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Abstract: By analyzing algorithms available for variable step size least mean square (LMS) adaptive filter, a new modified
LMS adaptive filtering algorithm with variable step size is proposed, along with performance analysis based on different pa-
rameters. Compared with the existing algorithms through the simulation, the proposed algorithm has faster convergence

speed and smaller steady state error.
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0 Introduction

Least mean square (LMS) algorithm was proposed
by Bernard Widrow in 1965 as a class of estimated
gradient adaptive filtering algorithm"'. This algo-
rithm was simple in structure and easy in implement-
ation, and was widely used in the fields of system
identification, signal processing and noise canceling
etc. However, in LMS algorithm, convergence
speed and steady-state error cannot be satisfied si-
multaneously. The performance of the algorithm
was controlled by the step size. While using larger
convergence step size, algorithm has a faster conve-
rgence rate, but has high steady state error. While
using smaller convergence step size, steady state er-
ror would be smaller, but it would have slower con-
vergence speed. In order to overcome this short-
coming, numbers of improved LMS algorithms were
proposed. The variable step size LMS algorithm was
proposed based on the following idea that a larger
step can accelerate the convergence of the algorithm
in the initial stage of algorithm. When the algo-
rithm tends to be stable, the steady state error be-
comes smaller, and the smaller convergence step
will make the steady state error smaller.

The basic adaptive filtering schematic diagram is
shown in Fig. 1. The input signal was x(n) at the
moment n, the error signal was e (n), the output
was y(n), d(n) was the desired signal. The coeffi-
cient of the adaptive filter was based on error e(n)
for modulation:
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e(n) =d(n)—x"(n)w(n),

w(in +1) = w(n) +2u(n)e(n)x(n).

(1)
(2)

The adaptive filter order is M, then

x(n) = {x(n),x(n —1),x(n —2),x(n —M~-1)}",
(3)

w(n) = {wn),wn -1D,wln -2),win-M-1)}".
(4)
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Fig.1 Block diagram of adaptive filter
1 Analysis of different kinds of vari-
able step size LMS algorithms
A class of adaptive filtering method was proposed
in literature based on the traditional adaptive filter,

the fixed step u was substituted by the variable step
size, and the variable step size formula was'*

u(n) = B1/(1 + exp(—a | e(n) 7)) —0.5).
(5)

This method in steady stage algorithm would still
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have a larger step change, causing larger algorithm
steady-state error during the steady-state; the algo-
rithm was improved aiming at the deficiency in the
carlier research'®, the variable step size formula
was

uln) = B(1/(1 +exp(—al e(n)?))). (6)

A further improved method in Ref.[5] is present-
ed compared to the one in Ref.[4]. To get

uln) = B/(1+exp(—a | e(n) 7)) —0.5),

simulation results show that the error of the method
was much smaller than the former algorithm. At the
same time, there were some other variable step size
factor revision methods, as the step factor men-
tioned in Ref. [7] was written in the form of a
piecewise function, the maximum and minimum val-
ues of step u was limited. The filter near the best
weights generated a smaller mis-adjustment; The
step factor proposed in Ref.[8] was rewritten as

uln) =1a—-1/vVblen)x(n) |l +a*. (7)

In Eq. (7), when e(n) closed to zero, u (n)
changed greatly, and the algorithm would produce
greater steady-state error.

These above methods simply changed step length
factor to achieve the purpose of improving algo-
rithm. However, the new variable step LMS (NV-
LMS) algorithm mentioned in Ref.[7] realized the
algorithm modified by changing the filter coeffi-
cient iterative formula way, but this algorithm had
slow response in tracking of time-varying systems.
Otherwise, a new convex combination of variable
step-size LMS algorithm (VSCLMS) was proposed
in Ref.[9]. The algorithm had a certain improve-
ment in the convergence speed and the steady state
error, but increased the computation.

