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(Adaptive Bilinear Lattice Filter (II)-Least Squares Lattice Algorithm)
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Abstract

This paper presents two fast least-squares lattice algorithms for adaptive nonlinear filters equipp-
ed with bilinear system models. The lattice filters perform a Gram-Schmidt orthogonalization of the
input data and have very good numerical properties. Furthermore, the computational complexity
of the algorithms is an order of magnitude smaller than previously available methods. The first of
the two approaches is an equation error algorithm that uses the measured desired response signal
directly to compute the adaptive filter outputs. This method is conceptually very simple; however,
it will result in biased system models in the presence of measurement noise. The second approach is
an approximate least-squares output error solution. In this case, the past samples of the output of
the adaptive system itself are used to produce the filter output at the current time. Results of
several experiments that demonstrate and compare the properties of the adaptive bilinear filters
are also presented in this paper. These results indicate that the output error algorithm is less sensi-
tive to output measurement noise than the equation error method.
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Table 1. Bilinear lattice filter.
Initialization
foln) =bo(n) =x(n) (T-1a)
£6% (n) =[[d(n—1), z(n—1)d{n—1),x(n)d(n—-1)]7, p=1
[z(r—p)d(n—1),x(n)d(n—p)]", p=2,3, - N—1
(T-2b)
eo(n) =y(n) (T-1c)
Interation Procedure
DO (T-1d)— (T-1g), for m=1,2,---, N—1
fu (n) =[ fu-1(n) — Ko™ (n) bn_i(n—1)
fni™ (1) — Ko™ (m) bin—y (n—1) ] (T-1d)
b (n) =[ b1 (n—1) — K" (n) fa_, (n) ]
fai™ (0) — K™ (1) fro_1 (n) (T-1e)
DO (T-1f), for p=m+1, m+2,---, N—1
fu® () =foa® (1) — K™ (1) by (n—1) (T-1f)
em(n) =em_; (n) —kn”" (1) br_, (n) (T-1g)
en{n) =ex_,(n) —kx’" (n) by, (n) (T-1h)
For equation error formulotion, d(n)=y(n).
For output error formulation, d(n)=y(n) —ey(n).
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Fig. 1.

N=39 wie] 4413

A7z FYE

Block diagram of the blilnear lattice structure for N=3,

(36)



R Ag Ay AL

0. =8 H2XS HS Sy AN Liels

219 AxFRE FH Ag didEE FEI
v e Aee Aangd (1919 s Ak
ok Ku’ (n) & 73AlSHE Aol sl Aastel vt
o2 wlgo] i FEage vRsith HaAs
Ag A Ay gdaelSel B HAF £/AX
20 FolA ot

Km, (n)“i‘ fm—l(n)% bm—l(n_l)g Al -07‘_21?-;':}'_9_;
299 do HA Asddzy g3} 2o

Kn' (") =Rn.,"" (n_l) Am(n) (33)
4714
Runet®(n) =33 A" b s (K) bmosa” (B) (3D)

n

Amn) =3 A" by 10 (k—1) fro-1n” (k) (3¢)

k=1
£ 27 buon() 9 HaAs A7) 4FYE, buoin(n

=

S fyn(m) @ HaAS magBADoelt 9
QoA oz auE sl FiA WA nS AF2 A

Q (o]
7 A7 wje] HAAFE o] &3kl A4H RE
) 3k of & b,

m(n) 3 fm

fo(n)=fmnn (n) (3e)

oA oz olxespuols T AAE A
ez s zAARERS AgvgRe o
&3 ol QAR cp

AN (n) =A An (ﬂ—' 1) +bm_t ("_ 1) fm—lT (")

/am_1(n—1) @3f)
Rm—lb ('n) =A Rm—lb (n_ 1) +bm—l (n) bm-—l-r (n)
/am-1{n) (3e)
4714
m (n) =Qm- (n) _bm—lT (n) Rm—l—.b (n) bm_s (n)
(3h)
o], ap(n)2 mat k9] likelihood®2 A &3 e
B Zech W
0<an(n) =1 (3i)

A7) 4agede) Adde W dHd FaE ol
g £RHo2 T 4 U

ARy (n—1) by ()b " () R " (n—1)

2.

