLREL I S B B 5%, 2 e 5
VRS A S SR FH B 6 73 2B 4 A0 2 3 4> SVM,,
TER S ECTBCET , 23 30 AS [R5 037 5040 45 $2
(4 3 BHRFIEBERT 70 285256, 3R 2 SR AN [l il 501
PIREN DRl S

R2 BRMSYTARMAIRSTEIRAERE

Table 2 Recognition accuracy of different fusion method with optimal parameters %
S "y EZ 6 e JAL A
S FRAE SVM RVM - A SVM_DS RVM_DS

U LS5 61.00 62.25

0 ~ 20° REI RAR X 89.00 89.50 78.75 89.70 89.50 91.00
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120° ~ 140° REEREXKE 95.50 94.75 99.75 99.75 100 100
R HERRAE 95.50 98.75
U LS5 96.25 96.75
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R HERRAE 93.50 93.00

M2 Rl LUE Y ASRAFIE A 0 EROCR AN

TEAN[) £ S B N X F AR BRI BE JT AN TR] el



55 4 3]

SRR A5 FhELT RVM I DS (9 —4ERE B & A R 7 e - 559 .

A BT B0 R . RVM_DS 1 SVM_DS J7
225 7E 0 ~ 20° F130 ~ 50° fd P, 2% Sk
BRI R ASOR 2 X FEEHR T
AR SR AN T SR Z MR S, hT
B A F S 7, by 1 B 28 F e, RVM_DS
Tr A A RS B B A F SVML_DS Uik, X7
SYULHA TR RVM % i 4 HE R 45 8L A 1 220 Al
WPk, F52 F M.E. Tipping 7E3CHR[ 7] TR T 45 H
SVM KA logistic sigmoid PRECSE BEMERAG T IF AR
— i B i SR M R AL, AN BE 5 4y b 2 s T A )
WER A, SR, SREUS A A 5 BT iR sy
JREE RN R PR HR g R 2Ll RVM AT L
HBARINFEAZE BIE B ARG MR o6, R
RVM fii i (AR5 B A 1 DS 19 BPA pRELHL SVM
BNGRE A B R, JE I3 RVM_DS R4 R
BTG, RVM i 19 5 50 1T LRy 23 e ok 2
PEERG T EA S EMENE R, R mIHA A
FHIX L6 (5 B R R Ge P e HL A ML,

5 #RiE

BT HRRP ZFRE fl A U0 & 42 5 B ik B
SIE B 0 — A T2 B, R s e ikt
— & HRRP PRI S ) 8, A ORI RVM fi
HAOHESRAE B, ok T 1 DS IE 98BS 0E 17 il A i
FEAR L R M (SR R M 0 [ 5, 52— P2 T RVM
DS M —4EBE B R Al A IR ik, R A
NIGUEHEAT Sk B, M s T R S R RVM
gyt R RVM Hi th AOAER 15 B4 DS TEHEBEiE
() BPA AE , SCBL T HRRP 202t P b R B S E 15
SRS IR, S sk R IIE T TR B A R

S Wk :

(1), SEat f ik R U EORBESE [ D], P44, pa
TRHRF, 2009.

LI Liya. Study on wideband radar target recognition [ D ].
Xi’an; Xidian University, 2009.

[2] 5k, EMERE, Wi, 2 LT 20K AREG & I8

e B 15 A PR U SRR O (D] A Sl ieeE i,
2014, 40(2) . 348-356.
ZHANG Xuefeng, WANG Penghui, FENG Bo, et al. A new
method to improve radar HRRP recognition and outlier re-
jection performances based on classifier combination [ J ].
Acta automatica sinica, 2014, 40(2) . 348-356.

[3]MEAE, AW, JET—ZERE B3 91 A 3 IE H bRl &
PUBESELT]. B4k, 2013, 29(3) : 72-76.

SUN Jiajia, TONG Chuangming. Study on ballistic target fu-
sion recognition based on HRRP [ J]. Journal of micro-
waves, 2013, 29(3) . 72-76.

(41559, EWert, TOHEDE, 55, 454 SVM Il DS 1k B g Y
ZH AL HRRP 70 JERFTE[ 1], 4561 5 RHE, 2013, 28(6)
861-866.

LEI Lei, WANG Xiaodan, XING Yaqiong, et al. Multi-po-
larized HRRP classification by SVM and DS evidence theory
[J]. Control and decision, 2013, 28(6) : 861—866.

[STE 1M, XNEM, RIVE. ZWAb 2R ER & n &k B

PRPUHBTTE (1], ARG TR ST HOR, 2008, 30(2):
261-264.
CAO Xianghai, LIU Hongwei, WU Shunjun. Utilization of
multiple polarization data and multiple features for radar tar-
get identification[ J ]. Systems engineering and electronics,
2008, 30(2) . 261-264.

[6]CHO H, CHUN J, SONG S, et al. Radar target classifica-
tion using the relevance vector machine[ C]//Proceedings of
IEEE Radar Conference. Cincinnati, OH; IEEE, 2014.
1333-1336.

