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Fast Adaptive Parameter Estimation Algorithm using Unit
Vector
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Abstract

This paper proposes a new QRD-LS adaptive algorithm with computational complexity of (O(N). The
main idea of proposed algorithm(D-QR-RLS) is based on the fact that the computation for the unit vector of
is made from the process during Givens Rotation. The performance of the algorithm is evaluated through
computer simulation of FIR system identification problem. As verified by simulation results, this algorithm
exhibits a good performance. And, we can see the proposed algorithm converges to optimal coefficient vector
theoretically.

Key Words : Adaptive filtering, Givens Rotation, QR decomposition

l.A & An 9 F4 59 SolA Heol T4 %3t
whlol LMS Ael @uelFe] 4ga4s 4
o 3 == ° EN
AERH AV SRS ASHEE g 2 age 2uEg0 D959 Foet 4
avselsen, GES, ACl SAEE SN g avsE agn we avdnd A
0}:" .9.8. ) D) =20l = A
S S8l A A FEAE AN el 1S AR 2meze el 25
= = LM o] grarg|Fo] wol A s
el T IS R ”i‘; VEA M Mas) enasse wmsaning. 2oy
A NS AGE GwAe s ALy g nazee avn et 2ol #47
L = OFA = =0 2= =]
ek - 085 AR ¢ 2008617 Aol HEd AyAsel Aaph sk



C9l MEIS 0|83 1% XE A4 oS 2E
e QRES 2AF LS G E 94 A4 I =2
Fe oNHolelA el A AN Fole)
or 0N e 2.1 QRD-RLS
= A7Eo] UIH56l ] ]
QRE 788 HEES U Mele argol B a (el distel S Asks 9
Wale 4 2ol g AR A ejgity,

tjsle] Givens 34 Hi= Householder

Zk o

R

gl sl Ak
& AAAHo7 A

substitution)S #-&3fo] 3k}, o

O
=

L

ofo

ol

on

)
o

L
o,
ko
[0
il
>
ﬂ
>

R o lo o df

S
= 4

2

ot

o

oX,
N
[o

o
fo @

tjo
)
AN

A
rie
e

oj| &

(o3
o
5
>
grlr.ﬂ

= ol
= m;‘o
o

R %oﬂﬁ A

=
e
L S
M
et
'3

oy
N
o

>~
-
o

N
ﬁ_4
0_1_4

fo ox 3o mx
& o
o
ol
ol
ol
Q

B
2
(o
i

£ 2APES AgE

LES W [¢)

o &
S}
2

.
R
B

gy

2 Ho

o I

Householder ¥ 24
7k YEbde
2 =il e 9] ZAFsE RS AR
Aol A o] AY8HE o] §8to] Givens 3| & )
WHASHE sine THEFHE] 9} cosine I E 9] gh&
°18%  D-QR-RLS Ak,
D-QR-RLS ¢x]5el Autde o) olth

rSL‘ e

g} 2.2

e

OE]':I_Y— = =2

2340 M = Agtd gl Aes Brtet
7] $15ke] D-QR-RLS®] P4 =9t =55 o
ato] wFdt MAAA e Lo dd 1A
FIR A &85t AP AleE 26 FIR Al 2Fe] A
25l A A ] D-QR-RLS &1e5s 48 1
Bos Bk AT AR B 1E2S =
a3

e(n)=dn)— x (n) w(n) (1

FH A Aol

Aol 919 0 AE Hada] 9
A Treel vl g3

g #Haseopau
@)

8(n) = Z?\” le(d) *

oA7IA e
0A<12 Aejd.
2 2% s

W2 A= (forgetting  factor) 2

3]

2 gE 9

B2

e(n)=dn)— A y(n) win) O
Y= Q(n) A (n) e(n)ll® 4
Q(n) A 2(n) e(n)< vkt 2ol & = Slvk
Q(n) A Y2(n) d(n)
Q(n) AY2(w) A y(n) w(n)

®)

Q(n) A (n) e(n) =

471 Q(n) A PPtk

2 6)NA  x ()= Givens 31 A17]7] 913
M7 e] 3ol dasit.
Q. Q [?»”2R(n—1) [R(n)]
. ! x y(n) (0]
M2 p(n—1) »(n)
Qu @ [ d*(n) ] [ e(n) @
9] Ao A A e Aoz e 4+ 9)

t}.