Rm"’ (") =A _lRm i (7!_ 1) - n (ﬂ) +/\_lme (n) Rn —b( _1) b (ﬂ)
(i)

(I) -#AaAs Az dn2lE 37

$% A4A% A% 44 A% daeE
Table 2. The recursive least sqaares adaptive
bilinear lattice algorithm,

Initialization
DO (T-2a)— (T-2b), for m=0,1,+-, N—1
an(0)=1 (T-2a)
R, (0)=Ru°(0) =&, if m=0
LF L., otherwise (T-2b)

Interation Procedure
DO (T-2¢)—(T-2u), for n=1,2, -~

a,(n)=1 (T-2¢)
R/ (n)=REn)=AR/ (n—1)+x(n)? (T-2d)

foln) =by(n) =x(n) (T-2e)

Py =[[d(n—1), x(rn—1)d(n—1), x(n)d(x—1)]", p=1
[x(n—p)d(n—1), x(n)d(n—p)]"; P=2,3,---, N—1

(T-2f)
eq{n) =y (n) (T-2g)
DO (T-2h)— (T-2s), for m=1,2, -, N—1

Anln) =AAn(n—1)+bn, (n—1)fn1"(n)/am_s(n—1)

(T-2h)
2070 (n) = A8 (n—1) +bmos (n— 1) frai™" (m)
/amoy(n—1) (T-2i)
LA™ (n) = A A" (n—1) +fao1 () frni™ ()
/@mo(n—1) (T-2j)

fun(n) = [fm—l () —Ln" () Ry ® (n—1) by (n—1)
fma™ () =A™ (0) Ry (n—1) b 1) (n— 1)]
(T-2k)
b (") = |:bm—l (n_ l) —Ap (") Rm-l_l (") fma (") ]
froi™ (n) —AR"™ (8) Rm_y ™ (1) fru-1 (0)
(T-21)
DO (T2m)— (T-2n), for p=m-+1,m+2, -, N—1
AP (0) =A 2, (n—1) +bnoy (2= 1) fru-i®" ()
/em(n—1) (T-2m)
fu® (1) = fras® (1) — An" (n) Ry ™* (n—1)
by (n—1)
Ag? ) =AAn” (n—1)Fby-1(n) em_ (7) @ - (n)
(T-20)
(T-2p)
(T-2q)

(T-2n)

en(n) = em_1 (0) — An™ (1) b1 (n)
on(n) =am1(®) —bn_"(n) Ry (n) b ()
Run’(n)=A "Ry’ (n—1)—
A" Ry (n—1) fm (n) fu" (n) ™7 (n— 1)
am —1)FA fa" ) Rn " (n—1)fu (n)
(T-2r)

Ru®(n)=37'Rn~"(n—1)—
ATRa®(n—~1) bn" (0) Rn®(n—1)
am @) T A byt () Ren ® (n—1) b ()

(T-2s)
AR (B) = A A (n—1) +byy (n) en_y (1) /a - (n)

(T-21)
en(n) = en_1 (n) — A" (1) Ru_y™* (0) byn—: (n) (T-2u)

t For equation error formulation,d(n)=y(n).

For output error formulation,d(n)—y(n)—ex(n).
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Fig. 2. Learning curves for the equation error
algorithm,

RLSL Algorithm : Output Error
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Fig. 3.
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Table 4. Coefficients of the unknown bilinear
system used in the experments,
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a,—1.0 2,=1.0 a,=1.0

bo,1=0. 3 b1,1= -0.2 bz,1=0. 1

bo.=0.1 b, ,=—0.2 b,,=0.3
=0.5 c,=—0.5
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Table 5. Time-averadge mean-squared error over
the last 1000 data samples.
SNR Equation Error Output Error
A=0.995 | A=0.99 | A=0.995 | A=0.99
© 0.104E-9 | 0.577E-10] 0.137E-9 [ 0.714E-10
30dB | 0.136E-2 | 0.127E-2 | 0.942E-3 | 0.887E-3
20dB | 0.118E-1 | 0.109E-1 | 0.941E-2 | 0.886E-2
E 6. =2 1000709 slolE AES] Al
A7t HFA
Table 6. Time-averaged coefficients over the last
1000 data samples.
Fquation Error Qutput Error Optimal
0 30dB 20dB o 30dB 20dB  {Coeff.
B9 1.0 0.997 0.993 10 0.998 0.9% 1.0
8 1.0 1. 146 1.757 L0 1. 005 1.036 10
8, 1.0 1.003 0. 808 1.0 0.997 0.9% 1.0
by 0.3 0.09%5 0. 309 0.3 0. 305 0.315 0.3
bl 0.1]-0.215 0.091 0.1 0.0% 0. 086 0.1
b, | —0.2 | —0.171 ] —0.277 [ —0.2 | —0.210 | —0.233 | —0.2
by | ~0.2 0.09 [ —-0.077 | —0.2 | —0.193 | —0.176 | —0.2
by 0.1 0. 090 0.116 0.1 0.108 | —0.127 0.3
byt 0.3 0.313 0.311 0.3 0.294 0.281 0.3
[ 0.5 0.436 0. 203 0.5 0.499 0. 489 0.5
e | —0.5|—0.471 | 032 | —05 | —0.499 | -0.4%4 | -0.5
ci(n)d BFAAE Jebd Aolch, AnEH [14]
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2 2etge 2770l & vehix ik RPEM <
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2 =Rl AT Ao 44 A% d2E
o] O(N*) o} AAS Zowrx RPEM ¢zl
7 A9 Be A& 4SS A o 5 Uk



