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1. Introduction

ABSTRACT

There are parametric and non-parametric methods for adaptive Hammerstein system
identification. The most commonly used method is the non-parametric. In reality, the
linear subsystem of a Hammerstein system is not of finite impulse response and non-
parametric adaptive algorithms require large matrices and therefore increase
computational complexity.

The objectives of this paper are to identify the Hammerstein system adaptively
based on the affine projection criterion using a parametric algorithm. We also develop a
bound for control of step size of the proposed algorithm and derive an expression for its
mean square error performance. The error surface of the nonlinear Hammerstein filter
was determined by examining the non-quadratic nature and the global and local
minima of the mean square error cost function. A bound was determined for the
adaptive step size and an expression was derived for the mean square error convergence
based on energy conservation theory. Simulations of system identification applica-
tions showed that convergence speed of the proposed algorithm was faster and the
convergence was superior to previously existing Hammerstein algorithms. Applying the
new algorithm to the identification of the human muscles stretch reflex dynamics
showed good convergence results. The proposed algorithm is of practical value in real
life situations.

© 2010 Elsevier B.V. All rights reserved.

such as Volterra and Wiener models and their applications
can be found in [8,9]. Over the past decade, different methods

Nonlinear Hammerstein system [1] is a special type of of adaptive system identification for Hammerstein nonlinear

nonlinear filter in which a static memoryless nonlinear
system is followed by a dynamic linear system as shown in
Fig. 1. The Hammerstein system finds application in the
modeling of signal processing problems such as the distortion
in nonlinearly amplified digital communication signals,
modeling the involuntary contraction of human muscles
[1-3], modeling of the human heart in order to regulate
the heart rate during treadmill exercises [4] and other
applications can be found in [5-7]. Other nonlinear models
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model have been proposed. The adaptive Hammerstein
system identification methods can be roughly divided into
two categories: non-parametric [10-12] and parametric
[13,14]. Most existing Hammerstein identification methods
are not adaptive [10,15,16] and almost no results on mean
square performance of adaptive Hammerstein algorithms are
available except for [17].

In the non-parametric method [11], the nonlinear
function f(-) is approximated by a polynomial and shown
to converge in the mean square sense in a finite interval as
the sample size n increases. However, for each n the whole
input sequence has to be redefined with distribution
different from that of n—1, and hence the approximating
polynomial has to be reconstructed at each step without
recursion. In [10], a frequency domain identification
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Fig. 1. Adaptive system identification of a Hammerstein system model.

was proposed. The author applied a sinusoidal input to a
continuous-time Hammerstein system and the nonlinear
function was expanded to a Fourier series. As a result, the
nonlinearity identification reduced to estimating coeffi-
cients in the Fourier expansion. The estimates are non-
recursive. In the most recent paper, [12] proposes an
adaptive kernel canonical correlation analysis algorithm.
The algorithm is based on a nonlinear transformation of
the data from the input space to a higher-dimensional
space where identification problem can be solved in a
linear manner. However, this approach requires a careful
choice of the constrains imposed on the identification
problem to ensure convergence and is prone to overfitting
especially when the dynamic linear subsystem is an
infinite impulse response filter. In this paper, the system
identification method proposed is parametric [18,14,13]
and therefore has the advantage of lower computational
complexity in comparison to non-parametric methods.

In [13], the memoryless nonlinearity is assumed to be
a polynomial and the linear subsystem an infinite impulse
response (IIR) filter. The authors used a Gram-Schmidt
processor to linearize the polynomial nonlinearity produ-
cing a set of orthogonal linear subsystems (or a set of
finite impulse response (FIR) filters with orthogonal
coefficients). Applying the results in [19], the step size
was constrained in such a way as to guarantee bounded-
input bounded-output (BIBO) stability of the overall
system. In [14], the identification of the linear and
nonlinear subsystems of the Hammerstein model are
done separately. The linear subsystem was identified by
over sampling the output of the Hammerstein model and
applying the least mean square (LMS) algorithm to
minimize their proposed cost function. Two approaches
for the identification of the nonlinear block were
proposed, the direct approach which is based on the
parametric method of adaptive system identification and
the indirect approach that uses the Bezout identity in
developing a cost function which is minimized using the
LMS algorithm. An analysis of the performance of this
algorithm was presented. The authors in [13] extended
their work in [17] to present the mean square perfor-
mance analysis of their proposed algorithm. The analysis
was based on those done in [20,21].

