Journal of Computer Applications

P E M A, 2014, 34(1) : 236 - 238, 254

ISSN 1001-9081
CODEN JYIIDU

2014-01-10

http: //www. joca. cn

WEHS :1001-9081(2014)01-0236-03

doi;10. 11772/j. issn. 1001-9081.2014. 01. 0236

ETHBRMBIBRERNHEEDNRIRESHMEITTE

T

*

B

e

(LR Yk TRE% B, TLJ5 Josh 214122)
( = BE1EHE B THRES sding2011@ aliyun. com)

H EANWEERBREDBAANAREEANEREQEALRTAEENRM, FLBIHNE—H
PR ARG RS R e AL, S HAGETHYERDGRRER D REABEH TS ML TR X,
BHEGRPRRAE, #t—F KA 4R 5B A 2 R A SR HAT I8 R, 420 B BB 0 BB RAT A M,
iSRS TR THEBE RS BER D RABAE Tk, BALERRY, TREFZBGHAF TSR L

Wi it 2 R AN SR

KB AT R R AR RS IR B R

RESES: TP273 XEFRER:A

Parameter estimation methods for

pseudo-linear regressive systems based on auxiliary model and data filtering

DING Sheng” (\6
(School of Internet of Things Engineering, Jiangnan University, Wuxi Jiangsu 214122, Chy ao

the information vector, this paper presented an auxiliary model

bas

ufes parameter estimation algorithm

Abstract: For the pseudo-linear output errorregressive systems whos Q'ﬁtiﬁcation,m%@&s the unknown variables in
1
%he

e
function of the noise model and using the filtered a%l at
IS
recursive least squares parameter estimation IW . 1

the parameters of pseudo-linear output errorre st
Key words: parameter estimation; leaﬁqua

Q
0 3% @,\

— A RERE B %ﬁ;ﬁv\uﬁwwﬁxﬂw £y P 18
PRI MR, SR R AR DR A R S fh
SR ]9 R R R R e ) BRI R R S B R M
B, SRGRET BRI, B LIS B H R %, T
FEIRRMEEH RS, Bk, bR Y S 2R G0 ol 5/ — Tk
BHGHTHRR,

FEB/N T FeEHRAIR, Sk 1) E T S8, 3
H T Hammerstein iy H 1R 22 2 50 00 5 B AR 7 528 ¥k /) — 3 9t
PO, SR B S E B, RIVE S LR B SE
fliite SCHR[2148 H T2 FH A BB U8 I ) CARARMA
RIS HE BN T Bk, IHET SO R/ IR BRI L,
BRI LR R AN B EREN, AR
FEBNZS T AR, SCHR [ 3 142 TR BN — AT
HOHE VB B B HE /D RSB T iR I LSRR 1R
I AT B R S A RS, SN
AR SIRAER G, SCHR[ 418 T BT A O UR ok
BN TS, B A B LU T IR ) S
SHET BN T IRE RSB . WA S AR T
FG, SCHRT S )38 ol B AR 25 AL, 8 B A DR 22, 48 40

W B #E:2013-06-07 ; 1£ B H #7 :2013-11-18,

ife lea; t\\r
that was derived through constructing an auxiliary model an rz@ @inner variables with the outputs of the
auxiliary model, but the effect was not good. Furth ﬁy fi ring%}e bservation data with the estimated transfer
1 %]i\meters, the authors presented a data filtrating based
\Ssron results show that the proposed algorithm can estimate
@{ﬁ? effectively.

; pseudo-linear system; data filtering; auxiliary model

T e iR N TR

AR ICHE T H B R B AN BRI BOR B S LR A TR TRk
PR ZE RGBSR T . 2T A ER A £S5 R
AR R E R IR BOR A IR T PR B AR f
N MRS THURPHAAAL, FETT 4R T 2T BB Ay Ok
IR 22 R G B AR B e/ N TSRS EOIR T k. I TT T
P AT 2tk 91 05 38 23 B S EOR IR A R S 5, TR Ak
RILHAIA WEER .

1 PR
BB TAIA GRS T — B bR IR E RS

_e(®),, v()
.Y(t) - A(Z)0+C(Z) (1)

Hrpy(r) e RERGHI (1) e R ZMIZ ¢ BTH0H
AR BRI AE EE,0 € R® BRE RS HIN
B ov(e) REHMEITEN o MEEILEAERS -~ KR LRBE
Fia7y(e) =y -1) RMay(s) = y(s+1),A(z) FC(2) &
BT METWR.

