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ABSTRACT e

This paper develops an affine projection-based variabe ste
size adaptive algorithm for updating the coefficients of a—~ Plant (Unknown system)
Hammerstein nonlinear system. The variable step-size-ada i
tive Hammerstein algorithm, recursively updates the step el
size using a new criterion that provides a measure of hov
close the Hammerstein filter is to optimum performance. Ex Hammerstein Non-finear Fijef
perimental results show that the algorithm converges to th ol Ko % /gvﬁnite mpuise }7
true unknown system in the mean square sense. Results a i el
show the superior convergence of our proposed algorithm i
comparison to existing adaptive Hammerstein algorithms.

d(m) R L

1. INTRODUCTION
. . . . Figure 1: Adaptive system identification of a Hammerstein
The Hammerstein system model is a kind of nonlinear SYSsystem model

tem comprising a cascade connection of a memoryless non-
linearity in series with a linear system as shown in Figure

1. This kind of nonlinear system has been used in mOdeIé\ble step size adaptive algorithm to estimate the linear and

|r1|%_d|stglat_lon Cotll.Jm”S [1]|’ elzzctrl::al grtlxes[Z], ?owar;-] nonlinear coefficients of the Hammerstein system. Also, a
plifiers[3], isometric muscles[4], etc. ernoniin€arano - ey criterion that provides an indication of how close the

els such as the Wiener and \olterra models also exist and a&?/stem is to optimal performance is presented and used to
used in modeling various nonlinear systems[5].

Some existing methods for Hammerstein system iderY[iﬁrecursively update the step size. This recursion is in such a
. X ; 0= way as to guarantee the stability of the Hammerstein system.
cation are the iterative[6], over-parameterization[tchias- Y 9 Y y

tic[8,10], nonlinear least squares[11], separable | oS The proposed algorithm provides a faster convergence rate

[12] and blind[13] methods. For the over—parameterizationcomparEd to existing adaptive Hammerstein algorithms.

method, adaptive algorithms have been developed [7]. The
resulting over-parameterized system from this methodhis li 2. PROBLEM STATEMENT

ear and thus any linear adaptive algorithm can be applied igonsider the Hammerstein model shown in Figure 1, where
the estimation of the nonlinear Hammerstein system coeffl)-((n) v(n) andcf(n) are the systems input, noise and out-

cients. The limitation of the over-parameterization apefo ' respectivelyz(i) represents the unavailable internal sig-

is thf"‘t the dimension of the resulting linear system is Iargena| output of the memoryless polynomial nonlinear system.
leading to convergence and robustness problems in the pr e output of the memoryless polynomial nonlinear system,

ence of no_ise. In [10] the stoch_astic gradi.ent method is use\%hich is the input to the linear system is given by

in developing an adaptive algorithm to adjust the pararaeter

of a pre-compensator. An online identification method for L

the Hammerstein model, based on the Kalman filter was de- 2(n) = Zpl (n)x (n) (1)

signed in [14]. The authors assumed the parameters of the 1<

nonlinear system to be constant. This assumption was shown ] ) o .

in [9] to yield the problem of slow convergence and high Let the discrete linear time-invariant system be an

misadjustment in the presence of correlated inputs. In [9|finite-impulse response (IIR) filter satisfying a lineaf-d

the authors also proposed a stochastic gradient based ad#grence equation of the form

tive Hammerstein filter algorithm which out-performs [14].

The stochastic method proposed in [8] has the advantage of N "

not requiring prior knowledge of the form of the unknown 2 N T . s .

nonlinearity. It's application is limited since most stastic d(n) = —_Za.(n)d(n— 1)+ zbbl (m2(n—j) (2)

methods require the input to be white. = I=
In this paper, we use the idea of stochastic gradient 'R‘Nherep|(n), ai(n) andb; (n) represent the coefficients of the

[9], [15] and [16] to propose an affine projection based Valonlinear Hammerstein system at any given timeTo en-