The purpose of this paper is to:

(1) Identify the Hammerstein system adaptively based on
the affine projection criterion, without linearizing
of the Hammerstein nonlinearity and without the
knowledge of the input to the linear subsystem.

(2) Develop a bound for the control of the step size of the
proposed adaptive Hammerstein algorithm to achieve
bounded-input bounded-output (BIBO) stability.

(3) Derive an expression for the mean-square error
performance of the proposed algorithm using energy
conservation arguments.

The assumption is that the unknown nonlinearity of the
plant can be approximated as a finite ordered polynomial.
The linear subsystem is represented as an IIR filter.

The rest of the paper is arranged in sections as follows.
In Section 2, the problem to be addressed by this work is
stated, in Section 3 the proposed algorithm is described.
Section 4 describes the mean square error surface of the
adaptive Hammerstein algorithm and in Section 5 a bound
on the step size for the algorithm was determined. The
mean square performance analysis and real life examples
of the proposed algorithm are presented in Sections 6 and
7, respectively. Concluding remarks are given in Section 8.

2. Problem statement

Consider the Hammerstein model shown in Fig. 1,
where x(n), v(n) and d(n) are the system’s input, noise and
output, respectively. z(n) represents the unavailable
internal signal of the adaptive Hammerstein filter model.
Since the output of the memoryless nonlinear subsystem
z(n) of the Hammerstein filter is unavailable, it is not
possible to estimate the nonlinear subsystem without
assuming an approximate nonlinear model. In this paper,
a polynomial nonlinearity of order L is given by

L
2= pymx'n) )

I=1

While the dynamic linear subsystem is modeled as an
infinite-impulse response (IIR) filter satisfying a linear
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difference equation of the form

N
~ Z amd(n—i)+ Z bj(mz(n—j) )
i= j=
where p,(n), a;(n) and bj(n) represent the coefficient
estimates of the nonlinear Hammerstein subsystem at
any given time n. To ensure uniqueness of the parameter-
ization, we normalize the dynamic linear subsystem by
setting bo(n)=1. With the dynamic linear subsystem
normalized, Eq. (2) can be written as

~ N ~ M ~
d(n)=2(m— " a(mdn—i+ Y bj(mz(n—j)
i=1 ji=1
L N . M
= > b= amdm—i)+ > bimzm—j) (3)
I=1

i=1 j=1
Eq. (3) can be rewritten in compact form as
dm)=8m"o(m) )
where

Oy =[a1(n) ... an(m) by ... bum) py(m) ... Py
$(n)=[—d(n-1) ... —d(n—N) 2(n—1)
. 2n—-M) x(n) ... x*m"

The goal of the proposed adaptive Hammerstein
system identification algorithm, is to update the coeffi-
cient vector (n) in (4) of the nonlinear Hammerstein filter
based only on the input signal x(n) and output signal d(n)
such that d(n) is close to the desired response signal d(n).

3. Adaptive Hammerstein algorithm

In this section, an adaptive Hammerstein system
identification algorithm based on the theory of Affine
projection [22] for estimating the parameters of the
nonlinear Hammerstein subsystem represented by (3)
given the input signal x(n) and output signal d(n) is
derived. A criterion is defined for the minimization of
the square Euclidean norm of the change in the weight
vector is

0(n) = 0(n)—6(n—1) (5)

subject to the set of Q constraints

d(n—q)=8(m-g"0m), q=1.....Q (6)
Applying the method of Lagrange multipliers with

multiple constraints to (5) and (6), the criterion for the
affine projection filter is written as

J—1) = 10()—0(n—1)I12 +Re[(d(n—1)-S(n—1)"o(n)" 4]

(7
where
d(n-1)=[d(n-1) ... dn-Q)"
Sm-1)=[n-1) ... $§(n-Q)]

=[A ... Aol

Minimizing the cost function (7) with respect to the
nonlinear Hammerstein filter weight vector 6(n) gives

