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Abstract

The radar signals are generally very sensitive to relative orientations between radar and target. Thus, the performance
of a target recognition system significantly deteriorates as the region of aspect angles becomes broader. To address
this difficulty, in this paper, we propose a method based on the multi-aspect information in order to improve the
classification capability ever for a wide angular region. First, range profiles are used to extract feature vectors based
on the central moments and principal component analysis(PCA). Then, a classifier with the use of multi-aspect
information is applied to them, yielding an additional improvement of target recognition capability. There are two
different strategies among the classifiers that can fuse the information from multi-aspect radar signals: independent
methodology and dependent methodology. In this study, the performances of the two strategies are compared within
the frame work of target recognition. The radar cross section(RCS) data of six aircraft models measured at compact
range of Pohang University of Science and Technology are used to demonstrate and compare the performances of the
two strategies.
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Fig. 12. Probability of correct classification versus
sampling angle.

7HEo] O F /IYED AdFeR e As
¢ F Utk ole SAHES HEE FEd o83}
© HMM¢] B 7t HEY 7HF o] Yold 42
AA 49 go] AR de ZEHA7T WoiRA
53, EAYE 4 Ui EAYHY e o2
H37t 6 2 g 5 Q1) Wiojth

13 133} 14= SNRE 094 30 dB7}HR) 5 dB 7+
HoZ WA FIHEA 10082 Monte-Carlo 28&
e A 74 TR R &8 d7 259
A& ehd Zolth 19 138 BH SNRo| ¢
% majority vote9} sum vote2] 7& &-&o] HMMS]
TE GFEHT 2 ¥, SNRO] "‘°P§’“i majo-
rity vote¢} sum vote®] ¥ &L F43] 45y
HMMS| & 82 JiFo2 e #4a8S B
olZ ot 1Y 1Y 148 BYE & & UKol

YU
—- Bayes classiter with majority vote

—= Bayes classiler with sum vate

| -£3 HMM classifier

8

~
o

arg prob. of comect classific dion(%)
] g 3

8

5 10 15 20 2% 30
SNR(@B)

8 13. SNRY| wigle) g T& & Y7o Ws
Fig. 13. Average probability of correct classification
versus SNR.

g

g

®

g 10k

b3 ;

= : | |

; H Baves classifier with majority vote

e BB bayes classifier with sumvote

3 | ] HMM classifier

2

& st

2

o

w

o 25 30
SNR@UB)
J8 14 SNRY| uigle] 2 F& FF EFFU

H3t
Fig. 14. Standard deviation of probability of corr-
ect classification versus SNR.

HMMo] U7 & TR Eg 844 o &2 28
HAE 7T o A& & F ok ol majo-
rity vote®} sum voted] A SAWE Y 7t AAE
T2l o] 8-3517] g Eo] EAWE Fgo] HrtE
BF IRE 7R BB I 9Fe] A= 9y,
< 54YEE F=siete oA ox A
=AY HE QHE & I HE gy Z&
7} 2R EHAT FA e AA A EAJWE dof ¥
stoll A FFE FA 7] Ao JuFoz
=9 %L AA B0y £ 4 ok 1217 ma-
jority vote9} sum voteE ¥) 3] £ AL sum vote7}
AUHHE 52 FF FES BT o] SNR
FH AEE 3] 95t RCS Fubf HolEd|
AWGNS #H7hstem Bayes FR7)o)A &
posteriori & W% %5} 9 posteriori & Y&

o] Zpolz} 749 BEE A A HY7) &
oty T F el o]zt FAISH BEE 7HE A
- sum voteZ} majority vote Bt} 423 AES B

e Rel ZHso Ag,

V.2 E

£ =89 M range profiled o] &5t FRAY
£ FYsed oM A 2 FAHQ B2 &
Foll BE FEANFTY HE HAsy) 98 OdF

4% ZE 7EE Adadth oF 24 A 7Y
:

MHS £ SNRY) tel $58 TE 3

587



BEREMKBERGE F15% H6IR 04F 68

£ Hol: W 3o M} 7¥ ¥89 WEol
9 S| 20135 FAL 7 489 A
et A2 @ 4 ggon Tauae
SNRe] & 4= YA @l JaL
B we 78 BBS RYAT 289 99 59
Aol Hlal A7) o 59
Atk 4UHOE $S FE HEL HAVE A
& 492 B39 ¢ 4 Ak

mlo
e

[1] N. Levanon, Radar Principle, John Wiley & Sons,
1988.

