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Supersonic inlet buzz and, in particular, its onset were studied through the analysis of pressure records. These

records are issued from an experimental study that was presented in a previous paper. The onset of buzz is a

nonstationary phenomenon, and so the pressure signals could not be analyzed using classical signal-processing tools

such as the Fourier transform, which does not take into account the possible evolutions in time. That is why time–

frequency methods (spectrogram, wavelet transform, and Wigner–Ville distribution) were used. The evolution in

time of the energy levels corresponding to buzz frequencies were studied. This analysis shows the existence of

precursor phenomena that can appear several tenths of seconds before the onset of buzz. The detection of these

precursors could, with the appropriate activation of a control device, allow the avoidance of buzz. Two change-

detection algorithms (cumulative sum and generalized likelihood ratio) were tested on experimental pressure signals

and proved their ability to successfully detect these precursors.

Nomenclature

E�x� = expectation of random variable x
f = frequency, Hz
h = detection algorithm threshold, dimensionless
K = ratio of standard deviations �1=�0, dimensionless
k = current (discrete) time, dimensionless
M = Mach number, dimensionless
prob�A� = probability of event A
p0�x� = probability density function before change, Pa�1

p1�x� = probability density function after change, Pa�1

Sk = cumulative sum of log-likelihood ratios,
dimensionless

Sx�t; f� = short-time Fourier transform of signal x�t�
SPWx�t; f� = smoothed pseudo-Wigner–Ville distribution of

signal x�t�
s = wavelet scale factor, dimensionless
si = log-likelihood ratio, dimensionless
t = time, s
ta = alarm time, s
Wx�t; f� = wavelet transform of signal x�t�
WVx�t; f� = Wigner–Ville distribution of signal x�t�
xk = discrete-time signal, Pa
x̂�f� = Fourier transform of signal x�t�
x�t� = continuous-time signal, Pa
x� = complex conjugate of x
�f = frequency deviation, Hz
�t = time deviation, s
� = mother-wavelet frequency, Hz
� = mean of a Gaussian distribution
� = standard deviation of a Gaussian distribution

�0 = standard deviation of the signal before change,
Pa

�1 = standard deviation of the signal after change, Pa
� = time translation, s
 �t� = mother wavelet
 �;s�t� = wavelet of scale s, centered on time �

I. Introduction

A LMOST every type of supersonic air inlet is subject to
undesirable shock wave oscillations, commonly known as inlet

buzz, which can lead to thrust loss, engine surge, or even structural
damages. These instabilities arise when the entering mass flow is
reduced below a given value known as the buzz limit. This
phenomenon has been the subject of many studies, mainly
experimental [1–5], since it was first observed byOswatitsch in 1944
[6]. It is now well established that buzz is triggered by a shear layer
(issued from the intersection point of normal and oblique shocks)
entering the cowl lip (Ferri criterion) and/or a shock-induced
separation developing on the compression surface that obstructs the
inlet (Dailey criterion). Some attempts have been made to obtain
theoretical models of this phenomenon [7–9], and a few numerical
studies have also been conducted [10,11]. However, it is still
impossible to predict the onset of buzz with sufficient precision.

Experiments on inlet buzz were conducted in 2004 in ONERA
wind tunnel S3MA on a mixed-compression inlet model. The
purpose of the experiments was to build a database and to improve
the knowledge of buzz; the first results of that study are presented in
[12]. Two kinds of shock oscillations were observed: little buzz and
big buzz, which occurred at frequencies of around 120 and 18 Hz,
respectively. The little buzz is thought to be due to an acoustic
resonance phenomenon excited by the presence of a shear layer
under the cowl lip, whereas the big buzz seems to be triggered by a
boundary-layer separation on the compression ramps. Signal-
processing analyses of unsteady pressure recordings showed that the
big-buzz frequency was already present in the flow before the onset
of large-amplitude shock oscillations, which suggested that the
underlying mechanism of the big buzz, probably linked to acoustics,
already exists before buzz starts.

In [12], emphasis was put on the analysis of the established self-
sustained phenomenon. In this case, the pressure signals can be
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considered as stationary in a statistical sense and classical
nonparametric (periodogram) or parametric (autoregressive
methods) signal-processing tools can be used. In the present paper,
we focus on the short transient phase during buzz onset. The
aforementioned spectral analysis methods are not adapted anymore,
because the frequency content of the signal changes in time, and the
Fourier transform (FT) does not explicitly take time into account.
That is why we have to use more advanced signal-processing
methods, which allow us to study the frequency content of a signal
and its evolution in time.

Several tools exist that can be used for time–frequency analysis of
nonstationary signals, such as the spectrogram, wavelet transform
(WT), andWigner–Ville distribution (WVD); they will be presented
and their use will be discussed in Sec. III. Their application to our
experimental pressure signals and the results obtained are also
presented in that section.

One result of the time–frequency analysis of buzz-onset pressure
signals is the existence of precursor phenomena that take place, in
some cases, several tenths of seconds before buzz starts. If these
precursors are detected early enough, a control device such as a
variable ramp or a bypass door could be activated to avoid the onset
of buzz (see [13] for an example of bypass doors that are activated in
this amount of time). Indeed, although once buzz has started it cannot
be easily controlled by simple methods, it could be possible to act
before its onset (i.e., before the appearance of large separated areas
and large-amplitude shock motions that make the phenomenon
irreversible). It has been shown that simple control methods such as a
bleed device [12] or a variable ramp [14] can efficiently delay the
occurrence of buzz, which is why the ability to detect these
precursors of buzz would be very interesting. However, the technical
implementation of the possible control that would come after this
detection is beyond the scope of this work. The issue of this detection
by online algorithms is discussed in Sec. IV.