Jm-1) ad(n—1)-Sm—1Hom)H

=20(m)—0(n—1))—

o0(n) a0(n)
.
I0=1) _ 5 ony—n—1y)- 20O 8)
o0(n) 00(n)
where
aOmHS(n— D) _ a0mHs(n—1) a0mHs$(n—Q) ©

a0 () a0 () o a0(n)

Since a portion of the vectors $(n) in S(n) include past
d(n) which are dependent on past 6(n) used to form the
new 0(n), the partial derivative of each element in (8)
gives

60(n) s$(n—q) ad(n—q—k) .
DD -9~ 3 iy TR i

(10)
a0(m"$(n—q) ad(n—q—k) ,
————— =2(n—q—j)—- Y _ () —————=, 1<j<M

oby(n) ,; oby(n)

(1)
0m's(n—-q) _ Mo g(n—q—k)
Q. = — b P IS

om0+ 2 b oo
- Z ﬂk(n)ad(n 1= k), 1<li<L (12)

ap;(n)

A simplifying assumption commonly made for adap-
tive IIR filtering was applied to (10)-(12). The assumption
is that the adaptation step size p is sufficiently small
[22,23] such that
é(n) ~ é(n—]) ~ o> 9(n—N)

and therefore,

ajn)=an-1)= --- =a;n—N)
ad(n—q) ad(n—q—k)
aa,(n) —d(n q—i— k_z:] ak(n)m (13)
Ej(n) ~ Bj(n—l) ~ . Bj(n—N)
ad(n—q) ad(n—q—k)
— y 1 14
obj(m) =2n=4-)- Z: obj(n—k) a4
pim)=p(n-1)= --- =p,(n—N)
adin—-q) M o @(n—q—k)
B X+ 2 ey
N ad(n—q—k)
- X:: a(n “apinR) (15)
opi(n—q—k) _
op(n—k)
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therefore,

adin—q) ST N ad(n—q—k)

i — XD+ k; bi(mx(n—q—k)— k; = e

(16)

Let

(p(niq):ﬁd(An—q): adSn—q) 8dfn—q) ﬁdfn—q)
o0(n) oa(n) oan(m)  ob(n)

~ ~ ~ H

ad(n—q) ad(n—q) ad(n—q)

dby(n)y o1 T ap ()

_ aOm"S(n-1y)

-1) a0(n)

—[pm-1) ... $p(-Q)]
b(n-g)=[-dn-q-1) ... ~d(n-q-N) 2(n—q-1)

H
M M
. Z(n—-q-M) > x(n—q—j) ... ZxL(n—q—j)}
=0 j=0
Ym-H=[n-1) ... y(n-Q)]

Substituting (14)-(16) into (9), gives

N
d(n-1)=Pn-1)- > an-1)dn-1-k) 17)
k=1

Thus, rewriting (8)
9n-1)
a0(n)

Setting the partial derivative of the cost function in (18) to
zero, gives

=2(0()—0(n—1)—dn—-1)4 (18)

o) =1dn-1a (19)
From (4), the following is obtained:
d(n-1)=Sm-1)"0m) (20)
where

dn-1)=[dn-1) ... dn-Q)"

din—1)=Sm-1Hom-1)+Sm-1Hon)

=S(-1Hon-1)+Sm-1Hdmn-1)i 21
e(n—1)=dn-1)-Sm-1"dn-1) (22)
where
en—1)=[en-1) ... em—Q)"
and

e(n) = d(n)—$(m)"o(n)
Evaluating (21) and (22) for A results in
A=20m-1dmn-1))'en-1) (23)

Substituting (23) into (19) yields the optimum change in
the weight vector

o) = d(n-1DSm-1"dn-1))'e(n-1) (24)

normalizing (24) as in [20,21] and regularizing
S(n—1)"®(n—1) matrix to guard against numerical diffi-
culties during inversion yields

0(n) = ud M-I+ uS-1Hdmn-1))'e(n—1) (25)