2 Proposed variable step-size LMS al-
gorithm

A larger step could accelerate the convergence of
the algorithm in the initial stage of algorithm, when
the algorithm tending to be stable, the steady state
error became smaller, and the smaller convergence
step would make the steady state error smaller.
Based on the step-size adjustment principle of the
algorithm new LMS adaptive filtering algorithm
with variable step size was proposed.

e(n) =d(n)—x"(n)w(n), (8)
( e(n)
. :\2b, am | e(0) | > =, )
b(1 -~ cos(ar | Z<(0) ), an | ‘;’f(g)) 1<,
win+1) = w(n) +2ue(n)x(n). (10)

According to the LMS algorithm convergence
condition 0<u (n)<1/A,., u(n) should meet the
following relations 0<u (n)<1/A,u, and b should
meet the condition 0< b<2A,,.., where A, was the
largest eigen value of the input signal autocorrela-
tion matrix.
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Fig.2 Relationship curve of e(n) and u(n) when a is dif-
ferent

The relationship between u (n) and e (n) was
shown as in Fig. 2, the value of b was taken as
0.01, the value of a was taken as 0.5,1,2,3. u(n)
should maintain a larger step size value when the er-
ror signal e(n) was larger as seen from the figure.
u (n) should maintain a smaller step size value when
algorithm tends to be stable and steady state error
e (n) maintains smaller value. As the value decreas-
es, the curve would become more and more smooth
so that the requirements of small steady state error
algorithm could be met by adjusting a value. If b is
constant, the convergence speed of the algorithm
could be accelerated through increasing a value.

The relationship between u (n) and e (n) was
shown in Fig. 3, the value of a was taken as 0.01,
the value of b was taken as 0.5,1,2,3. When a was
a constant, the maximum value of step u decreases
as b decreases as shown in Fig.3. When e(n) was
smaller, u(n) became smoother. Therefore, a suit-
able convergence step could be got through selecting
the appropriate a and b.
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3 Simulation of the algorithm

In order to verify the proposed algorithm, it was
compared with the algorithm in Ref.[5]. In this
paper, an adaptive filter was designed as shown in
Fig. 4. Using the proposed algorithm, a 32-order
filter is designed, a is 10 and b is 0.005; A 32-order
filter was designed using the algorithm in Ref.[5],
the step factor was given by Eq. (5), where 8 was
0.01, a was 10. The input of the filter was signal
x(n) with noise, the reference input was d(n). As
shown in Fig. 5 (a), filter removed noise signal
through the error signal e(n) to adjust the coeffi-
cient of the adaptive filter. Signal in Fig. 5(b) was
obtained by adaptive filter. Filter error curve is
shown in Fig. 6.
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Fig.4 Adaptive filter block diagram
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Fig.5 Adaptive filter results

The simulation is carried out to verify influence

on convergence speed and steady-state error when a
or b takes different values. A 32-order filter was
designed still using the filter structure as shown in
Fig.4. The simulation results in Fig. 7 takes the
same value of a, and different values of b. The
convergence speed gradually accelerated with the b
increasing as seen from the simulation results, but
the steady-state error also increased. The simulation
results shown in Fig.8 was taking the same value of
b, the different values of a. The convergence speed
gradually accelerated with the a increasing seen
from the simulation results. Algorithm convergence
speed and steady-state error could be guaranteed by
selecting the appropriate a and b.
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Fig.6 Error curve of the adaptive filter

0.8
— a=10, b=0.025
- - a=10, b=0.005
0.6 -= a=10, b=0.010
~
% 0.4
"
1"
021
i“
\ 7/
0 ottt e

0 50 100 150 200 250 300

Fig.7 Error curve of adaptive filter when b is different
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Fig.8 Error curve of adaptive filter when a is different
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4 Conclusion

The proposed algorithm could effectively elimi-
nate the noise in the signal through the simulation.
In the algorithm, convergence speed and steady-
state error requirements could be satisfied by adjust-
ing a and b values. However, the shortcoming was
that @ and b values could not be determined by the-
oretical calculations. Only a large number of tests
could determine the appropriate a and b values to
meet the requirements of the convergence speed and
steady-state error of the system.
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