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Preface

This Licentiate thesis, Active Noise Control in Aircraft, summarizes some of my
work performed in the research field of active noise control. During my study I have
been involved in several projects. Most of the time I have taken part in an EU–
project, named ASANCA (Advanced Study of Active Noise Control in Aircraft).
The aim of this project has been to use active noise control technologies for reduc-
tion of cabin noise in propeller aircraft. The University of Karlskrona/Ronneby
has been concerned with the control algorithms, and the comparison of different
types of controllers. Several aircraft manufacturers have also been involved in this
project: Saab Aircraft, Dornier, Casa, Alenia, Aerospatiale and Fokker.

The thesis consists of five papers which are divided into three main parts. Parts
A and B deal with active noise control in a propeller aircraft application, whereas
Part C deals with active noise control in a helicopter application. Part A presents a
comparison between single– and multiple–reference controllers, while Part B deals
with different multiple–reference, multiple–channel algorithms. Finally, Part C
presents a hybrid headset. The five papers (sub–parts) comprise:

Part A1
Comparison between a Single– versus a Twin–Reference Controller in Narrowband
ANC Applications.

Part A2
Performance of a Multiple– versus a Single–Reference MIMO ANC Algorithm based
on a Dornier 328 Test Data Set.

Part B1
A Novel Multiple–Reference, Multiple–Channel, Normalized Filtered–X LMS
Algorithm for Active Control of Propeller–Induced Noise in Aircraft Cabins.

Part B2
Evaluation of Multiple–Reference Active Noise Control Algorithms on Dornier 328
Aircraft Data.

Part C
A New Active Headset for a Helicopter Application.

The individual papers of the thesis have also been published previously in EU–
deliverables, and at national and international conferences and workshops.
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Part A1
This section is a revised version of an EU–deliverable, ASANCA–II.
The original report was published as:
Sven Johansson, Per Sjösten, Thomas Lagö, Sven Nordebo, Ingvar Claesson, “Com-
parison Study Between Single and Twin Tacho Signal Use”, ASANCA-II, Deliver-
able D79, December 1995.

The contents of this paper have been presented previously.

S. Johansson, S. Nordebo, T.L. Lagö, P. Sjösten, “Comparison study of MR-MIMO
and SR-MIMO algorithm performance on simulated and Dornier 328 test data”,
ASANCA-II Workshop, Naples, Italy, November 1996.

S. Johansson, S. Nordebo, T. L. Lagö, P. Sjösten, I. Claesson, “Algorithms for Ac-
tive Noise Control in Propeller Aircraft”, SVIB AU–5 conference, Marcus Wallen-
berg Laboratory (MWL), Royal Institute of Technology (KTH), Sweden, November
1997.

Part A2
This section is a revised version of an EU–deliverable, ASANCA–II.
The original report was published as:
Sven Johansson, Sven Nordebo, Per Sjösten, Thomas Lagö, Ingvar Claesson, “Algo-
rithm Simulation Results and Evaluations”, ASANCA-II, Deliverable D81, Novem-
ber 1996.

This paper forms the basis of several presentations.

S. Johansson, S. Nordebo, T.L. Lagö, P. Sjösten,“Comparison study of MR-MIMO
and SR-MIMO algorithm performance on simulated and Dornier 328 test data”,
ASANCA-II Workshop, Naples, Italy, November 1996.

S. Johansson, S. Nordebo, T. L. Lagö, P. Sjösten, I. Claesson†, I. Borchers and
K. Renger‡, †University of Karlskrona/Ronneby, Department of Signal Processing,

Sweden, ‡Dornier Luftfahrt Friedrichshafen, Germany, “Performance of a Multiple
versus Single Reference MIMO ANC Algorithm based on a Dornier 328 Test Data
Set”, In Proceedings of Active-97 , pp. 521–528, Budapest, August 1997.

S. Johansson, S. Nordebo, T. L. Lagö, P. Sjösten, I. Claesson, “Algorithms for Ac-
tive Noise Control in Propeller Aircraft”, SVIB AU–5 conference, Marcus Wallen-
berg Laboratory (MWL), Royal Institute of Technology (KTH), Sweden, November
1997.
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The abstract has been submitted as:
S. Johansson, S. Nordebo, T. L. Lagö, P. Sjösten, I. Claesson†, I. U. Borchers,
K. Renger‡, †University of Karlskrona/Ronneby, Department of Signal Process-

ing, Sweden,‡Daimler–Benz Aerospace Dornier, Friedrichshafen, Germany, “Per-
formance of a Multiple versus a Single Reference MIMO ANC Algorithm based on
a Dornier 328 Test Data Set”, (invited paper), ISMA 23, Leuven, September 1998.

Part B1
The contents of this paper have been presented previously.

S. Johansson, S. Nordebo, T. L. Lagö, P. Sjösten, I. Claesson, “Algorithms for Ac-
tive Noise Control in Propeller Aircraft”, SVIB AU–5 conference, Marcus Wallen-
berg Laboratory (MWL), Royal University of Technology (KTH), Sweden, Novem-
ber 1997.

The abstract has been submitted as:
S. Johansson, P. Sjösten, I. Claesson, S. Nordebo, “A Novel Multiple–Reference,
Multiple–Channel, Normalized Filtered–X LMS Algorithm for Active Control of
Propeller–Induced Noise in Aircraft Cabins”, Inter–Noise 98, New Zealand, Novem-
ber 1998.

Part B2
This part has been submitted as:
S. Johansson, I. Claesson, S. Nordebo, P. Sjösten, “Evaluation of Multiple Refer-
ence Active Noise Control Algorithms on Dornier 328 Aircraft Data”, Submitted
for publication in IEEE Trans. on Speech and Audio Processing, June 1997.

Part C
This section is a revised version of a conference paper.
The original paper was published as:
S. Johansson, M. Winberg, T. L. Lagö, I. Claesson, “A New Active Headset for
a Helicopter Application”, In Proceedings of the Fifth International Congress on
Sound and Vibration, vol.1, pp. 327–334, Adelaide, South Australia, December
1997.
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Introduction

In many applications of noise control, such as in industry, inside aircraft, heli-
copters, boats and other vehicles, low frequency periodic noise is a severe problem.
Since the main noise energy in such applications is often at lower frequencies, the
primary concern is not only the potential risk of damage to the hearing. The mask-
ing effect this type of noise has on speech also reduces speech intelligibility [1]. Low
frequency noise is also annoying and during periods of long exposure it produces fa-
tigue and loss of concentration, resulting in reduced comfort. Furthermore, reduced
concentration may also lead to an increased risk for accidents.

In the applications mentioned above, traditional passive damping techniques are
less effective due to the low frequency characteristics of the noise. Low frequency
noise is difficult to attenuate using passive methods because the wavelength is
large compared to the thickness of a typical acoustic absorber. It is also difficult to
prevent low frequency noise being transmitted from one place to another unless the
acoustic barrier inbetween is very heavy. Passive damping techniques are, however,
quite efficient at higher frequencies. In order to achieve a significant attenuation of
low frequency periodic noise, Active Noise Control (ANC) techniques are possible
alternatives [2, 3]. The principle of this technique is that the ANC system utilizes
secondary sources, e.g. loudspeakers, to generate a secondary sound field of equal
amplitude and opposite phase to the primary sound field, i.e. the sound field from
the primary noise source.

Adaptive feedforward control techniques have proved to be efficient in reducing
non–stationary low frequency periodic noise [4, 5]. Two reasons for this are that
the feedforward control approach is robust, and that it allows selective harmonic
control. Periodic noise also removes the causality constraint of the controller.

The feedforward controller utilizes a reference signal derived from the noise
source to generate the canceling sound field. Noise components that are well cor-
related with the reference signal will be reduced. The residual noise is measured
using error microphones. The output signals from these microphones are used to
continuously adjust the adaptive controller so that the residual noise is minimized.

The configuration of the ANC system affects its performance [6]. In order to
achieve volumetric noise control of an enclosed sound field such as in an aircraft, a
multiple–input, multiple–output (MIMO) control system is required, i.e. a system
consisting of several loudspeakers and error microphones. This is because that
the sound field in an enclosure is relatively complicated. In order to generate the
canceling sound field matching the primary sound field, it is usually necessary to
use several loudspeakers. The error microphones are used to measure or observe the
residual noise. The locations of the loudspeakers and the microphones are vital for
optimum noise suppression, and they should be distributed with care throughout
the enclosure.

If several uncorrelated noise sources contribute to the noise, a multiple–reference
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(MR) controller is required in order to achieve efficient noise attenuation [7, 8].
Since the feedforward controller is based on reference signals originating from the
noise sources, this type of controller is selective both with respect to noise source
and frequency components. The controller reduces noise at the reference frequency
components, while other frequency components remain essentially unaffected. A
considerable degree of reduction is obtained given a good correlation between the
reference signals and the sound field.

There are two major external noise sources in propeller aircraft: the fuselage
boundary layer, and the propellers [9, 10]. Boundary layer noise is random broad-
band and has mainly high frequency characteristics for propeller aircraft applica-
tions. Due to its properties, boundary layer noise is difficult to reduce with active
methods. Today, such noise is attenuated by using passive insulation methods. The
dominating cabin noise is generated by the propellers. This noise is caused by the
periodic pressure fluctuations on the fuselage produced by the propeller blades each
time they pass the fuselage. The noise consists of several low frequency tonal com-
ponents related to the propeller Blade Passage Frequency (BPF) and its harmonics.
The most interesting frequency range for ANC is approximately 60–450 Hz.

To reduce low frequency noise by using passive methods a large amount of
extra mass would be required. The advantage of using an ANC system in aircraft
applications is that the weight of the aircraft can be kept down; and it is also
possible to track varying sound fields, resulting in efficiently reduced noise.

The research and development performed on ANC systems within several ap-
plications are apparent. Ultra Electronics and Saab Aircraft have, for example,
developed the first commercially available ANC system for reduction of propeller–
induced noise in aircraft cabins. The first commercial aircraft in the world in which
this technique is used is the SAAB 340 and its succession, the SAAB 2000. The
first SAAB 340 was delivered in spring 1994; and the first SAAB 2000 was delivered
later same year.

Today, most aircraft manufacturers are interested in ANC, since the flight com-
fort is a key issue in aircraft. The noise level in the cabin is high, approximately
90 dB, and the comfort would be improved considerably if this could be significantly
reduced (approximately 20 dB).

It is very important to emphasis that the ANC technique does not solve all
noise problems. The best noise reduction is often obtained by using a combination
of both passive and active techniques.

This licentiate thesis is divided into five papers, and focuses on active noise
control. The papers A2–B2 address the performance of multiple–channel adaptive
control systems in large enclosures such as in the passenger cabin of aircraft, and
when using multiple–reference signals. In paper C the case for using ANC for a
smaller volume headset is also addressed. Here the controller is based on a single–
reference signal, single loudspeaker, and single error microphone only.

The test data sets used in the computer evaluations are based on real–life data
throughout, except in paper A1, where the test data set was based on computer–
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generated signals. The data set used in papers A2–B2 was recorded in a twin–engine
propeller aircraft, a Dornier 328, during flight. In paper C, a test data set recorded
in a Super Puma helicopter during flight was used.





Introduction 17

Bibliography

[1] Leo L. Beranek, Acoustics, American Institute of Physics, Inc., 1993.

[2] S. J. Elliott, P. A. Nelson, “Active Noise Control”, IEEE Signal Processing
Magazine, pp. 12–35, October 1993.

[3] C. R. Fuller, A. H. von Flotow, “Active Control of Sound and Vibration”,
IEEE Control Systems, vol.15, no.6, pp. 9–19, December 1995.

[4] S. M. Kuo, D. R. Morgan, Active Noise Control Systems, John Wiley & Sons,
Inc., 1996.

[5] C. R. Fuller, “Active Control of Cabin Noise–Lessons Learned?”, Proceedings
of the Fifth International Congress on Sound and Vibration, vol.1, pp. 263–270,
South Australia, December 1997.

[6] P. A. Nelson, S. J. Elliot, Active Control of Sound, Academic Press, Inc., 1992.
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Outline

Part A1 – Comparison between a Single– versus a Twin–Reference
Controller in Narrowband ANC Applications.

This paper presents a comparison between the performance of a single– and
a twin–reference controller in an application where the noise consists of two pure
tones close in frequency to one another. The frequency difference between the tones
significantly affects the performance of the controllers.

When a twin–reference controller is used, the noise attenuation increases as the
frequency separation increases. By using a single–reference controller, the perfor-
mance is reduced, however, since the noise attenuation decreases as the frequency
separation increases.

Simulations are presented to illustrate the performance of the controllers in re-
lation to different frequency differences between the two tones. The simulations
are based on frequency separations in the span 0–8 Hz.

Part A2 – Performance of a Multiple– versus a Single–Reference MIMO
ANC Algorithm based on a Dornier 328 Test Data Set.

In many applications the primary noise is periodic. In such cases, successful
noise reduction can be achieved by using an Active Noise Control (ANC) system
based on feedforward technique. This technique is commonly used in aircraft ap-
plications where propeller–induced noise is the main noise problem.

The adaptive feedforward controller requires reference signals from the noise
sources. The noise attenuation achieved depends on the correlation between the
reference signals and the noise. To achieve an efficient noise reduction the correla-
tion must be significant. In applications where the noise originates from one source
only, a single–reference controller will work well. If several independent sources
contribute to the primary noise, however, one reference signal from each source is
needed to achieve successful noise reduction.

Today, most twin propeller aircraft are fitted with a synchrophaser unit, a device
which synchronizes the rotation speeds of the two propellers. The synchrophaser
is, however, unable to keep the propellers synchronized during the complete flight
cycle. When the propellers are perfectly synchronized they act as two correlated
noise sources, while in cases where propellers are unsynchronized, they may act as
uncorrelated sources, with different Blade Passage Frequencies (BPFs).

In this paper, a comparison between the performance of single–reference (single-
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tacho) and multiple–reference (twin-tacho) control systems is presented. The evalu-
ations presented are made for two different flight conditions, both with and without
synchronized propellers. The evaluation and prediction results show the narrow-
band mean noise attenuation as well as the narrowband mean reduction versus
time. Color plots showing the spatial distribution of the Sound Pressure Level
(SPL) inside the cabin both with and without an active noise control is also pre-
sented.

Part B1 – A Novel Multiple–Reference, Multiple–Channel, Normalized
Filtered–X LMS Algorithm for Active Control of Propeller–
Induced Noise in Aircraft Cabins.

The dominating cabin noise of propeller aircraft consists essentially of strong
tonal components at harmonics of the Blade Passage Frequency (BPF) of the pro-
pellers. In order to achieve an efficient reduction of the low frequency periodic
noise produced by the propellers, it is advisable to employ an Active Noise Control
(ANC) system based on a feedforward controller.

This paper presents a set of normalized complex filtered–X Least–Mean–Square
(LMS) algorithms, which are variations of the basic complex LMS algorithm for
multiple–channel systems. By using different variants of normalization factors the
convergence rate, the tracking performance and the steady-state noise attenuation
obtained can be improved. The algorithms presented are based either on a single
normalization factor for the whole control system, or several individual normaliza-
tion factors.

The evaluation of the different normalization factors is performed on acous-
tic data recorded inside the cabin of a twin–engine propeller aircraft during two
different flight conditions: cruise flight and climb to cruise flight.

The mean Sound Pressure Level (SPL) versus time, as well as color plots of the
spatial distributed SPL inside the cabin at passenger head level, are presented.

Part B2 – Evaluation of Multiple–Reference Active Noise Control
Algorithms on Dornier 328 Aircraft Data.

This paper presents a set of complex multiple–reference adaptive algorithms
combining low numerical complexity with high performance in narrowband ANC
applications. The algorithms have been tested on acoustic data from a Dornier 328
aircraft.

The feedforward technique presented inherently exploits the narrowband as-
sumption by using complex–valued filtering and complex modeling of acoustic
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paths. The necessary complex reference signals are generated from the tachometer
signals either by using an FFT–filter bank (in the case of fixed sampling), or by
employing a synchronous sampling technique.

