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Abstract A new fast adaptive filtering algorithm was
presented by using the correlations between the signal’s
former and latter sampling times. The proof of the new al-
gorithm was also presented, which showed that its optimal
weight vector was the solution of generalized Wiener equa-
tion. The new algorithm was of simple structure, fast con-
vergence, and less stable maladjustment. It can handle many
signals including both uncorrelated signal and strong corre-
lation signal. However, its computational complexity was
comparable to that of the normalized least-mean-square
(NLMS) algorithm. Simulation results show that for uncor-
related signals, the stable maladjustment of the proposed
algorithm is less than that of the VS-NLMS algorithm, and
its convergence is comparable to that of the algorithm pro-
posed in references but faster than that of L.E-LMS algo-
rithm. For strong correlation signal, its performance is su-
perior to those of the NLMS algorithm and DCR-LMS al-
gorithm.

Keywords adaptive filter, NLMS algorithm, Wiener
equation, correlation

1 Introduction

Adaptive filtering technique has been widely used in echo
cancellation, system identification, spectrum analysis and
beamforming etc.. Figure 1 shows the principle of adaptive
filter. Where v(n) denotes a disturbed noise vector. The idea

behind adaptive filter is to give an estimation p(n) of the
output signal y(n) of an unknown system. And the error
signal e(n) between p(n) and y(n) in accordance

with certain algorithm is used to adjust the parameters of
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the adaptive filter so as to approach the parameters of the
unknown system. In the past least mean square (LMS) algo-
rithm based on the steepest descent method was widely em-
ployed for its simple structure and easy implementation etc..
However, its convergence speed is slow and its performance
is reduced by gradient noise.
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Fig. 1 The principle of adaptive filter

Moreover, it performs badly for processing high correla-
tion signal. To overcome these limitations, some researchers
propose NLMS algorithm [1], affine projection algorithm
(APA) [2-5] and variable step size LMS algorithms [6-9].
APA, which is of fast convergence speed and high compu-
tation precision, has good performance for processing
strong correlation signal. Unfortunately, its application is
limited for large computation complexity. NLMS algorithm
is for small computation complexity but large stable misad-
justment. A variable step size algorithm with gradual re-
duced step size u(n) versus increasing iteration times is
presented in Ref. [6], which has very little stable error for
non-time-variety system. However, it can’t run in accor-
dance with time-variety systems. The step parameter x of
the variable step size algorithm proposed in Ref. [7] is di-
rectly proportional to the estimation of the cross-function
between e(n) and X(n). It still has good performance
when disturbed noise increases. However, large computa-
tion complexity limits its application. By processing the er-
ror signal e(n) non-linear, the variable step L.E-LMS al-
gorithm with moderate computation complexity and little
stable misadjust-ment but not enough convergence speed is
presented in Ref. [8]. The variable step algorithm with
non-linear functional relationship between step parameter
u and error signal e(n) is presented in Ref. [9], which

has better performance for processing uncorrelated signal



but rapid reduced performance for processing strong corre-
lation signal. A decorrelation DCR-LMS algorithm with
very good performance for processing strong correlation
signal is presented in Ref. [11]. However, it performs as
LMS algorithm for uncorrelated signal inputs [12]. A vari-
able step size decorrelation VSDLMS algorithm by injecting
pseudorandom code is presented in Ref. [12], which has
good performance versus increasing system cost.

In short, all the above algorithms do not have perfect
performances. Is there an algorithm that can process both
uncorrelated signal and correlation signal with good per-
formance? In this paper, a new adaptive filtering algorithm
based on the correlation of signals is presented. This new
algorithm has very good performance for processing not
only uncorrelated signal but also strong correlation signal.

It is also of simple structure, fast convergence speed, and
comparable computation complexity with the NLMS algo-
rithm.