() =0(n—1)—pudn-1)©GI+uS(n—1"d(n—-1)) e(n—1)
(26)
To improve the update process Newton’s method is
applied by scaling the update vector by R~1(n). The matrix
R(n) is an estimate of the Hessian matrix updated
according to
R() = AR(—1)+(1—A)d(n—1)d(n—1)" 27)

where 4, is the forgetting factor and typically has values
between 0 and 1. Applying the matrix inversion lemma on
(27) gives

Ry = )l [R(nq)*LR(nq)*@(nq)

A -1
(ﬁ"/l 1—@(n—1)”R(n—1)*1éﬁ(n—1)>

éﬁ(n—l)”R(n—l)*‘] (28)
Applying (28) to (26), the new update equation is given by

0(n) = 0(n—1)—uR(n—1)"' d(n—1)(3I1+ uS(n—1)"
d(-1)) 'e(n—1) (29)
A summary of the proposed algorithm is shown in
Algorithm 1. In the algorithm, N represents the number of
feedback coefficients, M the number of feedforward coeffi-
cients for the linear subsystem and L the number of
coefficients for the polynomial subsystem. Let K represent
N+M+L-2 in the computation of the computational cost
of our proposed adaptive nonlinear algorithm. We assume
that the cost of inverting a K x K matrix is O(K3)
(multiplications and additions) and (O(L?N) for computing
R-'. Under these assumptions, the computational cost of
our proposed algorithm is of (O(QK?) multiplications
compared to O(K?) in [13]. This increase in complexity due
to the order of the input regression matrix in the proposed
algorithm is compensated for by the algorithms’ good
performance.

Algorithm 1. Summary of the proposed variable stepsize
Hammerstein adaptive algorithm.

DEFINITION: p(n)=[p,(n) ... p ("
INITIALIZE:

R1(0)=1,4,#0,0< u<1,0 <1,50) = zeros(M+N+L—1,Q)

6(0)=[0 ... 00 ... 01 ... 11%,h0)=1
—_—— A —

am) b(n) p(m
for n=0 to sample size do
e(n—1)=dn-1)-Sm-1)"0(n-1)
N N N R
on-1)=¥Yn-1)— > a(n-1)®n-1-k)
K=1
1
P =
( L I—@(n—l)HR(n—l)’lé(n—1)>

Rny~! = [R(n—l)’l—R(n—])’lé(n—l)

1—1n

é(n—h”R(n—l)"]
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0(n) = 0(n—1)—uR) ' d(n—1)(I+ uS(—1)" d(n—-1))Te(n—1)
2(nm) =x(m)"p(n)
d(n) =$mHom)

end for

4. Mean square error surface

In the previous section, the update equation for an
adaptive affine projection Hammerstein nonlinear filter
algorithm was derived. This section provides an insight
into the nature of the error surface of the nonlinear
Hammerstein filter by examining the non-quadratic
nature as well as the global and local minima of E[e2(n)].
From (2), the transfer function of the linear dynamic
subsystem of the nonlinear Hammerstein filter shown in
Fig. 1 can be rewritten as

Bz) bo4+biz '+ .- +hyzM

Az = = = 2"~ . 30
@ A Go+aiz7'+ .- +anzN S

Let the dynamic linear subsystem transfer function of the
plant in Fig. 1 be represented by

+sz7M
+ayz—N

Bz) bo+biz7'+ -

Hz) = A@) ~ ap+az T+ -

(€3]

and the unknown nonlinear memoryless polynomial
subsystem output as

L
zmy =Y pmx'(m) 32)
=1

From (22), the mean square error (MSE) is given by

Bz) (< 2
Ele*(m)] =E [(A(Z) (Z Pz(n)xl(n)> (Z Pinyx (n)) ) ]
=1 =1

(33

Taking the derivative of (33) with respect to each
coefficient a;(n), bj(n) and p,(n) and setting it to zero, the
stationary points of the MSE are

B@) [« !
E { (A(Z) <Z pi(mx (n)) -
" L
5@ (Z bimx (n)> ) <Z by (n)X’(ni))} =
A \/=

1<i<N 34)
E K% <IZL;D (X (n)) B <ZL: ,(n)x‘(n)>>

A2 (lipz(n)x(n ]))] , 1<j<M (35)
T

B(2) Xl
X+ =—=xn) , 1<i<L (36)
(s G -

It can be seen that (35) and (36) are linear with respect
to b’s and p’s, respectively, and define a single global
minimum of E[e?(n)]. With respect to a’s, (34) is nonlinear

and therefore produces an error surface that is non-
quadratic. As a result of the nonlinearity in the error
surface, the mean square error surface has both a local
and global minimum. It can be shown from (33), [24,25]
that no local minima exists for the system identification
provided the filter is normalized such that by =1, ap =1,
the filter is sufficiently ordered or the order of the
adaptive filter numerator exceeds that of the unknown
filter denominator and the input x(n) is a white noise
signal.