The set of adaptive algorithms presented is based on a weighted complex gra-
dient update. Two LMS–types and a Newton–type algorithm are considered. The
special structure of the corresponding adaptive filtering problem implies that the
Newton–type algorithm can be implemented with the same numerical complexity
as LMS–type algorithms. The concept of a fast filtered–X Newton algorithm is
therefore introduced.

Part C — A New Active Headset for a Helicopter Application.

In helicopters, the low frequency noise generated by the rotors and engines
often masks and jeopardizes safe radio communication. Additionally, pilots are
likely to suffer from loss of hearing due to the higher sound levels in the headset
produced when compensating for the noise by increased loudspeaker levels. A
feasible approach to the problem is to reduce the low frequency noise using active
techniques, thereby enabling lower speaker levels.

In many Active Noise Control (ANC) applications, the primary noise field is
either periodic or broadband. This simplifies the choice of control approach. In
this application, noise up to 100 Hz is dominated by tones; and in the range from
100 Hz to 400 Hz the noise is more broadband. In order to achieve an efficient
attenuation of the primary noise inside the headset, a combination of a digital
feedforward controller and an analog feedback controller is employed. The feed-
forward controller is tachometer–based and reduces the tonal components. The
feedback controller attenuates the broadband noise. In this paper, a combination
of these two techniques is evaluated using data recorded in a helicopter during flight.
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Comparison between a Single– versus a
Twin–Reference Controller in Narrowband

ANC Applications

S. Johansson, P. Sjösten, T. L. Lagö, I. Claesson

University of Karlskrona/Ronneby

Department of Signal Processing

Sweden

Abstract

This paper presents a comparison between the performance of a single–

and a twin–reference controller in an application where the noise consists of
two pure tones close in frequency to one another. The frequency difference
between the tones significantly affects the performance of the controllers.

When a twin–reference controller is used, the noise attenuation increases
as the frequency separation increases. By using a single–reference controller,

the performance is reduced, however, since the noise attenuation decreases
as the frequency separation increases.

Simulations are presented to illustrate the performance of the controllers
in relation to different frequency differences between the two tones. The
simulations are based on frequency separations in the span 0–8 Hz.

1 Introduction

In many applications the primary noise (acoustic noise or mechanical vibrations)
is generated by rotating machines, and is periodic. In such applications, the use of
narrowband adaptive feedforward controllers [1, 2, 3] has proved to be a successful
approach for suppressing noise.

A feedforward controller requires reference signals from the noise sources to pro-
vide information about the frequency components of the noise. Tachometer signals
can be employed to generate sinusoidal reference signals [3] that have the same fre-
quencies as the noise components to be suppressed. The single–frequency reference
signals are then filtered individually with an adaptive filter (parallel filtering) before
driving the actuators (secondary sources). Each filter adjusts the amplitude and
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the phase of the corresponding reference signal. Error sensors are used to measure
the residual noise achieved, and the output signals from these sensors are then used
to adjust the adaptive filters so that the power of the residual noise is minimized.
In order to achieve efficient attenuation of the noise field in an enclosure (volumet-
ric noise control) it is usually necessary to employ an Active Noise Control (ANC)
system using several sources and error sensors (multiple–input, multiple–output
system) [3, 4].

The use of a feedforward controller results in selective control of the noise, i.e.
noise components correlated with the reference signals will be efficiently reduced,
while other components remain largely unaffected. The success of the noise at-
tenuation depends on the correlation between the reference signals and the noise
components.

In many applications, there is a need to suppress noise generated by several
noise sources. Two such applications are: twin–engine propeller aircraft [4, 5] and
twin–engine boats [6]. In these, the rotation speeds of the engines can be controlled
independently. The noise generated by the engines and/or the propellers consists
essentially of fundamental frequencies and their harmonics, which are related to the
rotation speeds. The cabin noise of a propeller aircraft is dominated by propeller–
induced noise. The dominating frequencies are the Blade Passage Frequencies
(BPFs) of the propellers and their harmonics. Fig. 1 illustrates a possible spectrum
of cabin noise of a propeller aircraft. In this particular case, the propellers are
synchronized.

Most twin–engine propeller aircraft are, however, fitted with a synchrophaser
unit, a device which synchronizes the rotation speeds of the two engines. The
synchrophaser is generally unable to keep the engines synchronized during the
complete flight cycle. Perfectly synchronized propellers act as two correlated noise
sources. Unsynchronized propellers, however, may act as more or less uncorrelated
noise sources, depending on the rotation speed difference.

Twin–engine boats are not normally fitted with a synchrophaser unit. In such
cases, it is difficult to synchronize the engines manually, which usually results in
a slight difference between the rotation speeds of the engines. The speed differ-
ence between the engines causes beating inside the driver’s cabin which leads to a
decrease in comfort.

In the control applications described below, a single–reference controller uses a
tachometer signal from one engine only, while the twin–reference controller uses a
tachometer signal from each engine. Hence, the single–reference controller is based
on reference signals containing the fundamental frequency and its harmonics from
one particular source; while the twin–reference controller is based on reference sig-
nals containing the fundamental frequencies and their harmonics from two sources.
The single– and the twin–reference control approaches applied to an aircraft are
illustrated in Fig. 2. The advantage of using the single–reference controller is that
only one tachometer is required.

The performance of a control system is a direct result of the driving conditions of
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Figure 1: An example of interior noise spectrum in a propeller aircraft.

the engines. The driving conditions for the case with several engines can generally
be divided into three main conditions:

• The engines have the identical speed.

• The engines have almost identical speeds.

• The engines have completely different speeds.

From a control point of view it is when the engines have almost the same speeds
that problems are encountered. The speed difference causes beating, and the beat
frequency influences the convergence rate of the controller and the noise reduction
obtained.

2 Algorithm

Consider the single– and the multiple–reference controllers depicted in Figs. 3 and
4. Here, the multiple–reference controller [7, 8] is a generalization of the single–
reference controller. Several single–reference systems are connected in parallel. The
control filters are adaptive Finite Impulse Response (FIR) filters. The updating of
these filters is based on the well–known LMS algorithm [1, 2].
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a)

b)

Figure 2: Multiple–input, multiple–output active noise control system. a) Single–
reference controller. b) Twin–reference controller.
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Figure 3: A single–reference feedforward controller.

The control algorithm is described for a general control system using R reference
signals and N weights in each filter. The following notation is introduced: Let
xr(n), wr(n) and d(n) denote the N × 1 vector of real valued samples of the
reference signal, the N × 1 vector of filter weights (each associated with reference
r) and the noise signal at the discrete time n. The resulting error signal e(n) is
now given by

e(n) = d(n) +
R∑

r=1

xr
T (n)wr(n) (1)

where (·)T denotes transpose. The objective is to adjust the filter weights in order
to minimize a cost function, which equals the mean squared error, according to

ξn = E
{
e2(n)

}
. (2)

Here, E {·} denotes the expectation operation. The adaptive weight vector wr(n) is
updated in the direction of the negative gradient of the cost function. The recursive
relation of the adaptive weights can be written as

wr(n + 1) = wr(n)− µr
∂ξn
∂wr

(3)

where µr is a convergence factor (step–size). This parameter µr controls the sta-
bility and the convergence rate of the algorithm.

Widrow introduced an estimate of (2) where the E {·} is omitted. The estimate
of the cost function is now given by

ξ̂ = e2(n). (4)

The gradient of the estimate of the cost function with respect to wr(n) is given by

∂ξ̂n
∂wr

= 2e(n)
∂e(n)

∂wr
= 2e(n)xr(n). (5)
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Figure 4: A multiple–reference feedforward controller using R reference signals.

By using this gradient estimate (5) in (3), the well-known LMS algorithm [1] is
obtained

wr(n+ 1) = wr(n)− 2µre(n)x(n). (6)

Note that care must be taken in the choice of the convergence factor µr in order
to obtain a stable algorithm. The stability properties of the algorithm are directly
influenced by the length of the filter and the power of the reference signal. Let
now the convergence factor be replaced by a normalized µr(n) with respect to the
number of filter weights (N ) and the power of the reference signal (Pr(n)),

µr(n) =
µ0

NPr(n)
. (7)

Here, µ0 denotes a normalized convergence factor. To obtain a stable algorithm
the normalized convergence factor must satisfy the criterion

0 < µ0 < 1. (8)

The power estimate of the reference signal [3] is computed as an exponential average
by

Pr(n+ 1) = (1− α)Pr(n) + αx2
r(n) (9)
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where α is a weighting or a integration factor in the interval 0 < α < 1. The factor
α can also be related to the integration time in samples

Nint =
1

α
. (10)

Normalization is carried out individually for each reference signal. The algorithm
obtained, the normalized LMS algorithm [2, 3], is now summarized as follows:

wr(n+ 1) = wr(n)−
µ0

NPr(n)
e(n)xr(n). (11)

3 Simulation Examples

The following simulations compare the ability to reduce periodic noise for a single–
and a multiple–reference controller. The performances of the controllers were eval-
uated in situations where the noise signal d(n) consisted of a composite signal of
two pure tones close in frequency to one another. Assume that the tones have the
frequencies f1 and f2, respectively. In the simulations, the frequency f1 was fixed,
while the frequency f2 was varied. Six different driving conditions were simulated,
and these are presented in Tab. 1.

The noise signal d(n) is now given by

d(n) = sin(ω1n + θ1) + sin(ω2n+ θ2) (12)

where θ1 and θ2 are phase angles chosen randomly. Here, ω1 = 2π f1
fs

and ω2 = 2π f2
fs

where fs is the sampling rate.
The single–reference controller used a reference signal given by

x1(n) = sin(ω1n), (13)

while the multiple–reference controller used two reference signals given by

x1(n) = sin(ω1n)

x2(n) = sin(ω2n). (14)

This control situation corresponds to a practical active noise control application
where the noise contains two tonal components close in frequency to one another.
These tones may correspond to the fundamental frequencies or the harmonics gen-
erated by two rotating machines. The noise for example inside the cabin of a
propeller aircraft is strongly characterized by tonal components generated by the
propellers. A similar control situation is achieved in a twin–engine boat. Nor-
mally, the frequency separation is larger in boats than in aircraft, since aircraft are
usually fitted with a synchrophaser. Note that in boat applications the rotation
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Simulation x1(n) x2(n) Beating
# f1 [Hz] f2 [Hz] ∆f [Hz]
1 100 100 0

2 100 100.5 0.5
3 100 101 1

4 100 102 2
5 100 104 4
6 100 108 8

Table 1: Evaluation cases.

speed difference between the engines may lead to a frequency difference of a few
Hz approximately between the tonal components.

Since the reference signals consisted of several single sinusoidal signals which
were individually controlled, each control filter consisted of two weights (N=2).
In order to adjust the amplitude and the phase of a single sinusoidal signal it
is theoretically sufficient to use two weights. In the evaluation, the normalized
convergence factor and the weight factor were set as µo = 0.3 and α = 0.01,
respectively, and the sampling rate was set as fs = 550 Hz.

It is important to note that the results presented here are based on computer
simulations using simulated data. The attenuation obtained does not therefore
reflect the attenuation that would be obtained in a real application. The results
show only the general behavior of the two controllers.

It is also important to note that the normalized LMS algorithm was used in
the simulations. This algorithm works well in the evaluation. In real acoustic
active noise control applications there exist, however, acoustic paths between the
loudspeakers and the microphones, necessitating modification of the standard LMS
algorithm to ensure stability. The algorithm must compensate for the effects of the
acoustic paths. For this reason, the filtered–X LMS algorithm [1] is normally used
in practical applications.

4 Results

Figs. 5 and 6 show the convergence behavior of the single– and the twin–reference
controller respectively for the different driving conditions presented in Tab. 1. The
curves show the mean squared errors E[e2(n)] versus time. Each curve is obtained
by averaging 100 runs. The controller is turned on each time after 0.1 seconds.
Different convergence behaviors were obtained depending on the chosen driving
condition (frequency separation).

Fig. 5 presents the convergence curves of the single reference controller. The
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Figure 5: Convergence behavior of the single–reference controller for different fre-
quency separations in the span 0–8 Hz.

figure shows that attenuation does not decrease with time except for the case with
∆f = 0 Hz. The curves drop fairly rapidly in the beginning, after which attenuation
is relatively constant.

The attenuation achieved was quite low for all cases, except when ∆f = 0 Hz.
In the latter case reduction was substantial, approximately 60 dB after 2 seconds.
When the frequency separations were 0.5 Hz and 8 Hz, the attenuation was approx-
imately 9.7 dB and 3.5 dB, respectively. Note that the values were computed after
2 seconds. Hence, when the frequency separation was reduced, a higher attenua-
tion was obtained. Note, however, that attenuation was still poor. The reason for
this behavior is that the controller only suppresses frequency components which are
correlated with the reference signal; other frequencies remain essentially unaffected.

Signals with different frequencies are uncorrelated. When they are observed for
a short time they may, however, be considered correlated. This means that although
there is a difference between the frequencies of the signals, a certain attenuation
may be obtained. The correlation between the 100 Hz and the 100.5 Hz signals
is thus more significant than the correlation between the 100 Hz and the 108 Hz
signals. As a result of this a larger reduction was obtained when ∆f = 0.5 Hz than
when ∆f = 8 Hz.

Fig. 6 presents the convergence behavior of the twin–reference controller. In
this case two reference signals were used, and each reference was controlled indi-
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Figure 6: Convergence behavior of the twin–reference controller for different fre-
quency separations in the span 0–8 Hz.

vidually, resulting in more significant reduction of both tones. After 2 seconds the
reduction was approximately 60 dB when the ∆f ≥ 2 Hz, while the reduction was
approximately 20 dB when ∆f = 0.5 Hz. It may also be noted that the cases where
the frequency separation was a few Hz, the convergence curves were still decaying.
In addition, the convergence rates were constant in these cases.

Compare the above results with those obtained using the single–reference con-
troller. It is interesting to note that the two controller solutions results in diamet-
rically opposed performance.

The twin–reference controller used one control filter for each reference signal.
The frequency separation between the reference signals influenced the behavior of
these filters. When the separation was large , the interaction between the filters was
low and the attenuation obtained was significant. In this case the two filters almost
acted as two independent control systems. When, on the other hand, the frequency
separation was reduced, the interaction between the filters increased, resulting in
lower reduction. A comparison between the performance of the controllers also
shows that beating was reduced more efficiently by using a twin–reference controller
than a single–reference controller. Compare driving conditions 5 and 6 (∆f = 4 Hz
and ∆f = 8 Hz) for both controllers. The beating corresponds to the amplitude
modulation of the error signals.

Fig. 7 illustrates the attenuation obtained in relation to the frequency separa-
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Figure 7: Attenuation obtained 2 seconds after the controller has been turned on
relative to the frequency difference. Solid curve: Twin–reference controller. Dashed
curve: Single–reference controller.

tion. The significant performances of the single– and the twin–reference controllers
are clearly shown in this figure. In all cases the twin–reference controller outper-
formed the single–reference controller. Attenuation increased as the frequency sep-
aration increased. The attenuation obtained using the single–reference controller
reached 3 dB as the frequency separation was increased. Since the two sinusoidal
signals in the noise d(n) had the same amplitude, this means that the controller
reduced only one of the two signals, thus reducing the signal power with a factor 2.
A summary of the attenuation obtained 2 seconds after the controller was turned
on is given in Tab. 2.

5 Summary and Conclusions

This paper presents a comparison between the behavior of a single– and a twin–
reference controller. The simulation results show the necessity of using a multiple–
reference controller in applications where several uncorrelated sources contribute
to the noise level. This is particularly important in applications where tachometer-
based controllers are used since attenuation will then be highly selective, resulting
in the efficient reduction of noise components correlated with the reference signals,



36 Part A1

Beating Single Reference Twin Reference
∆f [Hz] [dB] [dB]

0 55.0 97.8

0.5 9.7 22.8
1 7.2 40.8

2 6.2 56.6
4 5.5 61.2
8 3.5 63.8

Table 2: Attenuation obtained 2 seconds after the controller is turned on.

while other noise components remain largely unaffected.
In conclusion, the frequency separation between the reference signals affects the

performance of the two different controllers. For the multiple–reference controller,
attenuation increases as the frequency separation increases, while for the single–
reference controller the attenuation decreases as the frequency separation increases.