The purposes of the present paper are to show the existence of a
precursor phenomenon before the onset of buzz using time–
frequency analysis methods, to show that it is possible to
automatically detect this precursor using the appropriate detection
algorithms, and to introduce the methods used. Indeed, time–
frequency analysis and detection algorithms (which are of common
use in other domains, but almost unknown today in the field of
aerodynamics) could, in our opinion, be very useful for many readers
in their own works, which is why the description of the methods will
occupy a relatively important place in the paper.

II. Experimental Setup and Results

This section briefly describes the setup of the experimental study
and the data and results that were obtained. A more complete
description can be found in [12].

A. Experimental Setup

Figure 1 shows a drawing of the inlet model, which is a mixed-
compression supersonic inlet. About 85% of the compression is
achieved by three external ramps and 15% is achieved by an internal
convergent duct. The shock-on-lip Mach number is 2 (i.e., the Mach
number for which the ramp shocks hit the lip). The inlet capture
section is square-shaped with a 0:1 � 0:1 m2 area. The inlet can be
throttled by a butterfly-type valve located between the diffuser end
and the mass flow meter. The total length of the duct between the

cowl lip and the throttle is 1861 mm. The model could be equipped
with or without bleed.

The inlet was richly equipped with steady and unsteady (Kulite)
pressure sensors; its most upstream part, in particular, contained 30
Kulite sensors, the acquisition frequency of which was 10 kHz.
Sensor rakes located in the diffuser allowed estimation of the
pressure recovery of the inlet.

The model was tested for Mach numbers ranging from 1.8 to 3,
with and without bleed. During each test, the throttle valve was
initially open and so the inlet flowwas stable. Then the enteringmass
flow, controlled by the valve, was progressively decreased until the
buzz limit was reached. Unsteady pressure signals were recorded for
4 to 10 s when buzz started, then the valve was reopened until buzz
stopped.

B. Experimental Results

In the present paper, we concentrate on the results obtained at
M� 1:8 and 2. The flow patterns before and during buzz and the
pressure signals recorded for these Mach numbers are presented
hereafter.

1. Mach 1.8

The flow pattern just before the onset of buzz at Mach 1.8 is as
shown in Fig. 2a. At this time, the inlet operates in the subcritical
regime. A normal shock stands on the compression ramps, and the
flow entering the inlet is subsonic. When the entering mass flow is
reduced, the normal shockmoves upstreamuntil a separation appears
at its foot. This separation obstructs the inlet section, and the entering
mass flow strongly decreases. The shock is then expelled upstream
and buzz begins. The shock oscillates between positions b (shock
expelled upstream, almost up to the ramp tip) and position c
(appearance of an internal normal shock, the flow looks like that in
supercritical conditions), with a characteristic frequency of around
18 Hz. This low-frequency type of instability is referred to as the big
buzz [4].

The pressure signal recorded by sensor PS33 (located in the
diffuser) when the big buzz started is shown in Fig. 3; the pressure
oscillations due to buzz can be clearly seen on it. This signal can be
divided into three phases: before buzz, buzz onset, and buzz. The
pressure signals recorded before buzz and during buzz are stationary
in a statistical sense: their statistical properties are constant in time.
These signals can be studied using classical signal-processing
methods such as Fourier transform. Such a study was carried out and
is presented in [12].

Focusing now on the transient phase during buzz onset, we
observe that the pressure signals are nonstationary. The classical
methods, which do not take into account any evolution in time, are

Fig. 1 Inlet model. Fig. 2 Flow patterns before and during buzz at M � 1:8.
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then not relevant for the study of these signals; that is why time–
frequency methods should be used, as described in Sec. III.

2. Mach 2

AtM� 2without bleed, when the enteringmassflow is decreased
from supercritical operation, as soon as the flow becomes subcritical,
the little buzz arises. It consists of a shock oscillation that occurs at a
frequency of around 120 Hz in our case. The shock motion has a
much smaller amplitude than during the big buzz: the external shock
remains on the third compression ramp, and the most downstream
position of internal shock (when existing) is just behind the sonic line
(see Fig. 2c). Contrary to the big buzz, no large separated area
appears on the compression ramps.

Although the little buzz seems to be less violent than the big buzz,
the amplitude of the pressure fluctuations inside the inlet is quite the
same. When mass flow is further reduced, the little buzz stops and is
immediately replaced by the big buzz (see Fig. 4), which is similar to
that already described atM� 1:8.

The little buzz is thought to be a phenomenon of acoustic
resonance (its frequency is an acoustic resonance mode of the inlet),
which is excited by the presence of shear layers passing under the
cowl lip. The shear layers are issued from the intersection between
the oblique shocks generated by the compression ramps and the
external normal shock. For a more detailed description of this
phenomenon, one may refer to [12].

An interesting fact about the little buzz is that it can be virtually
suppressed by introduction of a bleed device. Indeed, the bleed
stabilizes the internal shock and damps the internal pressure
oscillations, and so the resonance phenomenon that generates the
little buzz cannot occur. On the other hand, the big buzz can not be
suppressed by the bleed.

III. Time–Frequency Analysis

A nonstationary signal is a signal for which the statistical
properties (such as mean, variance, spectral content, etc.) change in
time. This kind of signal has to be studied using spectral descriptions
that are functions of both time and frequency. Several tools have been
developed to perform this type of analysis, such as the spectrogram,

wavelet transform, and Wigner–Ville distribution. In the field of
aerodynamics, these methods (in particular, wavelet transform) have
already been used on experimental signals [15–17] for the study of
turbulent flow or acoustics [18], as well as on signals from numerical
simulations [19]. These methods are briefly presented hereafter and
the reader interested in their theoretical background is referred to
[20–23].

A. Theoretical Presentation

1. Short-Time Fourier Transform

a. Definition. To design a time–frequency analysis tool, the
more intuitive idea is not to apply the FT to awhole signal x�t�, but to
apply the FT to awindowed part of the signal that is offinite duration.

Let g�t� be a short-time window localized around t� 0. The
Fourier analysis of x�t� � g�t � ��will allow the study of the spectral
content of x�t� around �.