5. Step-size

In Section 3, a simplifying assumption was used in the
development of the proposed algorithm. The assumption
made was that the adaptation step size y is chosen to be
sufficiently small such that §(n) = 0(n—1)= -.. ~n—N)
is true. In this section, a bound is found on the adaptive
step size u such that assumption of a sufficiently small
stepsize is satisfied while guaranteeing the stability of the
Hammerstein system. For the purpose of this derivation,
the Hammerstein system in (3) can be expressed in its
state-space form as

uy(n+1)
u(n+1)
uN(ﬁ+1)
w(n)
un+1)
—G1(n) —ay(n) —an(m) 1
1 0 0 o0
e 17 6 o
0 0 1 0
Y(n)
uq(n)
uy(n)
: 37)
un(n)
z(n)
——
u(n)
u(n+1)
uy(n+1)
d(n)=[bo(n) bi(n) ... by(n) : (38)
un(n+1)
w(n)

If the assumption @)(n) ~ 9(n—1) - é(n—N) holds,

then in particular

IlY(n+1)-Y()l <& (39)
Therefore, for sufficiently small ¢,

Yn=Yn+1) =~ .- @=Y(n+K-1)

From (37),

un+K)y=Yn+K-1)...Y(n+1)Y(n)u(n) (40)
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which behaves approximately like the system,
u(n+K) =Y«mumn) (41)

given the initialization u(n)=u(n). Recall the theorem
proven in [26],

Theorem 1. The linear state equation
u(n+T)=Y(mum), u(g)=u (42)

is uniformly exponentially stable if and only if there exists a
positive definite (N+1) x (N+1) matrix D(n) for which the
residue

YH(m)D(n)Y(n)—D(n) 43)

is positive definite.

Y

that (50) is satisfied. From (49)
u(n+K)—un+K)~V; (mm(n+1<)—u(n+1<)]A(f)(n)
=YWV, [En+K)—un+K)JA (51)

where V%H) is the gradient operator with respect to the
coefficient A(n) and AHn)=0m+1)—H(m). From the
update equation
0 —0(n—1) = uR—1) ' d(-1HSM-1)d(n—1))"'e(n—1)
(52)
From (49) and (51) an explicit condition for the step size
u(n) for the stability of the proposed adaptive Hammer-
stein algorithm was obtained as

n<
YWV,

Since the poles of the (3) are by hypothesis always
inside the unit circle, the unique, symmetric and positive
definite solution of the discrete time Lyapunov equation
can be used as the Lyapunov candidate

YHm)D(m)Y(n)—D(n) = Iy 41 (44)

where Iy,1 is an N+1 x N+1 identity matrix. Solving
(44) for D(n) we have

vec[D(m)] = —[Y"(n) ® YH ()1, 1] veclly 1] (45)

where vec[D(n)] represents a Kronecker vector formed by
stacking all the columns of D(n) and ® denotes the
Kronecker product [27]

a’ (m)(Y*)! (m)D(n)(Y*)(n)~D(ny)u(n) = —a” (n)ly ;. 11(n)
(46)

which can be rewritten as

2
Iny1

TN+ KI5y — T3,y = —IT)IE, | > wlWm)IF,, (47)

for some positive constant zo. Thus,
W +K)I13 ) > (1-w) W13, (48)

illustrating a strict decrease in the state vector norm.
From (44),

W+ K)—am+K)lF, <y (49)

where 7y is a sufficiently small constant as a result of ¢
being sufficiently small. Thus for a sufficiently small ¢, the
vector u(n+K) will lie within a - ball of u(n+K) and
provided the radius y is less than the worst-case delay
wlW(n)li3,, the inequality [23]

T +K)I13 ) < la(m)li, (50)

should carry through.