2 The structure and convergence analysis of the new
algorithm

The input vector of the adaptive filter is defined as
X(n)=[x(n),x(n—1),---,x(n—M +1)]" at sampling time
n, where M and H denote the filter order and conjugate
transpose of a vector or matrix, respectively. Its corre-
sponding weight vector is defined as W (n)=[w(n),
w(n—1),---,w(n—-M +1)]", and the error signal is defined
as:
&(n)=d(m)=W" (1) X (n) 1
where d(n) denotes the desired signal. The correlation
coefficient y(n) of the vector X(n) between sampling
time n and sampling time n—1 is defined in Ref. [10]:
X" m)X(n-1) @)
X"(n-)X(n-1)

The correlation components between X(n) and X(n-1)

y(n)=

are subtracted from X(n). A decorrelation vector is then

defined as the Refs. [11, 12]

U(n)=X(n)-y(n) X(n-1) 3)

From Egs. (2)—(3), we can obtain the following expression:

X" (n-1)U(n)

X(n-DX"(n-1)

X" (n-)X(n-1)

=X"n-DX(n)-X"(n-DX(1n)=0
Equation (4) indicates that the vector U(n) is or-

=X"(n-DX(n)- X" (n-1)

X(m) @

thogonal to the signal vector X(n—1) at sampling time
n—1.Thus, the convergence speed of the proposed algo-
rithm is increased. Considering that U(n) denotes the un-

correlated components of the signal vector X(n) with the
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former instant vector, we define the energy of the signal at
current sampling time as the following expression:

p(n)=X"(n) U(n)
=U"(n) U(n)+y(m)X" (n=1) U(n) )
=Juen |

where f(n) is also named as normalized energy parameter.

Assuming that the decorrelation vector U(n) is regarded

as the input vector of the filter at sampling time #, the up-
dating weights equation of the proposed algorithm can be
written as

Wn+l) = W(n)+L2
o) +0o

where, f is a real number which can be adjusted; o

Un)e’(n) (6)

(0 >0)is a real constant used to control the magnitude of
stable misadjustment and the convergence speed of this al-
gorithm. It is followed that the function of ¢ is shown via
uncorrelated white Gaussian noise. We assume that the or-
der of adaptive filter equals to 5. The weight of the unknown

system is defined as W =[0.25,0.75,1,0.75,0.25]". Both
the reference input signal X (n) and the vector V(n) are

zero-mean white Gaussian randoms, with variance 1 and
0.01, respectively, and these two vectors are uncorrelated.
Statistical mean times and samples are 200 and 600, respec-
tively. The real number is setto gZ=1.5.

Figure 2 shows that the new algorithm has the fastest
convergence speed and the least stable maladjustment
when 6 =1, 6=10, respectively. In its application, &
can be obtained by considering the tradeoff between con-
vergence speed and stable maladjustment. The proposed
algorithm reduces to DCR-LMS algorithm when & =0
and | U(n) ||2 is substituted by X" (n) U(n)[12]. How-
ever, the proof of its algorithm is not presented in Ref. [12].
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Fig.2 Convergence curves

In the following, we will show that the mean value of the
filtering weight is close to the solution of generalized Wie-
ner equation when iterative times increases infinitely. By
substituting Eq. (1) into Eq. (6), the updating weights ex-
pression can be obtained as
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W(n+1) =W (n)+—-——U(ne' (n)

U@ +o
) ,[l * T *
=W (n)+ m[d (MU =W () X" (U ()]
=W (n)+ 'B(+;+5[d*(n)U(n)—WT(n))/(n)X*(n ~DU(n) = W (m)U" (U (n) |
_w _ L * T 0 _ L He o 1\iD L X
=W(n) B+ 5 U (n)U (n)W(n) 515 y(mUm)X " (n—D)W (n)+ B+ 5 d (n)U(n)
=W (n) —LU(n)UH (n) W(n) +Ld*(n)U(n)
pn)+6 B(n)+6

I, & : i
{I ﬂ(n)wR”(")}W("”ﬂ(n>+5p(”)

where matrix R, (n) = U(n) U" (n), which is defined as the
P(n)=d" (m)U(n),
which is defined as the cross-correlation vector between
U(n) and d(n). Ln)=U"(n)U(n) =

tr {R,, (n)}, the normalized energy autocorrelation matrix of

autocorrelation matrix of U(n) . Vector

Considering

R, (n) and the normalized energy cross-correlation vector
of P(n) are defined as R, (n)=R,(n)i/[f(n)+35] ,
P(n)=P(n)ii/[B(n)+ 5] , respectively. Assuming that
X(n)and d(n) are both wide-sense stationary, we can
know that U(n) is also wide-sense stationary. Thus,
R, =E{R,(n)}, P=E{P(n)}.