The short-time Fourier transform (STFT) is defined as

Sx��; f� �
Z �1
�1

x�t�g�t � �� � e�2i�ft dt (1)

The STFT gives a representation of x�t�, which is a function of
both time and frequency. Its squaredmodulus jSx�t; f�j2 is an energy
density (expressed in Pa2=s � Hz). The plot of jSx�t; f�j2 is called a
spectrogram; it is a two-dimensional time–frequency representation
of signal x�t�.

b. Time–Frequency Atoms. The STFT can be expressed as the
Fourier transform of the windowed signal x�t� � g�t � ��, but it can
also be considered as the scalar product of x�t� with the modulated
window g�t� �� � e2i�ft. The function g�t � �� � e2i�ft is called a
time–frequency atom, because it is localized around a particular time
� and a given frequency f, and it allows the study of x�t� at the given
time and frequency.

An atom of finite and nonzero duration cannot be perfectly
localized both in time and frequency. It is necessarily spread around a
mean time �, and its Fourier transform is spread around a mean
frequency f. Then its time and frequency deviations�t and�f can
be defined around these mean values. The time–frequency
localization of an atom is represented as a Heisenberg box, which
is a rectangle of time width �t and frequency height �f, located in
the time–frequency plane (see Fig. 5, left).

The values�t and�f determine the spectrogram resolution. For
instance, the higher the�f value, the more the time–frequency atom
is spread around f and thus does not allow a precise analysis of the
signal at this particular frequency, and so the frequency resolution of
the spectrogram will be poor in this case; �t has a similar role for
time resolution.

A property of these deviations is that they follow the rule of
�t ��f� const. This rule is known as the uncertainty theorem of
Heisenberg; it means that no time–frequency atom can be perfectly
localized both in time and frequency. It also means that the time
resolution of a spectrogram cannot be increasedwithout lowering the
frequency resolution and vice versa. A compromise between time
and frequency resolution must therefore be done. The important
parameter here is the window length: a short window allows good
precision in time, but poor precision in frequency. A long window
means good precision in frequency, but results in poor localization in
time.

2. Wavelet Transform

Wavelet transform (WT) is another time–frequency representation
that also uses time–frequency atoms. Instead ofmodulatedwindows,
these time frequencies atoms are wavelets. A wavelet is a function
 �t� with a zero mean and finite energy.

Given a wavelet  , called the mother wavelet, a wavelet family
 �;s can be derived as

 �;s�t� �
1���
s
p  

�
t � �
s

�
(2)

Fig. 3 Pressure signal recorded in the diffuser when the big buzz starts

at M � 1:8.

Fig. 4 Pressure signal recorded in the diffuser at the transition between

the little and big buzz atM � 2.
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The wavelets  �;s are obtained by translations and dilatations of the
mother wavelet, where � is the time translation parameter, and s is the
timescale dilatation parameter.

The wavelet transformWx��; s� of a signal x�t� is defined as

Wx��; s� �
Z �1
�1

x�t� 1���
s
p  �

�
t � �
s

�
dt (3)

where * stands for the complex conjugate, and Wx is complex (the
plot of its squaredmodulus jWx��; s�j2 is called a scalogram: it is not
a time–frequency representation, but a timescale representation).
However, it is possible to link the scale factor s to a frequency.
Indeed, if the mother wavelet is a time–frequency atom localized
around time t� 0 and frequency �, then the dilated and translated
wavelet  �;s is a time–frequency atom localized around time � and
frequency �=s. So a scalogram in the plane (�; s) can be considered as
a time–frequency representation in the plane �t; f�, with t� � and
f� �=s.

The main property of wavelets is that they are time–frequency
atoms with a variable length, and so their time and frequency
deviations are not constant and they can be adapted to the
phenomenon that has to be studied, similar to using a microscope. At
high frequencies, the studied phenomena have a short duration and
one will use wavelets with a low scale factor s, and so the time
resolution is good. Conversely, at low frequencies, one will rather
use wavelets with a high scale factor s to have a good precision in
frequency.

Figure 5 (right) shows the Heisenberg boxes of two wavelets
having different scale factors s and s0. It can be seen that the
proportions of those Heisenberg boxes are not the same, whereas
their area �t ��f is the same. It can be noted that the Heisenberg
theorem is still valid. This adaptability of resolution to the studied
frequency is themain advantage of the scalogram in comparisonwith
the spectrogram.

Many types of wavelets exist and are used for different purposes.
In the present paper, we will use the Gabor wavelet, which is defined
by

 �t� � 1

��2��1=4 e
��t2
2�2
�
ei�t (4)

where � and � are two parameters allowing control of, respectively,
the time dispersion and the frequency of the mother wavelet.

3. Wigner–Ville Distribution

Unlike the spectrogram or scalogram, which belong to the family
of atomic decompositions, the WVD is a quadratic distribution that
depends directly on time and frequency. TheWVD of a signal x�t� is
defined by

WVx�t; f� �
Z �1
�1

x

�
t� �

2

�
x�
�
t � �

2

�
e�2i��f d� (5)

Unlike the STFT and the WT, the WVD is real-valued; like the
spectrogram and scalogram, it has the dimensions of an energy
density. It belongs to the family of quadratic distributions. It does not
use time–frequency atoms and so it is not concerned with the
Heisenberg theorem, as expressed earlier. However, it still remains
an uncertainty problem, due to the existence of cross terms issued
from the quadratic nature of the distribution. Indeed, theWVD of the
sum of two signals is not the sum of the WVD of these signals. This
results in the fact that two frequencies f1 and f2 will create an
interference frequency �f1 � f2�=2. This frequency, not actually
present in the signal, will appear on the WVD representation and
make its interpretation difficult. However, these confusing cross
terms can be damped by the use of a smoothing window ��t; f�:

SPWx�t; f� �
Z �1
�1

Z �1
�1

��� � t; � � f�WVx��; �� d� d� (6)

where ��t; f� � ĥ��f�g�t� and h�t� and g�t� are two windows
(rectangular, Hamming, etc.); ĥ�f� denotes the Fourier transform of
h�t�; and if x�t� is in pascal, then jSx�t; f�j2, jWx�t; f�j2, jWVx�t; f�j,
and jSPWx�t; f�j are in Pa2 � s�1 � Hz�1. This new distribution is
called the smoothed pseudo-Wigner–Ville distribution (SPWVD).

