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ABSTRACT

When reference signal for the FxLMS  algorithm is taken from an acoustic sensor convergence can be very slow due to great eigen value spread. Using a non acoustic sensor, Such as a tachometer, cancellation of narrow band noise in the sensed fundamental frequency and harmonically related ones can be achieved very fast, although other periodic noises and underline broad band noise will remain.

Backward prediction errors resulting at the various stages of an adaptive lattice predictor(ALP) represent a a time-domain orthogonalization of the input signal.An ALP structure, with the acoustic reference has input signal, before a FxLMS makes up the FxGAL algorithm. Due to the orthogonalization, FxGAL can be significantly faster compared to FxLMS  with reference from a microphone. When compared to FxLMS with tachometer signal,  it is not faster but it can cancel every periodic noise, independently of the harmonical relation between them, as well as the underlined broad band noise. Comparative results between FxLMS (with acoustic and nonacoustic reference) and FxGAL are presented.

INTRODUCTION

The Filtered-x Least Mean Square (FxLMS) algorithm(1) is the most widely used in the context of adaptive active control, due to its simplicity as well as robustness.However the main drawback of this algorithm is its relatively slow and signal dependent convergence, which is determined by the eigen value spread of the underlying corelation matrix of the input signal.When working in nonstationary environments such as automobiles, slow convergence is a critical problem, since we would desire to cancel transient  noise, which occurs at the vehicle start-ups, stops or gear-Shifts, or with sudden changes of engine speeds or road noise from tyres.          

A practical solution to this problem, very commonly used, is to use non acoustic sensors, such as  tachometer instead of acoustic ones and artificially generate the signal to use as reference. This way,  convergence can be achieved very fast, since it is possible to generate orthogonal references(in-face and quadrate components).On the other hand, it is only possible to cancel narrow band noises in the fundamental frequency sensed by the non acoustic sensor and other harmonically related frequencies, where as every  other periodic or broad band noise will remain uncancelled.

                           In this paper, we introduce an algorithm the Filtered-x Gradient Adaptive Lattice(FxGAL),  that aims to improve the convergence of the whole adaptive systems when using acoustic sensors to get the reference  signal, at the expense of increased computational complexity.

The approach consists in conditioning the FxLMS reference signal by preprocessing it and obtaining the decomposition of the signal in orthogonal(decorrelated) components.With a decorrelated input signal the convergence modes of the FxLMS system are decoupled,and the whole adaptive filter of order L turns into L independent adaptive filters of just one coefficient.This independent systems can have their own adaptation step size, in order to obtain the same convergence speed for all of them.

THE FXLMS ALGORITHM

The LMS algorithm has to be slightly extended to be useful in real ANC systems, because the controller output y(n) was directly subtracted from the disturbance d(n).
For the ANC system containing a Secondary Path transfer function S(z), the residual error can be expressed as:

e(n)=d(n)-y’(n)

were y’(n) is the output of the Secondary Path S(z). If S(z) is assumed as

an IIR Filter with denominator coefficients [a1…… aN] and numerator coefficients [b0 . . . . .  bM-1], then the Filter output y0(n) can be written as the sum of the Filter input y(n) and the past Filter output:
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Now the gradient estimate becomes:
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were:
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Note that in practical applications, S(z) is not exactly known, therefore the pa-

rameters ai and bj are the parameters of the Secondary Path Estimate [image: image4.bmp] The

weight update equation of the FXLMS algorithm is:
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and x’(n) can be calculated from Equation.

The FXLMS algorithm is very tolerant to modeling errors in the Secondary

Path Estimate [image: image6.bmp] The algorithm will converge when the phase error between S(z) and [image: image7.bmp]
 is smaller than [image: image8.bmp] .Convergence  will be slowed down though, when the phase error increases.

Choice of the step size 
From the weight update Equation  can be seen that a step size has to be

chosen. This step size affects important properties such as performance, stability and error after convergence and will be discussed briefly in this section. 

Furthermore, a modification of the standard FXLMS is presented to make the

choice of  independent of the power of x’(n).