In a practical ANC application in an aircraft the noise attenuation inside the
cabin will probably increase if the synchrophaser is turned off, assuming that the
flight properties of the aircraft are not affected.
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[8] P. Sjösten, T.L. Lagö, S. Johansson, “Evaluation field tests of a multiple refer-
ence ANC system in a small patrol boat”, Proceedings of the 15th International
Modal Analysis Conference, vol. 1, pp. 885–888, IMAC-XV, Orlando, Florida,
USA, February 1997.





Part A2

Performance of a Multiple– versus

a Single–Reference MIMO ANC

Algorithm based on a Dornier 328

Test Data Set



This section is a revised version of an EU–deliverable, ASANCA–II.
The original report was published as:
Sven Johansson, Sven Nordebo, Per Sjösten, Thomas Lagö, Ingvar Claesson, “Algo-
rithm Simulation Results and Evaluations”, ASANCA-II, Deliverable D81, Novem-
ber 1996.

This paper forms the basis of several presentations.
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Abstract

In many noise control applications the noise is periodic. In such cases,
successful noise reduction can be achieved by using an Active Noise Con-

trol (ANC) system based on the feedforward technique. This technique is
commonly used in aircraft applications where propeller–induced noise is the
main noise problem.

The adaptive feedforward controller requires reference signals from the
noise sources. The noise attenuation achieved depends on the correlation

between the reference signals and the noise. To achieve an efficient noise re-
duction the correlation must be significant. In applications where the noise
originates from one source only, a single–reference controller will work well.
If several independent sources contribute to the primary noise, however, one
reference signal from each source is needed to achieve successful noise reduc-

tion.
Today, most twin propeller aircraft are fitted with a synchrophaser unit,

a device which synchronizes the rotation speeds of the two propellers. Most
synchrophasers are, however, unable to keep the propellers synchronized dur-
ing the complete flight cycle. When the propellers are perfectly synchronized

they act as two correlated noise sources, while in cases where the propellers
are unsynchronized, they may act as uncorrelated sources, with different
Blade Passage Frequencies (BPFs).

In this paper, a comparison between the performance of a single–reference
(single-tacho) and a multiple–reference (twin-tacho) control system is pre-

sented. The evaluations presented are made for two different flight condi-
tions, both with and without synchronized propellers. The evaluation and
prediction results show the narrowband mean noise attenuation as well as
the narrowband mean reduction versus time. Color plots showing the spatial
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distribution of the Sound Pressure Level (SPL) inside the cabin both with
and without an active noise control is also presented.

1 Introduction

The computer simulations presented in this paper are based on noise and tachome-
ter signals recorded in a Dornier 328 during flight. This type of aircraft is not
commercially fitted with an ANC system. The interior noise was recorded using
microphones mounted at the passenger seats at head level. The sampling rate was
1024 Hz.

The evaluation was performed on data from two different conditions of flight:
steady cruise flight and climb to steady cruise flight, respectively. The synchrophaser
was activated during both flight conditions, resulting in the maintenance of an al-
most identical rotation speed by the two propellers. In the steady cruise flight
condition, the two propellers were synchronized, i.e. the BPFs of the two pro-
pellers were practically equal. In this case, the rotation speeds of the engines were
relatively constant at 1050 rpm (BPF=105 Hz). In the climb to steady cruise flight
condition, the synchrophaser was unable to keep the propellers fully synchronized
at all times, resulting in slight differences in the rotation speed of the propellers.
The maximum difference in frequency between the BPF of the right and left pro-
pellers was approximately 1 Hz. The rotation speed of the engines varied between
1100 and 1050 rpm (BPF=110–105 Hz).

The noise attenuation achieved depends on the correlation between the reference
signals and the noise. The principle of the single– and the multiple–reference
controllers is shown in Fig. 1.

The single–reference (SR) controller utilizes one tachometer signal either from
the right or the left engine to generate the harmonic reference signals, while the
multiple–reference (MR) controller utilizes the tachometer signal from both right
and left engines. The SR and MR controllers are thus based on a single–tacho and
a twin–tacho approach, respectively. The single–reference controller uses reference
signals containing the fundamental frequency and its harmonics (BPF–4×BPF)
originating from one propeller only, while the twin–reference controller uses ref-
erence signals containing the fundamentals and their harmonics originating from
both propellers. The reference signals generated are processed by the control unit
before driving the actuators (loudspeakers). To adjust the adaptive control sys-
tem in order to minimize the power of the residual noise, several control sensors
(microphones) distributed in the cabin are employed. The control system is a
multiple–input, multiple–output (MIMO) system [1, 2, 3, 4].The configuration of
the control systems used in the evaluation consisted of 39 control microphones and
32 loudspeakers.
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a)

b)

Figure 1: Multiple–input, multiple–output (MIMO) system for active noise con-
trol. a) Single–reference controller (single–tacho). b) Multiple–reference controller
(twin–tacho).
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2 Complex Gradient–Based Multiple–Reference

MIMO Active Noise Controller

The interior noise inside the propeller aircraft consists essentially of narrowband
harmonic components related to the rotational frequencies of the propellers [5, 6].
It is assumed that for each propeller there is a periodic tacho–signal available which
is correlated with the noise harmonics. For this reason a model with pure sinusoidal
reference signals and complex notation will be used as detailed below.

The multiple–reference controller [7] is described for a general control situation
withR reference signals andH harmonics for each reference. The following notation
is introduced: Let xrh(n), wrh and Frh denote the complex scalar reference signal,
the L×1 vector of complex loudspeaker weights and the M ×L matrix of complex
acoustic paths between loudspeaker l to microphone m. Each is associated with
the rth reference and the hth harmonic. Here L is the number of loudspeakers and
M the number of microphones.

The real valued M × 1 vector e(n) of microphone signals em(n), is given by

e(n) = d(n) +
R∑

r=1

H∑

h=1

<{Frhxrh(n)wrh} . (1)

where d(n) is a M × 1 vector of real signals dm(n) representing the primary noise
at microphone m (at the discrete time index n). Here <{·} denotes the real part
operation.

The objective function to be minimized can be defined here as the sum of the
squared outputs of the control microphones

ξn =
M∑

m=1

e2
m(n) = eT (n)e(n). (2)

The adaptive weight vector wrh(n) is updated in the direction of the negative
gradient of the objective function

wrh(n + 1) = wrh(n)− 2Mrh
∂ξn
∂w∗

rh

. (3)

Here Mrh is a convergence factor matrix (step–size matrix).
The complex derivatives [8] of the objective function are given by

∂ξn
∂w∗

rh

= xrh(n)∗FH
rhe(n). (4)

In practical applications, the matrix Frh is not available and will be replaced by an
estimate F̂rh. The adaptive updating scheme of the normalized control algorithm
[8] is thus now given by

wrh(n+ 1) = wrh(n)− 2Mrhxrh(n)∗F̂H
rhe(n). (5)
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One proposal for the convergence factor matrix is given by

Mrh = µ0(ρrhdiag
{
F̂H
rhF̂rh

}
)−1 (6)

where µ0 is a positive normalized convergence factor, ρrh = E {|xrh(n)|2}, i.e. the

signal power of the reference signal. The matrix diag
{
F̂H F̂

}
means the diagonal

matrix consisting of the diagonal of the matrix F̂H F̂. Another convergence factor
matrix is given by

Mrh = µ0(ρrhF̂
H
rhF̂rh)

−1. (7)

If the convergence factors are chosen as (7) the scheme (5) corresponds to a Newton–
like algorithm [9]. The Newton–like algorithm given by (5) and (7) may be highly
efficient with respect to convergence rate etc., but is rather complex to implement.
The algorithm given by (5) and (6), on the other hand, has a complexity comparable
to an ordinary LMS–algorithm [8, 9].

Note that (6) and (7) coincide if the matrix F̂H
rhF̂rh is diagonal. In many

practical situations with active noise control in aircraft, the correlation matrix
F̂H
rhF̂rh is diagonally dominant, and may therefore be approximated by its diagonal.

Although this approximation may be rather crude, it can be very efficient to use
the algorithm given by (5) and (6). The reason is that, in these cases, (5) and (6)
represent a sensible compromise between the LMS and the Newton–like algorithm.

However, care must be taken in the choice of convergence factors. The limit
µ0 < 1 does not generally guarantee convergence for the algorithm given by (5)
and (6). This should cause no problem in a practical situation, provided that the
ANC system can be adequately tested for different operating conditions. When
using an adaptive system, it is important that the system is stable for all possible
driving conditions. It is also essentially that the system remains stable, if the error
microphones pick up disturbances uncorrelated with the reference signals [10].

2.1 Generation of Reference Signals

Given the real, scalar tachometer signals sr(n), where r = 1, 2, the complex, scalar
reference signals xrh(n) are generated using an FFT–filter bank (or a “sliding”
FFT-operation) [11]:

xrh(n) =
N−1∑

l=0

hlsr(n− l)ej
2π
N khl (8)

where hl is a windowing sequence, N is the FFT size and kh is the FFT–bin
corresponding to the hth harmonic.

The implication of (8) becomes evident when a tachometer signal of the form
sr(n) = 2 cos(ω0n) is considered. In this case

xrh(n) = ejω0nH(ω0 −
2π

N
kh) + e−jω0nH∗(ω0 +

2π

N
kh) ≈ ejω0nH(ω0 −

2π

N
kh) (9)
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where H(ω) is the frequency response of the window hl:

H(ω) =
N−1∑

l=0

hle
−jωl. (10)

The approximation in (9) is valid provided that the FFT size N , the window hl,
and the FFT-bin kh are properly chosen.

In the evaluation, the tachometer signal consisted of one pulse per propeller
revolution. Note that the periodic tachometer signal has a line spectrum. The FFT-
operation acts as a filter bank, with the ability to extract selectively the narrowband
reference signal corresponding to the desired harmonic h. The reference generation
in (8) generates a complex reference signal xrh(n) from the real tachometer signal
sr(n). The complex reference signal will constitute a Hilbert pair, implying that
only two adaptive coefficients are required for each reference signal and loudspeaker.
Thus, the complex multiple–reference algorithm described above is effective in the
sense that it employs a minimum of adaptive coefficients.

In a given situation, such as with a given flight condition etc., the choice of
FFT size N , window hl and FFT-bin kh becomes a straightforward FIR filter
design problem. If the conditions are stationary, or almost stationary, fixed values
of kh may be used. If, on the other hand, the frequency content of the tachometer
signal varies significantly over time, it may be necessary to estimate continuously
the frequency of the hth harmonic, and to change the corresponding FFT-bin kh.

The total multiple–reference system using several loudspeakers and control mi-
crophones (multiple–input, multiple–output system) is depicted in Fig. 2.

3 Evaluation Results

A typical power spectrum of the noise inside the cabin during cruise flight is shown
in Fig. 3. The spectrum contains strong tonal components originating from the
two propellers. The most dominating components are the BPF and 2×BPF. In
order to achieve a significant noise reduction, it is necessary to reduce the BPFs
and some of their related harmonics. The controllers were set up to suppress the
BPF and up to 4×BPF.

Two tachometers monitoring engine rpm (one pulse per revolution) were em-
ployed. The signals generated from these were filtered by an FFT–based filter bank
and used as reference signals for the feedforward controllers. Both the SR and the
MR controllers were based on the described complex algorithm. In the simulations
below, the normalized convergence factor µ0 = 0.003 was used.

The evaluation results are presented by color plots reflecting the narrowband
SPL inside the cabin at passenger head level. Furthermore, the narrowband mean
SPL (over all microphones) versus time is presented, as well as the narrowband
mean attenuation for the cruise flight condition. Fig. 4 depicts the interior of the
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Figure 2: A twin–reference, multiple–input multiple–output (MIMO) system for
active noise control.
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Figure 3: Typical power spectrum of the interior noise in a Dornier 328
during steady cruise flight and with synchronized propellers. BPF=105 Hz,
2×BPF=210 Hz, 3×BPF=315 Hz and 4×BPF=420 Hz.

cabin. This figure also shows how the color plots are related to the fuselage. The
black circles depict where the noise was recorded and the corresponding locations of
the control microphones used in the computer evaluation. The narrowband mean
attenuation Ah of harmonic h is given by

Ah = 10log10

∑M
m=1 |Dmh|2∑M
m=1 |Emh|2

(11)

where |Dmh| and |Emh| are the magnitudes of the Fourier transforms of the primary
and the reduced noise, respectively. The calculations are based on a 256–point
FFT. The mean noise attenuation obtained is also compared with the computed
optimum least squares solution. The predicted optimum solution is obtained by
solving the equation

Fhwh + Dh = 0. (12)

in a least squares sense. Here Dh is a M × 1 complex vector containing the Dmh

elements, and 0 is a M × 1 null vector. Hence, the optimum weights are given by

whopt = −(FH
h Fh)

−1
FH
h Dh. (13)
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Figure 4: The interior of the cabin of a Dornier 328, showing layout of the passenger
seats and the placement of the recording microphones (black circles).
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The mean noise reduction is obtained by calculating the ratio

10log10

‖Dh‖2

‖Fhwhopt + Dh‖2
(14)

for each harmonic h. Here ‖Dh‖2 is the inner product of the vector Dh with itself,
and likewise ‖Fhwhopt + Dh‖, i.e. the power of the primary and the reduced noise,
respectively.

3.1 The Steady Cruise Flight Condition

In the steady cruise flight condition the propellers were synchronized and the BPFs
of the two propellers were thus equal. The BPF was 105 Hz. Fig. 5a illustrates
the SPL of the primary noise field inside the cabin at the BPF. Note that the
plot presents the relative SPL only, and not the absolute level. Red and blue
colors denote high and low SPLs respectively. The black circles in the figure show
where the noise was recorded as well as the corresponding locations of the control
microphones used in the computer evaluation. The SPLs between the microphones
have been obtained by interpolation.

Fig. 5b shows the SPL achieved at BPF using the twin-tacho controller. The
SPLs achieved using the single–tacho controllers are presented in Figs. 5c and 5d
respectively. In Fig. 5c, the tachometer signal from the right engine was used as
reference, while in Fig. 5d, the left engine was used as reference. Compare these
two figures with the reduced SPL achieved when using the twin-tacho controller
(Fig. 5a). As can be seen from the figures, the noise reduction achieved by using the
single–tacho controllers was as good as the noise reduction achieved by using the
twin-tacho controller. Hence, both the single–tacho and the twin–tacho controllers
achieved successful noise reduction inside the cabin. Tab. 1 shows a summary of
the mean noise reduction at BPF up to 4×BPF over the 39 microphones achieved
by the different controllers.

Controller BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Twin-tacho 18.5 12.5 5.1 4.8

Single-tacho (Right) 17.2 11.4 4.5 4.6
Single-tacho (Left) 17.2 10.5 4.5 4.3

Table 1: The narrowband mean reduction of the primary noise over the 39 mi-
crophones when using either the twin-tacho or the single–tacho controller. The
single–tacho controller utilized a reference signal from either the right or left pro-
peller. The propellers were synchronized, and the BPF was 105 Hz.
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Figure 5: The SPL (dB) of the primary noise at the BPF and the reduced SPL
achieved at the BPF using different control approaches (cruise flight). The red
and blue colors correspond to high and low SPLs, respectively. a) Primary noise.
b) Twin–tacho Controller. c) Single–tacho controller (right). d) Single–tacho con-
troller (left).
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Figure 6: The mean SPL versus time at the BPF in steady cruise flight condi-
tion. Upper solid curve: Primary noise. Lower solid curve: Twin-tacho controller.
Middle solid curve: Single–tacho controller (right). Dashed curve: Single–tacho
controller (left).

The mean SPL over all microphones versus time at the BPF and 2×BPF is
shown in Figs. 6 and 7, respectively.