The previous compromise of the spectrogram and scalogram
between time and frequency resolutions is replaced here by a
compromise between the time–frequency resolution and the
interference level: the more one smoothes in time and/or frequency,
the poorer the resolution in time and/or frequency will be (for further
discussion, see [20]).

B. Analysis of Buzz Signals

1. Time–Frequency Representations of an Example of the Experimental

Signal

This section compares the representations provided by the three
methods previously described (spectrogram, scalogram, and
SPWVD) for an example of the experimental signal. The signal
that is to be studied with these methods should have a zero mean,
which is why, before analyzing it, one should subtract its running
average from the signal so that it is centered on zero, but without
changing its fluctuations. This is equivalent to cutting all frequencies
lower than the frequencies of the studiedfluctuations. In our case, this
cutting frequency will be 10 Hz (the big-buzz frequency is 18 Hz).

Figure 6 shows a spectrogram, a scalogram, and a smoothed
pseudo-Wigner–Ville distribution for the same signal; this signal has
already been presented in Fig. 3 (it was recorded in the diffuser when
the big buzz started atM� 1:8).

The parameters of each representation were tuned to give the best
results:

Fig. 5 Heisenberg boxes of two frequency atoms used for STFT (left) and WT (right).
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1) For the spectrogram, the sliding window length is 0.1 s. After
several tests, this value appeared to give the best compromise
between time and frequency in terms of resolution. A shorterwindow
resulted in a poor precision in time, whereas a longer window made
the different frequencies difficult to separate.

2) For the scalogram, the parameters of the Gabor wavelet are
�2 � 0:5 and �� 15 Hz [see Eq. (4)]; �2 has a similar role to
window length for a spectrogram and it was chosen to give a quite
good precision at low frequencies (and in particular buzz frequency)
without debasing the precision in time; � is the mother-wavelet
frequency and if it is too small (lower than 5 Hz), the frequency
resolution will be poor, but it has no important effect when higher
than 15 Hz.

3) For the SPWVD, the time resolution (length of the time-
smoothing window g) is 2 � 10�2 s and the frequency resolution
(inverse of the length of the frequency-smoothing window h) is
10 Hz. These values provide acceptable resolutions in time and
frequency, while damping the interferences enough to make the
SPWVD easily readable.

The physical meaning of the different elements appearing in Fig. 6
will be detailed in the next section. Among the three representations,
the spectrogram shows the poorest resolution with the retained
parameters. The SPWVD and the scalogram allow a better precision.
The adaptable resolution of the scalogram clearly appears here: the
highest frequencies are badly resolved, whereas the lowest
frequencies are accurately predicted. The buzz frequency, in
particular, appears as a thin line instead of the wide stripe seen in the
spectrogram and SPWVD.

Because this low frequency is the frequency of interest in this
study, the scalogram is the most relevant tool and will be used in the
following sections (with the same parameters as in the present
section).

2. Mach 1.8: Big Buzz

This section focuses on the signature of pressure signals before the
big buzz at M� 1:8. We get interested in the pressure signal
recorded at the beginning of buzz, during the transition between
stable flow and buzz.

The plots in Fig. 6 show the different frequencies existing in the
signal recorded in the diffuser before and during buzz, as well as their
evolution. The three representations have the same global
appearance. Before buzz, they show horizontal stripes for

frequencies of around 120, 270, and 430 Hz. These stripes
correspond to low-amplitude fluctuations of pressure that have
already been described in [12] and are linked to acoustic resonance
modes of the inlet.When the big buzz begins, a horizontal stripe at its
frequency (18 Hz) appears, at a much higher level of energy. Higher-
frequency spots can also be seen; they correspond to secondary
oscillations that occur during buzz [12]. They appear as spots and not
as stripes, because these oscillations only take place during a part of
the buzz cycles when the normal shock is expelled upstream, and
they disappear when the flow resembles that in supercritical
conditions (shock swallowed).

It can be seen on these plots that the big-buzz frequency (18 Hz) is
already present before buzz onset, which occurs at around
t� 2:78 s. This frequency does not appear bluntly in the signal, but
grows progressively, over several tenths of seconds.

It is possible to plot the energy level of this particular frequency
against time (i.e., a “slice” of the wavelet transform at this
frequency), which allows visualizing the evolution of its energy level
more clearly. Such a plot is shown in Fig. 7 for the signals recorded
by sensors K19 (located on the compression ramps, just upstream of
the normal shock before buzz), K2 (over the compression ramps, just
downstream of the normal shock before buzz), and PS33 (located in
the diffuser).

Figure 7 shows that the energy at buzz frequency begins to grow at
around t� 2:45 s (i.e., 0.3 s before buzz starts). This progressive

Fig. 6 Spectrogram, scalogram, and SPWVD of a pressure signal.

Fig. 7 Energy levels of pressure signals PS33, K19, and K2 at

frequency 18 Hz at M � 1:8.
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growth is visible on the signal of every sensor located downstream of
the shock before buzz (here, K2 and PS33). On the other hand, this
growth is more abrupt for K19, which is located upstream of the
normal shock before the onset of buzz and is therefore not affected by
the oscillations of the internal pressure before buzz.