We assume that I_ZU = QAQ" is the eigenvalue decom-
position of EU , which is a positive definite symmetry matrix.
Where, Q' =Q", A=diag{4,4,,, 4,}, 0<A <1,
1<i< M. By applying I_(U to Eq. (8), a derivation can be
given as the following
E W (n+1)} = E{I-R,(n)}E W (n)}+ E{P(n)}

=[I-QAQ"|E {W(n)}+P (8)
=QU-NQ"E W(n)}+P
From Eq. (8), we can obtain

E{W (n)} =0 - A)' Q"E{W (0)} + ?Z oI-A)Q" (9

where I - A =diag(1-4,,1-4,,---,1-4,,). Since all of its
diagonal components are no greater than 1, we can get
lim (7~ A)" = lim diag [(1= 4", (1~ 4)", (1~ 2,)"]

n—o
=0,

(10)
So

(7

lim £ Wn)=0 lim (7 —A)'Q"E{W (0)}
+P 1me§Q(1 —4)Q" = POY. (I - 4)Q"

=PQA'Q" =P(R,)"' =W, (11)
Equation (11) indicates that the weight solution of the pro-
posed algorithm is the optimal solution of Wiener equation.
Adaptive constant 4 can be concluded

_ Re{E[&, (e )/ [Um)] 1}
Eflew /o]
&) =W -Wm]"Um)=e"(mUm) ., e(n)=
W —W (n), the vector W denotes the weight vector of
the reference channel. The deduction of f is similar to the

(12)

opt

where

solution of NLMS’s optimal step size parameter [10].

3 Performance comparisons of the convergence
curves

3.1 Comparison between the new algorithm and VS-
NLMS algorithm

The step size parameter u of the variable step VS- NLMS

algorithm in Ref. [7] is directly proportional to the estima-
tion of the cross-function between e(n) and X(n) .
However, this algorithm has large computation complexity
for the updated weight. The assumption of Ref. [7] is used
in computer simulation:

1) The order of adaptive filter is setto M =10.

2) The FIR weight of the unknown system is defined as
W =[0.1,0.2,0.3,0.4,0.5,0.6, 0.5,0.4,0.3,0.2]" .



3) The reference input signal X(n) is zero-mean white

Gaussian random with variance ¢’ =1.

4)V(n) is white Gaussian noise, which is uncorrelated
with X(n).

5)a=1,4=0.997, statistical mean times and samples
are 50 and 3 000, respectively. The parameters of the pro-
posed algorithm are set to i =0.5, 5 =107, respectively.
Figure 3 shows the comparison of the convergence curves
between the new algorithm and VS-NLMS algorithm. And
both of these algorithms have computation complexities
o (7M) . From Fig. 3 we can obtain that the new algorithm

has less stable misdjustment compared with VS-NLMS al-
gorithm at the same convergence speed.
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Fig. 3 Comparison of the convergence curves between the new al-
gorithm and VS-NLMS algorithm

3.2 Comparison between the new algorithm and L.E-LMS
algorithm

By optimizing gradient estimation, i.e., non-linear process-
ing the error signal e(n), the variable step L.E-LMS algo-
rithm is presented in Ref. [8]. The assumption of this refer-
ence is used in the following computer simulation:

1) The order of adaptive filter is setto M =5.

2) The FIR weight of the unknown system is defined as
W =[0.33,0.67,1,0.67,0.33]".

3) The reference input signal X(n) is zero-mean white

Gaussian random with  variance o =1.
4)V(n) is white Gaussian noise with variance equaling

to 0.01, which is uncorrelated with X (n) .
5) My = 0.1, . =0.01, statistical mean times and

samples are 100 and 600, respectively. The parameters of
the new algorithm are set to Z=0.3, 6=0.1, respec-
tively. Figure 4 shows the comparison of the convergence
curves between the new algorithm and L.E-LMS algorithm
with computation complexities o (4 M). It is known in
this figure that the proposed algorithm has a faster conver-
gence speed than L.E-LMS algorithm at the same stable
misdjustment.
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Fig. 4 Comparison of the convergence curves between the new al-
gorithm and L.E-LMS algorithm

3.3 Comparison between the new algorithm and the algo-
rithm in Ref. [9]

The variable step algorithm in Ref. [9] is presented by
establishing another non-linear functional relationship
u(n)=pll—exp(—a|e(n)’)] between u and e(n) .
The assumption of Ref. [9] is adopted in the following
computer simulation:

1) The order of adaptive filter is setto M =2.
2) The FIR weight of the unknown system is defined as

W =[0.8,0.5]" . And this unknown system changes at the
sampling time of number 500 with the new weight
W =[0.4,02]".

3) The reference input signal X(n) is zero-mean white
Gaussian random with  variance equal to 1.