A(z) =1 + a2

C(z) :=1 +ez" + ¢z + o + €, 2

BB nan, Mo, BH, He <O, (1) =0, y(¢) =

-ng

-1
taz +-rta,z

EemE: B AAR SIS IIE (60973043) ,

EEE T THE(1988 - ), BB WITLE M BB 52 A , BRI M R



%14

0, v(z) = 0. BHHM B AR EF FHWIEIE y (1) Fle(s), 1R
BROFEFRRRGENANSE R ¢ METRNMEL o,
(i =1,2,,n,) Fle,(i =1,2,--,n,),

R XA G R B AR R L A 50

_e (1)
x(t) := A(2) )
_v()
»(0 =)
Wk (1) TG H
y(1) = x(8) +w() (3)

Hpex(0) RGBT B, FR O Sk B0 5 i
w(e) FEMREBIRIR R, A MR SO R, BT R
AETIME IR R y(2) & x(0) MERED.ELRRSH
W& S, SRR 6, MGEEASHEE 0, 745

0, :=(cy,6,7¢, ) € R™

REERIEE (1) o, (1) MRS EAE S & o (1)
vigilbsp
o(t)
@ (1)
o (1)

c R et

o(t) :=

o (1) =[-x(t-1), —x(t=2) —x(t =n)]" ?k

o (1) :=[-w(it-1), -w(t -2) -w(t -nQ

A(2)x(t) = ¢'(1)8 Q}
C(z)w() = »(1) .(
=3 RSN 5 4 o Q)
x(t) = [1-4(2)1x(t) + & & ()0, + ()0
(&5 (4)

w(t) = [1-C( +v(1) = ()0, +v(1) (5)
R (4) ~ (5) AR (3) AAFHRER,
¥(t) =@ ()0 +¢,(0)0, + @1 (2)0, +v(2) =

o (D)F+v(1) (6)

2 ETHEARE W RSN R TT
B = [0'(). 8 (1.5 H 9 =16.6.61
22 AT, T PHPURAL(6) , T USRS b B/ — 7

(A7
) =d-1) + LD [y(t) — () -1)]1 (T)

_ P - 1) (1)
L = (PG - Deln) ®
P(t) = [I-L(z)]e ()P(t - 1) (9

H T @(t) 1 @, () s (¢) WERRIRIZTR x (2 -
i) FRFMEAEIT w(t - i), NI IXFhE I AT LB, X B T7
HRETRMEBARRER
HrE— BN AL, B A x, (o) R R E (1)
@ (1) BRI x (e - 0) Fx, (¢ - ) B TRMEREH
@ (1) iLH
@) =[-x(-1), -x,(-2),, -x,(-n,)]" eR*
(10)

TA A THHEN R IEREANEESE RAELREITF & 237
X
a(r) =[-wi-1), —w(t=2),, -w(t-n)]" e R*
(11)
o(1)
(1) = [ @ (1) |e R (12)
éa(t)
HBERIBUCY |
x,(1) = @ ()0(1) +¢,(1)8,(1) (13)
HI(3) FI(5) 15
w(t) =y(t) -@ (1)0 - ¢, (1)6, (14)
B AR w(e) BT
w(t) =y(1) - (1)8(1) - ¢ ()8,(1) (15)

FA (1) FRBER(T) ~ (9) FARAI (1) , T LLEALS 2
T4 B A 3 e B/ — TR
Ht) =H-1) + L) [y() - () -1)] (16)
_ P(t - 1)e(t)
L = T PG - e (an)
{Pu>=[1—LUHé%nPu—1>
P(0) = p,I S

3 %%mﬁ%%%%@%ﬁ%¢:%ﬁ%

Gﬁ?%%i%%ﬁ&ﬁ%&ﬁﬁﬁ%ﬂ#ﬁﬁ@%
s Mz ATFE S R T 0 FE A T A
; /n\ %O

(18)

=

5 P TG MR LS R T AR A

71N 22
.‘g§f>ﬂﬁa>mmﬁw%ucu>ﬁﬂz

]
ﬁ&)mm%umn,ﬁ@)mmﬁu@§e§§§§y)

cunu>=%%JUM+ww (19)
cunu>=%§¢um (20)

BB R RGME R R o () BB AT y (1) Fuk
B x(0) 23R .

