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ABSTRACT 

Some real-time DSP experiments with adaptive IIR filters 
are addressed in this paper. The performance compar- 
isons involve the LMSEE, the BRLE and the QCEE al- 
gorithms. A discussion of the main characteristics of each 
algorithm is included. Some aspects of the implementa- 
tion involving the updating algorithm, the normalization, 
the quantization strategy and the internal scaling are dis- 
cussed. Preliminary results show that finite wordlength 
effects are more disturbing in the BRLE algorithm than 
in the QCEE algorithm. 

I. INTRODUCTION 

The adaptive IIR filter implementation is an issue not 
openly discussed in the digital signal processing literature. 
The main aspects to be considered are: the updating algo- 
rithm, the normalization, the internal scaling, the quanti- 
zation strategy and the hardware choice. 

From the point of view of the updating algorithm, adap- 
tive IIR filtering algorithms present several forms [SI. In 
a general classification the updating algorithms can be di- 
vided in: regressor filtering algorithms [14] [4][3] and error 
filtering (or smoothing) algorithms [15][7]. The attractive 
feature of the error filtering updating algorithms is their 
bounded-input bounded-output (BIBO) stability in the 
ideal case (with matching orders and without measure- 
ment noise). The most widely known algorithm of this 
class is the Simple Hiperstable Adaptive Recursive Filter 
(SHARF) [13]. The main drawback of this algorithm is 
the unknown rule to determine the fixed smoothing coef- 
ficients to achieve the SPR condition [15]. 

Another widely known error filtering algorithm is the 
Least Mean Squares Equation Error (LMSEE) algorithm. 
However, since the measurement noise is generally un- 

avoidable, this updating algorithm leads to biased esti- 
mates. In order to reduce the bias in the LMSEE a sim- 
ple bootstrap strategy was  proposed in [6], widely known 
as the Bias Remedy Least Mean Square Equation Error 
method (BRLE). Another solution is the unbiased adap- 
tive IIR filtering algorithm for white measurement noise, 
namely the Quadratically Constrained Least Mean Square 
Equation Error algorithm (QCEE), proposed in [12],[2]. 
This equation error based algorithm uses a unit-norm con- 
straint on the parameter vector, being distinct from the 
LMSEE that utilizes the monic constraint. 

On the other hand, the regressor filtering algorithms 
have their potential advantages in reduced order context 
[16] [4], although some additional considerations need to 
be observed in a real implementation, since stability can 
not be guaranteed. 

This paper addresses the real-time implementation of 
adaptive IIR filters, using the LMSEE, BRLE and QCEE 
algorithms. The BRLE was previously analysed in an 
echo cancelation application [ll]. The QCEE algorithm 
is shown to present lower quantization effects than the 
BRLE, despite of its higher computational complexity. 

The organization of the paper is as follows: In section 11, 
a review of adaptive IIR filtering algorithms is presented. 
The LMSEE, BRLE, and QCEE are emphasized, includ- 
ing a discussion on the BIBO stability of the algorithms. 
In section 111, some general considerations on the quan- 
tization strategy, the normalization and scaling are pre- 
sented. In section IV, several simulations and the results 
of real-time implementation of the adaptive IIR filters on 
a DSP are compared and discussed. Some conclusions are 
presented in section V. 

11. A REVIEW OF ADAPTIVE IIR ALGORITHMS 

Consider that the plant to be identified is modeled as 
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d ( n ) = . ~ ~ s ( n ) + v ( n ) = ~ o ( n ) T e o + v ( n )  (1) 
where d ( n )  is the reference signal, z(n) is the input sig- 
nal, and v ( n )  is the measurement noise. The polyno- 
mials and vectors shown in the model are defined as: 

N )  z(n)  . . . z (n -~) ]~ ,  and Bo+ '...aN b o . . . b M I T .  

The updating equation of the LMSEE algorithm is given 
by 

B ( 9 - ' ) = x L 0  b k q - *  , A(5'-')=xc=l " k 5 ' - k ,  c p ~ ( ~ ) = [ Y ( ~ - l ) . . . Y ( ~ -  

B(n+l)=B(n)+pcp(n)e.(n) (2) 

where e.(n)=d(n)-cpT(n)B(n) is the a priori equation error, 
cp(n)=[d(n-1) ... d(n-N) s ( n )  ... s (n-M)]T,  p is the convergence 
factor, and @(n)=[o,(n) ... o,(n) bo(n) ... 6,(n)lT. 