[7]TIPPING M E. Sparse Bayesian learning and the relevance
vector machine [ J ]. The journal of machine learning re-
search, 2001, 1. 211-244.

[ 8] TIPPING M E. The relevance vector machine[ J]. Advances
in neural information processing systems, 1999, 12 (3).
652-658.

[9]BISHOP C M, TIPPING M E. Variational relevance vector
machines| C]//Proceedings of the 16th Conference on Un-
certainty in Artificial Intelligence. San Francisco, CA,
USA. ACM, 2000. 46-53.

[ 10]JMIANJI F A, ZHANG Ye. Robust hyperspectral classifica-

tion using relevance vector machine[ J]. TEEE transactions
on geoscience and remote sensing, 2011, 49(6) . 2100-
2112.

[ 11 ] MENG Qingfang, CHEN Yuehui, ZHANG Qiang, et al.
Local prediction of network traffic measurements data
based on relevance vector machine[ M ]//GUO Chengan,
HOU Zengguang, ZENG Zhigang. Advances in Neural
Networks-ISNN 2013. Berlin Heidelberg: Springer, 2013.
606-613.

[12]BAO Yan, WANG Hui, WANG Beining. Short-term wind
power prediction using differential EMD and relevance vec-
tor machine [ J ]. Neural computing and applications,
2014, 25(2) . 283-289.

[13]5hfEsR, #5720, Bhai. DS R4 HRIe 6 52 i J| SAH 56
BRI T]. 583, 2014, 29(1) : 1-11.

HAN Degiang, YANG Yi, HAN Chongzhao. Advances in
DS evidence theory and related discussions [ J]. Control

and decision, 2014, 29(1) . 1-11.



- 560 - O R 4 ¥ E BN

[14]5k B4, EBSE, BRI, %, JLT Bagging-SVM g4 LI Xiaoyu, ZHANG Xinfeng, SHEN Lansun. A selection
M Z Ak HRRP R[], RE LTRSS HETFHAR, means on the parameter of radius basis function[ J]. Acta
2012, 34(7): 1366-1371. electronica sinica, 2005, 33(12A) ; 2459-2463.

ZHANG Yuxi, WANG Xiaodan, YAO Xu, et al. HRRP [18]CHANG C C, LIN C J. LIBSVM a library for support vec-
recognition for polarization radar based on Bagging-SVM tor machines [ EB/OL]. [2013-03-04]. http://www.
dynamic ensemble [ J]. Systems engineering and electron- csie.ntu.edu.tw/ ~ cjlin/libsvm.

ics, 2012, 34(7) . 1366-1371. [ 19]TIPPING M. Sparse Bayesian models (and the RVM) [ EB/

[ISIHRER, EH/EF, 27, 5 T rEai—484 0 B bk OL]. [2006-10-12]. http://www.relevancevector.com.
RSO T]. BUUHIA, 2009, 31(6) : 60-63. EEE N

2R B ,1992 A A AR AF T AR
FERE 0 APLER2E ST B BEfE B AL
}EO

XU Qing, WANG Xiuchun, LI Qing, et al. Extraction of
target feature using high resolution range profile[ J]. Mod-
ern radar, 2009, 31(6) . 60—-63.

[16] PLATT J C. Probabilistic outputs for support vector ma-
chines and comparisons to regularized likelihood methods

[M]//SMOLA A J, BARTLETT P L, SCHOLKOPF B,

et al. Advances in Large Margin Classifiers. Cambridge: THES}, 4, 1966 4E/E | B Tt

MIT Press, 1999; 61774 ) - 1 ST, TR I L S
[17728 05, e PR, — R A R RS R e

5 EALER
B EE[T]. HT259R, 2005, 33(12A) ; 2459-2463. ¢

2016 [EBRALAS Y- 2 Se 05 i RAR B i 25
International Workshop on Advanced Methods
in Optimization and Machine Learning

Recent advances in storage, hardware, and networking have resulted in a large amount of web data. This has powered
the demand to extract useful and actionable insights from such complex and large-scale datasets in an automatic, reliable
and effective way. Machine learning, which aims to construct algorithms that can learn from and make predictions on data
intelligently, has attracted increasing attention in the recent years and has been successfully applied to many web data
mining tasks, such as user behavior modeling, social media computing, online recommendation, link analysis, etc. Since
a lot of machine learning algorithms formulate the learning tasks as linear, quadratic or semi-definite mathematical pro-
gramming problems, optimization becomes a crucial tool and plays a key role in machine learning and web data mining
tasks. On the other hand, machine learning and the applications in web data mining are not simply the consumers of opti-
mization technology, but a rapidly evolving interdisciplinary research field that is itself promoting new optimization ideas,
models, and solutions.

This special session " Advanced Methods in Optimization and Machine Learning for Web Data Mining" aims to pro-
vide a platform for academics and industry-related researchers in the areas of applied mathematics, machine learning, pat-
tern recognition, data mining, knowledge management, network science, social media, and big data to exchange ideas
and explore traditional and new areas in optimization and machine learning as well as their applications in webdata mining.
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