This work was supported by the Edward M Fellows Foundatiomkc ~ SUr€ Uniqueness, we sgf(n) = 1 (any other Coeﬁ_iCiem other
arship at Santa Clara University thanbg(n) can be set to 1). Thus, (2) can be written as
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A=[M ... A"
R L N R M Minimizing the cost function (7) (squared prediction er-
d(n) = z pr(n)X (n) — Zai(n)d(n— i)+ Z bj(n)z2(n—j) ror) with respect to the nonlinear Hammerstein filter weight
= i= =1 vectorf(n) gives
®3)
Let
. d(6(MHSN-1))A
8(n) =[ a(n) an(n) bi(n) b (n) 9J(n—1) (é(n) _b(n— 1)) N ( (v S( )>
9y 20(n) 26(n)
p(n) pL(n) ] ©9)
where
bo=1 O(MHS&(n—
° 2 (8mHsin-1)) o 20(n"s(n-1) 28(n"5(n-Q) ]
- . 26(n) 96(n) 96(n)
s(n)=[ —d(n-1) ... —d(n—N) 2zn-1) ... Zn-—M) A (10)
_ Since a portion of the vectogn) in §(n) include past
x(n) ... x-(n) ]H d(n) which are dependent on pagtn) which are used to
Equation|(3) can be rewritten in compact form %;rgi;[/gi newd(n), the partial derivative of each element in
d(n) =3(n)"6(n) (4) . N )
, , S 98(m)s(n—q) d(n—q-k) 1
The goal of the Adaptive Hammers}em system |dent|f|- dai(n ) n q—1i) - Z da(n) (11)
cation is to update the coefficient vectéh(()) in (4) of the k=
nonlinear Hammerstein filter based only on the input signal
x(n) and output signadl(n) such that(n) is close to the de- 98 (n)H3(n—q) ) N dd(n—q—k)
i i — = =2n—q—j)— ) &(n)——= (12
sired response signd(n). 3b;(n) (n—q-j) k; () ab; () 12)
3. ADAPTIVE HAMMERSTEIN ALGORITHM
In this section, we develop an algorithm based on the thedé(n)Hé(n—q) X M 2(n—q—Kk)
ory of Affine projection for estimation of the coefficients of api(n) Z 5|0|( )
the nonlinear Hammerstein system using the plant input and k=1
output signals. The main idea of our approach to nonlinear N 0d n—q—k) 13
Hammerstein system identification is to formulate a criteri Z ap (n) (13)
for designing a variable step-size affine projection Hammer k=1
stein filter algorithm and then use the criterion in minimgi From (11), [(12) and (13) it is necessary to evaluate the
the cost function. derivative of pasti(n) with respect to current weight esti-

- - P mates. In evaluating the derivative dfn) with respect to

31 Stochastic Grad.|en't M |n|m|za.t|or'1 approach . the current weight vector, we assume that the step size of the
We formulate the criterion for designing the adaptive Ham-adaptive algorithm is chosen such that [16]

merstein filter as the minimization of the square Euclidean

norm of the change in the weight vector O(n)=H(n—1)=~...~26(n—N)
6(n)=6(n)—B(n—1) (5) Therefore
subject to the set df constraints a(n=g(n-1)=...2a(n-N)
d(n—g)=38(n-g)"8(n) g=1,...,Q (6)
- N -

Applying the method of Lagrange multipliers with mul- 9d(n—9q) = —&(n— q—i)— z a( )M (14)
tiple constraints td (5) and (6), the cost function for tHinaf dai(n) = dai(n—k)
projection filter is written as

X X 5 bj(n) = bj(n—1) = bj(n—N)
Jn—1)= HG(n)—G(n—l)H +Rele(n—1)A] (7)
where ad(in—q) . N dd(n—q—k)
D =din-1-&n-1"d 2 =2n—q-j) - Y a(n)——"— (15
g(n—1)=d(n—1)—§n-1)"8(n) ®) 3b; () (n—q—1j) k; (n) NG (15)
dn-1)=[dn-1) ... din-Q J"
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and
op(n—a-k _,
opi(n—k)
thus,

ad(n—q)

o~ XM=+ Y X (n—a-k

¢(n—g)=[ —d(n-q-1)
2(n—qgq-1)

M M H

3 x(n—q—j)

j=0 j=0

Win-1)=[ g(n-1) P(n-Q) |
Substituting/(14),(15) and (16) into (10), we get
N

Y a(n—1)d(n—1-k)
=1

d(n—1)=P(n—1)— (17)

Thus, rewriting (9)

dJ(n—1) _ (

280 2 e(n)—e(n—l))—cp(n—l)A (18)

Setting the partial derivative of the cost functionlin (18) t

zero, we get

o(n) = %&J(n—l))\

(19)
From (6), we can write
d(n—1)=8n-1)"8(n) (20)
where
d(n—-1)=[d(n-1) din—-Q) |

d(n—l):§(n—1)”9(n—1)+%§(n—1)”@3(n—1))\ (21)
Evaluating/(21) forA results in

A =2(§n-1Hd(n-1)) Te(n—1) (22)

where
e(n—1)=d(n-1)—Sn—-1)"6(n—1)