In order to ensure the stability of the proposed
adaptive nonlinear Hammerstein algorithm, an upper
bound on the adaptation step-size u is determined such

@+ K)—un+KIRn-1)"' @n-1)Sn-1) dn-1)""em—1)lpw)

(33

6. Mean square performance

This section, presents an expression for the steady state
mean square error based on energy conservation theory
[28]. The expression derived is based on the assumption
that with slow convergence and a stationary operating
environment, the ensemble average of the excess squared
error is close to its minimum possible value [22].

Introducing the a priori error vector e;(n—1)

e.(n—-1)=Sm-1)"0m-1) (54)

Substituting 8(n) = 6—0(n) in (29), the equation is rewrit-

ten (29) as

0(n) = 0(n—1)—uR(n—1)"1dn—-1)I+ uS(n—1" d(n—1)) le(n—1)
(35)

Multiplying both sides with R'/2(n—1) from the left and
computing the square norm result in

8" (mR—1)0(n) = IR'2(n—1)0(n—1)
—uRM=1)""2@n—-1)(0I1+ uS(n—1)"
dn-1)'em-1)| (56)

Expanding and applying the ensemble average gives

E[0" (mR(n—1)0(n)]
—E[0" (n—1)R(n—-1)8(n—1)]
—uE0" n—1)dn—-1)01+ pS(n—1" d(n—1))Te(n—1)]
— pE(e? (n—1)(S1+ pd(n—1)"S(n-1) ' " (n-1)8]
+E[IluR(n—1)"12d(n—1)1+ uS(—1"
dn-1)'e(n-1l] (57)
As n— oo, the algorithm approaches its steady state
condition and E[?H(n)R(n—l)ﬁ(n)] =E[5H(n—l)R(n—1)
6(n—1)]. Also, it is known that

e(n—1)=ey,(n—1)+v(n—1) (58)
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The following assumptions of independence are made:

(1) the noise v(n—1) is independently and identically
distributed and statistically independent of the
regression matrices S(n—1) and ¢(n-1).

(2) At steady-state, S(n—1) is statistically independent of
e (n—1) with E[ell(n—1)eq(n—1)]=Ele,(n—1)|*> and
E[efl(n—-1)]=0.

In the Appendix, expressions for the filters mean square
error (MSE) and excess mean square error (EMSE) were
derived as

—poy Tr(E[C(n-1)])

FVEE = (T ELC— ) —2C TrEGm—T)]) Y
and
—ua2Tr(E[C(n—1)]) 2
E =
SE= TruEicin-Dp—2cmtrEcn-p) T €9

where
N

n-2 f-1
m=p=Y VI > a,,. 0-f+9
f=1

§=0ky.g=1

Cn—1) = 31+ ud" (n=1)5(n—1))"1¢" n-1)R
n=1)dm—1)I+ uS-1dn-1))~"

G(n—1)= GBI+ uS-1HPn—1))"
7. Results

In this section the validity of the proposed algorithm is
demonstrated. Simulation results corresponding to white

and colored types of signals are shown. Results are also
presented for a real life Hammerstein system involving
the identification of the human muscle stretch reflex
dynamics.

The Hammerstein nonlinear subsystem to be identified
has a linear subsystem of infinite impulse response
given by

1.0000—1.8000z~! +1.6200z-2—1.4580z3 +0.6561z~4
1.0000-0.2314z-1+0.43182-2-0.3404z-3 +0.5184z4
(61)

Hi(2)=

and a nonlinear subsystem of polynomial nonlinearity
given by

z(n) = x(n)—0.3x(n)? 4+ 0.2x(n)> (62)

Since it is known that b(0) = 1, the update weight vector
for all simulations were initialized to

60)=[0 ...00 ...01 ... 1

Results shown were obtained by ensemble averaging over
100 independent trials of the experiment.

