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Performance Comparison for Radar Target Classification of
Monostatic RCS and Bistatic RCS
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Abstract

In this paper, we analyzed the performance of radar target classification using the monostatic and bistatic radar cross
section(RCS) for four different wire targets. Short time Fourier transform(STFT) and continuous wavelet transform
(CWT) were used for feature extraction from the monostatic RCS and the bistatic RCS of each target, and a multi-
layered perceptron(MLP) neural network was used as a classifier. Results show that CWT yields better performance
than STFT for both the monostatic RCS and the bistatic RCS. And, when STFT was used, the performance of the
bistatic RCS was slightly better than that of the monostatic RCS. However, when CWT was used, the performance
of the monostatic RCS was slightly better than that of the bistatic RCS. Resultingly, it is proven that bistatic RCS
is a good cadndidate for application to radar target classification in combination with a monostatic RCS.
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Fig. 3. Targets for simulation.

Target B

o] g3t AXtsAT. FIg= 7.8125 MHzol| A%
Bl | GHz7}A] 7.8125 MHz 7H4 2.2 128¥1E A Z
gatglom, Av} 2h& 90°2A) HHO| A8 Ao
1H3Yh B2HE RCSE £541712 000 1L
AN F FAE 00 1502744 HhAA) e g
AN 7Y Asksta, o] 2~ RCSE ??*17]
S 247t 009} 45° 2 AT F RAS 0°FF 150°
7HA] JIAA ko 2 S1HA17IH Al Lket gt

Aok o Al STFTSE CWTE
ste] 74 Aol sl EA4 HEE FE3Hh
Zy 9]zt tiate] FE3H,

W 2719 g HolEE AMEE 75709 &
= dlolele} HIAE doJetE AREE 76719 A5
2tz "oletE FEHT STFTE 95§ ZolZ 15
nsec, 23 nsec@ 3t Ztz} 128x128 A2 A
EE d3om, o]AE& 4 74”}“?'#7 o E&40=F
ARE-317] S13) 8x8 AH O 2 tEate] ZH7} 64 AF
o] EA WES Atk CWTE wavelet basis 2]
24zt A1 7F 2 F315 QAT waveletd] A4S U
= a9 t, 5 o =05GHz 2 t, =3 nsec¥} a=
0.3 GHz™?, t, =2 nsecZ W77} 128x128 2+
o] 54 WEE 4tk CWTE STFT9} PRR7HA| &2
A4S 011611 a7} Q7] e, $4 14
A7 10 nsecE 7|02 27] A
7+ 37 A]{ho_i TFESAL 27] A7) 7
AL =L O Folok SRR 48 AFUSE G
stRom, $7] Azt g Fuk eI o F
ofof StELZ §x4 YO 3T o]FA CWT
£ o]&3te] 32432=04 A9 54 WHE A

_‘\’ rz _11rn £
ol ox ofo

O
~

Z

ol e -10 > o fu

{

33 BN 72 43

Bx=~eE RCSY Hlo)~EE RCSY FAH FE A BA

£ AFgX e BH& 28] AsiA 2719 &
YZ(hidden layer)S 7}A|2L 1= MLP A1 3W-S o]
Stk 1WA 295 o
1/27H-4 THE 7HAH, 2A &
T waFY 13749 wd& derh

W 150°¢] 54 #WEf dlojg}
O]E}g‘ A1 74% 8H5(training) H|©
o, A 459 HoJgE HZE
L340 3 gukEo g ot AseE T2
Po] o] glovg §7 FTEI)E= F
bust)aiofF @c}. 2ejA -2l MLP A g
Ao A <5 dloleld] WA F-S(white Gau551an
noise) S F7Fate] 5ol wi-¢- s FE7E
A A, FE) 5L Eol7] A& H 11]
F L7710 o] 2 w7A s AZh I 4
9,]— a9 5+ 44 mxAEHE RCSQ]r H]—O]/\EHFJ
RCS-4 SNRoJ th3t & 352 Yehd Aotk +