Consider now the a posteriori equation error, defined by 
a.(n)=d(n)-cpT(n)B(n+l)=-cpT(n)V(n+l),  where V ( n ) = B ( n ) -  

e,, then it is easy to show that 

V(n+l)=[l+llcp(n)cpT(n)]-1V(n)+p[l+llcp(n)cpT(n)]-tp(n)v(n) 

(3) 
Without measurement noise the analysis of the homoge- 
neous part of the previous equation reveals the exponential 
stability of the LMSEE algorithm if some persistence of 
excitation conditions are satisfied [HI. In fact, with mea- 
surement noise and if the excitation term of the forced 
system is bounded, the biased estimates obtained are sta- 
ble [12]. 
An interesting way to reduce the bias of the LMSEE algo- 
rithm without sacrificing the inherent stability, is to apply 
a bootstrap strategy to compensate for the noisy regres- 
sor. With this motivation, the BRLE algorithm is defined 
bY 

B(n+l)=e(n)+pcp,(n)e.(n) (4) 

L - J  
the output error and e,(n)=[e,(n-l) ,..., e , ( n - ~ ) ] ~ .  A recur- 
sive relation similar to that of equation (3) can be written 
as follows 

This equation c a i  be intirpreted as a perturbed forced 
system as in [6], in such a way that if A(n) is suitably 
bounded and B(n)-.o for n+w, the bias reduction can be 
achieved without affecting the stability. 
In order to eliminate the bias problem, at least for white 
measurement noise, a modified LMSEE algorithm, the 
QCEE, was proposed. This algorithm is described as 

A second order analysis of the QCEE algorithm shows 
that the explicit normalization of equation (6) can be per- 
formed only after a fixed number of iterations, in order to 
correct high order terms of the form o ( p 2 ) .  Disregarding 
the gradient estimation errors, we can associate to the 
QCEE algorithm the following parameter error system 

Note that the white measurement noise power does not af- 
fect the behavior of this equation, what leads to unbiased 
estimates. The outer product of the U(.) vectors in the 
previous equation indicates a different mechanism for the 
convergence of this algorithm. A preliminary study of the 
QCEE [2] indicates that distinct plants to be identified 
lead to different misadjustments, even for the same input 
and noise signals. In fact, making a parallel with non- 
linear optimization, the parameter conditioning of this al- 
gorithm is related to the Total Least Squared methods, 
while the parameter conditioning of the LMSEE is related 
to the Lead Squared methods [12]. 

111. CONSIDERATIONS ON NORMALIZATION AND 
SCALING 

An important part of a real-time implementation is the 
quantization strategy. Preliminary results in this aspect , 
considering rounding and truncation, indicates that with 
today digital signal processors rounding is available and 
leads to lower quantization errors for adaptive FIR filters 

Some rules can be followed in the scaling of fixed-point IIR 
filters in the problem discussed here. The scaling strategy 
for IIR filters must consider [5]: 1) an estimate of the nodal 
(state) variables, 2) scaling the input or output coefficients 
by the largest estimate to prevent overflow, 3) scaling for 
suitable coefficient representation. 

In spite that the first step is not easy to apply to adap- 
tive filters, the BIB0 stability of the algorithms consid- 
ered guarantee that a bounded estimate can be obtained. 
This is perhaps the most difficult point for a suitable im- 
plementation and requires extensive simulations with dif- 
ferent input and plants in the application considered [15]. 
Steps 2 and 3 of the scaling strategy depends on the or- 
der and the realization of the adaptive filter among other 
aspects, but with a suitable bound for the states in step 
1, steps 2 and 3 are simple to realize. 
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On the other hand, the use of normalization in the updat- 
ing equation simplifies the estimation of the nodal vari- 
ables. Several strategies of normalization for the BRLE 
and the LMSEE algorithms were considered in [lo]. Al- 
though they can perform very well in terms of conver- 
gence speed, the additional computational complexity in- 
troduced must be considered in a real implementation. 