7.1. System identification with white input

System identification simulations were performed to
identify the nonlinear Hammerstein type plant with
impulse response given in (61) and (62). The desired
response signal d(n) of the adaptive Hammerstein filter
was obtained by corrupting the output of the unknown
system with additive white noise signals of zero mean
and variance such that the output signal to noise ratio
was 30dB. The input signal x(n) of the adaptive filter
was an additive white noise signal with zero mean and
unit variance. The adaptive Hammerstein filter was
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Fig. 2. Mean square deviation (MSD) learning curve of proposed algorithm for white input and Q =1,2,3,4.
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simulated with a fixed step size initialized based on (53)
to 1.674e—7. Other parameter settings were as follows /,
the forgetting factor was set to 0.995, ¢ for the
regularization matrix was set to 1e—4 and y = 1e—3 based
on the noise variance.

Fig. 2 shows the learning curve describing the mean
square deviation of the adaptive Hammerstein filter
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weights from the optimum weight of the Hammerstein
model plant. From this figure, it can be seen that the
convergence speed of the proposed algorithm in this
paper increased with an increase in the number of
constraints Q. Fig. 3 shows that the mean square error
learning curve for the case where the number of
constraints Q was set to 3 compared very well with the
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N
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Theoretical MSE
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Fig. 3. Mean square error learning curve of proposed algorithm for white noise input, Q =3 and theoretical MSE line.

102 . :

100

1072

1074

Mean Square Deviation

1076

T T

Q=1
Q=2
Q=3
Q=4 4
Reference [13]

10—8 I

0 2000

4000

6000

Number of iterations (n)

8000

10000

Fig. 4. Mean square deviation (MSD) learning curve of proposed algorithm for colored input and Q =1,2,3,4 compared with results from [13].
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Fig. 5. Mean square error learning curve of our proposed algorithm used to identify the human muscle stretch reflex dynamics.

steady state expression in (60). This behavior is expected
since (60) was based on the assumption of independence.

7.2. System identification with colored input

For a colored input signal x(n) the adaptive filter was
generated by filtering an additive white noise signal with
zero mean and unit variance with the filter

Hy(z)=1+0.5z7" (63)

All the parameter settings for the proposed algorithm and
[13] were kept the same as described in Section 7.1. In the
case of [13], dg was set 107> and the initial value of &,2,,(11)
was set to 10. The results obtained using the reasonably
colored signal as input are shown in Fig. 4. The proposed
algorithm converged much faster than the algorithm
proposed in [13] even though the authors had used the
Gram-Schmidt process to better enhance the algorithms’
performance in a colored input environment. Also, when
the number of constraints was set above 1, the mean
square convergence in the weight was independent of the
number of constraints Q.

7.3. A practical example

It is interesting to apply the affine projection adaptive
Hammerstein filter developed in this paper to a practical
example which is the identification of the human muscles
stretch reflex dynamics. The stretch reflex is the involuntary
contraction of a muscle which results from perturbation of
its lengths. In this subsection, real life data obtained from [1]
was used. A description of how the input and output data
was collected for system identification problem is given in

[1]. In this experiment, the linear subsystem of the
Hammerstein filter was chosen as an eighth order IIR filter
and the nonlinearity was selected to be of the fifth order.
The Hammerstein adaptive filter parameters were set as
follows: 4, =0.99, 6 =1e-3, y=1e-3 and u=1.674e—6.
The step-size u was carefully chosen to satisfy the condition
in (53) for stability. The mean square error learning curve
for this experiment is shown in Fig. 5. This figure shows the
convergence of the algorithm in the mean square error
sense. The result also shows sensitivity of the proposed
algorithm to variation in the weight parameter. This is due
to the use of a polynomial nonlinearity to approximate the
half-wave rectifier type nonlinearity of the stretch reflex
dynamic shown in [1].