40

(a)

(a)

(a)

Efcl}

E{b22}

08

00

0.5

04

0.3

0.2

04

0.0

19924F 18 BFILHRERIE $29% B &£ 1
RLSL Algorithm : Equation Error RLSL Algorithm : Output Ervor
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Fig. 4. Mean trajectories of coefficient a, (n)for different output SNRs:
(a) equation error algorithm, (b) output error algorithm,
RLSL Algorithm : Equation Error RLSL Algorithm : OQutput Error
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Fig. 5. Mean trajectories of coefficient ¢, (n) for different output SNRs:
(a) equation error algorithm, (b) output error algorithm.
RLSL Algorithm : Equation Error RLSL Algorithm : Qutput Error
T T T T T T T T T 0'5 T T T Y T T
i SN =040 ) 04 i i
| . S SN 204D T
N 03 | &
- SN = 304D N S t- SMNa30dB B
i SAY = jnfinity ] (b) o 02 L SN % infinty -
| i o1 | 4
— e 0.0 P
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Time Time

86, Az b2 Alsdue] 2o dt A4 b,,(n) for different output SNRs:

(a) Al o2} dagE

(b) ¥ oa daelF

Fig. 6. Mean trajectories of coefficient b, ,(n) for different output SNRs:

(a) equation erroe algorithm,

(40)

(b) output error algorithm.



S-S A AAY AL
ELS Algorithm
1.0 . r " r . . ’ r
B 1
08 | 4
o _
0.6 SM = lnfinity -
3 T\ 1 . J
“oal SN e300 |
5 S/ =20 48— .
02 L ! .
0.0 L N . s 1 . " 1
0 200 400 600 800 1000
Time

a2l7. ELS dzgFelse Az i Alad
Agulel] A3 Ag o (n) o HTE AA

Fig. 7. Mean trajectories of coefficient c, (n)
for different output SNRs for ELS

algorithm,

RPEM Atlgorithm
10

08 | 1

0.6

% 04 L [__s/N-Jodll l .
SM 204D
- 4
02 | ]
0.0 s L s L L L s 1
0 200 400 600 800 1000
Time
T2 8. RPEMolA 9 Az o Az Aol

NE A o (n) ] HEAA
Fig. 8. Mean trajectories of coefficient c,(n) for
different output SNRs for RPEM.

2

[y

V. 2

Aol A4S daelFel &

a

2%
X
o>

[N
—

N
o
)
52
-
Ry

rlo

oX

)
lo
i
r_?_‘

N
-
o
2

M oo T ooX

rlo Fﬁ: i rlo
ofl

LY

N
My

i

dm o) o =
L
ol
o
ki

e -
i

2

s
to
Wi
2

&1_.‘

o
lo
fu

REE e A

2
3]
MO >
o X ot e gt 12 np

ol

ol
-

o Y

noh
o B e
I e de &
=
=
4
i
n’.}‘_,
o ¥ oo
o oy
o 30 ml
= >
to >
2ok
o 40 oz
e
N>

o
- 2
2

o
.
i
2
&
" o -
o
N
2

32

U
olo
i)
Bl

y

. e
o
djo
o
N o
o

Mofo wx o > Haorr
o
i
[
rir

32
oy

il

=
:d;v‘,
e
o

o
) _‘\“_ e

[rsa= )
8]

—
o,
oi(‘;
&

B
N,
dn o

o e
o
ofo

=t

B

[1] M. Bellafemina and S. Benedetto, ‘‘Identifi-
cation and equalization of nonlinear channels
for digital transmission,” Proc. IEEE Int.
Symp. Circuits and Systems (Kyoto, Japan),
pp. 1477-1480, June 1985.

J.R. Casar-Corredera, M. Garcia-Otera, and A.
Figeiras-Videl, “Data echo nonlinear cancella-
tion,” Proc. IEEE Int. Conf. Acoust., Speech,
Signal Processing (Tampa, Florida), p.
32.4.1-4, Mar. 1985,

G.L. Sicouranza, A. Bucconi, and P. Mitri,
“Adaptive echo cancellation with nonlinear
digital filters,” Proc. IEEE Int. Conf. Acoust.,
Speech, Signal Processing (San Diego, Califor-
nia), pp. 3.10.1-4, Mar. 1984,

M.J. Coker and D.M. Simkins, “A nonlinear
adaptive noise canceller,” Proc. IEEE Int.
Conf. Acoust., Speech, Signal Processing, pp.
470-473, 1980.