Substituting|(22) into (19) yields the optimum change in the
weight vector
6(n) =dn-1) (Yn—-1"d(n-1)) Te(n-1) (23)
Assuming that the input to the linear part of the nonlinear
Hammerstein filter is a memoryless polynomial nonlinearity
we normalize[(23) as in [17] and exercise control over the
change in the weight vector from one iteration to the next
keeping the same direction by introducing the step gize
Regularization of th&(n— 1)"®(n— 1) matrix is also used
to guard against numerical difficulties during inversiohu$
yielding

6(n)=8(n—1) — ud(n—1) (81 +pSn—1)"

d(n—1)) te(n—1) (24)
To improve the update process Newton’s method is applied
by scaling the update vector 7 1(n). The matrixR(n) is
recursively computed as

R(N) = ApR(N—1) + (1— Ap)@(n—1)d(n—1)"  (25)
whereA, is typically chosen between 0.95 and 0.99. Apply-
ing the matrix inversion lemma on (25) and using the result
in (24), the new update equation is given by

B(n)=06(n—1)— uR(n—1)"1d(n—1) (5l +
-1

Sn—-1Hd(n—1)) "e(n-1) (26)

3.2 Variable Step-Size

In this subsection, we derive a variable step-size by using a
Lyapunov function for the Hammerstein filter weight update.
The variable step size derived guarantees the stable aperat
of the linear filter by satisfying the condition for the cheic
of uin[18]. Let

B(n)=6-6(n)

We propose the Lyapunov functid(n) as

V(n) = 8(n)"8(n) 27)
which is the general form of the quadratic Lyapunov func-
tion. The Lyapunov function is positive definite in a range of
values close to the optimug= 6(n). In order for the mul-
tidimensional error surface to be concave, the time devivat
of the Lyapunov function must be semidefinite. This implies
that

AV(n)=V(n)—V(n—1) <0

From the Hammerstein filter update equation

(28)

B(n) =6(n—1)— ud(n—1) (§n— HHdMn—1)) Te(n-1)
(29)
we subtracB from both sides to yeild

B(n) =8(n—1)— ud(n—1) (§n—HHdMn—1)) Te(n-1)
(30)
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From (27)/(28) and (30) we have Algorithm 1 Summary of the proposed Variable Stepsize
Hammerstein adaptive algorithm

&V () = (@) 8(1) - (8(n- 1) B(n—1 o 1 Do sample sizeia. | P
e(n—1)=d(n-1)— S(n 1)"B(n—-1)
Minimizing the Lyapunov fuction with respect to the dn—1)=P(n—1)— Z a(n—1)d(n—1-K)
step-sizeu and equating the result to zero, we obtain the R )
optimum value fotu as topt B(n)=aB(h—1)—(1— or)Y(n le(n—1)
ey B ||*
u(n)—l u0plt < ||é<n>||2+01> N
£ [8(n-1)Hé(n-1) (&n- 1" 1) te(n-1)] R(T ~ [Rin—1)7 ~Rin—1)~®(n—-1)
Hopt = Efe(n— DPY(n— DPY(n— e(n—1)] (17”%' ~b(n-1"RN-1)b(n-1))
(31) d(n—1HHR(N—1)71]
were B(n) =B(n—1) — uR(n)"1d(n—1)
(81 + uSn—-1"Hd(n—-1)) “e(n—1)
Y(n—1)=dn-1)(§n-1Hdn-1)" (32 3(n) = x(n)"p(n)
d(n) =8(n)"(n)
end for

Adding the system noise(n) to the desired output and
assuming that the noise is independently and identicadly di
tributed and statistically independent${h). We have

~ H Referénce 9]
d(n) =S(n)"6+v(n) (33) 20p 823 SR a0t |
Q =5, SNR=10dB| |
Q =3, SNR =10dB

From (31) we write

HoptE [e(n— 1) Y(n—1)"Y(n—1)e(n—1)] =
(n-Hb(n—1) (Sn-1"d(n-1) "e(n-1)| (34)

Mean Square Error (dB)

m
DI

Thus, we propose the following suboptimal estimatetfor -120f

~140 . . . .
0 2000 4000 6000 8000 10000

Number of Iteraions n

floptE [[Y(n— 1)e(n—1)|?