Performance

The 1/eth  time constant of the adaption [image: image9.bmp]  is

bounded as:
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where ¸ [image: image11.bmp]  is the minimum eigen value of the R matrix and Ts is the sample

time. The eigen values of R are very difficult to calculate, but in practice ¸ [image: image12.bmp]  is

approximated by the power of the frequency component with the lowest energy

in x’(n), so this frequency determines the speed of convergence. Furthermore

the speed of convergence will generally be higher when choosing a higher sample

frequency and higher value of [image: image13.bmp].

Stability

As shown in the previous section it is advantageous to choose a large value of [image: image14.bmp] because the convergence speed will increase. On the contrary too large a value of

[image: image15.bmp] will cause instability the maximum value of  the step size that can be used in the FXLMS algorithm is approximately:
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where [image: image17.png]Py = E[z"%(n)]



 is the mean-square value or power of the filtered reference

signal x’(n), L is the number of weights and [image: image18.bmp] is the number of samples corre-

sponding to the overall delay in the Secondary Path. This delay is determined by

the phase error between the Secondary Path and Secondary Path Estimate. But

because this phase error is by definition unknown it is impossible to give an exact maximum value of [image: image19.bmp] .

Excess mean-square error

After convergence, the filter weights w(n) vary randomly around the optimal

solution [image: image20.bmp]  This is caused by broadband disturbances, like measurement noise

and impulse noise on the error signal. These disturbances cause a change of the

estimated gradient [image: image21.png]Vé(n).



 because it is based only on the instantaneous error.

This results in an average increase of the MSE, that is called the excess MSE,

defined as:
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This excess MSE is directly proportional to [image: image23.bmp]. It can be concluded that there is a design tradeoff between the convergence performance and the steady-state performance. A larger value of [image: image24.bmp] gives faster convergence, but a bigger excess MSE and vice-versa. Another factor that influences the excess MSE is the number of weights.

Normalized FXLMS algorithm

As shown, the convergence speed and stability of the FXLMS algorithm depend

on the power of x‘(n). Therefore it is a straightforward solution to normalize the

step size  [image: image25.bmp] with respect to the power of x’(n) to make the convergence speed and

stability frequency independent. This can be done by choosing:

. [image: image26.png]



where [image: image27.bmp] is the new normalized step size and [image: image28.bmp] is a small number that prevents from going to infinity when [image: image29.png]


 is small. In the remainder of this report the normalized FXLMS algorithm is used and for simplicity for every occurrence of [image: image30.bmp] the normalized step size [image: image31.bmp] is meant.

There are two commonly used methods to estimate the power of a signal. Both will be used in this report, because of their advantages in specific situations. The first one uses a rectangular moving window technique:
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where M is the length of the moving window. This method gives a good power

estimate, however, M+1 storage bins are required. But in the case where
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Only 2 storage bins are needed for an exact estimate of [image: image34.bmp]The second method

uses an exponential window and requires only one storage bin:
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where [image: image36.bmp] is a smoothing parameter. A smaller [image: image37.bmp] will result in a smoother estimate, but then sudden power changes can't be followed quickly. Because of the computational simplicity this method will be used when a large order adaptive filter is used.

FxGAL ALGORITHM
The  decorrelating system used in the FxGAL algorithm is an adaptive lattice predictor(ALP).It is a modular structure, in such a way that the predictor of order L consists of L-1 identical  cascaded stages. The structure of one of such lattice stages can be seen in figure2. The inputs to the stage1 are the farward and backward prediction errors of the (L-1)th order predictor,  and. The outputs are the forward and backward prediction errors of the L th order predictor. The ALP system itself is an adaptive filter, where a  steepest descent method is used to adjust filter coefficients  [kl[n]] independently at each stage, so as to minimize the mean square of  the sum of the farward and backward predictor  errors at that stage.
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Figure 2: Detailed Structure of l-th  stage of an Adaptive Lattice Predictor.

The fundamental property of the  ALP system that our algorithm relies on is the orthogonality of the backward prediction errors. In every moment, the sequence of the backward prediction errors {b0[n],b1[n],……..bL-1[n]} are mutually uncorrelated  and are  a  transformation  of the input sequence  {x[n],x[n-1]…….

x[n-L+1]} with out loss of information. Therefore we can use them as the (decorrelated) input signals to the FxLMS instead of using the reference signal itself, and so, speed up the convergence of the whole system making every mode converge at the same speed.
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Figure 3: Filtered – x Gradient  Adaptive Lattice (FxGAL) algorithm block diagram

In figure 3, we can see the structure of the algorithm we present in this paper. We have called it FxGAL (Filtered-x Gradient Adaptive Lattice) by analogy with the FxLMS since the LMS block is substituted by a lattice structure where the GAL algorithm is used to adaptively update the filter coefficients. The system can also be seen as a predictive loss preprocessing stage that decorrelates the reference signal for the transversal LMS filter.

