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Recursive least-squares and minimum-norm algorithm for
system identification without persistent excitation condition
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Abstract: The widely used least-squares algorithms for system identification rely on the assumption that the sequence of
input vectors satisfies the persistent excitation conditions (PE conditions); however, this condition is difficult to be realized
in most cases. For this purpose, a recursive least-squares and minimum-norm (RLS-MN) identification algorithm that
does not depend upon PE conditions is proposed. First, the structure of the solution space of the least squares algorithm
is analyzed and the parameter identification problem is converted to an unconstraint optimization problem by using the
penalty function method; and then, an iteration-recursion-based identification algorithm is presented by unifying the process
control parameters, such as step width and penalty factor. This algorithm is proved to converge to a unique least-squares
and minimum-norm solution vector when the control parameters satisfy the given constraint conditions. Finally, simulation
results are presented to confirm the validity of the algorithm without using PE conditions.
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L6tk RAEHFR —H & RG R 2= 56 TR
ATE 5T 0 E AR HE s R e R I R AR 2
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y(t) = WE(t) - p(a(t)) + v(t). (1)

WeAe H 13: 2007—09—11; f& ek H #3: 2008—10—31.
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solution space for least squares algorithm)

WRS () W NRBFEARER T = {(x(p),
y(p)),p = 1,2, t}, Wt 2500 W () 4 B
NTIR(LS) SO I RAR AR Ky

S(t) = {Wis(t)|D(t) - Wis(t) = P(t)}, (2)

e (¢) MLP (¢) Ay Han B iy it -1 g g A

P(1) = z 8P 3@ (p) ST ®), B

P(t) = 2 07 - é(a(p)) - y(p). @

HA0o < 8 < 1S KE T
27 =7 A{p(x(p)) itk RPESL A, WD (¢) 2k
AT B, e s — R PR SV L LMSET L RLSH
RSP EEAS BIRRAES (¢) P IR e — S A i
Wis(t) = &7(t) - P(t). (5)
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3 b /D & /D 0 BUH R (Recursive
least-squares and minimum-norm algorithm)
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W(t) € R™. (3)
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W(t) = lim W(tp). (10)
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W(t, pu,k+1) =

W (t, p, )— R[(L+p- P2(1)) -
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A2 (20) BT
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W(k+1) = A(k)- W(k) + B(k), (23)
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Gy FAET R 7 PR B e} 22K 7855 TG A2 -

b i > 0,1, — 0
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Hi = e s PN B4

I 3. (15) 1 75 (IIRLS-MNSL A 7] W (k) Kl
B S8 T e /N —3fe s e /NS BB W . BRI AT ] A7)
AW (0)EACHE, AW (k) — W™,
W (WE - <
W B =W () | [ W () =W |-

FH 3G UE | W () — W[ — 0. F i
UEW([W (k) — W™ (p) || — OBZAL.

R LAsHF X 22), 7THW (k) = W(k) —
W (g )ZR 78 4 W B AR 26 1 R G R & 7 2B
W

W(k+1) = A(k) - W(k) + B(k). (24)

Hrp
A(k) = (1 = )T — nupuy, - D2, (25)
B(k) = W*(px) = W (t11)- (26)
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2
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PIEAAIN[AK)]] <1 =, /]
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1<ign

e >0,m = 0F Y n =
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d 2 3 .

2 E:X'uk h 7k, IL:EF[O < d < ﬁ’ B = - 2%

max ¢z (2)|. [Pl

U5 (15) 7 72% FIRLS-MIN. 345 K i FEl e 84 T B T o]

NI S/ NE RV AR, y

5 fE sz 45 B (Simulation result)
T BE FIARLS-MNSEAE AE RS 4% AF

I TR A A AR A - R M, B AR
KR 22 A A BOAS A2 1R /NI P 0 I 285 11 2 > ) 7,
FRLS—MNSLVL L W TR 2 FIRLS HkHEA T ELAL
R R SN e R S SEX ERE SR

y=fz)+v=

(2* —2x+1.5) x (sin(47x)+0.125 - cos(267x))+

0.125 - sin(27z) + 2 + . (27

Hrp, 2z € [0.1, 1), millie Ao ~ NJ[0,0.05%], Bl
T 20X BB AT R A, 2 SCHRI8] A1 5K T7
TR B 2R /NI 19 28

Y(t) = i_vjlw,- - @i(z(t)). (28)

Hrhp(z)(pr(x) = 1)ADBFHERE, N = 50.
N BRI REW = (wy,wy, -+ ,wy) I
o M, R R R AR L RF LS 3L
(1) FE ) 8 ] DR B, 2% S FE AR AN 50N T 1)
Ho(r) = (p1(2),02(2), -+ on (@) THTHERLN B,
et B F A { (2 (p)) }—E AN LPESAE. 435
FHRLSH 72 FIRLS—MNS 126 X (28) 8 & £ gk 47 2%
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6 45i&(Conclusion)
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AT BEARAUE U I 2 AT SR A ST Pt — ) Moor-
Penrose) X ¥ JE 3 1) S AL AR (IE A BE R AR, RN
FRRSE, 45 B H e,

2) RLS—MSH LSRG 1 s AR A AT LA FE A
(158 22 50, T HLAS S L 2 50 1 s R0V B0/, A
T BE A U075 1h 2 ()R ] BE T 2. FE AL A% 2 3 1)
TR £ RO T EGEAL B R A, R
Grebfyn it — DA, LIRS ) B, X R TR
R RGN ARE .

3) RLS—MSH Vv 55 1] B, 44 il 2 £k B E W,
TEHFRS B D R I DL, JURE s 58 .

A2, RLS—MSHVAAEFE IR TR N R
F, FCSIOH B S5 RE SR Al i LAk — 20 o
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