During flight conditions where the synchrophaser is able to keep the two pro-
pellers synchronized, the propellers act as two correlated noise sources. In this case,
the noise reduction levels achieved with both the single–tacho and the twin–tacho
controllers are more or less comparable. The difference in noise reduction between
the two types of controllers at BPF and 2×BPF is approximately 1 dB. Both con-
troller approaches thus work well and can be employed to achieve significant overall
noise reduction inside the cabin.

Tab. 2 shows the mean noise reduction achieved by the twin–tacho controller
as compared to the predicted optimum values. The mean noise reduction and the
optimum reduction are compared at the time corresponding to 9 seconds in Figs. 6
and 7. By adjusting the value of the normalized convergence factor µ0 a higher
mean noise reduction could be obtained. However, care must be taken in the choice
of µ0, as too large a value results in the controller becoming unstable. It is also
important that the controller is stable for possible driving conditions.
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Figure 7: The mean SPL versus time at the 2×BPF in steady cruise flight condi-
tion. Upper solid curve: Primary noise. Lower solid curve: Twin-tacho controller.
Middle solid curve: Single–tacho controller (right). Dashed curve: Single–tacho
controller (left).

Controller BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Twin-tacho (µ0 = 0.003) 18.5 12.5 5.1 4.8
Twin-tacho (µ0 = 0.03) 20.8 16.0 8.1 5.9

Optimum reduction 24.0 18.5 14.0 9.7

Table 2: Comparison between predicted and obtained narrowband mean reduction
using the twin-tacho controller. The propellers were synchronized, and the BPF
was 105 Hz.
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3.2 The Climb to Steady Cruise Flight Condition

During the flight condition from climb to steady cruise flight, the rotation speeds
of the engines were changed, and the BPF decreased from 110 to 105 Hz. Although
the synchrophaser was engaged during flight, there where occasions when it failed
to keep the two propellers perfectly synchronized, resulting in a slight frequency
difference between the BPFs. The maximum difference was approximately 1 Hz.
Fig. 8 shows the variation of the BPFs during flight. The purpose of simulating this
flight condition was to investigate the dynamic properties (tracking performance)
of the algorithms.

Time [s]

Blade Passage Frequency (BPF) [Hz]

Figure 8: Schematic figure showing the BPFs of the two propellers during the climb
to steady cruise flight condition.

Figs. 9 and 10 show the mean SPL versus time at the BPF and 2×BPF re-
spectively. The decreased noise attenuation at 2 and 6 seconds depends on the
time delay in the reference signals introduced by the FFT–filter bank. This de-
lay implies decreased correlation between the reference signals and the noise in
non–stationary conditions [12]. As these figures show, the differences in the noise
reduction achieved between the single–tacho and the twin–tacho controllers var-
ied. In some cases the difference was fairly small, while in others the difference
was several dB. From a general point of view the performance of the twin-tacho
controller was better than the performance of the single–tacho controllers in this
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flight condition with unsynchronized propellers.
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Figure 9: The mean SPL versus time at the BPF in climb to steady cruise flight
condition. Upper solid curve: Primary noise. Lower solid curve: Twin-tacho
controller. Middle solid curve: Single–reference controller (right). Dashed curve:
Single–reference controller (left).

The figures also show that there was a difference in the performance between
the two single–tacho controllers. On some occasions the controller based on the
reference signal from the right propeller achieved a better noise attenuation than
the other, and vice versa. This may be due to the fact that in non-stationary flight
conditions the best single–reference based noise reduction is probably obtained by
using the reference which is most stationary. Further, the sound field in the cabin
may be dominated alternately by the sound field from the right or left propeller.
This would suggest that in order to obtain an efficient noise reduction under the
above flight conditions, it is preferable to employ a multiple–reference controller.
This controller is able to track both propellers and thereby efficiently reduce the
noise under all conditions of flight. Furthermore, according to results given in
Part A1, the twin–tacho controller is expected to perform even better when the
difference in propeller BPF is increased.

The color plots in Fig. 11 illustrate the distributed SPL inside the cabin at
the time corresponding to 7 seconds in Fig. 9 and 10. The SPL of the primary
noise at the BPF is shown in Fig. 11a , while the reduced SPL achieved using
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the twin-tacho controller is illustrated in Fig. 11b. The SPLs obtained using the
single-tacho controllers (right and left) are shown in Fig. 11c and 11d respectively.
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Figure 10: The mean SPL versus time at the 2×BPF in climb to steady cruise
flight condition. Upper solid curve: Primary noise. Lower solid curve: Twin-tacho
controller. Middle solid curve: Single–reference controller (right). Dashed curve:
Single–reference controller (left).
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Figure 11: The SPL (dB) of the primary noise at the BPF and the reduced SPL
achieved at the BPF using different control approaches (climb to cruise flight).
The red and blue colors correspond to high and low SPLs respectively. a) Primary
noise. b) Twin–tacho Controller. c) Single–tacho controller (right). d) Single–tacho
controller (left).
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4 Summary and Conclusions

To be able to efficiently reduce the propeller–induced noise inside the cabin of a
twin–propeller aircraft, the controller should be synchronized to both propellers.
This will ensure low noise levels under most flight conditions, regardless of the
rotational speeds of the two propellers. Modern propeller aircraft are usually fit-
ted with a synchrophaser unit which synchronizes the propellers, resulting in the
rotational speeds of the two propellers being equal or almost equal.

The simulations performed and reflected in this investigation were all based
on measurements produced with the synchrophaser engaged. The results show
that a multiple–reference controller provides better performance than a single–
reference controller when a slight deviation exists in the propeller synchronization
(unsynchronized propellers). The multiple–reference controller is able to track both
propellers, and in this way can reduce the noise efficiently. The single–reference
controller is, however, able to track one propeller only. The simulations indicate
that the deviation in propeller synchronization is not insignificant in the climb to
steady cruise flight condition.

In conclusion, if the controller must cope with varying flight conditions, a
multiple–reference controller is preferable to a single–reference controller.
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Abstract

The dominating cabin noise of propeller aircraft consists essentially of
strong tonal components at harmonics of the Blade Passage Frequency (BPF)
of the propellers. In order to achieve an efficient reduction of the low fre-

quency periodic noise produced by the propellers, it is advisable to employ
an Active Noise Control (ANC) system based on a feedforward controller.

This paper presents a set of normalized complex filtered–X Least–Mean–
Square (LMS) algorithms, which are variations of the basic complex LMS
algorithm for multiple–channel systems. By using different variants of nor-

malization factors the convergence rate, the tracking performance and the
steady-state noise attenuation obtained can be improved. The algorithms
presented are based either on a single normalization factor for the whole
control system, or several individual normalization factors.

The evaluation of the different normalization factors is performed on

acoustic data recorded inside the cabin of a twin–engine propeller aircraft
during two different flight conditions: cruise flight and climb to cruise flight.

The mean Sound Pressure Level (SPL) versus time, as well as color plots
of the spatial distributed SPL inside the cabin at passenger head level, are
presented.

1 Introduction

In applications when there is a need for acoustic noise control inside enclosures
such as in aircraft etc., it is generally necessary to use a multiple–channel ANC
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system with several actuators (e.g. loudspeakers) and error microphones [1, 2, 3].
In order to generate the canceling sound field matching the primary sound field,
it is usually necessary to use several actuators. The error microphones are used to
measure the residual noise.

When narrowband noise (tonal components) is to be suppressed, the feedfor-
ward ANC technique is the preferred control strategy [2, 3]. A feedforward control
system requires reference signals from the noise sources to provide information
about the noise. The reference signals, containing the frequencies which are to be
reduced, can be generated from tachometer signals. The reference signals generated
are then used by the ANC system to produce driving signals to the loudspeakers.
Error microphones measure the residual noise. The output signals of these mi-
crophones are utilized to adjust the controller so that the sum of the squared
microphone signals is minimized. The noise reduction obtained depends, for exam-
ple, on the correlation between the reference signals and the noise. The location of
the loudspeakers and microphones is also crucial [2].

The algorithms presented in this paper inherently exploit the narrowband as-
sumption by using complex filtering and complex modeling of the acoustic paths
between the loudspeakers and the error microphones. Thus, the algorithms are
all based on the basic complex filtered–X LMS algorithm [2, 4, 5, 6]. In order
to increase the performance of this algorithm, normalized variants of this basic
algorithm are recommended. The modification of the algorithm means that the
step–size of the algorithm is normalized. The normalization factor is given by the
power of the reference signals, and the acoustic paths between the loudspeakers
and the microphones [7, 8, 9]. This modification influences the convergence rate,
the tracking performance of the algorithm and the steady-state noise attenuation.
Normalization also causes the algorithm to be independent of the power of the
reference signals. Hence, in applications with strongly fluctuating power levels
normalization increases the stability properties of the algorithm.

In multiple–reference, multiple–channel systems different types of normalization
factors are possible. One proposal is to use a single normalization factor for the
whole system (global normalization). However, in order to increase the performance
of the controller, several individual normalization factors are recommended for the
system.

In this paper three variants of normalized algorithms are discussed. The first
algorithm utilizes one normalization factor for the whole system: global normalized
filtered–X LMS algorithm. The other two variants are based on several separate
normalization factors: the reference–individual filtered–X LMS algorithm and the
actuator–individual filtered–X LMS algorithm.



A Novel Multiple–Reference, Multiple–Channel, Normalized Filtered–X LMS
Algorithm for Active Control of Propeller–Induced Noise in Aircraft Cabins 65

2 The Multiple–Reference, Multiple–Channel,

Normalized Filtered–X LMS Algorithm

Consider the multiple–reference, multiple–channel feedforward active noise control
system depicted in Fig. 1.
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Figure 1: Twin–reference, multiple–channel system for active noise control.

The multiple–reference controller is described with reference to a general case
with R reference signals, H harmonics for each reference, L loudspeakers and M
microphones. The control of each harmonic is individual.

The following notation is introduced: Let xrh(n), wrh and Frh denote the com-
plex scalar reference signal, the L × 1 vector of complex loudspeaker weights and
the M × L matrix of complex acoustic paths respectively , each associated with
the rth reference and the hth harmonic. Fig. 2 shows a model of the system given
in Fig. 1.

The real valued M × 1 vector e(n) of microphone signals em(n) is given by

e(n) = d(n) +
R∑

r=1

H∑

h=1

<{Frhxrh(n)wrh} (1)

where the real M × 1 vector d(n) contains the primary noise at microphone m and
<{·} denotes the real part.
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Figure 2: A model of the active noise control system in Fig. 1.

The objective is to adjust the filter weights so that the squared output signals
from the microphones is minimized. Hence, the objective function to be minimized
by the adaptive algorithm is given by

ξ̂n = eT (n)e(n). (2)

The complex derivative [7] of the objective function with respect to the loud-
speaker weight wrh is given by

∂ξ̂n
∂w∗

rh

= x∗rh(n)FH
rhe(n). (3)

where (·)∗ and (·)H denote the complex conjugation and the conjugate–transpose
operation, respectively.

Define the reference signal matrix X(n) by

X(n) =




x11(n)I
x12(n)I

. . .

xRH(n)I




(4)

where I is the L × L identity matrix, and let the vector w and the matrix F be
given by

w =




w11

w12
...

wRH



, F =

(
F11 F12 · · · FRH

)
. (5)

The vector e(n) is thereby given by

e(n) = d(n) + <{FX(n)w} (6)
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and the
∂ξ̂n
∂w∗ = XH(n)FHe(n). (7)

The adaptive algorithm can now be written in the compact matrix form

w(n + 1) = w(n)− 2MXH(n)FHe(n) (8)

where M is a matrix weighting factor of dimension LRH × LRH. This matrix
contains the step–size parameters.

3 Normalization Factors

In order to simplify the stability constraint a purely complex variant of the algo-
rithm above will be considered. In this variant, the complex microphone signal
vector e(n) is given by

e(n) = d(n) + FX(n)w (9)

where d(n) represents the complex primary noise, e(n), and d(n) are complex
M×1 vectors containing the elements em(n) and dm(n) respectively. The adaptive
weights are updated using the same formula (8), the only difference being that e(n)
is now a complex vector.

The objective function to be minimized by the adaptive algorithm is given by

ξ = E
{
eH(n)e(n)

}
= wHRw + wHp + pHw + c (10)

where E {·} denotes the expectation operation and

R = E
{
XH(n)FHFX(n)

}
(11)

p = E
{
XH(n)FHd(n)

}
(12)

c = E
{
dH(n)d(n)

}
. (13)

The stability constraint of the well–known LMS algorithm [7, 10] is given by

0 < M <
1

λmax
I (14)

where λmax is the largest eigenvalue of the correlation matrix R defined in (11),
and I is the identity matrix of dimension LRH × LRH.

In practical applications, the stability constraint given in (14) is not practical
because of the computation of λmax is difficult and time consuming for a large
system, e.i. the dimension of matrix R is large. Therefore, it is desirable to estimate
λmax using a simple method. By introducing a stronger stability constraint than
given in (14) a simpler method can be used to compute the upper bound of the
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weighting matrix M. The stronger stability constraint is based on the following
relationship

λmax ≤
I∑

i=1

λi = trace {R} . (15)

The matrix weight factor M of the ordinary normalized LMS algorithm may
now be safely chosen as

M =
µ0

trace {R}I =
µ0∑R

r=1

∑H
h=1 ρrh

∑M
m=1

∑L
l=1 |Fml|2

I (16)

where 0 < µ0 < 1 and ρrh = E {|xrh(n)|2}. This stability constraint is much
easier to apply because the signal power ρrh can be estimated more easily than the
eigenvalue λmax.

In this case, all the adaptive weights wrh are updated with the same weight
factor (global normalization), i.e. step–size parameter. The weight factor depends
on the power of all reference signals and the acoustic paths between all loudspeakers
and microphones.

If all the reference signals xrh(n) are mutually uncorrelated, the matrix R is
block–diagonal. Hence, each diagonal block in R is given by

Rrh = ρrhF
H
rhFrh. (17)

Assume that each reference signal can be treated individually. Given mutually
uncorrelated reference signals the weighting matrix can now be chosen as

M =




M11

M12

. . .

MRH




(18)

where

Mrh =
µ0

trace {Rrh}
I =

µ0

ρrhtrace {FH
rhFrh}

I =
µ0

ρrh
∑M

m=1

∑L
l=1 |Fml|2

I. (19)

Thus, in this case a reference–individual normalization is obtained, i.e. the conver-
gence factors are due to the power of one reference signal only. The factors in this
case also depend on the acoustic paths between all loudspeakers and microphones,
cf. (19) and (16). The adaptive updating scheme is now given by

wrh(n + 1) = wrh(n)− 2Mrhx
∗
rh(n)FH

rhe(n). (20)



A Novel Multiple–Reference, Multiple–Channel, Normalized Filtered–X LMS
Algorithm for Active Control of Propeller–Induced Noise in Aircraft Cabins 69

The third normalization variant presented in this paper is based on an actuator–
individual normalization. Each actuator (loudspeaker) has an individual normal-
ization factor for a given reference signal xrh(n). The matrix weighting factors are
given by

Mrh = µ0(ρrhdiag
{
FH
rhFrh

}
)−1 =




µrh1
µrh2

. . .

µrhL




(21)

where the actuator–individual weight factors are given by

µrhl =
µ0

ρrh
∑M

m=1 |Fml|2
. (22)

The significant difference between the reference–individual and actuator–individual
normalization factors is that the latter factors depend on the acoustic paths between
one loudspeaker and all microphones only, while the others depend on the acoustic
paths between all loudspeakers and all microphones, cf. (22) and (19).

Note that the the correlation matrix involves no correlation over time. This is
a characteristic that is closely related to the fact that the reference signal is scalar
without delays. The elements of Rrh reflect the cross–correlation of the reference
signals transmitted through different acoustic paths as measured at the microphone
positions.

l′

l

Fml′

Fml

dxrh(n)

m

Figure 3: The reference signal xrh transmitted through two different acoustic paths
Fml and Fml′ .

