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Abstract Structural active noise control (ANC) is one of few solutions applicable when global noise
reduction is required: control of a whole device casing allows to lower the acoustic energy emitted by this
device. Unfortunately, structural ANC usually requires a large number of sensors and actuators, making the
control system multichannel with large dimensionality. This in turn presents a huge computational power
demands. There are several ways to lower this demand, the partial updates being one of them. The goal of
this paper is to show applicability of the leaky partial update LMS algorithms in structural ANC of a washing
machine casing. The transfer functions of the numerous device paths were identified using a real washing
machine in the ANC laboratory. The identified transfer functions allowed to create a simulation system,
where different algorithms could be easily tested. The results of the simulations confirm effectiveness of
the proposed solution.
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1. Introduction

Many home appliances produce unwanted noise during their operation. The annoyance of such noise
depends on both its level and frequency of its occurrence. Dishwashers and washing machines are engaged
very frequently, even if they do not produce very high levels of sound. The exception is the spin drying phase
with high rotation speed, which can produce sound levels up to 70 dB. Considering the above, a reduction
of noise generated by washing machines and dishwashers is an important task, directly affecting the quality
of life of household members [6, 7]. Due to spectral content of such noise, this task involves active noise
control (ANC) methods.

As well known, ANC allows to control noise at lower frequency ranges, compared to passive methods.
However, a frequent drawback of spatial ANC systems is that the attenuation of noise in one area of the
space is associated with the amplification of noise in another area. This drawback does not apply to
structural methods, which allow to obtain a global noise control effect [11, 9, 8]. Unfortunately, a structural
ANC system usually needs to be multichannel, with many actuators placed on the structure under control.
Many publications indicate that at least 3 error sensors and 3 actuators must be used for effective control
[9, 10]. Other publications show that it is impossible to disregard the coupling between control paths
concerned with different walls (i.e. apply 3 independent, single-channel systems), as it usually results in an
unstable operation. The above issues suggest that the computational demands of structural ANC system are
high, challenging even for modern, multiprocessor hardware [4].

There are several ways of lowering the computational demand, e.g. using shorter filters, using switched
error, etc. However, partial parameter updates is a new technique that recently gathers more attention [2,
3]. The technique, which can be applied to any iterative algorithm, depends on updating only a selected
subset of an adaptive filter parameters. Partial updates (PU) is usually applied to any version of the LMS
algorithm (e.g., LMS, NLMS, FxLMS). This paper shows how PU can be used in a structural ANC system,
where the structure under control is a washing machine.

2. Leaky LMS Partial Updates

Partial updates were developed to be used with algorithms without leakage [5]. Recently, however, leaky
versions of PU LMS algorithms were presented and proved to work [4]. The details of these algorithm are
presented in the above paper, but for convenience of the reader the main facts on leaky PU algorithms are
summarized below.
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The equation describing leaky LMS PU can be given as:

w(n +1) = Gy(m)w(n) — uly()un)e(n), (1)

where w(n+1) is the vector of filter coefficients of size L in iteration n, Gu(n) is the leakage matrix, u is the
step size, In(n) is the coefficient selection matrix, u(n) is the vector if input signal samples and e(n) is the
error.

The coefficient selection matrix In(n) is a diagonal matrix with elements on the diagonal equal to 1, if a
corresponding coefficient is selected for update, or 0, if not. The number of coefficients to be updated in
each iteration is equal to M < L. A particular parameter is selected for the update in a given iteration based
on the selected PU algorithm. The leakage matrix Gu(n) is a diagonal matrix as well and it contains elements
equal to 1 in the rows corresponding to 0-s in the In(n) matrix, and a selected value of the leakage y in the
rows corresponding to 1-s in the coefficient selection matrix.

