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1. INTRODUCTION

Recently, there has been a growing interest in active control of sound and
vibration using feedback systems. Some of the studies use Intemal Model
Control {IMC) {1], where a model of the plant is used to cancel the
contribution of the controller output back to its input, tuming the system
feedforward when the plant model is perfact, and enabling the use of
feedforward adaptive control methods [2-5]. However, the practical
situation where the plant model is not perfect due to modalling errors and
variability in time, is not addressed in these works. In this case the closed-
loop system might go unstable, or the adaptive process might diverge, or
converge to a non-optimal solution. An adaptive IMC system is presented
here, which takes into account robustness in the face of plant changes.
The stability of the closed-loop and the adaptive process in an Active
Headssts implementation is analysed.

2. INTERNAL MODEL CONTROLLER

Figure 1 shows the adaptive IMC system usad in this work, with C the
feedback controller {outlined in the dotted line) and P the plant. The
feedback controller C consists of the control filter G and plant mode! P,
and can be written in the fraquency domain as C=Q/(1-QP). it is
designed to reject the disturbance d by minimising the variance of the
residual control error @. The exact method used to design the controller is
described in {6], and involves measures adopted from H.. control to insure
stability in face of plant changes. The final cost function, which includes a
performance term of residual control error variance, and a robustness
term of uncorretated stabilising noise z, was obtainad:
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where 8= 1/ (1+PC)= (1 -QI5)/ (1 +Q(P - p)) is the sensitivity function,
|W,|* is the disturbance power spectral density, and [}, is the 2-nom
operator. The power spactrum of the stabilising noise z, which is equal to

" 2
|3|QPW2| , was shown to increase the contreller robustness at frequencies

where the plant uncertainty is large [6]). The term W, is the bound of the
plant multiplicative uncertainty about a nomina! value P, (7), i.e. [A,| <W,

for P=PF,-(1+A;}. A large enough value of § should be chosen to achieve
the desired robustness.
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-C, THE FEEDBACK CONTROLLER
Figure 1 The adaptive IMC controller.

When the plant model is perfect the IMC system become purely
feedforward, with x=d, and the controller Q can be designed using
feedforward methods [2-5,8-10]. In this work, a modified Filtered-X LMS
algorithm was used to adapt Q to minimise equation (1) in the steady-
state, as shown in Figure 1. A pseudo-random noise v is filtered by W,

and QP and is added to signals x and e, to form r* and e’ which are then
used for the adaptation of the control filter coefficients vector q;

Qo =G, t1LT, O @
where L is the convergence coefficient, r. is the vector of current and
previous samples of r’, and e, is the cument sample. Since the
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disturbance d is not correlated with the pseudo-random noise v, it can be
shown that the expectation of the error minimised by the adaptive

algorithm, E[e’(n)?], can be written in the same frequency domain form as

equation (1), where B=o>. Another way to increase robusiness is by
using the Leaky-LMS [11] with the cost function:

J=[swi; +plal; @)
which can be implemented wusing the update equation
Q=7 Q. +1T, @, where y=1-pf and v=0. It is shown [12], however,

that minimising the cost function given by equation (1) is superior to using
the Leaky-LMS for plants with non-uniform response, i.e. |P| # constant.

3. STABILITY ROBUSTNESS

Closed-loop stability

Robust closed-loop stability, which is necessary in feedback controller
design, is maintained if the closed-loop response remains stable in the
face of plant changes. Using mulliplicative plant uncertainty, the condition
for robust closed-loop stability, as used in H. control [7], becomes
[TW,| <1 for all w, were T=PC/(1+PC) is the complementary sensitivity

function. As described earlier, the controller in this work can be designed
to be robust to plant changes by an appropriate level of stabilising noise. It
is important to note that if robustness is ignored, even a very small
difference between the plant and the plant model, caused by modelling
errors, for example, can drive the system to instability.