Consider Fig. 3, the cross–correlation of the reference signal xrh(n) transmitted
through acoustic paths Fml and Fml′ is thus given by: ρrhFmlF

∗
ml′ , where (·)∗ denotes

complex conjugation. For loudspeakers which are spatially separated (large value
of d), the corresponding cross–correlation will be less significant at the microphone
m due to lower coupling between the loudspeaker l′ and the microphone m than
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between l and m. Hence, in many practical situations with active noise control in
aircraft, where the loudspeakers are spatially separated, the correlation matrix Rrh

will be diagonally dominant, and may therefore be approximated by its diagonal.
In this case, the matrix Mrh may be chosen as

Mrh = µ0diag {Rrh}−1 . (23)

This weight vector matrix can be seen as an approximation of the weight vector
matrix of the Newton’s algorithm [10]. The weight vector matrix of the more
efficient Newton’s algorithm with respect to convergence rate and obtained steady–
state noise reduction is given by

Mrh = µ0R
−1
rh . (24)

A comparison between (23) and (24) shows that (23) is a suitable approxima-
tion when the correlation matrix is diagonally dominant. Hence, the actuator–
individual LMS algorithm is a Newton–like algorithm. The advantage of using
(23) instead of (24) is that no matrix inversion needs to be done: scalar divisions
according to (22) are sufficient.

To summarize, we have four different variants of the filtered–X complex adaptive
algorithms: The basic unnormalized filtered–X LMS algorithm; the global normal-
ized filtered–X LMS algorithm; reference–individual filtered–X LMS algorithm and
the actuator–individual filtered–X LMS algorithm. These algorithms are summa-
rized in Tab. 1.

Control–Algorithm wrh(n+ 1) = wrh(n)− 2Mrhx
∗
rh(n)FH

rhe(n)

Basic Unnormalized Filtered–X LMS Mrh = µ0I
Global Normalized Filtered–X LMS Mrh = µ0(trace {R})−1I

Reference–Individual Filtered–X LMS Mrh = µ0(ρrhtrace
{
FH
rhFrh

}
)−1I

Actuator–Individual Filtered–X LMS Mrh = µ0(ρrhdiag
{
FH
rhFrh

}
)−1

Table 1: Variants of filtered–X complex adaptive algorithms.

4 Evaluation

To evaluate the performance of the different algorithms, acoustic data (noise signals
and acoustic paths) measured in a twin–engine propeller aircraft (Dornier 328)
were used. The presented evaluation is made for two different flight conditions:
the steady cruise flight condition, and the climb to cruise flight condition. These
specific flight conditions were chosen in order to investigate the stationary and the
dynamic properties of the proposed control algorithms.
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The primary noise was recorded by 39 microphones mounted on the seats at
the passenger head level. A tachometer signal with one pulse per revolution was
available from each engine and was synchronously recorded. All the signals were
recoded with a 1024 Hz sampling rate. The acoustic paths from the 32 loudspeakers
(mounted on the trim panels) to the 39 error microphones were identified using
white noise excitation and with 1 Hz resolution.

The reference signals, which in this case are complex, were generated by fil-
tering each tachometer signal through an FFT–filter bank [11, 12]. A reference
signal at the Blade Passage Frequency (BPF) and 1st–3rd harmonics of the right
and left propeller respectively were generated. This filtering process induces sig-
nificant time–delay of the reference signals. In stationary flight conditions this
time–delay will not influence the performance of the controller since periodic sig-
nals are periodically correlated with themselves. In non-stationary flight conditions
with varying rotation speed of the engines the time–delay will, on the other hand,
influence performance. This time–delay implies that the correlation between the
reference signals and the noise deteriorates, causing a decrease in noise reduction.
To increase the dynamic performance of the controller, the reference generation
can be made by using approaches with less significant time–delay. For example,
by using lookup table technique the reference signals can be generated without
significant time–delay. This technique is based on some periods of the reference
signal are stored in a table. A sample value is then read from this table for each
sampling interval in order to generate the reference signal. To produce a complex
reference signal some periods of the in–phase and quadrature–phase signals (cosine
and sine signals) are stored in two separate tables. A sample value is then read
simultaneously from these two tables for each sampling period.

Throughout the evaluation, the normalized convergence factor µ0 was chosen
as 1/10 of the value causing instability and the control algorithms were set up to
attenuate the BPF up to 4×BPF of the left and right propellers, respectively.

The resulting mean narrowband SPL was calculated as follows: the microphone
signals em(n) were filtered with a 256–point FFT–filter bank at the hth harmonic,
yielding

Emh(n) =
255∑

l=0

hlem(n + l)e−j
2π
255khl (25)

where hl is a Hanning window and kh is the FFT–bin corresponding to the hth
harmonic. The mean SPL at time index n and harmonic h is the average power
over all microphones:

M∑

m=1

|Emh(n)|2. (26)

The narrowband mean reduction at time index n and harmonic h was calculated
by the logarithmic ratio

10 log10

∑M
m=1 |Dmh(n)|2

∑M
m=1 |Emh(n)|2

(27)
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where Dmh(n) was obtained by filtering the primary noise signals dm(n) as in (25).
The optimum least squares reduction at time index n and harmonic h is calculated
by first minimizing the sum of squared microphone signals

255∑

l=0

eT (n+ l)e(n + l) (28)

where e(n) is given by (1). The minimization is performed with respect to the
complex vectors wrh. Data is then filtered with the optimum filter weights, and
the corresponding narrowband mean reduction is calculated as in (27).

4.1 The Steady Cruise Flight Condition

In the steady cruise flight condition, the BPFs of the two propellers were stationary
at 105 Hz. There was thus no need to change the acoustic paths Frh in the algo-
rithms. This flight condition was chosen in order to compare the algorithms with
respect to convergence rate, stationary behavior and achieved steady–state noise
reduction. Fig. 4 shows the normalized mean SPL versus time at BPF for the
primary noise and the four algorithmic variants given in Tab. 1. The Adaptation
is switched on after approximately 1/3 second. The control system consisted of 32
loudspeakers and 39 error microphones.

The behavior of the basic unnormalized and the global normalized algorithms
is identical. This is due to the fact that in this stationary case the power of the
reference signals (ρrh) was constant versus time, see Fig 5.

Since the BPFs were fairly constant in this flight condition there was no need
to change the acoustic paths. Thus, the choice of the normalized convergence fac-
tor µ0 only affected the weight matrices Mrh. Since µ0 was subjectively chosen
as 1/10 of the value for instability, the two algorithms exhibited the same perfor-
mance. Compare the weight matrices of the unnormalized algorithm and the global
normalized algorithm in Tab. 1.

In situations where the power levels of the reference signals fluctuate greatly and
where it may be necessary to change the acoustic paths, the normalized algorithm
maintains stability. The unnormalized algorithm may, however, become unstable.
For this reason, a normalized algorithm is recommended.

Tab. 2 summarizes the narrowband mean reduction averaged over the 39 mi-
crophones for these same time samples (at approx. 8.5 seconds). Fig. 6 shows
the color plots of the SPL inside the cabin at the BPF of the primary noise and
the residual noise achieved using the different algorithms. Red color corresponds to
high SPL, and blue color corresponds to low SPL. Note that the values are relative,
not absolute.
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Figure 4: The normalized mean SPL versus time at BPF (105 Hz) in the cruise
flight condition (32 loudspeakers and 39 microphones). Upper solid line: Primary
noise. Star line: Unnormalized filtered–X LMS and global normalized filtered–
X LMS (same result). Dashed line: Reference–individual filtered–X LMS. Lower
solid line: Actuator–individual filtered–X LMS. Diagonally dominant correlation
matrices.
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Figure 5: The power level versus time of the complex reference signals. Solid lines:
Left propeller. Dashed lines: Right propeller.

Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 17.0 11.5 5.1 3.8

Normalized Complex Filtered–X LMS 17.0 11.6 5.1 3.8
Reference–Individual Filtered–X LMS 17.9 11.8 5.1 5.1
Actuator–Individual Filtered–X LMS 18.8 12.2 5.5 5.1

Optimum least squares 21.3 15.5 7.7 6.1

Table 2: The narrowband mean reduction of the primary noise in the cruise flight
condition (32 loudspeakers and 39 microphones). Diagonally dominant correlation
matrices.
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Figure 6: The spatial distributed SPL (dB) inside the cabin at passenger head
level. Red: high SPL. Blue: low SPL. a) Primary noise. b) Global normalized
filtered–X LMS. c) Reference–individual filtered–X LMS. d) Actuator–individual
filtered–X LMS.
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Fig. 7 shows the normalized mean SPL versus time for the different algorithmic
variants applied to a control system consisting of 15 loudspeakers and 26 micro-
phones. This system was a sub–set of the large configuration. A summary of
the narrowband mean noise reduction averaged over the 26 microphones for this
smaller system is given in Tab. 3. In both configurations the actuator–individual
variant exhibited better performance than the other algorithm variants with re-
spect to convergence rate and steady–state noise reduction. The differences be-
tween the algorithms were greatest for the large system. A comparison between
the actuator–individual algorithm and the global normalized LMS algorithm shows
that the reduction of the BPF increased approximately 2 dB when the actuator–
individual algorithm was used. The differences between the performance of the
algorithms were less significant for the two smaller configurations.

Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 7.7 4.9 3.5 2.8
Normalized Complex Filtered–X LMS 7.7 4.9 3.5 2.8

Reference–Individual Filtered–X LMS 8.3 4.9 3.7 3.5
Actuator–Individual Filtered–X LMS 8.5 5.0 3.7 3.3
Optimum least squares 9.5 5.9 6.8 6.3

Table 3: The narrowband mean reduction of the primary noise in the cruise flight
condition (15 loudspeakers and 26 microphones). Diagonally dominant correlation
matrices.

The expressions given in (23) and (24) show the weight matrices for the New-
ton’s algorithm and the actuator–individual algorithm respectively. As mentioned
previously, when the correlation matrices are diagonally dominant, these matrices
can be approximated by their diagonals:

Rrh ≈ diag {Rrh} . (29)

In the two experiments described above the correlation matrices Rrh were di-
agonally dominant. Fig. 8 shows plots of the used correlation matrices at BPF–
4×BPF for the system consisting of 32 loudspeakers and 39 microphones. Fig. 9
shows the correlation matrices for the system consisting of 15 loudspeakers and 26
microphones.

The approximation given in (29) is a useful approximation in cases with di-
agonally dominant correlation matrices. The evaluation results showed that the
actuator–individual algorithm works well, and can be regarded as an approxima-
tion of the Newton’s algorithm. The evaluation results also showed that although
these matrices were non–diagonally dominant, the noise suppression obtained using
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Figure 7: The normalized mean SPL versus time at BPF (105 Hz) in the cruise
flight condition (15 loudspeakers and 26 microphones). Upper solid line: Primary
noise. Star line: Unnormalized filtered–X LMS and global normalized filtered–
X LMS (same result). Dashed line: Reference–individual filtered–X LMS. Lower
solid line: Actuator–individual filtered–X LMS. Diagonally dominant correlation
matrices.
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Figure 8: The diagonally dominant 32×32 correlation matrices Rrh at BPF-4BPF
(32 loudspeakers and 39 microphones).

the algorithm was significant. Fig. 10 shows plots of the non–diagonally dominant
correlation matrices Rrh. The system consisted of a sub–set of 15 loudspeakers and
26 microphones.

Fig. 11 shows the mean SPL versus time for the primary noise and the four
algorithmic variants, while Tab. 4 summarizes the mean noise reduction obtained.
The actuator–individual algorithm had better performance than the three other
algorithmic variants in this case also when non–diagonally dominant correlation
matrices were used.

It is interesting to note from the evaluation results, that in applications where
the correlation matrices are diagonally dominant, the steady–state noise reductions
obtained when using the actuator–individual algorithm show good potential for
achieving agreement with the optimum noise reduction (least squares solutions).
The differences between the computed optimum reductions of the small systems
are due to the loudspeaker and microphone configurations. In order to achieve an
efficient noise attenuation of the enclosed sound field it is essential to place the
loudspeakers and microphones with care throughout the enclosure.
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Figure 9: The diagonally dominant 15× 15 correlation matrix Rrh at BPF-4BPF
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Figure 11: The normalized mean SPL versus time at BPF (105 Hz) in the cruise
flight condition (15 loudspeakers and 26 microphones). Upper solid line: Primary
noise. Star line: Unnormalized filtered–X LMS and global normalized filtered–X
LMS (same result). Dashed line: Reference–individual filtered–X LMS. Lower solid
line: Actuator–individual filtered–X LMS. Non–diagonally dominant correlation
matrices.

Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 9.9 3.0 2.1 2.1
Normalized Complex Filtered–X LMS 10.0 3.0 2.1 2.1

Reference–Individual Filtered–X LMS 10.7 2.8 2.1 2.8
Actuator–Individual Filtered–X LMS 11.8 2.9 2.2 3.2
Optimum least squares 16.5 8.3 5.1 6.4

Table 4: The narrowband mean reduction of the primary noise in the cruise flight
condition (15 loudspeakers and 26 microphones). Non–diagonally dominant corre-
lation matrices.
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4.2 The Climb to Cruise Flight Condition

The tracking performance of the algorithms was evaluated using the non–stationary
climb to cruise flight condition. The BPFs of the two propellers varied from 110 Hz
down to 106 Hz, as shown in Fig. 12. The acoustic paths Frh in the model (1) and in
the algorithm update equations, see Tab.1, were changed simultaneously according
to the frequency variations in Fig. 12. The acoustic paths were measured with a
resolution of 1 Hz.
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111

Time [s]

Blade Passage Frequency (BPF) [Hz]

Figure 12: The BPF versus time of the two propellers in the climb to cruise flight
condition. Solid line: Left propeller. Dashed line: Right propeller.

Fig. 13 shows the normalized mean SPL versus time for the primary noise and
the algorithms given in Tab. 1 for the system consisting of 32 loudspeakers and 39
microphones. Figs. 14 and 15 illustrate the normalized mean SPL versus time for
the two smaller configurations. In Fig. 14 the correlation matrices are diagonally
dominant, while in Fig. 15 the correlation matrices are non–diagonally dominant.

In this flight condition with time–varying rotation speed, the delay in reference
generation caused by the FFT-filter bank implies decreased correlation between
the reference signals and the primary noise signals. The decreased reduction due
to the deteriorated correlation is clearly shown in Figs. 13, 14 and 15. Note how
the reduced noise attenuation coincides with the frequency variations visible at
approximately 1.7 and 5.3 seconds as shown in Fig. 12. In non–stationary flight
conditions it is thus very important that delays of the reference signals are as short
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Figure 13: The normalized mean SPL versus time at BPF (106–110 Hz) in the
climb to cruise flight condition (32 loudspeakers and 39 microphones). Upper solid
line: Primary noise. Upper dashed line: Unnormalized filtered–X LMS. Star line:
Global normalized filtered–X LMS. Dashed line: Reference–individual filtered–X
LMS. Lower solid line: Actuator–individual filtered–X LMS. Diagonally dominant
correlation matrices.
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Figure 14: The normalized mean SPL versus time at BPF (106–110 Hz) in the climb
to cruise flight condition (15 loudspeakers and 26 microphones). Upper solid line:
Primary noise. Star line: Unnormalized and global normalized filtered–X LMS
(same result). Dashed line: Reference–individual filtered–X LMS. Lower solid line:
Actuator–individual filtered–X LMS. Diagonally dominant correlation matrices.
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Figure 15: The normalized mean SPL versus time at BPF (106–110 Hz) in the climb
to cruise flight condition (15 loudspeakers and 26 microphones). Upper solid line:
Primary noise. Star line: Unnormalized filtered–X LMS and global normalized
filtered–X LMS (same result). Dashed line: Reference–individual filtered–X LMS.
Lower solid line: Actuator–individual filtered–X LMS. Non–diagonally dominant
correlation matrices.



A Novel Multiple–Reference, Multiple–Channel, Normalized Filtered–X LMS
Algorithm for Active Control of Propeller–Induced Noise in Aircraft Cabins 85

as possible, see Part B2. In stationary conditions, on the other hand, there is
always enough correlation between narrowband (sinusoidal) signals, regardless of
delays.

In all the cases evaluated the actuator–individual filtered–X LMS algorithm
exhibited the best tracking capability, with improved noise attenuation as a result.
The differences between the algorithms were most significant for the full config-
uration. In this particular case, the differences between the actuator–individual
algorithm and the other variants varied between 1 dB and 3 dB.

