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ABSTRACT 

A new parallel realization is proposed to imple- 
ment adaptive IIR filters. This realization intro- 
duces several improvements to a previously prtr 
posed approach using discrete orthogonal functions. 
The new adaptive IIR filter realization has lower 
computational complexity than the standard par- 
allel realization. A discussion regarding their prop- 
erties and convergence speed is also included. In 
order to illustrate the performance improvements, 
some simulations results are included in the system 
identification application. 

1. INTRODUCTION 

Many open problems remain unsolved related to the 
wide use of adaptive IIR algorithms. In particular, 
we address the search for an efficient and modular 
realization with low computational complexity and 
fast convergence speed. Several alternative realiza- 
tions have been proposed in the literature [9]. Some 
realizations have attractive features such as the lat- 
tice realization [5], the parallel realization [6] and 
the Frequency domain realization [lo]. 

Only recently it was found that the lattice real- 
ization of adaptive IIR filters can be implemented 
with linear complexity [4]. Also, several variants of 
the lattice realization were proposed [3], [ll]. The 
main drawback of the parallel realization is the in- 
troduction of equivalent local minima, located in 
distinct subregions of the parameter space. These 
subregions are separated by boundaries represent- 
ing reduced-order manifolds. A low complexity par- 
allel realization with fast convergence speed, was 
proposed in [2]. This realization utilizes appropri- 
ately configured second-order sections, in order to 
reduce the number of iterations needed by the algo- 
rithm to move away from the reduced-order mani- 
folds. The key idea behind the good performance of 
this approach is related to the different gradients of 
the various sections, even if the poles of the sections 
are a t  the same position. As analized in [9], the 
potential ill conditioning of the parallel realization 
can be avoided with the introduction of a prepro- 
cessing or transform [lo], [l]. In addition, this pre- 
processing provides some degree of orthogonaliza- 
tion among the sections of the parallel realization. 
This can be used in order to reduce the computa- 
tional complexity of the Gauss-Newton type algo- 
rithm without a noticeable lost in performance. In 

the approach discussed in this paper, one can also 
simplify the implementation of the Gauss-Newton 
algorithm. 

We consider here a parallel orthogonal realiza- 
tion proposed in [8]. The reduced-order manifold 
problem remains in this realization, an aspect that 
has not been addressed in [8]. Several interesting 
simplifications of the gradient computation for this 
realization can be obtained. This result in  a compu- 
tational complexity of the overall realization even 
lower than for the standard parallel realization. In- 
spired by the ideas of orthogonality of backward 
errors on stationary AR modeling, explored in the 
lattice realization, and the preprocessing in the Fre- 
quency Domain Adaptive Filter, the AR part of the 
parallel orthogonal realization is generated through 
a set of discrete orthogonal functions, in such a way 
that fast c ivergence speed can be expected. 

The paper is organized as follows: In section I1 a 
brief review of the parallel orthogonal realization is 
presented. A discussion of some important aspects 
is given, including the existence of reduced-order 
manifold, and computational complexity. In sec- 
tion 111, a new and efficient gradient computation is 
proposed leading to linear computational complex- 
ity. Also an analysis of the gradient computation is 
included, in order to justify a reduction in the com- 
plexity of the Gauss-Newton adaptive algorithm. 
In section IV, several comparisons and simulations 
are included in order to illustrate the effectiveness 
of the proposed gradient computation. Finally, in 
section V we present some conclusions. 

2. THE PARALLEL ORTHOGONAL 

The parallel orthogonal realization proposed in [8], 
for system identification application, is depicted 
in Figure 1. This realization is based on a set 
of discrete orthogonal sequences & ( n )  whose z- 
transforms are given by 

REALIZATION 

1+a 1-1 l - -or .--1 where * I ( + ) =  l+B1 - +Bz - 2 * 2 ( z ) =  1+81 ?+f12 -2 

and 1x1 means an integer not greater than x. The 
orthc&nality of the sequences,-i.e. 
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is achieved if the following condition is verified aZ,= 

1+B2s-oz1-1'21-1). For simplicity, we choose a2, - -1= 

and a2,=-: .  The prediction can be expressed 

order sections coincide. As a consequence a suitable 
initialization of the adaptive filter coefficients is re- 
quired in order to achieve a reasonable convergence 

e(n)=d(n)-zEo T k ( " ) Y k ( " )  (3) In the following section, two simplifications for 
this gradient computation are discussed where the 
second solution yields lower computational com- 
plexity than the parallel realization. 