3. Mach 2: Little Buzz and Big Buzz

a. Without Bleed. Figure 8 shows the wavelet transforms of
pressure signals recorded by sensors K2 (located over the second
compression ramp) and PS33 (diffuser) at the transition between the
little buzz and the big buzz.

The little buzz appears as a horizontal stripe at around 120 Hz. Its
first harmonic at 240 Hz is also visible; at t� 3:9 s, it disappears and
is replaced by the big buzz. However, even during the little buzz, the
big-buzz frequency is already present in the signal, which cannot be
directly seen on the signals, because the oscillations at 18 Hz are
hidden by those of the little buzz. Just as at M � 1:8, the big-buzz
frequency appears progressively in the signal over several tenths of
seconds, while the little buzz is still prevailing.

Figure 9 shows the energy levels against time at frequencies of
18 Hz (big buzz) and 124 Hz (little buzz) for sensor PS33, in which
the progressive increase of the energy level of the frequency of 18Hz
can be seen. One can also see that the energy seems to switch from
124 to 18 Hz (from the little buzz to the big buzz) and that the total
energy remains constant.

b. With Bleed. The wavelet transforms of the pressure signal
recorded by sensor PS33 (diffuser) at the beginning of the big buzz at
M� 2 with bleed is shown in Fig. 10. The energy levels at
frequencies 18 and 124 Hz for the same sensor are plotted in Fig. 11,
in which the following can be observed:

1) The little buzz is suppressed by the bleed. Before the big buzz
occurs, no particular frequency appears, only broadband noise due to
bleed cavityflow. This suppression of the little buzz had already been
noticed and mentioned in [12] and is due to the fact that bleed
stabilizes the internal shock and damps its oscillations.

2) The growth of the energy level of frequency 18Hzwhen the big
buzz arises occurs very softly. The bleed tends to smooth all
phenomena, including the big buzz start.

C. Usefulness for the Detection of Buzz Onset

The main result provided by the time–frequency analysis is that in
every case studied, before the beginning of the big buzz, there was a
phase during which the energy level at the big-buzz frequency grew

Fig. 8 Scalograms of the signals recorded at transition between the little buzz and the big buzz atM � 2 without bleed.

Fig. 9 Energy levels at frequencies 18 and 124 Hz for sensor PS33 at

M � 2 without bleed.

Fig. 10 Scalogram of the signal recorded at M � 2 with bleed.
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progressively in the pressure signals. This growth of the energy level,
which lasted several tenths of seconds, is a precursor phenomenon
that heralds the onset of the big buzz.

If this precursor can be automatically detected online early
enough, a control device such as a variable ramp or a bypass door
could be activated to avoid the onset of buzz. Indeed, control by
simple methods, although difficult once buzz has started, can be
efficient if activated before large separated areas and shock
oscillations have developed and made the phenomenon irreversible
(i.e., before buzz onset).

The ability to detect this precursor online, which is indicated by a
change in the properties of pressure signals, is therefore important.
This detection can be achieved using a change-detection algorithm,
as described in the next section.

IV. Detection of Buzz Onset: Change-Detection
Algorithms

Change detection in a signal is an issue that can be found in a wide
range of domains including aerodynamics [24], speech analysis,
seismology, or medicine [25]. Many detection algorithms that are
adapted to those various applications have been developed. This
section presents the change-detection algorithms that should be used
to detect the presence of buzz precursors online: namely, the
cumulative sum (CUSUM) and generalized likelihood ratio (GLR)
algorithms. The major interest of these algorithms (in comparison
with a simple control of RMS levels, for instance) is that they take
into account the history of the signal (i.e., the duration of the change)
and its amplitude. For a complete presentation of this field and of the
other existing algorithms, one may refer to [26]. We will first briefly
introduce the theoretical concepts upon which these algorithms are
based.

A. Statistical Properties of Random Signals

1. Probability Density Function

The pressure signals that we have to study are random signals;
their value x�t� at a given time t is a random variable. One important

property of such a signal is its probability density function (PDF),
which can be defined and estimated, from an engineering point of
view, in terms of relative frequency of occurrence [27].

The probability density functions of experimental random
variables are often approximately Gaussian when the value of the
random variable depends on a large number of independent effects.
The Gaussian distribution is defined by

p�x� � 1������
2�
p

�
e
��x���

2

2�2 (7)

where � is the mean and �2 is the variance of the Gaussian
distribution (� is also called the standard deviation of the
distribution).

It can be seen in the examples of Fig. 12 (right) that the PDFs of our
experimental signals are nearly Gaussian. At this stage, it is also
useful to introduce the expectation of a continuous random variable
x, defined by

E�x� �
Z �1
�1

x � p�x� dx (8)

wherep�x� is the probability density function of x. If x�t� is a random
signal, the expectation of x�t� is simply the mean of the signal.

2. Likelihood Ratio Test

The likelihood ratio test is a statistical test that is used by the
change-detection algorithms that will be introduced later. If p0�x�
and p1�x� are two probability density functions, then this test allows
us to determine from one observed value xi of a random variable
whether that variable ismore likely to follow the PDFp0�x� orp1�x�.
This test uses the log-likelihood ratio defined by

s�xi� � ln
p1�xi�
p0�xi�

(9)

This ratio compares the PDFs p0�x� and p1�x� at the observed value
xi. Note that s�xi� is positive when p0�xi�< p1�xi� and negative
when p0�xi�> p1�xi�.

Let x be a random variable; s�x� is then a random variable with the
following properties:

1) If x follows the probability density p0�x�, then the expectation
of s�x� will be negative: E	s�x�
< 0.

2) If x follows the probability density p1�x�, then the expectation
of s�x� will be positive: E	s�x�
> 0.

This property is used by the algorithms CUSUM and GLR.

B. CUSUM Algorithm

1. Theory

The cumulative sum algorithm [28] is one of the most commonly
used in change detection. It can only be used if the nature of the
change in the signal is known. More exactly, the properties of the
signal after changemust be known in advance. This is possible in our

Fig. 11 Energy levels at frequencies 18 Hz and 124 Hz for sensor PS33

at M � 2 with bleed.