The algorithms exhibited different tracking performances for the two small sys-
tems. For the small system with diagonally dominant correlation matrices, all the
algorithm variants behaved in the same way. The deteriorated tracking perfor-
mances may thus depend on this particular configuration of the loudspeakers and
the microphones. The large system also had diagonally dominant correlation ma-
trices, but in this case the tracking performances were good, such as for the small
system with non–diagonally dominant correlation matrices. It is interesting to note
that tracking performance does not depend on the diagonally or non–diagonally
dominant characteristics of the correlation matrices. The characteristic of a partic-
ular configuration of loudspeakers and microphones which results in good tracking
performance can thus be both diagonally or non–diagonally dominant.

Tab. 5 summarizes the narrowband mean reduction for the full configuration
for the same time samples (at approx. 8.5 seconds), while a summary of the
narrowband mean reduction for the two sub–sets (at same time as above) is given
in Tabs. 6 and 7.

Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 13.4 9.8 5.1 2.8

Normalized Complex Filtered–X LMS 13.5 9.9 5.2 2.9
Reference–Individual Filtered–X LMS 15.4 9.1 5.3 4.4
Actuator–Individual Filtered–X LMS 16.6 9.6 5.8 4.9

Optimum least squares 25.4 12.7 6.8 6.8

Table 5: The narrowband mean reduction of the primary noise in the climb to
cruise flight condition (32 loudspeakers and 39 microphones). Diagonally dominant
correlation matrices.
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Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 4.2 5.8 2.8 2.4

Normalized Complex Filtered–X LMS 4.2 5.8 12.8 2.4
Reference–Individual Filtered–X LMS 5.1 4.9 2.8 3.4
Actuator–Individual Filtered–X LMS 5.9 5.2 3.0 3.7

Optimum least squares 9.5 5.9 3.8 3.4

Table 6: The narrowband mean reduction of the primary noise in the climb to
cruise flight condition (15 loudspeakers and 26 microphones). Diagonally dominant
correlation matrices.

Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 7.6 2.6 1.5 1.7
Normalized Complex Filtered–X LMS 7.6 2.6 1.5 1.7
Reference–Individual Filtered–X LMS 8.1 2.5 1.5 2.1

Actuator–Individual Filtered–X LMS 8.9 2.5 2.2 2.3
Optimum least squares 12.4 4.2 3.4 3.4

Table 7: The narrowband mean reduction of the primary noise in the climb to cruise
flight condition (15 loudspeakers and 26 microphones). Non–diagonally dominant
correlation matrices.
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5 Summary and Conclusions

This paper presents a set of complex multiple–reference, multiple–channel adap-
tive algorithms for ANC in propeller aircraft. All of the algorithms are based on
the basic complex filtered–X LMS algorithm with different normalization factors.
The evaluated algorithms are: the basic unnormalized filtered–X LMS algorithm,
global normalized filtered–X LMS algorithm, reference–individual filtered–X LMS
algorithm and the actuator–individual filtered–X LMS algorithm.

The feedforward control algorithms presented inherently exploit the narrow-
band assumption by using complex filtering and complex modeling of acoustic
paths. The algorithms have been tested on measured acoustic data and recorded
interior noise from a twin–engine propeller aircraft. Two flight conditions have
been investigated: steady cruise flight, and the climb to steady cruise flight. These
two flight conditions have been included in order to study the important properties
of convergence rate, steady–state noise reduction and tracking behavior.

The evaluation results indicate that the actuator–individual filtered–X LMS al-
gorithm has better performance than the global normalized and reference–individual
filtered–X LMS algorithms in most cases with respect to the properties outlined
above. In applications where the reference signals are assumed to be uncorre-
lated and the correlation matrices are diagonally dominant, it is shown that the
actuator–individual filtered–X LMS algorithm constitutes a good approximation of
Newton’s algorithm. Thus, in this case the actuator–individual filtered–X LMS is
more similar to Newton’s method than the method of steepest descent.

The evaluation shows that the actuator–individual filtered–X LMS algorithm
works well when the correlation matrices are diagonally dominant and also when
they are non–diagonally dominant. The noise reduction obtained is significant
and the results indicate that the algorithm shows a good potential for achieving
agreement with the optimum noise reduction (least squares solution).
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Abstract

The interior noise in a propeller aircraft is dominated by narrowband
noise harmonics related to the rotational speed of the engines. By employing
tachometer signals generated by the rotation of the engines, it is possible to
efficiently reduce the noise level inside the cabin by using an Active Noise
Control (ANC) system based on a feedforward technique.

This paper presents a set of complex multiple–reference adaptive algo-

rithms combining low numerical complexity with high performance in nar-
rowband ANC applications. The algorithms have been tested on acoustic
data from a Dornier 328 aircraft.

The feedforward technique presented inherently exploits the narrowband
assumption by using complex–valued filtering and complex modeling of acous-

tic paths. The necessary complex reference signals are generated from the
tachometer signals either by using an FFT–filter bank (in the case of fixed
sampling), or by employing a synchronous sampling technique.

The set of adaptive algorithms presented is based on a weighted com-
plex gradient update. Two LMS–types and a Newton–type algorithm are

considered. The special structure of the corresponding adaptive filtering
problem implies that the Newton–type algorithm can be implemented with
the same numerical complexity as LMS–type algorithms. The concept of a
fast filtered–X Newton algorithm is therefore introduced.

1 Introduction

This paper concerns the problem of Active Noise Control (ANC) in propeller air-
craft, cf. [1]. Such aircraft are usually fitted with tachometer devices from which
a tachometer signal corresponding to each engine can be obtained. These periodic
tachometer signals (with, for example, one pulse per propeller revolution), can be
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used to generate narrowband reference signals containing the same frequency com-
ponents as the propeller–generated noise inside the aircraft cabin. Since the sound
field inside the aircraft is usually dominated by the narrowband noise harmon-
ics generated by the propellers, the situation is well–suited for using a filtered–X
feedforward ANC technique [2, 3] with the reference signals driving the secondary
sources (loudspeakers).

The feedforward technique presented in this paper inherently exploits the nar-
rowband assumption by using complex filtering and complex modeling of acoustic
paths. The proposed complex algorithms are advantageous in narrowband applica-
tions due to high convergence rate and low numerical complexity. The fundamen-
tal reasons are the orthogonality of the quadrature components (or Hilbert pairs)
constituting the complex reference signals, as well as the simplicity of complex rep-
resentation. In fact, the complex algorithm requires a minimum of adaptive and
acoustic path parameters as compared to a straightforward time–domain approach
with ordinary FIR filters [4, 5, 6, 7].

If there are periodic tachometer signals available, with for example one pulse
per propeller revolution, it is possible to obtain the desired complex reference sig-
nals using a fixed sampling rate and an FFT–filter bank. However, with only one
pulse per propeller revolution, the FFT-length required will be quite long and the
filter bank will therefore introduce a significant time delay of the tachometer sig-
nals. This will not cause any problems during stationary flight conditions. When
the conditions are non–stationary however, and the propeller rpm varies, the cor-
relation between the reference signals and the noise harmonics may deteriorate due
to the filter bank–induced time delay. This may, in turn, entail decreased noise
attenuation. The calculation of the FFT also requires large calculation capabilities
in the DSP.

The proposed adaptive algorithms work well in stationary flight conditions. In
order that the algorithms perform adequately in non–stationary conditions of flight,
it is important to have a reference signal generator with as short a time delay as
possible. A reference signal generator with virtually no inherent time–delay may
be obtained by using synchronous sampling based on several tachometer–pulses per
propeller revolution. A synchronous sampling technique may, however, be difficult
to implement in the multiple–reference case.

The evaluations and investigations performed in this paper are based on the
assumption that, for each engine, an analog tachometer signal consisting of six
pulses per propeller revolution is available. The fundamental frequency of such a
tachometer signal corresponds to the Blade Passage Frequency (BPF) since each
propeller has six blades. It is further assumed that the analog tachometer signal is
low–pass filtered and sampled with a fixed sampling rate so that the corresponding
digital tachometer signal contains the four harmonics of interest, i.e. BPF–4×BPF.
In this case, and unlike the case with a one–pulse tachometer signal, it will be
possible to design the FFT–filter bank with a reasonable length, thus maintaining
a good dynamic performance of the adaptive system.
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2 The Filtered–X Complex Adaptive Algorithms

In this section, we will present a set of filtered–X complex adaptive algorithms
based on a weighted complex gradient update. The most efficient of these is the
fast filtered–X Newton algorithm which is fast in the sense that it requires the same
numerical complexity as an “ordinary” complex filtered–X LMS algorithm. How-
ever, the fast Newton variant requires the demanding off–line operation of matrix
inversion. This makes it worthwhile to investigate a third variant the actuator–
individual filtered–X LMS algorithm, which requires the off–line operations of divi-
sions rather than matrix inversions. This variant constitutes an approximation of
the fast filtered–X Newton algorithm.

The adaptive control algorithms are derived below for the single–reference case
and then extended in a straightforward way to the multiple–reference case.

2.1 Derivation of the Single–Reference Controller

Consider the single–reference Multiple–Input Multiple–Output (MIMO) feedfor-
ward active noise control system depicted in Fig. 1, where L is the number of
loudspeakers and M is the number of microphones. Here, wl denotes a complex
adaptive loudspeaker weight, Fml denotes a complex entity representing the for-
ward acoustic path from loudspeaker l to microphone m, and the real valued signal
dm(n) represents the primary sound field at microphone m (at the discrete time
index n). In this model, and by convention, the real microphone signal em(n) is
given by

em(n) = dm(n) + <
{

L∑

l=1

Fmlx(n)wl

}
(1)

where x(n) is the complex reference signal and <{·} denotes the real part operation.

+
Reference Signal x(n)

wl

Acoustic Path

Fml <{·}

Primary Sound Field

dm(n)

em(n)

Microphone m

Figure 1: Single–reference, multiple–input multiple–output (MIMO) system for
active noise control.

The objective function to be minimized by the adaptive algorithm is given by

ξ = E

{
M∑

m=1

e2
m(n)

}
(2)
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where E {·} denotes the expectation operation. As customary in the derivation of
stochastic gradient algorithms cf. [8], we consider the estimate ξ̂n (at time index
n) of the objective function

ξ̂n =
M∑

m=1

e2
m(n). (3)

Differentiation with respect to a complex variable w may be defined by

∂

∂w∗
=

1

2

(
∂

∂a
+ j

∂

∂b

)
(4)

where w = a+ jb, cf. [8]. With this definition, the following relationships may be
verified

∂

∂w∗
(<{g})2 = <{g} ∂

∂w∗
(g + g∗), (5)

∂

∂w∗
w∗c = c, (6)

∂

∂w∗
wc = 0 (7)

where g is a complex function of w, c is a complex constant and (·)∗ denotes complex
conjugation.

By using the relationships (5)–(7), the derivatives of ξ̂n are obtained as

∂ξ̂n
∂w∗l

= x∗(n)
M∑

m=1

F ∗
mlem(n). (8)

Matrix notation is now introduced in order to simplify further development.
Let e(n) denote a real M × 1 vector containing the elements em(n), given by

e(n) = d(n) + <{Fx(n)w} (9)

where d(n) is a real M × 1 vector containing the elements dm(n), w is a complex
L × 1 vector with elements wl and F is a complex M × L matrix with elements
Fml.

Let ∂
∂w∗

denote the vector partial derivative operator with elements ∂
∂w∗l

. The

derivatives of ξ̂n = eT (n)e(n) are then given by

∂ξ̂n
∂w∗ = x∗(n)FHe(n). (10)

where (·)T and (·)H denote the transpose and the conjugate–transpose operation,
respectively.
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The complex gradient in (10) is used to define the updating scheme of the
adaptive algorithm, given by

w(n+ 1) = w(n)− 2Mx∗(n)FHe(n) (11)

where M is a matrix weighting factor of dimension L× L, cf. step–size parameter
µ in LMS algorithm [8].

In (11) and throughout the text, it is understood that the matrix F should be
interchanged for the corresponding matrix of acoustic path estimates F̂ whenever
applicable. However, in order to simplify notation, we will keep the plain notation
F.

2.2 Simplified Convergence Analysis

In order to simplify the convergence analysis we will consider a purely complex
variant of the above single–reference algorithm. In this variant, the complex mi-
crophone signal em(n) is given by

em(n) = dm(n) +
L∑

l=1

Fmlx(n)wl (12)

where dm(n) represents the complex primary sound field. In matrix form,

e(n) = d(n) + Fx(n)w (13)

where e(n) and d(n) are complex M × 1 vectors containing the elements em(n)
and dm(n), respectively. The adaptive weights are updated using the same formula
(11), with the only difference that e(n) is now a complex vector.

The objective function to be minimized by the adaptive algorithm is given by

E
{
eH(n)e(n)

}
= wHRw + wHp + pHw + c (14)

where

R = ρFHF (15)

p = FHE {x∗(n)d(n)} (16)

c = E
{
dH(n)d(n)

}
(17)

and where ρ = E {|x(n)|2}.
If the well–known LMS algorithm is to be employed, the matrix factor M is

safely chosen as

M =
µ0

trace {R}
I =

µ0

ρ
∑M

m=1

∑L
l=1 |Fml|2

I (18)

where I is the L × L identity matrix and 0 < µ0 < 1, cf. [8].
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A more efficient adaptive algorithm is a generalized version of Newton’s method
[9], which is obtained by

M = µ0R
−1 =

µ0

ρ
(FHF)−1 (19)

where 0 < µ0 ¿ 1. The relation µ0 ¿ 1 emphasizes that µ0 < 1 does not generally
guarantee convergence in this case.

In many practical situations with active noise control in aircraft, the correla-
tion matrix R is diagonally dominant, and may therefore be approximated by its
diagonal. In this case, the matrix factor M may be chosen as

M =
µ0

ρ
(diag

{
FHF

}
)−1 (20)

where diag
{
FHF

}
means the diagonal matrix with the same diagonal as the matrix

FHF. The matrix factor M is then a diagonal matrix with elements

µl =
µ0

ρ
∑M

m=1 |Fml|2
(21)

Note that the elements of R reflect the cross–correlation of the reference signal
transmitted through different loudspeaker paths as measured at the microphone
positions. For loudspeakers which are spatially separated, the corresponding cross–
correlation will be small at all microphone positions. Hence, if most loudspeakers
are spatially separated, the matrix R will become diagonally dominant, see Fig. 2

Although the approximation R ≈ diag {R} may be rather crude, it may be
efficient to use the algorithm given by (11) and (20). The reason is that in these
cases (11) and (20) represent a sensible compromise between the LMS and the
Newton–like algorithm. The advantage of using (20) instead of (19) is that no
matrix inversion has to be made, only divisions according to (21). The latter can
in turn be approximated by binary shifts if a fix–point processor is used.

Care must, however, be taken in the choice of convergence factors. The limit
µ0 < 1 does not generally guarantee convergence. This should cause no problem in a
practical situation, provided that the active noise control system can be adequately
tested for different operating conditions.
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Figure 2: The diagonally dominant L× L correlation matrix R (L=32).
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2.3 The Fast Filtered–X Newton Algorithm

The correlation matrix R involves no correlations over time and reflects only the
spatial (acoustical) properties of the optimization problem considered, cf. (14).
This is a characteristic that is closely related to the fact that the reference signal
is scalar (without delays), making an implementation of a fast filtered–X Newton
algorithm possible.

The special structure originates from the fact that the acoustic path pre–filtering
of the reference signal (the filtered–X operation) is performed by a complex scalar
multiplication of the reference signal with the matrix of acoustic path parameters.
This means that the matrix factor M in (11) may be incorporated with the matrix
FH in advance, yielding a new matrix MFH , which takes the role of FH . Any
M–factor algorithm (11) can thus be implemented with the same computational
complexity as the ordinary LMS–algorithm.