T g8 AAS =ol7] A3l 10039 2H7HE
Z Ay olds sk 17 49 IY 5E B
WY g Rl Rie2EE ) vlo] 2E g #7]
$lo] STFTE L CWTE o83+ A4 WE7} ¢ &
;Q].E o] =2 74& 3‘;}0]6} 4= 9l 1;]_ 1:1:—5]_ }\EHF:]
AME Y% Zo|7} 15 nsec] STFT o =0.3
GHz % t,=2 nsecS! CWT7} Hlo| e go A=
ACE 73‘0]7} 23 nsecQ! STET9} a =03 GHz 2
t,=2 nsec®l CWT7} A4z 9 Y& A

AR

c,\~
2
&
=
o,
o
fru
>~
>

Correct classification percentage for monostatic RCS
usmg Monte Carlo simulation a 100 times

S
=]

©
S

©
=}
T

~
=]

o
S

Correct classification percentage
[o2]
3

IS
=]
VN,

[/] —=— STFT of window length = 15[nsec], Monostatic case
;0 A b | #00 STFT of window Iength = 23[nsec], Monostatic case
vvvvvvvvv ~«=-CWT of a = 0.5[GHz] 2 and t, = 3[nsec], Monostatic case

w
=}
T

----- =CWT of a=0. S[GHZ] and t = 2[nsec], Monostatic case

20l i T T
-10 -5 0 10 15 20

SNR [dB]

2 4. ®:=2~efE RCSS) SNRO| tje T &
Fig. 4. Classification probability for SNR of monostatic
RCS.

1463



SBEEHEEERGE B2 5 FH125 2010FE 128

Correct classification percentage for bistatic RCS
using Monte Carlo simulation a 100 times

90

80

70

60

501

/ —=— STFT of window length = 15[nsec], Bistatic case
# STFT of window length = 23[nsec], Bistatic case

40

Correct classification percentage

20l i ----- CWTofa=0 5[GHZ]’2 and tu = 3[nsec], Bistatic case
==m==CWT of a= O.E‘:[GHZ]'2 and to = 2[nsec], Bistatic case
20 i I I T I I
-10 5 0 5 10 15 20
SNR [dB]

T8 5. Hlo]~H|E RCSS] SNRel| the & &5
Fig. 5. Classification probability for SNR of bistatic
RCS.

Correct classification percentage
using Monte Carlo simulation a 100 times

100

% T

80

60

501

40-

Correct classification percentage

= STFT of window length = 15[nsec], Monostatic case
—=—CWTofa= O.C'![GHZ]'2 and t, = 2[nsec], Monostatic case
30

0
“““ o STFT of window length = 23[nsec], Bistatic case
ao CWT of a = O.GL[GHZ]'2 and t; = 2[nsec], Bistatic case
N

4 o, nio]~ej g7t Ri=2EjE RCSOl| i) CWT
9} STFTE ©]-8-3to] &o} 2 confusion matrix©]Th. ©]
A w3k A9 Ade] A3 Fol7] $ske 100
3o BHZFERE Algdolds T3t CWTE
a=03 GHz ?, t, =2 nsec, STFTY] Y= do|=
15 nsec¥l 7ol thafj A5k YeR Act. T3k 7670
o] HIAE HloJgE AHESIATh & 19 ARE

Q
ofetd T3t 2ok & =&l AHE ¥ R4E

E 1. SNR 10 dBlA9 confusion matrix
Table 1. Confusion matrix in SNR 10 dB.

(a) CWT for bistatic RCS

Actual Classification
class A B C D
75.03 0.75 0.16 0.06
B 0.45 75.23 0.02 0.3
C 0.7 0.16 73.13 2.01
D 0.5 0.25 4.9 70.35

(b) CWT for monostatic RCS

Actual Classification
class A B C D
74.08 0.32 0.86 0.74
B 0.56 74.94 0.06 0.44
C 0.87 0.06 72.92 2.15
D 0.27 0.18 1.9 73.65
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Fig. 6. Classification probability comparison between mo-
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(c) STFT for bistatic RCS

Actual Classification
class A B C D
65.35 6.56 2.59 1.5
B 3.37 68.87 1.36 24
C 1.19 0.14 64.67 10
D 0.94 1.38 11.22 62.46

(d) STFT for monostatic RCS

Actual Classification

class A B C D
A 62.03 2.88 8.63 2.46
B 4.32 68 0.53 3.15
C 2.87 0.16 63.73 9.24
D 1.46 3.12 9.81 61.61
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