@ (1) :=C(2) (1)

x,(t) :=C(2)x(t)

¥ (2) :=C(2)y(1)

FRATLIE
70 = &8

- 1)
x:(1) = (Zéz;

T x,(¢) B iR/ D 3TN -
x(1) = [1-A(2)]1x,(0) +¢;(1)0 = ,(1)0, + ¢ (1)0

(22)

EXERBNE o (1) , S8R 9, 53R

= ¢f(t) p Rn+na
¢f(t) ' ¢2(t)]

071 onen,
0 := [02] c R
m=(21) LA .
y(t) = x:(t) +v(t) = ¢ (£)0, +v(1) (23)
EX PR E .
w(t) := Z’E?) = (D)8, +v(t) (24)

D R FE IR (23) AR (24) PR S



238

S Ny

%34 %

30,0 0, WPA5E/D RHE B
0,(1) =8, - 1) + L(t) [y(1) - (1),(1 - 1) ]

(25)

_ Pt - 1) (t)
L = PG - De () (26)
P(t) = [I-L(t)g; (t)IP(t-1) (27)

0,(1) =8,(¢-1) +Ly(t)[w(t) -3 (£)B;(t - 1)]
(28)
_ Pi(t -1D)e (1)
Lo =5 + @ ()P (1 — 1) gy (1) (29)
P(t) = [I-L(t)gi(¢) 1P (¢ - 1) (30)

mTZI A(2) FC(2) BARRE, P x:(2) | y,(0)
@ (1) @ (1) BARFE,IFH o, (1) HEIx(1 - 1) Mg (1) PHY
w(r) WA, 2% B BRI AR x, (o) R x(r -
D), y,(0) (1) (1) Fw(1) RHEAHTHOE, AT HES 4
TR RPN 2 U B i
o) =[-x,0-1),-x,(t-2),, -x,(t-n,)]" e R"
(31)
o, (1) BIRIMER T w (e — i) FEAETHw(e - i) 0%, 15
TEARBEEE ¢ (1) B8
@ (1) :=[-w(t-1), -w(t-2),~, -w(t-n)]" e R*
(32)
HPhELRIUCN |
x,(1) = " ()0(1) + @ (2)8,(2)
m=(4) FK(5) AIE:
w(t) =y(1) - ()8 - @ ()8,
AR w(e) MIfhIT:
w(t) =y(1) - x,(t)
HiE C(2) Bfhit:
C(z) :=1 +¢, ()27 +¢,(1)z”"

O %
MG (1,2) 3t (1) %ﬂy(t)(‘ﬁ%?§,ﬁéiﬂ
O éu,zmSQ\)
y(t) = C(t,2)y
AT R AR T

@:(1) = C(£,2) () (35)
3() = C(1,)3(0) (36)

EX
~ _ é’f(t)
o8 [éz(t)
BAra(31) ~ (36) [ gy (1) Fiw(s —i) ARER(25) ~
(30) Hrg () Fiw(z —i) ,FTLLRSS ATl i h et
R H [ 17 & 4045 B 1% 8 38 HE & /> — 3 (Filtering based
Recursive Least Squares, F-RLS) ¥R k.
éf(t) = éf(t -1) + Lf(t) [ﬁf(t) - é}(t)éf(t -1)]

] - R

(37)
P De
L = T (OP(- D) (38)
(ro - (1= L) (1) 1Pt~ 1) )
P(0) = poI
51 = o(1) 46, (Dt~ 1) 4 44, ()l - n.)
(40)

¥(1) =y() +& (D)1 =1) + -+ + ¢, (Dy(t -n)

(41)
é’f(t) = [?f(t)
A _[9C
o = [92@)
0,(t) =8,(1-1) +Ly()[w(2) —¢;()B,(z - 1)]
(43)
_ P,(t-1g (1)
L =1 + @ ()P, (¢t - 1), (1) (44)
{Ps(t) = [I-L,(t)gy(t) 1P, (¢t - 1) (45)
P3(0) = p,d

4 RERXE

T AT R B R B SR R R R, B R T B
fENT 4

9=1006,6]" =[0098,045]"

A(z) =1 +a;z™" =1+0.0%" +0.42:7°

Cz) =1 +ez" = 140.197AKN

PIECRT, {e(e) | RAIBE &%Fﬁu,{v(m FAE
¥ETT =0.10 75  BUBHIEK BE L = 5000, 53
T Se 5 Eﬂ“@ /N TSI R T IR 1Y

537 -‘@Q%%ﬂﬁ%ﬁ#ﬁ&%?%%%%%

HFRVTRZE S .= | 0(0) -0 /]| 0] x100% , 2845

S I ¢ AL RN 1 FR

-2
+ a,z

o220
W05k
0103,
0.05}

0

0 1000 2000 3000 4000

t
1 SHhHRER AR
M 2 AT i BB I s, A B B S 1T
R B B EAE AW, B IR AR R A R,
ETWRMH TSRS REER .