Fig. 12 Signal PS33 at beginning of buzz (left), and estimations of PDFs p0�x� and p1�x� (right).
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case, with some hypotheses that have to be made and that will be
described later.

The CUSUMalgorithm detects a change in the probability density
of the analyzed signal. The probability densities before changep0�x�
and after change p1�x� are supposed to be known. The analyzed
signal is a series ofmeasured values xi �i� 1 . . . k�, where xk denotes
the last (i.e., the most recent) recorded point.

Let si be the log-likelihood ratio of the probability densities before
and after change p0�x� and p1�x�:

si � ln
p1�xi�
p0�xi�

(10)

Let Sk be the cumulative sum of these ratios for all points recorded so
far:

Sk �
Xk
i�1

si (11)

Let mk be the minimum value that was reached by Sk:

mk � min
1�j�k

Sj (12)

The algorithm compares Sk to its minimum value mk and detects a
change (and gives the alarm) at time ta if their difference is greater
than a user-defined threshold h:

ta �min�kjSk �mk � h� (13)

As long as the signal follows the probability density p0�x�, the
expectation of si is negative and so Sk is decreasing. But as soon as
the signal probability density is changed into p1�x�, the expectation
of si becomes positive and Sk increases. When the difference
between Sk and its minimummk reaches the threshold h, the alarm is
given (see the example in Fig. 13).

The parameter h allows the user to adjust the algorithm sensibility.
For lowh values, the algorithmwill be able to detect small changes or
to quickly detect bigger changes. On the other hand, a low h value
increases the risk of false alarm. Conversely, the algorithmwith high
h is safer, but delays the detection of a change. The choice of h is
therefore very important and strongly influences the algorithm
performance. The appropriate choice of this threshold value will be
discussed in Sec. IV.B.4.

2. Application to Buzz Detection

Figure 12 (left) shows the signal of sensor PS33 (located in the
diffuser), recordedwhen the big buzz started atM� 1:8. One can see
the progressive divergence of the oscillations at 18 Hz, already
described. This divergence is the change that is to be detected and it is
translated into an increase in variance of the PDF of the signal. It is

possible to estimate the probability densities of the signal before and
after change and to approximate them with Gaussian distributions
(Fig. 12, right); these Gaussians will be used by the CUSUM
algorithm in the determination of the log-likelihood ratio.

The algorithm can then be run, as described in Sec. IV.B.1.
Figure 13 shows the evolution of the series Sk and the alarm time,
with a threshold value of h� 100; with this parameter, the alarm
time is ta � 2:584 s.

We consider that buzz has irreversibly started when the normal
shock has reached the most upstream compression ramp for the first
time and when a large separation has appeared at its foot. This
happens in the present case at t� 2:78 s, and so the algorithm gives
the alarm almost 0.2 s before buzz starts.

The algorithm exhibits rather good performances here, but in quite
an unrealistic case. Of course, in a real situation, it is impossible to
know the exact probability density functions p0�x� and p1�x� in
advance. Other problems may also appear: First, what is to be
detected is an increase in variance, but a change in mean could also
occur and is likely to set off the alarm when it should not. Another
problem is that noise in the signal could make an increase in the
amplitude of the frequency of interest (around 18 Hz) difficult to
detect. To overcome these difficulties, adaptations in the algorithm
are required.

3. Adaptations of the Algorithm

Before applying the detection algorithm to our signal, the latter has
to be preprocessed, as shown in Fig. 14. First, to solve the problem of
the variation ofmean, one should use a running average, as described
in Sec. III.B.1, so that the mean of the signal is constant and equal to
zero. Concerning the problem of noise, a solution consists of filtering
the signal using a low-pass filter that cuts the highest frequencies.

Fig. 13 Detection of the signal PS33 divergence at M � 1:8 by the

CUSUM algorithm.

Fig. 14 Detection of the big buzz onset on signalK6 atM � 2with bleed

by the CUSUM algorithm.
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Figure 14a shows the signal of sensor K6 (located on the sidewall
over the compression ramps) atM � 2with bleed. Figure 14b shows
the same signal, after subtraction of its running average and filtering.
Thefilter cutting frequency is 70Hz.One can see that the signalmean
is now constant and that the divergence of the 18-Hz oscillations
appearsmuchmore clearly afterfiltering, thusmaking it easier for the
algorithm to detect them. The pressure signals should be processed in
this way (online) before using the algorithm.

The CUSUMalgorithm also needs the probability densities before
and after change: p0�x� and p1�x�. They will be considered as
Gaussian distributions, because we saw that this distribution gives a
good approximation of the real PDF of the signal. A Gaussian
distribution is defined by two parameters: its mean� and its standard
deviation �. After subtraction of their running average, our signals
have a zero mean, and so �� 0 for p0�x� and for p1�x�.

Finally, the parameters that we have to supply to the algorithm are
the standard deviations of p0�x� and p1�x�, which will be called,
respectively, �0 and �1, where �0 is the standard deviation of the
signal before change.We choose to take the standard deviation of the
signal for �0, estimated online between t-�t and t, where t is the
current time and �t is a window length. The value of �t should be
long in comparison with the timescale of the phenomenon to detect,
so that the calculated �0 is not affected by short insignificant
variations in the signal; we took it equal to 0.5 s, which is
approximately the duration of ten buzz cycles.

The algorithm has to detect a divergence (i.e., an increase in the
standard deviation), and so �1 has to be greater than �0. We will
therefore use for �1 the value of �0 that was calculated, multiplied by
a coefficient K > 1: �1 � K � �0. K becomes a new parameter of the
algorithm, and its effect is similar to h: the smaller K, the more
sensitive the algorithm; its value has to be experimentally
determined. In the present case, we found an optimal value of around
3 for K. This value of 3 approximately corresponds to the average
increase in standard deviation that was observed in our experimental
cases; it is, for instance, the ratio between the standard deviations of
p0�x� and p1�x� in Fig. 12.