The PU algorithms can be roughly divided into data-independent and data-depended algorithms. The
first group contains the algorithms offering the highest computational savings, which are obtained at the
cost of the convergence speed. A representative of the algorithms from this group selected for this study is
the sequential LMS algorithm. The second group includes the algorithms that select parameters for update
based on the input data. As this requires some insight into the input data, which in turn is associated with
some computations, these algorithms offer less computational savings, compared to the previous group.
However, the algorithms do not suffer so much from the convergence speed drop. This study includes three
algorithms from this group, which proved to be the most effective during previous research: M-max LMS,
M-max NLMS and the Selective NLMS algorithms.

3. Experimental setup

The setup being the base for the experiments described below consisted of a commercial washing machine,
which was positioned as close as possible to one of the laboratory room walls—see Fig. 1a. Therefore, only
four washing machine walls were controlled: front, left, right and top. Each wall was equipped with 5 W
electrodynamic actuators: there were three actuators on the side walls and four on the top. A reference
microphone was placed inside the washing machine, below the drum, and eight error microphones were
located in the laboratory, in a quarter-sphere arrangement [6]. The setup allowed to identify 256
parameters-long impulse responses of primary and secondary paths: there were eight primary paths (from
the reference microphone to each of the eight error microphones) and 104 secondary paths (from each of
the thirteen actuators to each of the eight error microphones). The sampling frequency of 2 kHz was used.
The primary path transfer functions (TF) will be named P,(z1), where y is the error microphone number,
and the secondary path TF will be named Sxy(z?), where x is the actuator number (x € {1..13}), and y is
again the error microphone number. Secondary path TF frequency responses between the front wall
actuators and the first error microphone are presented in Fig. 2a, while those between the top wall actuators
and the third error microphone are presented in Fig. 2b.

Spectrogram of the spinning cycle signal
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Figure 1. a) The washing machine used in the experiments.
b) Spectrogram of the signal recorded during the washing machine final spinning phase.

20f 8



Vibrations in Physical Systems, 2022, 33(3), 2022304 DOI: 10.21008/j.0860-6897.2022.3.04

a) b)

Selected seconglary path transfer funcions Selected secondary path transfer funcions

-10 -10

11 _Slua
Spa

S12‘3

—5

133

—5

—5

, ‘W}? Jw'ﬁ'\%fmu Mmf'. J\ . =

30
|

-35

-40

-45

-15 1

-2

o

-2,

a

IW 40
Wlm

200 400 600 800 1000 -60 ' - !
Frequency, Hz a 200 400 600 800 1000

Frequency, Hz

Magnitude, dB
Magnitude, dB

-50

Figure 2. Secondary path transfer functions: a) from the front plate actuators to the front plate error
microphone, b) from the top plate actuators to the front plate error microphone.

Figure 3 presents the part of the block diagram of the control system, associated with one plate (front)
and one error signal. The primary signal, u(n), is filtered through the reference path transfer function, X(z-1),
to produce the reference signal, x(n). This reference signal forms the input signal to the three control filters
attached to the front plate. Each control filter produces the output which is then filtered with eight different
secondary path transfer functions; one of these functions for each filter is visible on the figure (i.e. S11(z1),
S2,1(z71), and S31(z1)), while the remaining seven belong to the other error signal paths. Thus, each error
signal is a sum of 14 signals: one primary and 13 signals coming from the 13 actuators. All the 8 error signals
are used by each of the adaptation algorithms (denoted as LMS), together with the 8 reference signals, each
filtered through a different secondary path transfer function estimate.

For the experiments presented below, the system was parametrized as follows. The length of the control
filters used was 256. The step size used with the non-normalized adaptation algorithms was equal to 0.01,
while the normalized step size was equal to 2:10-8. The step sizes were experimentally adjusted with a great
care to achieve as fast as possible convergence speed, but to avoid unwanted effects that frequently appear
in ANC systems with too large step sizes [1]. The leakage factor was set to 0.999999—a value which worked
well in all simulations. Finally, ideal secondary path transfer function estimates were used to avoid an
additional factor with uncertain influence.

4, Simulation results

The simulations were performed using a signal recorded during the washing machine final spinning cycle,
which is the loudest washing process phase [8]. The spectrogram of the signal recorded during this phase
at the reference microphone is shown in Fig. 1b. The spinning signal spectrum main component is 114 Hz
and is connected to the 6th harmonic of the drum spinning frequency. For clarity of the presentation, only
the last 5 minutes of the signal are presented in the simulation results.