4) V(n) is white Gaussian noise with
o’ =0.04, which is uncorrelated with X(n) . Statistical

mean times and samples are 200 and 1 000, respectively.
5)a =300, f#=0.1. The parameters of the new algo-

variance

rithm are setto i =0.7, & =0.95, respectively.

The comparison of the convergence curves between the
new algorithm and the algorithm in Ref. [9] with computa-
tion complexities o(3 M) is given in Fig.5. This figure
indicates that the two convergence curves almost overlap
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Fig. 5 Comparison of the convergence curves between the new al-
gorithm and the algorithm in Ref. [9]
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each other. So the conclusion is that these two algorithms
almost have the same convergence speed at the comparative
stable misadjustment.

4 Computer simulation results

In speech communication, the mismatching impedances of a
hybrid transformer winding for connecting a two-wire cir-
cuit to a four-wire circuit give rise to an echo. To overcome
the presence of echoes, the common practice is to use an
adaptive echo canceller. The idea behind using an adaptive
filter, the idea behind it is to produce a synthesized echo,
which is similar to the desired signal i.e. the echo signal.
Where the tap input vector and the error signal of the filter
act on the adaptation and step-size controller to adjust the
tap weights of the transversal filter so as to minimize the
mean-square value of the error signal in accordance with a
certain designated algorithm. To test the better performance
of the proposed algorithm for processing high correlation
signal, we apply it to adaptive echo cancellation to be com-
pared with NLMS algorithm and DCR-LMS algorithm at
the comparative computation complexities. The computa-
tion complexities of NLMS algorithm and DCR-LMS algo-
rithm areo(3 M), o(7 M), respectively. In our test, the
speech-sampling rate is 8 kHz. The order of echo cancella-
tion is set to M =512 . The time delay of echo is assumed
to be 7=62.5 ms. The adaptive step-size parameters of
NLMS algorithm, DCR-LMS algorithm, and the proposed
algorithm are set to =1, £=0.95, and 2=0.95, re-
spectively. The real constant ¢ of our algorithm is 0.1.
Echo return loss enhancement (ERLE) is used to show per-
formance comparisons, which is defined as [12]
E[y(n)’]

Ele(n)’]

where FE[-] denotes mathematics expectations, which is

ERLE =10 log,, (13)

substituted by averaging 1 200 samples at the sample instant
n fore-and-aft in practical measure. y(n) and e(n) denote

the clean speech echo and the remained speech echo of
cancellation fore-and-aft at the sample instant 7 , respectively.
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Fig. 6 Speech echo and its cancellation results by three algorithms.
(a) Speech echo; (b) NLMS algorithm; (¢) DCR-LMS algo-
rithm; (d) The proposed algorithm

From Figs. 6 and 7, we can conclude that the stable mis-
adjustment of the proposed algorithm is remarkably less
than that of the NLMS algorithm. And its convergence
speed is comparable to that of DCR-LMS algorithm but
faster than that of NLMS algorithm. Its stable misadjust-
ment is remarkably less than that of DCR-LMS algorithm
when iterative times run more than 10*. Figure 8 shows
that the proposed algorithm performs best compared with
the NLMS algorithm and the DCR-LMS algorithm, espe-
cially for the highest energy of echo. It can be explained
that the correlation of voiced enhances when the energy of
speech echo increases. By the decorrelation processing, the
new algorithm almost keeps stable performance for the in-
creased correlation of the input signals. In other words, its
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Fig. 7 Convergence curves of the algorithms
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Fig. 8 ERLE comparison of the algorithms



good performance of suppressing echo signal can be ob-
tained.

5 Conclusions

By defining the correlation coefficient between the signal’s
former and latter sampling instants and establishing the new
input vector of the filter, a new adaptive filter algorithm has
been proposed in this paper. It is of simple structure, fast
convergence speed and comparable computation complexity
with the NLMS algorithm. It can process both uncorrelated
signal and high correlation signal. For processing uncorre-
lated signal, the presented algorithm performs best com-
pared with VS-LMS algorithm and L.E-LMS algorithm. Its
convergence speed is comparable to that of the algorithm in
Ref. [9]. For processing high correlation signal, the new al-
gorithm is used in adaptive echo cancellation. It has least
stable misadjustment compared with the NLMS algorithm
and DCR-LMS algorithm. Research results indicate that the
proposed algorithm can be widely used in engineering ap-
plication for its advantages.
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