Adaptive Process Stability

Robust adaptation will be maintained if the control filter converges to the
optimal controller even when the plant changes. The adaptation process
in this work is based on the Filtered-X LMS algorithm, and is performed by
conducting a gradient-based search for the minimum value on the error
surface, using an astimate of the gradient at any point. When tha plant
model differs from the real plant, the error surface bacomes non-quadratic,
and the gradient estimate becomes less accurate, which can cause the
search to fail. Stability analysis for the feedforward Filtered-X LMS {13-15]
shows that the adaplive process will ¢onvergence if the cross correlation

matrix between R and A (where R=X.P, R=X-P, and X is the input to
the control filter) has positive eigenvalues. For tonal disturbances, a phase
arror of less then 80° in the plant model was found to be sufficient for
convergence. An analytical analysis of the Filtered-X LMS stability in an
IMC systomn, however, is complicated by the existence of the feedback
path and a non-quadratic error surface. Nevertheless, the affect of the
various system parameters on the adaptation stability is studied by means
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of examples, using both an LMS-based search and a search with the true
gradient, in numerical simulations. The simulations used a plant response
and a 500Hz tonal disturbance both measured from implementation on an
active headset. An FIR plant mode! filter with 32 coefficients that modelled
the plant response commesponding to a normal headset fit was used in all
the examples, together with an FIR control filter q with 2 cosfficients. The
true gradient of the error surface in equation (1} with respect to each of
the control filter coefficients q, was calculated [12], and is given by:

Y _i-[e"“‘[PS'+(P—P)S|’]
[1+Q(P-P)]

o= aq, = 2nl
where {}, denotes the real part and * denotes complex conjugate.

Example 1: A plant response corresponding to a normal headsets fit was
used, resulting in a perfect plant model. Figure 2 shows the quadratic
error surface, calculated with a robustness effort f = 0.001, and the course
of the adaptation for the two searches, both starting from g=[0 0]. The
perfect gradient search converged to the optimal value, while the LMS
fluctuated around the aptimal value due to the residual control error [11].
Example 2: After the controller converged in example 1, -the plant
response is changed to that comesponding to a tight headsets fit, resulting
in an increase of 5dB in the magnitude, and a change of 20° in the phase
of the plant response at the disturbance frequency. The closed-loop
system remained stable after the changs, but will the adaptive process
maintain stability? Figure 3 shows that now the error surface is no longer
quadratic, and has regions of instability. However it stil has a single
minimum, although it is diffsrent from the minimum in example 1. The
adaptation with the true gradient converged to the new minimum, and
improved both stability and performance, while the LMS converged to a
point near the minimum, due to the error in the gradient estimate.
Example 3: The plant response of example 1, but with 2 extra samples of
delay was used hers, resulting in a change of 36° in the phase of the plant
response al the disturbance frequency. Figure 4 shows that the stable
area of the error surface is small, and no distinct minimum exists. Instead,
the minimum appears to be very close to the instability border. u=0.0005
was used hers, which is about 50000 times smaller than that allowad by
the Filtered-X LMS. Both searches did not stop at the instability border,
but diverged into instability, because the slope of the error surface
changed instantly from descent to ascent near instability. Factors such as
increasing p (f=0.001 was used here), or increasing disturbance power at
the “unstable” frequencies, could “round-off’ the error surface near
instability and improve convergence. For the LMS, detecting the instability
border was even more difficult due to its instantaneous estimate. Both
searches may converge using a smaller value of p, but the resulting

] Wi g0 + 52 [ wf fore s, g0 4

886 Proceedings of Interncise 96




Rafaely & Elfiott

controller will probably not be practical dus to the very low p and the
proximity to instability.