R Z . - I - O Z . - I  1+&t 

as follows speed. 

where yo(n)=z(n). The updating equation of the 
Gauss-Newton algorithm for the minimization of 
the mean squared output error is given by 

e (n+ l )=e (n)+~P(n+l )V(n)  (4) 

where e(n)=[ro(n)rl(n). ..rM (n)pl(n) ... (n)lT is the co- 
efficient vector, and V(n) is a suitable estimate of 
the gradient vector. The matrix P(n+l) is a recur- 
sive estimate of the inverse Hessian matrix given, 
for example, by 

where p is the convergence factor. Using the in- 
stantaneous squared value of the output error as 
an estimate of E[eZ(n) ] ,  the components of the gra- 
dient vector are given by 

v , , ( n ) = ~ = - Z e ( n ) z ( n )  

v , , ( n ) = ~ = - Z e ( n ) y , ( n ) ,  r=I , z ,  . , M  

vp,(n)=+=-2e(n) E,"=, x ( n ) y k J ( n ) ,  B 1=1,2, , ~ L M P J  

where the derivatives y:(n) can be computed 
recursively as following described. The sig- 
nals si(.) from, Figure 1, are related by g,(n)= 

w g , - l ( n )  where D , ( z ) = ~ + ~ ~ , - ~ z - ~ + ~ ~ , z - ~  and 
D , ( z ) = z - ~ D * ( ~ - ~ ) .  Their derivatives with respect to 
the coefficients p3 are given by 

- 

=O, otherwise 

g p ( n - 1 )  for i=1,2, ..., M. The computational complex- 
ity related to equations (6) is noticeably higher than 
that required to compute the gradient estimates of 
the standard parallel realization. In the latter case, 
for M sections the computational complexity is of 
order OM. For the orthogonal realization as pro- 
posed in [8], this complexity is of order M ( M - I ) / O .  

An important remark about the parallel orthog- 
onal realization is that the reduced-order manifolds 
are introduced in a similar form to the standard 
parallel realization. The existence of these mani- 
folds can be easily demonstrated by a straightfor- 
ward extension of the results given in [7], i.e., it can 
be shown that the determinant of the p(n) matrix, 
related to the mapping between the direct form re- 
alization and the parallel orthogonal realization, is 
singular if the pairs of coefficients of distinct second 

3. A LOW COMPLEXITY GRADIENT 
REALIZATION 

In order to obtain a low complexity gradient com- 
putation for the parallel orthogonal realization, we 
consider the usual slow Convergence approximation 
in equations (6). An example of a recursive gradi- 
ent computation for some coefficients of the parallel 
orthogonal realization is shown in Figure 2, for a 
6th order filter. We call this implementation com- 
plete gradient realization. A first simplification to 
the gradient computation of equations (6) can be 
achieved by using the slow convergence approxima- 
tion, where the coefficients of the adaptive filter arc 
considered approximately the same in neighboring 
iterations. The obtained equations are the follow- 
ing 

g?(n)={ ~ } g ~ ~ , ( n ) ,  3<2:-3 

g?(n)=g?-l (n-l), 3=21-3 

gP)(n)={ &}g , - I (n ) t  % g i ~ 1 ( n ) , 3 = 2 i - z  

(7) 
B {-  

g,J(n)=g?-'(n-l), 3=2:-1 

gfl(n+ & ga-l(n) ,  3=21 { }  
=O, otherwise 

Using the same 6th order filter example, the sim- 
plified gradient computation is illustrated in Figure 
3. 
Another simplification is possible for the cases 
where the poles to be identified are close to the 
unit circle. Consider the signal w of Figure 3, 
W =  ~ ~ g l - g l = ~ . g l  then, if the module of 
the pole p2 of the respective section is close to one, 
as is the case in some IIR filtering applications, we 
can consider the cancellation of this branch. In this 
case, we need only one allpole block per section in 
order to compute the gradient. Then equations (7) 
are reduced to the following 