E[Y(n—1)e(n—1)|*+ a2Tr {E [Y(n— 1)||2} Figure 2: Mean square Error of the proposed algorithm given
a white Gaussian input of variance 0.5

We estimateE ||Y(n— 1)e(n—1)| by time averaging as fol-
lows
4. SIMULATION RESULTS

5 5 _ B _ In this section, we illustrate the performance of the prepos

B(n) = aB(n—1) - (1-a)¥(n—Te(n—1) nonlinear Hammerstein algorithm by applying the algorithm
to the identification of an unknown Hammerstein system as
shown in Figuré 1. The unknown system was characterized
to have a memoryless nonlinearity with input-output reladi

) ship given by

\ +C (39)

_ o (I8
H(n) = [lopt <H ()| z(n) = 0.4x(n) — 0.3x(n)% + 0.2x(n)* (36)

and the transfer function of the linear part was given by
where[lopt is an rough estimate qiopt andC is a constant

representmgﬁTr{HY(n )| } SNR We guarantee the 1-4z7ly672_ 4734174

stability of the Hammerstein filter by choosifigp: to satisfy Ha(2) = 1-0.3906&2 1+ 05343 2—0.0842 3+ 0.02072 2
[18]. (37)




16th European Signal Processing Conference (EUSIPCO 2008), Lausanne, Switzerland, August 25-29, 2008, copyright by EURASIP

™

stein modeling of electical drives|EEE Trans. Ind.
M ‘ ‘ Electron, vol. 48, pp. 645-655, 2001.

B 1 [3] H. W. Kang, Y. S. Cho and D. H. Youn, “On compensat-
ing nonlinear distortions of an OFDM system using an
efficient adaptive predistorterJEEE Trans. Commun.
vol. 47, no. 4, pp. 522-526, 1999.

[4] K. J. Hunt, M. Munih, N. de. N. Donaldson and
F. M. D. Barr, “Investigation of the Hammerstein hypoth-

=
o

=
o
N

107

=
o
©

Mean Square Weight Error Deviation
=
o

. esis in the modeling of electrically stimulated muscle,”
o IEEE Trans. Biomed. Engvol. 45, no. 8, pp. 998-1009,
107 Reference [9] 1998 .

B D Sebhvilurens [5] T. Ogunfunmi,Adaptive nonlinear system identification:
1078 Q=5 SNR =100B 3 Volterra and Wiener model approaches Springer-
10 Q=3 SNR=10dB ‘ ‘ Verlag, September 2007.

0 500 O of Herae 2000 2500 [6] J. Voros, “Iterative algorithm for parameter identifiica

of Hammerstein systems with two-segment nonlineari-

. . - ties,” IEEE Trans. Autom. Contrplol. 44, no. 11, pp.
Figure 3: Mean square Weight deviation of the proposed al-  2145_2149, November 1999.

gorithm given a white Gaussian input of variance 0.5 [7] F. Ding, Y. Shi and T. Chen, “Gradient based identifica-

tion methods for Hammerstein nonlinear ARMAX mod-
The unknown system was excited by a zero mean, white ~€ls,”Nonlinear Dynamicsvol. 45, pp. 31-43, 2005.

Gaussian signal with variance of 0.5. The desired respong8] W. Greblicki, “Continuous-time Hammerstein system

signald(n) of the adaptive filter was obtained by corrupting identification,”IEEE Trans. Autom. Contrplrol. 45, pp.

the output of the unknown system with additive white Gaus- 1232—-1236, June 2000.

sian noise with variance such that the output signal to noisgy] 3. jeraj and V. J. Mathews, “A stable adaptive Hammer-

ratio (SNR) was 10dB for low SNR and 40dB for high SNR * * stein filter employing partial orthogonalization of the in-

experiments. The proposed adaptive filter was implemented put signalsIEEE Trans. Signal Processvol. 54, pp.
with the parameteflop set to 1107° in the low SNR ex- 1412-1420, April 2006.

periment and 2§'31(TS in the high SNR experimen€ setto  [10] H. W, Kang, Y. S. Cho and D. H. Youn, “Adaptive pre-
0.0001,6 = 10"*, Ay = 0.95 and results were obtained by = “compensation of Wiener system$ZEE Trans. Signal
averaging over 100 independent runs. Process.vol. 46, pp. 2825-2829, October 1998.

Figure 2 shows that the mean square error performan . e . .
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LMS adaptation,”IEEE Trans. Acoust., Speech, Signal
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