C.F.N. Cowan and P.M. Grant, ‘‘Nonlinear
system modeling-concept and application,”
Proc. IEEE Int. Conf. Acoust., Speech, Signal
Processing (San Diego, California), pp.
45.6.1-4, Mar. 1984,

[6] T. Koh and E.J. Power,

[2]

{31

(4]

[s]

“Second-order




42 1924 183 ETFLEEHRCE £ 2 % B o1 B

Volterra filtering and its application to non- [14] F. Fnaiech and L. Ljung, ‘“Recursive identifi-

linear system identification,” IEEE Trans. cation of bilinear systems,” Int. J. Control,

Acoust., Speech, Signal Processing, vol, ASSP- vol. 45, no. 2, pp. 453-470, 1987.

33,no. 6, pp. 1445-1455, Dec. 1985. [15] X. Yang, R.R. Mohler, and R.M. Burton,
{71 C.E. Davila, A.J. Welch, and H.G. Rylander “Adaptive suboptimal filtering of bilinear

IIL., ““A second-order adaptive Volterra filter filtering,” Int. J. Control, vol. 52, no. 1, pp.

with rapid convergence,” IEEE Trans. Acoust, 135-158, 1990.

Speech, Signal Processing, vol. ASSP-35, pp. ; [16] HK. Baik, V.J. Mathews, and R.T. Short,

1259-1263, Sep. 1987. “Adaptive lattice bilinear filters,”” SPIE Conf.
[8] D.H. Youn, K.X. Yu, and V.J. Mathews, Advanced Signal Processing Algorithm, Archi-

“Adaptive nonlinear digital filter with sequen- tecture, and Implementation (San Diego,

tial regression algorithm,”” Proc. 22nd Annual California), 1990.

Allerton Conf. Contr., Comm., and Comput- [17] HK. Baik and V.J. Mathews, ‘“‘Adaptive

ing (Urbana-Champaign, Illinoise), pp. 152- lattice bilinear filters,” Submitted to IEEE

161, Oct. 1984. Trans. Acoust., Speech, Signal Processing,
[9] V.J. Mathews and J. Lee, “A fast least-squares Nov. 1990.

second-order Volterra filter,”” Proc. Int. Conf. [18] HK. Baik and V.J. Mathews, “Adaptive

Acoust., Speech, Signal Processing (New algorithms for identifying recursive nonlinear

York), 1988. systems,” Proc. IEEE Int. Conf. Acoust.,
[10] M.A. Syed and V.J. Mathews, ‘““Lattice and Speech, Signal Processing (Toronto, Canada),

QR decomposition-based algorithms for recur- May 1991.

sive least squares adaptive nonlinear filters,” [19] F. Ling and J.G. Proakis, “A generalized

Proc. IEEE Int. Symp. Circuits and Systems multichannel least squares lattice algorithm

(New Orleans, Louisiana), May 1990. based on sequential processing stages,” IEEE
[11] S.A. Billings and W.S.F. Voon, “Least square Trans. Acoust., Speech, Signal Processing,

parameter estimation algorithms for nonlinear vol. ASSP-32, no. 2, pp. 381-389, Apr. 1984

systems,” Int. J. System Sci., vol. 15, no. 6, [20] G. Carayannis, D. Manolakis, and N. Kaloupt-

pp. 601-615, 1984, sidis, ““A unified view of parametric processing
[12] X.Y. Gao, W.M. Snelgrove, and D.A. Johns, algorithm for prewindowed signals,” Signal

“Nonlinear IIR adaptive filtering using a Processing, vol. 10, pp. 335-368, 1986.

bilinear structure,” Proc. IEEE Int. Symp. [21] S. Haykin, Adaptive Filter Theory, Engle-

Circuits and Systems (Portland, Oregon), wood Cliffs, New Jersey: Prentice Hall, 1985.

May 1989. {22] J.B. Moore, “Global convergence of output
[13] S.R. Parker and F.A. Perry, “A discrete error recursions in colored noise,” IEEE

ARMA model for nonlinear system identifi- Trans. Automat. Contr., vol. AC-27, no. 6, pp.

cation,” IEEE Trans. Circuits and Systems, 1189-1199, Dec. 1982.

vol. CAS-28, no. 3, Mar. 1981.

ZEE B N
B B & (EGA) #29% BR S1% 28
A4 dEqstm  Zaoe
Axbgest Fas

(42)