R Yn) p(n) ®)

w g(n)=



2008 6 o=RQIEIULES

Al o] ALEE back substitution© =2 -3}
AY 9 QR(inverse QR) Wy oz 3 4 gt}

2.2 D—QR-RLS &12|F
1% D-QR-RLS WHE FEG We Faui
A (7917 fA 919 4 ©)34 4 (DF skt

o WA ow mHsA,

AMZR(n—=1) | AM2p(n—1]_[ R(n) | p(n)
U™ Jniy 1 dtw) ] [ 0 | e(n

9

2 (9EFE tg ol AsHEE 78

0]
AR

71.1(”)“)1 :171_7’1,2(%)w2—"'—VI'M(n)wM
7’2,2(”)“)2 =1>2(n)—7’2'3(n)w2—'-'— rZ‘M(n)wM
7’3.3(”)“{3 =ps(m)——ry y(Ww y

rM,M(n)w.M =p u(n)

ro )=V N2 (i— D12+ [ V()] 2

(12)
A 1/27, ) (1’[—1)
cn)= 4@’—7 e (13)
x (i— 1)( n)
S l(n)z r: Z(%) (14)

e A2 4 (12), 4 (13) 3 A (14)°]
oo oflel AHdM 4 A2e 9H
[NV (=1, x§"P(w]e 2715 e
St e (& A (-1l BEEE
BRAIL 5 ()2 7 D)l & HEHE Hekd
s (e 9E A EE] SHHEHE A
s dd aER Ag WHE tds exE
s (n)°l ¥ (projection) AlF o2 & 4= 3l
ASHE o 3 LMS FEl 2 th33) 2o
gt
wn)= wn—1— s(n)a yn) e(n) 15

E 1, Mot=l D-QR-RLS «1z|&
Table 1. Proposed D-QR-RLS algorithm.

a=1.0, Ti,i(O):S
for n=1,2,3,..., Ndata

e(n)=dn)— x "(n) wn—1)
for i=1,234,..N

r o=V N7, (n—D12+1a i px ()] 2
A 1/271_ ,'(n*].)
c{m= Vi,l'(n)

a ;-p(mx ;(n)
Vi,i(ﬂ)

S i(n):

a (i)(%): C i(%)a (i—l)(”)
end % loop
for i=1,2,3, —— N

w n+tD=w (W)+a yns (n) eln)
end %i loop
end %n loop

darg]Fel EdIgolA AR ¢S @ K (priori

estimation error)7} QoA B2 ALE oZ QA=



CHel HIEE 0|85t 14 XS A4 ofF Lu2E
&3 o] ek Ele ()] =E[[1-M,(mx (n) x “(W]e (n—1)]
— E[M (m)x {n)v(n)]
a (N)(n) i—1C Z(n) (16) (22)
olake] A= 7HA 1 % 1.9 D-QR-LS <z AZIM x(n), v(n)°l FHAAZE gtk 7t
TE AR A wA N, Bl 2N 2 A o] £ e
Aw NHolth & o(n) Q] gagFolrt

2.3 D-QR-RLS ¥12|&9 ey

D-QR-RLS OLF’—?J%O] pi
o) £k %
w2 zéaow

H
2k

i

x| A S

=
rg B

|
|

2L

7
7

f
EN

w(n+tl) =w (n)+ = (M(:f):(;)—n(%)

=w (W+M;(nx;(n) e(n)

17

HH AFNE ik A5E 0 ()T AT
Q2 WE & o33 2ol Aejsiak

e m=w'y—w (n) (18)