Figure 14 sums up all of the steps of a change detection using this
modified version of the CUSUM algorithm: subtraction of running
average andfiltering, calculation of the standard deviations �0 and�1,
calculation of the series Sk, and alarm. In this example, the window
length for the calculation of �0 was�t� 0:5 s, the coefficientKwas
taken equal to three, and the threshold was h� 400 (see the
following section). The alarm time given by the algorithm is
ta � 5:829, more than 0.3 s before buzz starts.

One can note that the continuous decrease of the series Sk can lead
it to reach very low values when analyzing a long real signal online.
To overcome this difficulty, one can define Sk differently, in the
following way:

if Sk�1 � sk > 0 then Sk � Sk�1 � sk else Sk � 0 (14)

With this recursive definition, when Sk is not increasing, it remains
positive; the rest of the algorithm does not change.

4. Choice of Threshold h

The choice of threshold h is very important: it has to be great
enough to avoid (or to at least minimize) the risk of false alarm, but
small enough for the algorithm to remain sensible. The best way is to
adjust it by trying several values on a given experimental signal, if
available. However, we propose a value that should be efficient, in
most cases, for this particular situation: detection of a change in
variance of a zero-meanGaussian distribution, which depends on the
ratio between the standard deviations after and before change
(K � �1=�0).

In this particular situation [p0�x� and p1�x� are zero-mean
Gaussians], the log-likelihood ratio is

si � ln
p1�xi�
p0�xi�

� ln
�
�0
�1

�
�
�
x2i
2�20
� x2i
2�21

�
(15)

After the change, assuming that the variance of xi is �21 , the
expectation of x2i will beE�x2i � � �21 and the expectation of si will be

E�si� � � ln K � K
2

2
� 1

2
(16)

where K � �1=�0.
If the variance of the analyzed signal changes from �20 to �21 at a

time of k1, the average increase of

Sk �
Xk
i�1

si

between k1 and k2 > k1 will be

E�Sk2 � Sk1� � �k2 � k1� �
�
� ln K � K

2

2
� 1

2

�
(17)

We propose the following semi-empirical rule for the choice of
threshold h:

h� 0:25
fS
fB

�
� ln K � K

2

2
� 1

2

�
(18)

where fB is the frequency of buzz (18 Hz in the present case), and fS
is the sampling frequency of the signal (10,000 Hz for our signals).

This value of h ensures, in the ideal case, that the alarm is given
when the variance of the signal has changed from �20 to �

2
1 for a time

that is equivalent to a quarter of a buzz period (this coefficient of 0.25
is purely empirical). This value of h has proven to be efficient for our
signals.

However, the value ofh and other parameters (K, in particular) has
to be tested on at least one real signal to be precisely tuned. For that
purpose, a wind-tunnel experimental study of the inlet is probably
necessary.

To evaluate the sensibility of the algorithm to the threshold,
Table 1 shows the alarm time for different values of h, from 100 to
1500, for the signal of Fig. 14 [the value provided by Eq. (18) is
h� 400]. The buzz start time was around t� 6:2 s. The alarm time
is correct when h is in a range from 200 to 1000.

C. GLR Algorithm

1. Theory

The CUSUM algorithm appears to be an efficient tool to detect
inlet buzz, but needs information about the state after the change that
the algorithm is supposed to detect. Contrary to the CUSUM
algorithm, the GLR algorithm [29] does not need the knowledge of
the PDF after change; its principle is the following:

The PDFs before and after change [p0�x� and p1�x�] are supposed
to depend on a parameter �; the variation of this parameter is to be
detected. The PDFs can be called p�0�x� and p�1 �x�, where �0 and �1
are the values of � before and after change.

The GLR and CUSUM algorithms use the sum of log-likelihood
ratios:

Skj��1� �
Xk
i�j

ln
p�1�xi�
p�0�xi�

(19)

Table 1 Alarm times for different threshold values; buzz start time was around t� 6:2 s

h 100 200 400 500 1000 1500
Alarm time ta 1.560 s (false alarm) 5.825 s 5.829 s 5.832 s 5.890 s 6.726 s (too late)
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where �1 is not known. The idea of the GLR algorithm is to use, for
each point of the signal (k values), the value of �1 that maximizes
Skj��1�; the decision rule is given by

ta �min	kjmax
1�j�k

sup
�1

Skj��1� � h
 (20)

Not all probability densities allow this maximization (the
conditions that are to be fulfilled can be found in [29]); in particular,
p��x� should belong to the so-called Koopman–Darmois family:

p��x� � e�T�x��d���h�x� (21)

where d is strictly concave upward and infinitely differentiable over
an interval of the real line. It is possible to write a Gaussian
distribution under this form, assuming

T�x� � ��x � ��
2

2
; d��� � � ln �

���
�
p
�; h�x� � 1������

2�
p

where� is themean and the parameter � is the inverse of the variance
�� 1=�2.

Then one can prove that Skj��1� is maximized with

�1 �
k � j� 1P
k
i�j�xi � ��2

One finally obtains

sup
�1

Skj��1�� �k� j� 1�
�
ln
� ������������������������������

k� j� 1P
k
i�j�xi ���2

s �
� ln �

�����
�0

p
� � 1

2

�

� �0
2

Xk
i�j
�xi ���2 (22)

where �0 � 1=�20 , the inverse of the variance before change.
The GLR algorithm gives the alarm ifmax1�j�k sup�1 S

k
j��1� � h,

where h is a user-defined threshold. This double maximization
ensures that any changewill be detected, even if the PDF after change
is unknown: by always choosing the highest possible value ofSkj��1�,
we maximize the chance to detect it. However, its disadvantage is
that it makes the algorithm very time- and memory-consuming.
Indeed, at every time step k, all values of sup�1S

k
j��1� for j between 1

and k have to be calculated and compared with each other. This may
make its implementation on an online-embedded data processing
device more difficult.

