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Abstract

This paper deals with the AR Identification of unknown system using cumulant, which is the 3rd order statistics of
output signal in the presence of the noise signal. The algorithms for identification of unknown system, we applies to the
AR identification method using the cumulant which is possible to the guarantees of global convergence and the
representation of amplitude and phase information of system among with the method of parametric modeling. In the
process of identification, we considered unknown system to the one of AR system. After the generation of input signal, it
was being passed through the system, then We use the its output signal that the noise is added. As a result of
identification of AR system by changing the signal to noise ratio, we get the fairly good results compared to original
system output values and confirmed that the pole was located in the unit circle of 2z transform.
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Fig. 1. Unknown system model.
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3. AR Parameter
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Fig. 3.1. Signal processing flow.

Fraquency Response of Unknown System
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Input signal for system identification
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Fig. 3.3. Input signal for system identification.
F3tHth 219 31 & 2 A EHJAE HF AE A

35 34 & vehd Aol

29 32 & 0¥ 439 Binary PAM A3 1R
Axgoz wPY mx N2dY Fihs 54€ o

B A m
29 32 (a) 9 Binary PAM A3E (b) o F34
4e e vAe N2de FHS ¥ 94D Az
e A Agol $ihse] 29 AEE
¥ ol vA A2dY FA5 54 A4L9P
delelz ALgdt 29 33 & Asd Aeu
A% F0e 54 4Ee 99 99 NS

H S 3

o 2 m -llm
JE o do ox

?_1

4] AR A% 4 74T4 e A ol AR
o AFE p—4q B RGO AEYH F&HE 0B

5dB, 10dB, 15dB = W&A|7|EA A8 Aol A}
A AR AE A9 wA Y A|xde At Hws)
Aok E 31 & "R Y Azdd A Asd FeH 7t
5dB, 10dB dwjel A A3 A28 AsE JErd

Aolx ¥ 34 = A3 ZEHE e HEhA
A Add" AR AFE A Al2ge A5 el

A22ZA Asd F5u7t 10dB ~ 15dB WHANA &

E 31 01X AAE Aot Al AlAHE A

Table 3.1. Unknown system and ldentified system coefficient.
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AR A ARA5*(5dB) ARA+(10dB)
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Fig. 3.4. AR coefficient by changing of SNR.
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