To reduce the computational complexity of the algorithm, sometimes it is feasible to substitute the last (LG – L) lattice stages of the ALP by a delay line with out practically affecting performance, as will be shown in the results obtained. This is possible when the signal can be no longer decorrelated after LG lattice stages, that is when the optimal lattice coefficients for L>LG or very close to 0, Kl[n]=0. Fortunately it is a very common situation. This way, the filter structure would be a lattice and transversal combination. Another important property of the ALP system is its modularity, that makes possible to dynamically change the order of the prediction filter, adding or removing the lattice stages with out having to reassess all the filter coefficients but just the new ones.

RESULTS
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Figure 4: Learning curves comparison 
Figure 5: Learning curves for real 

of  Fx GAL and FxLMS algorithms for 
signals: (1) FxLMS, (2) FxGAL and  

broad band noises. 



(3)combined lattice transversalFxGAL

Computer simulations have been performed for artificially generarted broad band noise. The reference signal is a pink noise, obtained by low pass filtering of a white noise.The primary noise to cancel is obtained by band pass filtering of the same white noise that generates the reference signal. Both systems, FxLMS and FxGAL, were tested for the arrangements. The parameters of the systems where determined so as to obtain the same steady state meansquare error. The learning curves of the two compared systems are shown in figure 4. It can be seen the significant speed improvement achieved by the FxGAl  system, while keeping the same steady state solution.

The tests performed have proved that the whole system convergence speed has reduced sensitivity to variations in the ALP adaptation stepsize. In any case, much lower than the sensitivity to variations in the adaptation stepsize of the FxLMS block.

Engine noise signals in different points in the inside of a coach were recorded simultaneously for several situations. Two of these signals were used as reference signal and primary noise respectively in the following tests. The secondary path transfer function used was a pure delay.

Figure 5 shows the learning curves obtained for three different systems: FxLMS(L=30), FxGAL (LG=L=30) and FxGAL combining lattice and transversal structures  (LG=10,L=30).For viewing purposes, the curves were smoothed by moving average filtering. Adaptation step sizes for the 3 systems were determined independently so as to maximize the cancellation. As can be seen from the figure, there is little performance difference between the (complete) lattice systems and lattice transversal combination. Being the signals real and nonstationary, the FxGAL systems are also able to obtain more cancellation than the FxLMS, due to their faster adaptation to non stationarities.
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Figure 6 : Error spectrums : ANC off (solid line), FxLMS with nonacoustic reference (dashed line), FxGAL with acoustic reference (dash-dot line). 

Figure 6 shows the error signals  spectrums obtained for the same arrangement in three different situations:

- With out active noise control

- With the FxLMS system driven with tachometer signal 

- With the FxGAL system with acoustic reference. 

It can be seen that FxLMS is unable to cancel the sinusoidal components in 39 and 50 Hz, since  they are not harmonically related to the fundamental noise (50Hz), where as FxGAL cancellation is greater, tending to get a  flatter spectrum in the whole frequency band.

In some peculiar cases, where the secondary path transfer function is not flat in magnitude and group delay in the frequency band of interest(s[n] scattered), the orthogonality property of the backward prediction errors of the ALP, {bl[n]}, can be diminished in the filtered signals, {bl1[n]}, that are used to update the filter  W(z),slowing down the algorithm. This problem could be solved orthogonalising the filtered signal, x1[n], that updates the filter.

WRAP UP
In this paper, we have introduced the FxGAL algorithm, that obtains faster convergence than the classical FxLMS, at the expense of the increased computational complexity.In real situations, this faster convergence means also greater noise cancellation.




An alternative system that combines the lattice and transversal structures has been presented.The combined system has approximatedly the same convergence properties as the FxGAL but significantly reduced computational complexity. 
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