IV. SOME DSP EXPERIMENTS AND COMPARISONS 

The digital signal processor of Analog Devices ADSP- 
2101 was used in the implementation of the previous algo- 
rithms. The 1.15 fixed-point format E13 and rounding as 
quantization strategy were used. Assuming the unknown 
system is stable, the coefficients of the adaptive filter can 
be scaled in such form that they converge to a repre- 
sentable value in the format used. The scaled adaptive 
filter difference equation can then be written as follows 

where f p  and f. are the denominator and numerator 
scaling factors (fp,f. 21) respectively, and u ; ( f i ) = Y  and 
a;(n)=- are the scaled coefficients. Note that in this 
form, the steady state coefficient values are U:(.) and b;(n)  

such that the adaptive filter input and output must be 
multiplied by f p  and j. in order to be used after process- 
ing. 
With the direct realization of equation (7) and a minimum 
phase assumption, we can choose the scale factor as a 
function of the order of the adaptive filter. Since the zeros 
of numerator and denominator are of the form (.-e) with 
~ ~ c ~ ~ < i ,  the coefficient with the largest absolute value can 
be obtained by the following expression 

Thus, the following bound on the absolute value can be 
obtained 

lakl= ( ; ) lalk=*lulk5.* 

From the equation above we can deduce that the scal- 
ing factor, for N even, is f=+, and for N odd is 

(-9 ’ 
j=7*. 7 .  

( 1 - - 1 . 2 ~ - ~  + O . a ~ - ~ ~ ( l - O . S z - f )  and 2) *G)= 1--1.6s-:+o.64z-2 

The experiments in system identification were per- 
formed with the following unknown systems: 1) H ( Z ) =  

1 . In 
all cases the input signal is a binary white noise and 
the measurement noise is colored by the filter U(,)= 

(i+0.7t-’)~(i-0.7~-’)~u(n) where ~ ( n )  is a white gaussian 
noise. The signal-to-noise ratio, defined by S N R  = 
lOlog(ai/a;), where ai and a$ are the variance of the 

. 

adaptive filter output and the measurement noise respec- 
tively, was fixed in 30 dB for all the experiments. 

All figures depict the learning curves of the normalized 

The normalized convergence factor used is p = 0.2 for 
the LMSEE and BRLE algorithms and p = 0.02 for the 
QCEE algorithm. 

Fig. 1, shows the learning curves for the LMSEE and 
BRLE algorithms in the identification of system 1. Curves 
a and c correspond to the infinite presicion results and 
b, d to the finite presicion DSP implementation. Finite 
presicion effects appear for both algorithms although the 
BRLE reduce the bias due to measurement noise in al- 
most 15 dB. Figs 2 and 3 illustrate the results of a similar 
experiment with system 2. In this case, Fig. 2 shows that 
finite presicion effects are not noticeable for the BRLE al- 
gorithm and lower error (8 dB) is achieved due to bias rem- 
edy. The performance of the QCEE algorithm is shown in 
Fig. 3 (curves c and d) where finite presicion effects rise 
the error 10 dB over the ideal results. In spite of these 
effects, this algorithms improves in 20 dB the results of 
the BRLE algorithm (curves a and b). 

The price to be paid for this improvement is greater 
complexity fron the implementation point of view and a 
slower convergence speed when compared with the BRLE 
method. 

coefficient error norm, de fined by J(n)  = ]W. 8 8  
ll 

V. CONCLUSIONS 

Some aspects of real adaptive IIR filter implementation 
were analized. The results of the implementation of the 
LMSEE, the BRLE and the QCEE algorithms were com- 
pared in a system identification context, using a fixed- 
point DSP. Preliminary results obtained demonstrated 
how the finite wordlength implementation affects the ideal 
performance of the analized algorithms. In particular, the 
QCEE algorithm seems to have better behavior than the 
LMSEE and BRLE methods. 
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Figure 1: a and b, LMSEE algorithm. c and d, BRLE 
algorithm 
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Figure 2: a and b, LMSEE algorithm. c and d, BRLE 
algorithm 
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Figure 3: a and b, BRLE algorithm. 
algorithm 

c and d, QCEE 
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