- 

gf93(n) = { ~ } g , ( n ) ,  3=2i-1 (8) 

$(n)  = { e } g t ( n ) ,  3=2t (9) 
= 0,  otherwise 

The remaining coefficient derivatives are special 
cases of the equations above. As can be noted the 
computational complexity in this case is lower than 
for the standard parallel realization, where we need 
two filters per section in order to obtain the respec- 
tive gradient components. 

Due to the orthogonalization of the internal sig- 
nals for a Gauss-Newton type algorithm, we can 
introduce a block diagonal simplification to the esti- 
mate of the inverse of the Hessian matrix by the uti- 
lizing of the proposed gradient computation, with- 
out a noticeable lost in convergence speed. This 
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result was verified in a number of simulations in sys- 
tem identification applications with different plants. 
A more detailed description of the proposed simpli- 
fications will be included in the final version of the 
paper. 

4. SIMULATIONS AND 
COMPARISONS 

In order to illustrate the performance of the a d a p  
tive filters incorporating the proposed low complex- 
ity gradient computation for the parallel orthogonal 
realization, a set of examples of system identifica- 
tion is presented. In all cases, we compare the per- 
formance of the standard parallel realization with 
the parallel orthogonal realization. Different ini- 
tial values for the coefficients of each section are 
used in order to reduce the manifold effects. We 
consider a zero mean, Gaussian measurement noise 
u ( n )  of -40 dB, and a zero mean white noise in- 
put z(n) with unit variance. For the first example, 
the plant to be identified has the following trans- 

The fer function H ( z ) =  (.a - 1.15, +o. 6;; (9 +o. 9; +0.81) . 
learning curves for the complete realization, the 
first simplification and the low complexity gradi- 
ent realizations are depicted in Figure 4, where 
the ensemble average of 20 simulations are shown. 
Indeed, the parallel realization and the low com- 
plexity orthogonal realization with a block diago- 
nal ( n )  matrix are included. As can be noted the 
convergence speed for all realizations are compa- 
rable, despite of the different computational com- 
plexity. In a second example, we consider the iden- 
tification of the following transfer function H(z)= 

The 
learning curves for the realization of the previous 
example are depicted in Figure 5, where also the 
averages of 20 simulations are shown. Even for 
this higher order case, the convergence speed of the 
proposed low complexity realizations are compara- 
ble to the complete realization, and faster than the 
standard parallel realization. 

5. CONCLUSIONS 
In this paper, we have presented orthogonal parallel 
realizations for adaptive IIR filters with low com- 
plexity gradient computation. Through the use of 
the slow convergence approximation a first simpli- 
fication of the gradient computation was proposed. 
If the poles of the plant are sufficiently close to the 
unit circle, further simplifications can be introduced 
to the gradient computation, leading to a realiza- 
tion with lower complexity than the standard par- 
allel adaptive filter. Further improvements in com- 
plexity for the Gauss-Newton type algorithm can 
be introduced, if the orthogonality of the studied 
parallel realizations is taken into account. 
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Figure 1. Parallel orthogonal realization 
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Figure 2. Gradient computation: gal and g& 
for a 6th order example 
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Figure 4. Example 1: a) Parallel realization; 
Parallel orthogonal realization: b) complete 
c) first simplification d) low complexity e) 
low complexity with block diagonal P ( n )  ma- 
trix. 

.-IL>, 
Figure 3. Simplified gradient computaffon: 
gf' and g p  for a 6th order example 

Figure 5. Example 2: a) First simplification, 
b) low complexity, c) complete realization, 
d) parallel realization e) low complexity with 
block diagonal P(n) matrix. 
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