Example 4; The plant response of example 1, but with 6 extra samples of
delay was used here, resulting in a change of mors then 90° in the phase
of the plant response at the disturbance frequency, so the stability
condition for the fesdforward Filtered-X LMS was not satisfied. Figure 5
shows that the LMS diverged immediately, while the search with the true
gradient convergad to the optimal controller, since a large robustness
effort B=0.08 was used.
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Figure 4 (Ex3) Plant delay Figure 5 {Ex4) Plant delay
increased by 2 samples. increased by 6 samples.
5. CONCLUSIONS

An adaptive Internal Model Controller was studied in this work. Such a
controller is attractive since it enables the use of adaptation methods
developed for feedforward systems. However, when the plant model is not
perfect, the adaptation process can fail. In this work the stability of a
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medified Filtered-X LMS based adaptive process was examined. It was
found that when the differences between the plant response and that of
the plant model are not too large, the search will still converge near the
optimum. Factors such as plant model accuracy, the convergence
coefficient p, the robustness effort B, the residual control error and the
disturbance spectrum, all affected the success of the search, and no
simple criterion for stability was found. When implemented in active
headsets, the adaptive controller was found to be robust when a high
enough stability effort was used. Generally, the adaplive IMC system will
give better performance when the plant response only changes slightly.
However, whan the changes are large but slow, they can be tracked by a
separate identification system [18].

6. REFERENCES

[1] M. Morari and E. Zafiriou (1989). "Robust process control”. Prentice-Hall, NJ.

[2] A. V. Oppenheim, E. Weinstein, K. C. Kambiz, M. Feder and D. Gauger (1994). “Single
Sensor Active Noise Cancellation”, IEEE Trans. on Speech & Audio Proc., 2(2), 285-290.
[3] 8. M. Kuo and D. Vijayan {1994). “Adaptive algorithm and experimental verification of
feedback active noise cantrol system”, Neise Contral Eng. J. 42(2) pp37-46.

[4] J. G. Casali and G. S. Robinscn (1994). “Narrow-Band Digital Active Noise Reduction
in Siren-Cancelling Headset: Real-Ear and Acoustical Mankin Loss. Noise Control Eng. J.
42(3), pp101-115.

[5] T. Auspitzer, B. Rafaely and S. ). Ellictt (1996). “Fast adaptive feedback controllar for
active noise control. Accpted for publication in Inter-Noise 96 conference, July 1996,
Liverpool, UK.

[6] B. Rafaely and 8. J. Ellictt {1996). “An adaptive and robust teedback controllar for
active contral of sound and vibration®". Submitted to CONTROL'98 conferance, University
of Exetar, UK.

[71J. C. Doyle, B. A. Francis and A. R. Tannenbaum (1992). “Feedback control theory”.
Maxwall MacMillan Intemational.

[8] S. J. Elliott, T. J. Suticn, B. Rafaely, and M. Johnson (1995). “Design of feadback
controllers using a feediorward approach”. Proc. ACTIVESS, 863-874, CA, USA,

[9] S. J. Elliott and T. J. Sutton (1994}. “Feedfarward and feedback methods for active
noise control”. Prog. .O.A, 16, 255-276.

[10] S. J. Elliott and T. J. Sutton (1996). “Parformance of feedforward and feedback
systems for active control”. Aocepted for publication in IEEE Trans. on Speech and Audio
Processing.

{11] B. Widrow and S. D. Steamns (1985). “Adaptive signal processing”, Prentice Hall, NY.
{12} B. Ralaely and S. J. Eliieft (1998). “Intemal mode! controller far active control of
sound and vobration®. Technical memo. no. 776, ISVR, University of Southampton, UK.
[13] J. C. Burgess (1981} “Active adaptive sound contral in a duct: a computer simulation,”
J. Acoust. Soc. of Am., 70, p. 715-726.

[14) R. M. Morgan (1980). “An analysis of multiple correlation cancellation loops with a
filtar in the auxiliary path®. IEEE Trans. on ASSP., 28(4), 454-467.

[15] . J. Elliott and P.A. Nelson (1993). “Active Noise Control”. IEEE Signal Processing
Magazine, 12-35,

[16] B. Rataely and S. J. Elliott {1936). “Adaptive plant modelling in an intemal model
controller for active control of sound and vibration™. Proceedings of the Identification in
Engineering systems Conference, March 1996, University of Wales, UK, 479-488.

888 Procsedings of Intarnoise 96