8. Conclusion

In this paper, an adaptive affine projection nonlinear
Hammerstein algorithm for the identification of Hammer-
stein type nonlinear subsystems is proposed. The Ham-
merstein model considered was a cascade of a polynomial
nonlinearity and an infinite impulse response filter. Due
to the presence of an IIR filter, a recursive bound on the
adaptation step-size was derived to achieve bounded-
input bounded-output stability of the adaptive Hammer-
stein algorithm. Also, a theoretical expression for the
convergence behavior of the mean square error was
derived based on energy conservation theory. Results
for colored inputs showed the superior convergence of
the proposed algorithm when compared to an existing
adaptive Hammerstein algorithm. We demonstrated good
convergence by the proposed algorithm when used under
real life, colored and white input data environments.
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Appendix A

In this appendix, (59) and (60) are derived. From Eq. (57)
E[u?ef(n— 1)C(n eq(n—1)]+E[u?|[v(n—1)[JE[C(n—1)]
:2/1E[6 n-1)P(n-1)Gn-1)eq(n—1)] (64)
where
Cn-1)= @I+ pd" (n-1)Sn-1)"1¢"n-DR(n-1)d(n-1)
©Ol+uSm-1dmn-1)~"
G(n—1)= GBI+ uSm-"dn—-1))"
It is clear that Eq. (17) can also be written as

N
d(n-1)=Sn-D)+An-1)- Y an-1dn-1-k)  (65)

k=1
where
M M H
K@m-@)=1{0 ... 00 ... 0 Y x(n—q—j) ... > xn—q—j)
ji=1 j=1
Am-1)=[kn-1) ... RM-Q)]
Thus
P2 (Elel (n—1)C(n—1)eq(n—1)]+ E[|v(n—1)[JE[C(n—1)])
=2,uE[eZ’(n—l)G(n—])ea(n—l)+§H(n—1)
<A(n 1)— Zak(n Hdnm-1— k))G(n 1)eq(n— 1)}
k=1
(66)

Expanding the expression for @(n—1) taking into
account the effects of the inputs within the time interval
0 to n—1, we have

. . R n-2 f-1
dn-1)=8n-D+An-D+ > -1/ ]
f=1

g=0
N
x > @, (n—f+S(n—f-1)
kn_gig=1

— oy Tr(E[C(Tl )

Substituting Eqs. (67) and (66) into (65) and simplify-
ing give
12 (E[el (n—1)C(n—1)eq(n—1)]+E[Iv(n—)[JE[C(n—1)])
= 2uE[el (n—1)G(n—1)eq(n—1)]
+ZuE[aH(n—l)A(n—l)G(n—l)ea(n—l)]
N

+2[,LE Z( 1)f H Z aknfﬂg

g§=0kysig=1
(n—f+g)ea”(n—1>c(n—1)ea(n—1)}

f-1

+2uE |07 (n— 1)2( Y] Z a, ., (n—f+g)

g=0kys,g=1

A(n—f—l)G(n—l)ea(n—l)} (69)

using the second assumption made in Section 5, Eq. (69) is
reduced to

[°Eleq(n— 1)|TF(E[C(TI DD—2puEleq(n—DTrE[G(n—-1)])
N

-2
_ztu Z( ])f H Z nf+g(n f+g)

8§=0kys,g=1
E|ea<n—1>|Tr<E[G(n—1)]> = —2E[[v(n—T1)[ITHE[C(n—1)])
(70)

Eleq(n—1)| (uz Tr(E[C(n—1))— 24 Tr(E[G(n—1)])
N

—2p Z( 1 H > @, (=f+@THEGN-1))

g=0kysig=1
= — 12 E[[v(n—1)|ITeE[C(n—1)]) (71)

Eq. (71) can be used to develop an expression for the
filter mean square error (MSE) or equivalent, for the filter
excess mean square error (EMSE), which is defined by

EMSE = nlim leq(n)| (72)
From Egs. (58) and (72), the MSE can be written as
MSE = EMSE + o2 (73)

where 62 = E[|v(n—1)|]. From Eq. (71), the MSE of the filter
is given in Eq. (60)

T UTrEC=D) 21+ S A TE o X0, 1 ay, . ,(n—f +@THEGn—1))

N
+ Z( 104 H > a,,,—f+@AMn—f-1)
g§=0kysig=1

(67)
From Section 4, the requirement on $(n—1) is that it be
sufficiently exciting in the sense that Sm-1fom-1)=0

only if 6 =0. Thus at steady state
S-1)"0(n—1)=5n-2"0(n—-1) =S(-3)"B(n-1)= - .- =e,(n-1)

(68)
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