The fast filtered–X Newton algorithm is thus given by

w(n+ 1) = w(n)− 2µ0R
−1x∗(n)FHe(n) = w(n)− 2µ0x

∗(n)Ge(n) (22)

where G = R−1FH is a complex L×M matrix. The matrix G in (22) has the same
dimension as FH . The algorithm described by (22) is thus fast in the sense that it
has the same computational complexity as the ordinary LMS–algorithm given by
(11) and (18). The only additional requirement is that the operation R−1FH can
be done off–line. The matrix G = R−1FH may then be stored in the same manner
as FH .

2.4 The Multiple–Reference Controller

The multiple–reference controller is described below for a general case with R
reference signals and H harmonics for each reference. The following notation is
introduced: Let xrh(n), wrh and Frh denote the complex scalar reference signal,
the L×1 vector of complex loudspeaker weights and the M ×L matrix of complex
acoustic paths respectively (each associated with the rth reference and the hth
harmonic).

The real M × 1 vector e(n) of microphone signals em(n), is given by

e(n) = d(n) +
R∑

r=1

H∑

h=1

<{Frhxrh(n)wrh} . (23)

From (10) we see that the derivatives of ξ̂n = eT (n)e(n) are given by

∂ξ̂n
∂w∗

rh

= x∗rh(n)FH
rhe(n). (24)
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Define the reference signal matrix X(n) by

X(n) =




x11(n)I
x12(n)I

. . .

xRH(n)I




(25)

where I is the L × L identity matrix, and let the vector w and the matrix F be
given by

w =




w11

w12
...

wRH



, F =

(
F11 F12 · · · FRH

)
. (26)

The vector e(n) is thereby given by

e(n) = d(n) + <{FX(n)w} (27)

and
∂ξ̂n
∂w∗ = XH(n)FHe(n). (28)

The adaptive algorithm can now be written in the compact matrix form

w(n + 1) = w(n)− 2MXH(n)FHe(n) (29)

where M is a matrix weighting factor of dimension LRH × LRH.
The correlation matrix that governs the convergence properties (in a simplified

analysis) is given by

R = E
{
XH(n)FHFX(n)

}
. (30)

If the well–known LMS–algorithm is to be employed, the weighting factor M
may be chosen as

M =
µ0

trace {R}
I =

µ0∑R
r=1

∑H
h=1 ρrhtrace {FH

rhFrh}
I (31)

where 0 < µ0 < 1, ρrh = E {|xrh(n)|2} and I is the identity matrix.
In a Newton–like algorithm, the matrix M in (29) may be chosen as M = µ0R

−1

where 0 < µ0 ¿ 1. If all the reference signals xrh(n) are mutually uncorrelated,
the matrix R is block–diagonal and the weighting factor can be chosen as

M =




M11

M12

. . .

MRH




(32)
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where
Mrh = µ0(ρrhF

H
rhFrh)

−1. (33)

The adaptive updating scheme is then given by

wrh(n + 1) = wrh(n)− 2Mrhx
∗
rh(n)FH

rhe(n). (34)

Note that (34) may be implemented as a fast filtered–X Newton algorithm as

wrh(n + 1) = wrh(n)− 2µ0x
∗
rh(n)Grhe(n) (35)

where Grh = R−1
rhFH

rh and Rrh = ρrhF
H
rhFrh, cf. section 2.3.

Furthermore, if the correlation matrices Rrh = ρrhF
H
rhFrh are diagonally domi-

nant, we may use (34) with the matrix weighting factors

Mrh = µ0(ρrhdiag
{
FH
rhFrh

}
)−1 (36)

Given that the reference signals are mutually uncorrelated, a reasonable way to
implement the ordinary LMS algorithm is to use (34) with the weighting factors

Mrh =
µ0

ρrhtrace {FH
rhFrh}

I. (37)

To summarize, we have obtained three different variants of filtered–X complex
adaptive algorithms: The complex filtered–X LMS algorithm given by (34) and (37),
the actuator–individual filtered–X LMS given by (34) and (36), and the fast filtered–
X Newton algorithm given by (34) and (33). These algorithms are summarized in
Tab. 1.

An interesting interpretation of the algorithms in Tab. 1 is to regard the first two
as approximations of the third Newton–like algorithm. In the first case: FH

rhFrh ≈
trace

{
FH
rhFrh

}
I, and in the second case: FH

rhFrh ≈ diag
{
FH
rhFrh

}
. This means

that the actuator–individual filtered–X LMS algorithm will approximate the fast
filtered–X Newton algorithm well when the correlation matrix R is diagonally
dominant.

Note that the matrices Grh are of identical size for the three different cases in
Tab. 1. Provided that the necessary matrix operations (inversion and multiplica-
tion) can be performed off–line to obtain Grh, the two latter algorithms can be
implemented with the same numerical complexity (and storage requirements) as
the complex filtered–X LMS algorithm. Hence the name: fast filtered–X Newton
algorithm.

The justification for using the actuator–individual filtered–X LMS algorithm
is that the corresponding off-line operations involve scalar divisions rather than
matrix inversions.
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Control–Algorithm wrh(n+ 1) = wrh(n)− 2µ0xrh(n)Grhe(n)

Complex Filtered–X LMS Grh = (ρrhtrace
{
FH
rhFrh

}
)−1FH

rh

Actuator–Individual Filtered–X LMS Grh = (ρrhdiag
{
FH
rhFrh

}
)−1FH

rh

Fast Filtered–X Newton Grh = (ρrhF
H
rhFrh)

−1FH
rh

Table 1: Three different variants of filtered–X complex adaptive algorithms.

3 Generation of Reference Signals

The complex reference signals used in the evaluations have been generated using
the FFT–filter bank technique described below. It is assumed that a periodic
analog tachometer signal related to each engine is available. It is further assumed
that these analog tachometer signals are properly filtered to avoid aliasing, and
are sampled at a fixed sampling rate yielding the corresponding digital tachometer
signals sr(n). If the propeller consists of six blades (as in the present application),
it is adequate to use six pulses per propeller revolution. In this case, the first
harmonic of the tachometer signal will correspond to the first noise harmonic etc.,
and the FFT–filter bank design becomes rather straightforward.

A synchronous sampling technique is also briefly discussed. This technique
has the advantage of not inducing any time delay between tachometer signals and
reference signals, as the FFT–filter bank method. The technique may however be
more complicated to implement, especially for a multiple–reference system.

3.1 Reference Signal Generation Using an FFT–Filter Bank

with Fixed Sampling rate

Given the real digital tachometer signals sr(n), where r indicates the reference
number, the complex reference signals xrh(n) are generated using the FFT–filter
bank operation:

xrh(n) =
N−1∑

l=0

hlsr(n− l)ej
2π
N
khl (38)

where hl is a windowing sequence, N is the FFT–length and kh is the FFT–bin
corresponding to the hth harmonic, cf. [10, 11].

The relation in (38) becomes evident when a tacho–signal in the form sr(n) =
2 cos(ω0n) is considered. In this case

xrh(n) = ejω0nH(ω0 −
2π

N
kh) + e−jω0nH∗(ω0 +

2π

N
kh) ≈ ejω0nH(ω0 −

2π

N
kh) (39)
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where H(ω) is the frequency response of the windowing sequence hl:

H(ω) =
N−1∑

l=0

hle
−jωl. (40)

The approximation in (39) is valid provided that the FFT–length N , the windowing
sequence hl, and the FFT–bin kh are properly chosen. The argument (ω0 − 2π

N kh)
corresponds to the passband and the argument (ω0 + 2π

N
kh) corresponds to the

stopband of the lowpass filter H(ω).
The FFT-operation acts as a filter bank, with the ability to extract selectively

the narrowband reference signal corresponding to the desired harmonic h. The
reference generation in (38) generates complex reference signals xrh(n) from the real
tachometer signal sr(n). Each complex reference signals will constitute a Hilbert
pair: only two adaptive coefficients are then required for each reference signal and
loudspeaker.

In a given situation, such as with a given flight condition, etc., the choice of
FFT–length N , windowing sequence hl and FFT–bin kh becomes a straightforward
FIR filter design problem. If the conditions are stationary, or almost stationary,
fix values of kh may be used. If, on the other hand, the frequency content of the
tachometer signal varies significantly over time, it may be necessary to estimate
continuously the frequency of the hth harmonic, and to change the corresponding
FFT–bin kh.

If a dynamic change of FFT–bin kh is permissible, it is important to make a
phase correction of the complex reference signals. In fact, it turns out that with a
complex reference signal generated as in (38), the phase angle at the output of two
adjacent FFT–bins (kh and kh+1) differs with πN−1

N
radians. This phase difference

almost corresponds to a shift in sign and it will generate an audible “click” in the
reference signal when changing FFT–bin. With an appropriate correction, however,
the bin–change can be made without phase jumps.

It is assumed that the windowing sequence is a linear phase FIR filter with
frequency response

H(ω) = e−jω
N−1

2 A(ω). (41)

where A(ω) is a real amplitude function. According to (39), the complex reference
signal can be approximated as

xrh(n) ≈ ejω0nH(ω0 −
2π

N
kh) = ejπ

N−1
N khejω0(n−N−1

2 )A(ω0 −
2π

N
kh). (42)

A complex reference signal x′rh(n) whose phase is independent of FFT–bin kh,
is obtained as

x′rh(n) = xrh(n)e−jπ
N−1
N kh = ejω0(n−N−1

2 )A(ω0 −
2π

N
kh). (43)

We could even go a step further and obtain a unit magnitude complex reference
signal x′′rh(n) whose phase and magnitude are independent of FFT–bin kh:
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x′′rh(n) =
x′rh(n)

|x′rh(n)|
. (44)

The entire multiple–reference, multiple–input multiple–output (MIMO) system
is depicted in Fig. 3. This is the twin–reference system which has been evaluated
on data recorded and measured in a Dornier 328 aircraft.

3.2 Reference Signal Generation Using Synchronous Sam-

pling

Synchronous sampling is best described by an example. Assume that each propeller
has six blades. The Blade Passage Frequency (BPF) is then six times the propeller
frequency (rpm/60). We further assume that the dominating noise harmonics are at
1,2,3 and 4 times the BPF, that is, at 6,12,18 and 24 times the propeller frequency.
For the synchronous sampling to represent the highest harmonic, the tachometer
signal must deliver N > 48 pulses per propeller revolution.

The reference signals are obtained as

xr1(n) = ej
2π
N

6n (45)

xr2(n) = ej
2π
N

12n (46)

xr3(n) = ej
2π
N

18n (47)

xr4(n) = ej
2π
N

24n (48)

With synchronous sampling as above, the propeller rpm will always correspond
to the normalized digital frequency ω0 = 2π

N .
The advantage of using synchronous sampling as compared to the FFT–filter

bank is that the former involves no inherent time delay between the tachometer
signal and the reference signal. The main difficulty with synchronous sampling is
in the implementation of a multiple–reference system. We need an adaptive system
which works synchronously and independently on each reference signal. There will
thus be R asynchronous adaptive systems. How should the output of these systems
be combined in order to form an analog output signal? A simple (but expensive)
solution is to use R analog systems in parallel.

4 Evaluation Examples

The computer evaluations presented in this paper are based on noise recordings and
acoustic measurements performed in a twin–engine propeller aircraft, the Dornier
328. The evaluations presented are made for two different conditions of flight:
the steady cruise flight condition (1050 rpm), and the climb to cruise flight condi-
tion (1100–1060 rpm). These specific conditions of flight were chosen in order to
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Figure 3: A twin–reference, multiple–input multiple–output (MIMO) system for
active noise control.

investigate the asymptotic and the dynamic properties of the control algorithms
proposed.

The primary noise field was recorded using 39 microphones placed at the pas-
senger head level, and sampled at a sampling rate of 1024 Hz. A tachometer signal
related to each engine was recorded synchronously, each yielding one pulse per pro-
peller revolution. A propeller consists of six blades, which means that the Blade
Passage Frequency (BPF) corresponds to rpm×6/60 (Hz). The control algorithm
was set up to cancel the four noise harmonics (BPF–4×BPF) corresponding to the
left and right propellers respectively.

The transfer functions (acoustic paths) were measured from 32 loudspeakers
(mounted on the trim panels) to the 39 microphones using white noise excitation,
and with a 1 Hz resolution.

The complex reference signals were obtained by using a 64–point FFT–filter
bank (one for each reference) using the technique described in section 3.1. In this
particular situation a sum of four real narrowband signals corresponding to the
four noise harmonics was used as input to this 64–point FFT–filter bank. These
real narrowband signals were in turn generated from the tachometer pulses using
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a 512–point FFT–filter bank at a sampling rate of 1024 Hz. This (high resolution)
procedure was required since the tachometer signals available consisted of one pulse
only per propeller revolution.

In order to compensate for the relatively long delay induced by the 512–point
FFT–filter bank, the primary noise field was delayed 256 samples prior to evalu-
ation. The reason for and effect of this delay are further discussed in section 4.2
below.

For both conditions of flight, the three different variants of filtered–X complex
adaptive algorithms given in Tab. 1 were compared. The resulting mean Sound
Pressure Level (SPL) was calculated as follows: The microphone signals em(n)
were filtered with a 256–point FFT–filter bank at the hth harmonic, yielding

Emh(n) =
255∑

l=0

hlem(n + l)e−j
2π
255

khl (49)

where hl is a Hanning window and kh is the FFT–bin corresponding to the hth
harmonic.

The mean SPL at time index n and harmonic h is the average power over all
microphones:

M∑

m=1

|Emh(n)|2. (50)

The narrowband mean reduction at time index n and harmonic h was calculated
by the logarithmic ratio

10 log10

∑M
m=1 |Dmh(n)|2

∑M
m=1 |Emh(n)|2

(51)

where Dmh(n) was obtained by filtering the primary noise signals dm(n) as in (49).
The optimum least squares reduction at time index n and harmonic h is calcu-

lated by first minimizing the sum of squared microphone signals

255∑

l=0

eT (n+ l)e(n + l) (52)

where e(n) is given by (23). The minimization is performed with respect to the
complex vectors wrh. Data is then filtered with the optimum filter weights, and
the corresponding narrowband mean reduction is calculated as in (51).

4.1 Evaluation of the Steady Cruise Flight Condition

In the steady cruise flight condition, the BPFs of the two propellers were almost
stationary at 105 Hz. There was thus no need to change the acoustic paths Frh in
the model (23) and in the algorithm update equation (34).

Fig. 4 shows the mean SPL (normalized to 0 dB at 0 s) versus time for the
primary sound field and the three algorithmic variants given in Tab. 1. In all three
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cases, the normalized convergence factor µ0 was chosen as 1/10 of the value of
divergence.

In Fig. 4, the optimum least squares reduction is indicated by the level in
the lower right corner for the specific time samples used. Tab. 2 summarizes the
narrowband mean reduction for these same time samples (at approx. 8.5 seconds).

Time [s]

Mean Sound Pressure Level (SPL) [dB]

Figure 4: The mean SPL versus time at BPF (105 Hz) in the steady cruise flight
condition. Upper solid line: Primary sound field. Lower solid line: Complex
filtered–X LMS. Dash–dotted line: Actuator–individual filtered–X LMS. Dashed
line: Fast filtered–X Newton. Adaptation is switched on after approx. 1/3 second.
The optimum least squares reduction is indicated by the level in the lower right
corner.

Fig. 5 shows the power spectrum of the primary and reduced sound field av-
eraged over all microphones. The microphone signals have been added up, then
analyzed (using the Welch method with 2048 last data, blocks of 256 samples and
Hanning window). The figure shows that the first two harmonics strongly domi-
nate the primary noise field. Note also how the fast Newton variant is able to “pull
out” the noise harmonics by its “roots”.

The steady cruise flight condition was chosen in order to compare the proposed
algorithms with respect to convergence rate and asymptotic behavior. The fast
Newton variant showed the highest rate of convergence and the best agreement
with optimum reduction, as expected. However, the discrepancies for the other
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Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 18.1 12.4 6.5 4.5

Actuator–Individual Filtered–X LMS 18.9 12.6 6.7 5.1
Fast Filtered–X Newton 21.1 14.6 7.4 5.8

Optimum least squares 21.3 15.5 7.7 6.1

Table 2: The narrowband mean reduction of the primary noise in the steady cruise
flight condition.

two variants, even though perfectly noticeable in a logarithmic plot, were almost
indistinguishable to the human ear.