2. Application to Buzz Detection

The GLR algorithm was applied to the signal already presented in
Sec. IV.B.2. The PDF before change was also estimated to be
between t� 2 and 2.5 s. Figure 15 shows this signal and the
evolution of gk �max1�j�k sup�1 S

k
j��1�. With a value of threshold

h� 100, the alarm is given at time t� 2:577 s and buzz starts at
t� 2:78 s.

When applied to a real signal, the GLR algorithm meets the same
issues as the CUSUM algorithm: p0�x� is not known and has to be
estimated online, and the analyzed signal has to be centered on zero
and filtered to get rid of the variations of mean and high-frequency
noise. So the algorithm has to be adapted in the same way as the
CUSUM algorithm, as already described in Sec. IV.B.3.

Once these adaptations have been made, one can test the GLR
algorithm in real conditions on a more complex signal (for instance,
the signal recorded by sensor K6 at M � 2 with bleed, which was
already presented in Sec. IV.B.3; Fig. 16 shows this signal, the
evolution of gk, and the alarm time). The intermediate steps (zero-
mean filtered signal and calculation of �0) are the same as in Fig. 14.

With a threshold value of h� 400, the alarm is given at
t� 5:825 s, almost at the same time as by the CUSUM algorithm.
The graph of gk shows two noticeable peaks: the first one
corresponds to the beginning of the divergence of buzz frequency
that must be detected, and the second one corresponds to the strong
oscillations of buzz.

Finally, the adapted versions of the CUSUM and GLR algorithms
give rather similar results: both allow detecting buzz onset more than
one tenth of a second before it starts. The advantage of the GLR
algorithm is that it needs only one parameter (threshold h), instead of
the two needed for the CUSUM algorithm (h andK), which makes it
more general and simpler to use. But its main disadvantage is its cost
in terms of memory and calculating time, which is much higher than
that for the CUSUM algorithm and could make its practical
implementation difficult on an embedded device.

D. Practical Issues

This section deals with some practical issues related to the use of
change-detection algorithms for the detection of buzz onset. A first
point is the location of the appropriate pressure sensor for supplying
the analyzed signal. Experiments show that the signals on which
buzz precursors appear the most clearly (and are therefore easier to

Fig. 15 Detection of the signal PS33 divergence atM � 1:8 by theGLR

algorithm.

Fig. 16 Detection of the big buzz onset on signal K6, at M � 2 with
bleed by the GLR algorithm.
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detect) are those recorded by sensors located just downstream of the
normal shock before buzz starts: that is where pressure fluctuations
are the strongest, and the sensor used for detection should ideally be
located there. However, the normal shock position is not constant and
depends on the Mach number, and so a sensor located just
downstream of the shock for a particular Mach number will be in a
supersonic zone (and so will become useless) for a greater Mach
number. It means that several sensors located in different points of
the inlet would be needed, and the algorithm should switch from one
to another, depending on the flight conditions. A simpler solution
would consist of using a sensor located in the diffuser, behind the
most downstream position of the shock, so that it is always located in
a subsonic zone. According to our experience, the pressure
fluctuations at this location, although weaker than just downstream
of the shock, are sufficient to detect buzz onset early enough.

A second point is the acquisition frequency of the signals. A high
frequency is, of course, desirable because it gives better
performances to the algorithm. However, it also means more points
to be analyzed (so a higher calculating time). Our sensors’ frequency
was 10 kHz, but tests have shown that a frequency of 2 kHz (i.e.,
1000 times the frequency of the big buzz) still gave acceptable
results.

V. Conclusions

Supersonic inlet buzz was studied on a rectangular mixed-
compression inlet model at Mach numbers 1.8 and 2. Two kinds of
buzz have been observed: the big buzz (low frequency, triggered by a
separation on the compression ramps), which occurred in all cases,
and the little buzz (higher frequency, triggered by the presence of
shear layers under the cowl lip), which occurred atMach 2 before the
onset of the big buzz. Note that the little buzz can be suppressed by a
boundary-layer bleed device.

We examined the pressure signals recorded when buzz started.
These signals are nonstationary in a statistical sense, and so the
classical signal-processing tools (such as the Fourier transform,
which does not take into account any evolution in time) are not
relevant. We used time–frequency signal-processing tools such as
the spectrogram, wavelet transform, and Wigner–Ville distribution.
Wavelet transform appeared particularly efficient in our case (in
particular, for low frequencies), due to its adaptable resolution. These
tools allowed us to study the evolution in time of the energy levels
corresponding to buzz frequencies. We noticed, in particular, that at
Mach 2, at the transition between the little buzz and the big buzz, the
energy seemed to switch from one frequency to the other, with the
total energy remaining constant. We also noticed that in every one of
our experimental cases, the energy level at the frequency of the big
buzz (18 Hz) increased progressively over several tenths of seconds,
before the very start of the big buzz itself. This occurred even while
the little buzz (when existing) was still prevailing. If this increase in
the energy level could be detected early enough before the big buzz
onset, a control device could be automatically activated to avoid
buzz.

Two change-detection algorithms based on a statistical rule of
decision were tested on our signals: the CUSUM and GLR
algorithms; both provided similar results andwere able to detect buzz
early enough before its onset. However, the GLR algorithm,
although simpler to use because it does not require the knowledge of
the signal properties after change, appears to be difficult to use online
because of its high demands in calculation time.

Finally, it was shown that the inlet buzz phenomenon can be
detected in advance, which couldmake it possible to avoid buzzwith
the use of a control device. However, the detection algorithm,
whichever it is, must have its parameter(s) adjusted; for that purpose,
a preliminary wind-tunnel experimental study of the inlet is probably
necessary.
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