Qs Swe ey 2o,
dn)=w’ x(n)+ v(n) (19)
A7 w o PIAE AIEE S| E ol

p(n) & P72 4 (17), 4 (18) 2
4 1994 Bl 48 9 4+ 9

= ==Y

em)=¢(n—1)—M;(m)x n) e(n) (20
q71A A= ohg ) 2
e(n)=x"(n) e(n—1)+ov(n) (21

21 (200l 4 2D<=
IR E= e

W e F e A

x {n) e(n)

Ele (w] =E[[1-M;(mx (n) x "(n)]e {n—1)]
~[1—EIM;(W]Elx (n) x "(m)]1E[le (n—1)]

(23)
M(n)e A 245 WA ALtksiaL
__Ele (w(ma ;- y(w)]
ElM(n)] = Elr (] (24)
Ela (=T Ele (m] =21 (25)
B ()= ELEe DL e
A i~2
L ()] =S )
2 (24)9] A Ayetd o 2
Ela (p(m)a —p(m)]=A V2 (28)
21(28)7 21 (290 21 (26)ll tiYgatH tha 2
S derh
A (V+D/2 B
E[M (n]= \/ = \/07 (29)
1— ?\
ol7|A B .= o Zrh
B, =AV1_\ (30)
B ;& WZAI (forgetting factor)¥FO.E2 o] Fo]
7l gharoltt,



2008 6 or=QIE{ES

ARDANA Elx (n) x “()] ~ E[x%n)] 012
AR el g A,

1—E[M (m]Elx (n) x "(m] ~1—E[M (n)]ELx ()]
~1—-B l.\/oi2

X

(31

ae|a

Fo] 4

1-8 )02 & 1HThs 2 1o 243
52 7 A E

202 ol w

o] #rh

o

Tk 4 BDS 94 4

R

JElsHAl Ht. Alg 24 W

=
A=)
RuN

o

fol
o

rir

_E‘

Ele (m)]=Q1—8 )02 ) "Ele ()] (32)

AR on AEHA Best gol HHAT
W] EE solt

Ele (w]=1—B y0%) "E[e (0)] for i=1,2,+, N
(33)

34 (609 B 5 4 (33)9] BE <ol tiY)

N r
L >
o ox |l
fr rlo po

% of o

0<A <1 (35)

X (ensemble average
learning curve)ol] tate] A o2 ARt

e(n) =dn)— x "(W(w ,— e(n—1))
=ec,(n)+ & “(n—1) x(n)

(36)

x (n) @ = H(independent)©] 3L 72 0, A
0l& Zeth
FRE Ao SrEade vhe A 2ol A9
i,

J(n)=E[R(n)|*] = Elle ,(n)| *1+Ele Ln) x "(n) e(n—1)]
+El & (n—1) x(we’ (w)]
+E[ & (n—1) 2(n) x "(n) €(n—1)]

(37

]_

ot

Qe Al 3 E o] uncorrelated o] gtk 7HA
1—0

1 e =

Jo) = 0%+ SLEL (01 (w ,(n= D= w ) 1]
~02 402 ZZNlE[(w (=1 —w')?]
(39)

A @6l 4 @De] Aug
g 2ol 4L FE & 4

J(n) =0% | for n—oo (39)

WEAS w(n)S 2 (0ol F3A# FIR A
289 &9 y(n)E AU
y(n) =u(n)+0.5u(n—1)+1.5u(n—2)—2.0u(n—3)

+2.0u(n—4)+ v(n)
(40)

u(n) T p(n)E Aol 10]a1 Hito] 021 7k
A3k ghgoleh AR FARE w(w)E uln)
o] tisked SNH|E -60dB, -30dB % -10dB= 3}
. 19 Lol $/N¥E D-QR-RLS Lg%

¢ vehiich 1gela o

a5 T %ol 4
54 F5e SNl rHde &+ U

Ay oo T



MSE of D-QR-RLS Algorithm, 3,=0.998, §=1/1
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Fig. 1 Learning curves of proposed algorithm

E[W] of D-QR-RLS Algorithm, 3,=0.998, §=1/1
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