Fig. 6 illustrates the SPL of the primary noise inside the cabin at the BPF
and the SPL achieved at the BPF by using the actuator–individual filtered–X
LMS algorithm. Note that the figure presents the relative SPL only, and not the
absolute SPL. The red color and blue color denote high and low SPL respectively.
The black circles show where the control microphones were located in the cabin.

4.2 Evaluation of the Climb to Cruise Flight Condition

In the climb to cruise flight condition, the BPFs of the two propellers were changed
from 110 Hz to 106 Hz as shown in Fig. 7. This plot was produced by employing a
1024–point FFT–analysis (1 Hz resolution) of the corresponding tachometer signals.
The acoustic paths Frh in the model (23) and in the algorithm update equation
(34) were changed simultaneously according to this FFT–analysis.

Fig. 8 shows the mean SPL (normalized to 0 dB at 0 s) versus time for the
primary sound field and the three algorithmic variants given in Tab. 1. In all three
cases, the normalized convergence factor µ0 was again subjectively chosen as 1/10
of the value of divergence.

In Fig. 8, the optimum least squares reduction is indicated by the level in
the lower right corner for the specific time samples used. Tab. 3 summarizes the
narrowband mean reduction for these same time samples (at approx. 8.5 seconds).

Fig. 9 shows the effect of compensating for the delay introduced by the 512–
point FFT–filter bank which was used to pre–process the tachometer signals. The
solid line shows the increased dynamic performance when delaying the primary
noise field by 256 samples. When investigating this effect on the steady cruise flight
condition, no difference could be detected (visually or aurally). This establishes the
fact that this delay–problem is a problem related to dynamic, and not to stationary
properties of the ANC system.

A very likely explanation for the decreased noise reduction when omitting delay
compensation is as follows: The delay of the tachometer signal implies decreased
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Figure 5: Power spectrum of the primary and reduced sound field averaged over
all microphones. Upper solid line: Primary sound field. Lower solid line: Complex
filtered–X LMS. Dashed line: Fast filtered–X Newton.

correlation between the reference signals and the primary noise signals in non–
stationary conditions. Note how the decreased noise reduction in Fig. 9 coincides
with the frequency variations visible in Fig. 7 (at approx. 1.7 and 5.3 seconds).
In stationary conditions, there is always enough correlation between narrowband
(sinusoidal) signals, irrespective of delays.

In conclusion, in order to perform well in non–stationary conditions of flight, the
proposed complex filtered–X algorithms should be supplied with complex reference
signals with as short inherent delays as possible. This is indeed a very reasonable
requirement. The best solution may be to generate the complex reference signals
based on a synchronous sampling technique where many pulses per propeller rev-
olution are available. Such a technique need not introduce any reference–delay at
all, cf. section 3.2. However, synchronous sampling may imply other difficulties,
particularly for a multiple–reference system.
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Figure 6: The SPL of the primary noise at the BPF, and the SPL achieved at the
BPF by using the actuator–individual filtered–X LMS algorithm. The red color
corresponds to high SPL, and the blue, to low SPL.
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Figure 7: The BPFs of the two propellers during the climb to cruise flight condition.
Solid line: Left propeller. Dashed line: Right propeller.

Control–Algorithm/Method BPF 2×BPF 3×BPF 4×BPF
[dB] [dB] [dB] [dB]

Complex Filtered–X LMS 19.0 10.3 2.1 0.3

Actuator–Individual Filtered–X LMS 19.9 10.7 2.3 0.3
Fast Filtered–X Newton 22.3 12.4 2.9 0.5
Optimum least squares 25.8 12.7 2.3 0.1

Table 3: The narrowband mean reduction of the primary noise in the climb to
cruise flight condition.
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With the present application and fixed sampling rate, the situation would have
been greatly improved if six tachometer pulses per propeller revolution had been
used instead of one. In this case, a much shorter FFT-filter bank could be de-
signed since the first tachometer signal–harmonic would correspond to the first
noise harmonic. In fact, this is what we have done when using a sum of four
real narrowband signals corresponding to the four noise harmonics as input to the
64–point FFT–filter bank (and delay–compensation for the 512–point FFT–filter
bank).

Time [s]

Mean Sound Pressure Level (SPL) [dB]

Figure 8: The mean SPL versus time at BPF (106–110 Hz) in the climb to cruise
flight condition. Upper solid line: Primary sound field. Lower solid line: Complex
filtered–X LMS. Dash–dotted line: Actuator–individual filtered–X LMS. Dashed
line: Fast filtered–X Newton. Adaptation is switched on after approx. 1/3 second.
The optimum least squares reduction is indicated by the level in the lower right
corner.
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Figure 9: The effect of delay–compensation of the actuator–individual filtered–X
LMS algorithm. Primary sound field and reduced noise field as mean SPL versus
time at BPF (106–110 Hz) in the climb to cruise flight condition. Solid line: With
delay–compensation. Dashed line: Without delay–compensation.
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5 Summary and Conclusions

This paper presents a set of complex multiple–reference adaptive algorithms for
Active Noise Control (ANC) in propeller aircraft is presented. The algorithms
combine low numerical complexity with high performance in narrowband applica-
tions. The algorithms have been tested on cabin noise and acoustic data from a
Dornier 328 propeller aircraft.

The feedforward technique presented inherently exploits the narrowband as-
sumption by using complex filtering and complex modeling of acoustic paths.
The necessary complex reference signals can be conveniently generated from the
tachometer signals either by using an FFT–filter bank (in the case of fixed sam-
pling), or by employing a synchronous sampling technique.

The set of adaptive algorithms presented is based on a weighted complex gra-
dient update. In particular, two LMS–type and one Newton–type algorithm are
considered. The special structure of the corresponding adaptive filtering prob-
lem implies that the Newton–type algorithm can be implemented with the same
numerical complexity as the LMS–type algorithms. Hence, the concept of a fast
filtered–X Newton algorithm.

Two conditions of flight have been investigated: the steady cruise flight con-
dition and the climb to steady cruise flight condition. These have been included
in order to study the important properties of convergence rate, compliance with
optimum noise reduction and dynamic behavior for non–stationary conditions.

The measurements and evaluations indicate that the filtered–X complex adap-
tive algorithms show good potential for achieving close agreement with the opti-
mum noise reduction (in a short–time least squares sense) for both the conditions
of flight considered here. Furthermore, the results indicate that the dynamic prop-
erties, convergence rate etc., are satisfactory using a reference signal generator
based on a 64–point FFT–filter bank and a tachometer signal yielding six pulses
per propeller revolution. If only one pulse per revolution is available, a longer
FFT–filter bank is required, which may in turn entail decreased noise attenuation
in non–stationary conditions of flight.
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Abstract

In helicopters, the low frequency noise generated by the rotors and engines
often masks and jeopardizes safe radio communication. Additionally, pilots
are likely to suffer from loss of hearing due to the higher sound levels in the
headset produced when compensating for the noise by increased loudspeaker

levels. A feasible approach to the problem is to reduce the low frequency
noise using active techniques, thereby enabling lower speaker levels.

In many Active Noise Control (ANC) applications, the primary noise
field is either periodic or broadband. This simplifies the choice of control
approach. In this application, noise up to 100 Hz is dominated by tones; and

in the range from 100 Hz to 400 Hz the noise is more broadband. In order
to achieve an efficient attenuation of the primary noise inside the headset,
a combination of a digital feedforward controller and an analog feedback
controller is employed. The feedforward controller is tachometer–based and
reduces the tonal components. The feedback controller attenuates the broad-

band noise. In this paper, a combination of these two techniques is evaluated
using data recorded in a helicopter during flight.

1 Introduction

For helicopter pilots it is important during flight to hear radio communication
correctly. The low frequency noise generated by the engines and rotors (main and
tail rotor) masks and corrupts the communication [1, 2]. In order to increase speech
intelligibility the noise level inside the ear cups must be reduced. Since the noise
has low frequency characteristics, it is not suitable to reduce the noise by employing
passive techniques. A more feasible approach is to reduce the noise by employing
the Active Noise Control (ANC) techniques.
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This paper treats the concept of a hybrid ANC headset that combines both feed-
forward and feedback ANC techniques [3]. The adaptive feedforward controller is
based on a digital system, while the feedback system is based on an analog system.
The principle of the hybrid headset is depicted in Fig. 1. This type of ANC head-
set is used in order to improve noise attenuation. The feedback controller reduces
broadband noise, while the feedforward controller reduces narrowband noise (har-
monics of the main and tail rotors). Generally, noise up to 100 Hz is dominated by
tonal components. In the range from 100 Hz to 400 Hz, the noise characteristics is
more broadband.

The feedback controller is based on a commercial analog headset. Pure analog
feedback technique will not be discussed in this paper. Instead, attention is focused
on the adaptive algorithm used in the digital feedforward controller as well as the
performance of the hybrid headset.

The feedforward controller utilizes a tachometer signal related to the main rotor
to generate reference signals to the controller. Noise components that correlate
with the reference signals will be suppressed. The references are fed through the
feedforward controller. The output of the controller is added to the output of the
feedback controller before driving the loudspeaker, which generates a secondary
sound field. This sound field is 180◦ out of phase with the primary sound field. An
error microphone inside the ear cup measuring the residual noise is used to adjust
the adaptive feedforward controller.

The principle of the feedback controller is as follows: The output signal of the
error microphone is fed back through an analog amplifier with a magnitude and
phase response designed to produce an output that results in noise attenuation at
the error microphone.

The adaptive algorithm employed in the feedforward controller is based on the
complex filtered–X Least–Mean–Square (LMS) algorithm, [4, 5]. The proposed
complex algorithm is advantageous in narrowband applications due to high con-
vergence rate and low numerical complexity. This is because the orthogonality
of the quadrature components constituting the complex reference signals, and the
simplicity of complex representation. In fact, the complex algorithm requires a min-
imum of adaptive and acoustic path parameters as compared to a straight forward
time-domain approach with ordinary FIR filters.

2 The Feedforward Controller

Noise up to 100 Hz inside the helicopter consists essentially of narrowband harmonic
components related to the rotational frequencies of the main and tail rotors. It is
assumed that there is a tachometer signal available which is correlated to the noise
harmonics. For this reason a model with pure sinusoidal reference signals and
complex notation will be used below. The adaptive feedforward controller [6] is
based on the complex LMS–algorithm [7, 8]. Consider the Single–Input Single–
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Figure 1: The principle of hybrid ANC headset based on feedforward and feedback
control.

Output (SISO) ANC system configuration [6, 3] depicted in Fig. 2.
The controller is described for a general situation with H harmonics. Each har-

monic is individually controlled. Let s(n), xh(n), wh and fh denote the tachometer
signal, the complex scalar reference signal, the complex scalar loudspeaker weight
and the complex acoustic path from the loudspeaker to the error microphone re-
spectively for the hth harmonic. The set of complex reference signals xh(n) is
generated from the tachometer signal s(n), by using for example an FFT–filter
bank [4] or using lookup table techniques [3]. The advantage of using lookup table
techniques is that these methods do not introduce any time delay in the reference
generation.

The real valued error microphone signal e(n) of a model of the system in Fig. 2,
is given by

e(n) = d(n) +
H∑

h=1

<{fhxh(n)wh} (1)

where d(n) is a real valued signal representing the primary sound field at the
error microphone (at the discrete time index n). Here <{·} denotes the real part
operation.

The objective function to be minimized is given by

ξn = e2(n) (2)

The derivative of this function [7] with respect to wh is given by

∂ξn
∂w∗h

= x∗h(n)f ∗he(n). (3)
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Figure 2: A single–reference, single–input, single–output (SISO) system for active
noise control.

The complex gradient in (3) is used to define the updating scheme of the adap-
tive algorithm, given by

wh(n + 1) = wh(n)− 2µhx
∗
h(n)f∗he(n). (4)

The convergence factor µh is given by

µh =
µ0

ρh|fh|2
(5)

where µ0 is a positive normalized convergence factor and ρh = E {|xh(n)|2}, the
power of the generated reference signal xh(n).

In a practical application, the acoustic path fh is unknown and must be esti-
mated. Therefore, fh should be exchanged for the corresponding estimate f̂h in
(3),(4) and (5).

3 Evaluation

The evaluation of the feedforward controller is based on computer simulation using
data recorded in an AS332 Super Puma MKII helicopter during flight. The two
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engines in the helicopter always run with the same rpm. The sound field is thus
quite stationary. The noise inside the cabin contains strong tonal components
originating from the main and tail rotors. In order to achieve an efficient noise
reduction inside the ear cups it is necessary to reduce the BPFs and their related
harmonics.

Figure 3: Power spectrum of primary and reduced noise. Upper curve: Primary
noise inside the helicopter. Lower curve: Reduced noise inside the ear cups after
the feedforward controller has been switched on.

The feedforward controller presented in this paper was set up to cancel the BPF
to 5×BPF for the main rotor and the BPF for the tail rotor respectively. The BPF
for the main rotor is 17.7 Hz. This component is outside the audible frequency
range, but creates large infra–sound levels. Fig. 3 shows the performance of the
feedfoward controller only. The attenuation of the dominating tones obtained is
shown in Tab. 1.

The attenuation of the tones is satisfactory but the audible result is limited.
Note also that the 6xBPF for the main rotor is the same as BPF for the tail
rotor. This facilitates the generation of the reference signals. Fig. 4 shows the
performance of the feedback controller combined with the passive damping of the
ear cups. The analog system is a commercial headset fitted into a headset from
Hellberg Safety AB, with closed ear cups. The analog system affects the spectrum
up to approximately 400 Hz only. Hence, only the frequency range 0-400 Hz is
presented. The controller achieves a broadband noise attenuation of approximately
20 dB in the given frequency range. Note that the components are still present.
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Figure 4: Power spectrum of primary and reduced noise. Upper curve: Primary
noise inside the helicopter. Lower curve: Reduced noise inside the ear cups after
the analog feedback controller has been switched on.

Since the passive damping of the ear cups and the analog controller affects the
broadband noise reduction, it is interesting to investigate how the broadband re-
duction is affected when the analog controller is switched on and off. The difference
between the passive damping versus the passive damping together with the analog
controller is depicted in Fig. 5. When the analog controller is on, a more efficient
broadband reduction is achieved. This figure also shows the noise attenuation when
a narrowband controller is also used. The feedfoward controller does not affect the
broadband noise attenuation. This controller reduces the tones only.

Finally, the result of the hybrid headset is shown in Fig. 6. A combination of
feedforward and feedback control results in significant damping of both the tones
and the broadband noise.
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Frequency Component Frequency Attenuation
[Hz] [dB]

BPF, Main rotor 17.7 23

2xBPF, Main rotor 35.3 22
3xBPF, Main rotor 53.0 22
4xBPF, Main rotor 70.7 17

5xBPF, Main rotor 88.3 8
BPF, Tail rotor 106.7 15

Table 1: Attenuation of the tonal components.

Figure 5: Power spectrum of noise inside the ear cups. Upper solid line: No
controllers are on, only the passive damping. Dashed line: Passive damping and
the analog controller. Lower solid line: Hybrid headset.
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Figure 6: Power spectrum of primary and reduced noise. Upper curve: Primary
noise inside the helicopter. Lower curve: Reduced noise inside the ear cups after
the hybrid headset has been switched on.

4 Summary and Conclusions

There are substantial noise levels in helicopters, especially at low frequency. These
levels are not normally harmful to the ear. However, the low frequency content
masks speech. For this reason, pilots tend to set the intercom system to maximum
sound level, producing potentially damaging sound levels for the human ear. The
sound levels inside the ear canal have been measured to almost 100 dB(A) when
the intercom system is in use. Such high sound levels expose the ear to fatigue
and loss of hearing. It is therefore important to lower the background noise: a
hybrid headset is proposed to solve the problem. The headset consists of a digital
feedforward controller based on a complex LMS-algorithm and an analog feedback
controller. This combination results in efficient noise reduction of approximately
20 dB broadband in the frequency range 50–400 Hz, and 20 dB of several tonal
components in the frequency range 17–107 Hz.
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