[2] W. E. Pierson Jr., Comparison of Scattering Center
Extraction Algorithms, A Master's Thesis, The Ohio
State University, 1993.

[3] B. Bhanu, G. Jones [lI, "Object recognition results
using MSTAR synthetic aperture radar data",
Computer Vision Beyind the Visible Spectrum:
Methods and Applications, Proceedings, IEEE Work-
shop on, pp. 55-62, 2000.

[4] R. O. Duda, P. E. Hart and D. G. Stork, Pattern
Classification and Scene Analysis, Pre-published
print of 2nd ed., 1997.

[5] H.-J. Li, S.-H. Yang, "Using range profile as feature
vector to identify aerospace projects”, I[EEE Tran-
sactions on Antennas and Propagation, vol. 41, no.
3, Mar. 1993.

[6] AE5F, 76, A&, "Subclass E S 0|23

588

He BEolNg Hold BN F5al

#e A7, AR HE =74, 13(8), 2002
g 99,

[7] D. B. Fogel, "An introduction to simulated evolu-
tionary optimization", IEEE Transactions on Neural
Networks, vol. 5, no. 1, pp 3-14, Jan. 1994.

[8] K-T. Kim, D.-K. Seo and H.-T. Kim, "Efficient
radar target recognition using the MUSIC algorithm
and invariant features", IEEE Tramsactions on
Antennas and Propagation, vol. 50, no. 3, pp. 325-
337, Mar. 2002.

[9] P. K. Bharadwaj, P. R. Runkle and L. Carin, "Tar-
get identification with wave-based matched pursuit
and hidden Markov models”, IEEE Transactions on
Antennas and Propagation, vol. 47, no. 10, pp.
1543-1554, Oct. 1999.

[10] S. Haykin, Neural Networks: A Comprehensive
Foundation, 2nd Edition, Prentice Hall, 1997.
f11] 1. Kitter, M. Hatef, R. Duin and J. Matas, "On
combining classifiers", IEEE Transactions on

o)

Pattern Analysis and Machine Intelligence, vol.
20, no. 3, pp. 226-239, Mar. 1998.

[12] J. Kittler, F. M. Alkoot, "Sum versus vote fusion
in multiple classifier systems", IEEE Transactions
on Pattern Analysis and Machire Intelligence, vol.
25, no. 1, Jan. 2003.

[13] L. R. Rabiner, B. H. Juang, "An introduction to
hidden Markov models", IEEE ASSP Magazine,
vol. 3, no. 1, Jan. 1986.



0% 2% 3BT ol§¥ EH TR 2379F Hd B A7

IR

20000 29: AEUYRE AAFE 19783 24: Mgy A4S

3 (FEAh % (T84
20029 2¢: E¥FAdgw Az 1982 29: ANgUjgy ARFe
A71F e (FHAAY I (F4AD

19863 24: | Q3lolQ FHY
& (F8HarAh
1986\ 39 ~AA: FarZAH T

20024 39~ 8A): THEH e
A7) 243} w3

[ BARO Yoy EHUA, o

"l

ZAN -

1994 24: ¥Ry Az
271383 (382D

1996'd 29: 2YIIAYGR AA
A71F8% (FHAAD

1999 24: xdFdigy AA
A7 3 (FEeah

1 19993 39 ~2001d 29: ¥&T3}
Wt AR FER A7

20019 3¥~2002¢1 29: ¥gHYGw AAA7) 58
AFZEF

200214 39 ~20043 39: FdoistE ARPREER A
A7

204 49~ Ry AAYRIEE 29
T HHZOH ot EFQY, Holy G4, olFo) NF
Az, Ay

589