5 %

ASCHRW T BT RIS ALR B R D e ST
KA THCHE IR B3 B AR B /N — SRS HUG T T, &
BEIr R B AL, PR BB e AR R A
AR E, 3 ELAAG T RO M P SRR R G A T UR B ST A5 R
HIPEILI T RN o RS SE AT IR DL M iR 22 &R
GURLAL, 3R T LA 3 /s SRR AR B BRI ARG T i AT B
.

S X3k
[1] DING F, SHI Y. Auxiliary model based least-squares identification
methods for Hammerstein output-error systems [ J]. Systems & Con-

trol Letters, 2007, 56(5): 373 —380. (F#% 254 ®)

5000



254

S Ny

%34 %

[14]

[15]

[16]

[17]

[18]

[19]

[20]

based on multiple feature points[ C]// Proceedings of International
Workshop on Intelligent Systems and Applications. Washington,
DC: IEEE Computer Society, 2009: 1 -5.

YUAN F, ZHOU Z, SONG X. K-means clustering algorithm with
meliorated initial centers[ J]. Computer Engineering, 2007, 32
(3):65 -66. (RJ7, AEE, K& WHRED LA k-
means 35 5[ J]. THEHL T, 2007, 33(3) : 65 - 66.

LAIJZ C, HUANG T J, LIAW Y C. A fast K-means clustering
algorithm using cluster center displacement[ J]. Pattern Recogni-
tion, 2009, 42(11):2551 -2556.

CHANG CT, LAIJZ C, JENG M D. A fuzzy K-means clustering
algorithm using cluster center displacement[ J]. Journal of Informa-
tion Science and Engineering, 2011, 27(3):995 - 1009.
ZHANGM W, LIU Y, ZHANG B, et al. Concepi-based data clus-
tering model[ J]. Journal of Software, 2009, 20(9): 2387 —2396.
(KRBT, 3%, K, 4. — R T HES IO MR J]. 8
124, 2009, 20(9) : 2387 —2396. )

LARSEN B, AONE C. Fast and effective text mining using linear-
time document clustering[ C]// Proceedings of the Fifth ACM
SIGKDD International Conference on Knowledge Discovery and Da-
ta Mining. New York: ACM Press, 1999:16 —22.
ANDRZEJEWSKI D, BUTTLER D. Latent topic feedback for in-
formation retrieval[ C]// Proceedings of the 17th ACM SIGKDD In-
ternational Conference on Knowledge Discovery and Data Mining.
New York: ACM Press, 2011: 600 —608.

WANG X, McCALLUM A, WEI X. Topical N-grams: phrase and
topic discovery, with an application to information retrieval [ C]

Proceedings of the Seventh IEEE International Conferenc

[21]

[22]

[23]

[24]

[25]

[26]

Mining. Washington, DC: IEEE Computer Society, 2007: 697 -
702.
RUBIN T N, CHAMBERS A, SMYTH P. Statistical topic models
for multi-label document classification [ J].
2012, 88(1/2):57 —208.
SALTON G, BUCKLEY C. Term-weighting approaches in automat-
ic text retrieval[ J]. 1988,
24(5):513 -523.
JIAX P, LIU HZ H. Latent document similarity model[ J]. Com-
puter Engineering, 2009, 35(15):32 —-34. (B PE, X|¥EK. —
FRBTESCRYAE R AL T]. JHRML TR, 2009, 35(15):32 -
34.)
CAOJ, ZHANG YD, LIJT, et al. A method of adaptively selec-
ting best LDA model based on density[ J]. Chinese Journal of Com-
puters, 2008, 31(10):1 -8. (H18, W B LK, THIE. —E
THEEN BB BB ERE B[ 1], THEPLA: R, 2008,
31(10):1 -8.)
WANG L D, WEI B G, YUAN J. Document clustering based on
probabilistic topic model[ J]. Acta Electronica Sinica, 2012, 40
(11):2346 -2350. (EZE4, MER, BN ETFHERFEE
R SCRY R K[T]. B T3, 2012, 40(11):2346 —2350.)
ZHANG M X, WANG S G, WANG Z Q ?ature selection algo-
rithm based on LDA for texts cluster 9 omputer Development
& Applications, 2012, 25(1 %?5@, FEHK, TEB.
[J]. s MTF% 50, 2012,