Figure 4a presents the errors obtained with the Leaky Normalized LMS algorithm, which are presented
as a reference. To make this paper compact, only four (out of eight) errors are presented, together with the
primary noise, i.e. the reference signal filtered through a corresponding primary path. Observe different
levels of signals on each microphone, which are the result of different amplification of each primary path.
However, in case of each microphone the attenuated signal envelope is smaller than the primary noise. The
actual attenuation levels, calculated for the last quarter of the signal, are summarized in Table 1.

Figures 4b-6 present the results obtained for the PU algorithm considered in this paper, with M = 16, i.e.
sixteen filter parameters were updated in each simulation step (out of 256). The exception is the One Tap
Update algorithm, which updates only one filter tap in each step. From the figures it can be concluded that
the algorithms performed as expected: the data-independent algorithm (Sequential LLMS) resulted in
significantly slower convergence, while the data-dependent algorithms performance was comparable with
the Leaky NLMS algorithm. A special attention should be payed to the OTU LLMS algorithm, which also
resulted in similar performance, while updating only one tap in each iteration.
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Figure 3. The block diagram of the ANC system.

Comparison of the performance of the PU algorithms for a selected error signal (es) is presented in
Fig. 7a (algorithms without the step size normalization) and in Fig. 7b (algorithms with the step size
normalization). From the figures it comes that the Selective LNLMS algorithm and the OTU LNLMS
algorithm appear to be slightly divergent towards the end of the simulation. This may be easily avoided by
decreasing the step size, but observe also that the simulation ends with the end of the spinning cycle, and
the next condition may make the adaptive filter convergent again.

Figures 14 and 15 present the spectra of the portion of the signal towards the end of the simulation
without and with the attenuation. The spectra are presented for the error microphone with the worst (e4)
and the best (es) attenuation factor. Observe that the main harmonics are significantly reduced, by 20-30
dB. Observe also that the signal level is lower in case of es, what justifies worse attenuation: the final signal
levels are comparable in spite of this difference.

Table 1. Attenuation levels obtained for each error microphone for M = 16.

Algorithm e1 ez es es es €6 e7 es

LLMS 9.5dB | 11.0dB | 125dB | 7.7dB | 19.4dB | 13.0dB | 149dB | 8.4dB
LNLMS 10.3dB | 15.5dB | 13.4dB | 10.5dB | 23.5dB | 16.3dB | 17.6dB | 17.4dB
Sequential LLMS | 4.8 dB 5.7 dB 7.2dB 3.3dB | 11.0dB | 6.6dB 7.0dB 3.5dB
mMax LLMS 7.5dB 8.9dB 9.9 dB 58dB | 159dB | 10.4dB | 11.6dB | 5.8dB
mMax LNLMS 7.2dB | 11.8dB | 11.7dB | 5.7dB | 17.4dB | 12.2dB | 13.1dB | 12.4dB
Selective LLMS 95dB | 125dB | 13.4dB | 7.7dB | 23.0dB | 13.4dB | 16.1dB | 16.1dB
OTU LNLMS 9.2dB | 12.6dB | 12.0dB | 89dB | 19.0dB | 13.4dB | 13.8dB | 14.0dB
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Figure 4. Simulation results:
a) the Leaky NLMS algorithm, b) the Sequential Leaky LMS algorithm, M=16.