1\ A %ﬁﬁ% ) : 5
t n SogouT)[EB/OL] [2013-05-01]. hittp: //

labs/dl/t himl. (876 B IERE L E] EB/OL .
(2013 05- 01] hitp: //www. sogou. com/labs/dl/t. html. )

Machine Learning,

Information Processing & Management,

(%238 R)

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

swe

WANG D Q, DING F. Input-output data filterin, bas
least squares parameter estimation for CARAR &ems [J]. Dig-
ital Signal Processing, 2010, 20(4):
XIAO Y S, YUE N. Parameter for nonlinear dynamical
adjustment models [ J]. ﬂcal and Computer Modelling,
2011, 54(5/6): 1

XIE L, YANGH Zs,ﬁlNG F. Recursive least squares parameter es-
timation for non-uniformly sampled systems based on the data filte-
ring [ J]. Mathematical and Computer Modelling, 2011, 54(1/2):
315 -324.

DING F, CHEN T, QIU L. Bias compensation based recursive
IEEE
Transactions on Circuits and Systems II: Express Briefs, 2006, 53
(5): 349 -353.

DING Feng. System identification new theory and methods[ M].
Beijing: Science Press, 2013. ( T4#. Z&EHINHSIM]. dL=:
Bl HRFE, 2013.)

SHEN C, SUN Y X, HUANG L P, et al. Improved fuzzy auto-re-

least-squares identification algorithm for MISO systems [ J].

gressive model for connection rate prediction [ J]. Journal of Com-
puter Applications, 2013, 33(5): 1222 - 1229. ( H1 2, $hiK i, 3§
V-4 BN E [ AT 7R T ) 4% Bem S iy i A (D]
PR, 2013,33(5):1222 -1229.)

LIU S R, ZHU W T, YANG F, et al. Multi-feature fusion based
particle filter algorithm for object tracking [ J]. Information and Con-
trol, 2012,41(6): 752 - 759. (X 13, SR£fHiE, BN, &. £T £
FHERLA R T IR BAREREREE[T]. 15 B 54, 2012, 41
(6):752 -759.)

LIMY, BAIP, WANG X H, e al. A precise synchronization meth-

9“‘

[10]

[11]

[12]

[13]

[14]

od based on iterative least square algorithm [ J]. Journal of Electron-
ics & Information Technology, 2013,35(4): 832 - 837. (Z=H[H,
WS, e, & BT A ek R R 07
[J]. BT 5 R4, 2013,35(4):832 -837.)
WANG H B. Research of information fusion technologies and exist-
ing problems in the Internet of things[ J]. Application Research of
Computers, 2013, 30(8): 2252 —2255. ( Fubik. Wik ™5 2Rk
EHARFEWE BB [J]. TR AR5, 2013, 30
(8):2252 -2255.)
CHEN P, QIAN H, ZHU M L. Weighted minimum mean square
Kalman filter] J]. Computer Science, 2009, 36(11): 230 —231.
(BN, ER8%, RARR. BT mis/ iy RRSEHEE S
[J]. FEHRE, 2009,36(11): 230 -231.)
XIANG W, CHEN Z H. New identification method of nonlinear
systems based on Hammerstein models [ J]. Control Theory & Ap-
plications, 2007,24(1): 143 - 147. ( (A5, B 21§, T Ham-
merstein BIEIRRIE AR R IE R G HHRAF T s [J]. BHHEBS
WA, 2007,24(1):143 -147.)
WANG Y, LIAO Z, PENG C. e al. Subspace identification of dis-
tributed order systems in time-domain [ J]. Control and Decision,
2013, 28(1): 67 -72. (EiK, B, B8, 5. AR RGN
BT TRHA [1]. Bl 50, 2013, 28(1): 67 -72.)
LIU F, ZHAOF J, DENG Y K, et al. A new high resolution DBS
imaging algorithm based least squares linear fitting [ J]. Journal of
Electronics & Information Technology, 2011, 33(4): 787 — 837.
(XL, RE, ol & BT RN - REXLENS
IrHEER DBS RS E: [T]. BT 515 8 24R, 2011,33(4): 787
-837.)