Error 1, mMaxLLMS algorithm b)
Primary naise
Attenuated signal

0.02

50 100 150 200 250 300
Time, s
Error 3, mMaxLLMS algorithm

Primary noise
Atlenuated signal

0.05

50 100 150 200 250 300
Time, s
Error 5, mMaxLLMS algorithm

Primary noise
Attenuated signal

50 100 150 200 250 300
Time, s
Error 7, mMaxLLMS algorithm

Primary noise
Attenuated signal

50 100 150 200 250 300
Time, s

e(i)

e(i)

001 Error' 1, mMaxL[\ILMS algo'rithm

Primary noise
Anenuated signal

-0.01
50 100 150 200 250 300
Time, s
0.02 Error 3, mMaxLNLMS algorithm

Primary noise

Atlenuated signal

0.02 L . . L .
o 50 100 150 200 250 300
Time, s
0.05 Error‘ 5, mMaxL!\ILMS algolrithrn

Primary noise
Attenuated signal

0.05 L L . " .
0 50 100 150 200 250 300
Time, s
Error 7, mMaxLNLMS algorithm
0.02 ! ' ! k!

Primary noise
Attenuated signal

o 50 100 150 200 250 300
Time, s

Figure 5. Simulation results: a) the mMax Leaky LMS algorithm, M=16
b) the mMax Leaky LNMS algorithm, M=16.
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Table 2. Attenuation levels obtained for each error microphone for M = 8.

Algorithm e1 ez es3 es es es e7 es

Sequential LLMS | 39dB | 49dB | 64dB | 25dB | 9.2dB | 5.6dB 55dB | 2.7dB

mMax LLMS 6.5 dB 78dB | 88dB | 49dB | 145dB | 9.2dB | 10.2dB | 5.1dB

mMax LNLMS 56dB | 11.1dB | 9.6dB 45dB | 158dB | 11.1dB | 11.8dB | 10.6dB

Selective LLMS 88dB | 12.1dB | 11.9dB | 7.6dB | 21.1dB | 13.1dB | 14.4dB | 14.8dB
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Figure 9. Comparison of simulation results for algorithms:
a) without, b) with the step size normalization, M=8.

Table 2 summarizes the attenuation obtained for M = 8 (eight taps updated in each iteration), for the
algorithms depending on this selection. Comparing the results with the reference algorithms (with full
update, see Table 1) can be concluded that the final attenuation is now significantly worse for all algorithms
but the Selective LNLMS algorithm. However, the results obtained with both the mMax algorithms are also
not bad and can be accepted as a compromise between the performance and computational demands.
Figures 9a and 9b show the plots of the signals obtained during the simulation at microphone 5.

Table 3. Attenuation levels obtained for each error microphone for M = 4.

Algorithm e1 ez e3 €4 es €6 e7 es

Sequential LLMS | 2.9dB 4.2 dB 5.4 dB 1.7 dB 7.1dB 4.7 dB 4.0dB 2.0dB

mMax LLMS 5.5dB 6.6 dB 7.7 dB 39dB | 128dB | 7.9dB 8.7 dB 4.2dB

mMax LNLMS 48dB | 10.6dB | 8.1dB 43dB | 14.6dB | 10.2dB | 104dB | 9.8dB

Selective LLMS 78dB | 11.5dB | 11.6dB | 7.4dB | 20.6dB | 13.1dB | 13.6dB | 13.9dB
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Figure 10 Comparison of simulation results for algorithms:
a) without, b) with the step size normalization, M=4.

250 300

Finally, the results obtained with M = 4 are presented in Table 3 and in Figs. 10a-10b. In this case only
the performance of the Selective LNLMS algorithm seems to be acceptable for this application.
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4. Conclusions

The simulations being the basis for this short article prove that the Partial Update LMS algorithms can be
successfully applied to the structural ANC application, where a commercial washing machine or similar
appliance is under control. The algorithms can be used with the leakage, which is usually crucial for a
multichannel ANC system, and allows to avoid filter output overflow. In case of data-independent
algorithms, which offer the best computational power savings, updating one of each 16 filter parameters
(i.e. updating 16 parameters in each iteration for 256-tap filter) results in good performance measured as
convergence speed and final attenuation. The data-dependent algorithms (e.g. mMax or Selective
algorithms) can be used even with M = 8 or 4. A particularly interesting algorithm is the One Tap Update
algorithm, which is a special case of the Selective algorithm, with M = 1. It allows to update only one (but
carefully selected) parameter, but still maintain a good performance.
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