
JOURNAL OF GUIDANCE, CONTROL, AND DYNAMICS
Vol. 21, No. 3, May–June 1998

Time-Frequency Analysis for Transfer Function Estimation
and Application to Flutter Clearance
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A transfer function estimationprocedure that relies on the time-frequency analysis of input and output signals is
described. This method was developed in an attempt to better identify the aeroelastic behavior of NASA Dryden’s
F-18 systems research aircraft and to predict its � utter boundaries using in-� ight experimental data. Numerical
experiments on � eld data show that exploiting the time-frequency characteristics of the excitation inputs can bring
enhanced accuracy and con� dence when identifying multi-input/multi-output transfer functions. In particular,
the proposed approach complements many well-established black-box identi� cation procedures by providing an
independent way to obtain transfer function estimates. A computational tool implementing this approach is now
being evaluated for practical use at NASA Dryden Flight Research Center.

Nomenclature
b.w/ = passband � lter
h i = transfer function from input i to the output
Qh l;i = estimated transfer function from left input to

the output for i data set
Qhr;i = estimated transfer function from right input to

the output for i data set
Ji j = cost function

= time-frequency representation of a signal
= denoised time-frequency representationof a signal

Ui = discrete Fourier transform (DFT) of a denoised
time-frequency representation of an input signal

u i = input signals
Ou. j!/ = DFT of a signal
u.t/ = signal in time domain
Y = DFT of a denoised time-frequency representation

of an output signal
y = output signal
1T = sampling time

I. Introduction and Motivation

T HE F-18 systems research aircraft (F-18 SRA) is a facility that
bene� ts commercial and military developmentsat NASA Dry-

den Flight Research Center. It is now primarily used to develop and
test breakthrough technologies, especially in the areas of sensor,
actuator, and control system design. The envisioned applications
include active � utter suppression,pilot associate systems, advanced
displays,massiveparallelprocessingarchitectures,vehiclemanage-
ment techniques, advanced vehicle system interfaces, and onboard
envelope expansion techniques.
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The results presented in this paper originate from the latter ap-
plication. Envelope expansion is a ubiquitous requirement before
an aircraft, whether it is military or civilian, may be � own safely
and routinely and requires extensive � ight tests during which the
aircraft gradually operates closer to the boundary of its � ight enve-
lope. One of the most catastrophic events that needs to be located
during this process is � utter, whereby the aircraft � exible dynamics
become unstable through aerodynamiccoupling, most often result-
ing in the loss of the aircraft.1 Flutter boundary determination is
currently done according to the following procedure.

1) A priori � nite element structural modeling, combined with
simpli� ed expressions for aeroelastic coupling,1 is used to obtain
roughestimatesof the � utterboundaryas a functionofMachnumber
and dynamic pressure. This analysis is used to draw a conservative
� ight envelope to be used during � ight testing.

2) The � utter boundary estimates and associated � utter mech-
anisms are then re� ned during � ight tests by closely monitoring
the aircraft’s � exible dynamics as it evolves toward higher dynamic
pressures and Mach numbers. In particular, the damping ratios of
the aircraft’s � exible modes are closely monitored as indicators
of proximity to � utter. Such a practice is standard throughout the
industry.2¡4

The goal of this paper is to address the second step, that is, to pro-
vide the � ight-testengineerwith reliable data to isolate the aircraft’s
� exible mode shapes and frequencies.Figure 1 shows the excitation
and sensor location implemented on the F-18 SRA. Two aerody-
namic rotating vanes (named DEI exciters after their manufacturer,
Dynamics Engineering, Inc.) are located at both wing tips of the
F-18 SRA to excite its � exible dynamics.These aerodynamicvanes
can be moved along the wing tips to provide either forward or aft
excitation.A picture of the DEI exciter is provided in Fig. 2. During
envelope expansion � ight tests, these exciters provide oscillatory
forces. Typical excitation signals include chirp signals, where the
frequency of the exciting force changes gradually with time. The
exciters allow the � ight-test engineer to explore frequencies rang-
ing from 3 to 40 Hz during � ight-test runs that may last up to 60 s.
The amplitude of the exciter forces are recorded via strain gauges
located close to the exciters. Such technology is widespread in in-
dustry and has been used on the DC-10, the L-1011, the Boeing
747, most Airbus aircraft, and many military aircraft, such as the
F-16 (Ref. 3). Ten accelerometer sensors are located throughout the
body of the aircraft to capture its response. The aircraft is equipped
with a sophisticated data acquisition system capable of recording
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Fig. 1 F-18 SRA exciter and sensor con� guration.

Fig. 2 DEI exciter mounted on F-18 SRA left wing.

and telemetering these data in real time. This exciter/sensor combi-
nation allows the � ight-test engineer to monitor the linear, � exible
dynamics of the aircraft in near real time. Because of the high cost
of � ying aircraft, it is desirable to make the envelope expansion
process as quick as possible. However, this requirementneeds to be
traded against the accuracy of the identi� ed dynamics, because it
is well known that, for time-invariant systems, longer experiments
yield better dynamics estimates. When performing � ight tests, it is
therefore very important for the engineer to use the available data
optimally.

From a dynamical systems perspective, determining the � exible
dynamicsof the F-18 SRA may be seen as a linear system identi� ca-
tion problem. Input signals and outputs are measured and available
for identi� cation purposes.Both are presumably corrupted by noise
arisingfromunidenti� ed sourcesthatmay includeenginevibrations,
turbulence, or unexpected pilot inputs. Such noise may arise both
as process or sensor noise. At steady-stateoperating conditions, the
F-18 SRA is modeled as a linear, time-invariant system.

For such a system, several identi� cation proceduresare available.
References 5 and 6 contain extensive descriptions of such identi� -
cation techniques. In particular, spectral estimation techniqueswith
or without time and frequency windowing are very robust iden-
ti� cation procedures. If enough data are produced, Welsh’s aver-
aged periodograms eventually converge to good transfer function
estimates.7;8

Other popular identi� cation techniquesinclude the predictioner-
ror method (PEM),5;9 which appears to be very robust as well. Re-
cent and useful additions to these include so-calledsubspace identi-
� cation techniquesusing time-domain input-outputdata. A detailed
descriptionof these techniquesmay be found in Refs. 10–14 and the
references therein.Subspace identi� cation techniqueshave recently
been extended to handle frequency-domaindata as well.15

With the exception of Fourier analysis, all the methods just men-
tioned are black-box identi� cation techniques, whose convergence
properties have been demonstrated for speci� c noise categories. In
the case of the F-18 SRA, the data are very noisy, and their noise
characteristicsare neitherwell known nor necessarilystationary.As
a result, it is dif� cult to trust them. Fourier analysis may be used
to cross-check the results of such methods but also tends to be sen-
sitive to the high levels of noise encountered during � ight tests. In
this paper, it is shown that the particular structure of the exciting
chirp signals allows the engineer to obtain enhanced transfer func-
tion estimates by allowing the engineer to selectively determine at
what time of the � ight-test experimentmost aeroelastic information
is available for a speci� c frequency. Time-frequency analysis thus
stands as the core technique presented and used in this paper. In a
different context, time-frequencyanalysis has already been used in
the past for other identi� cation purposes.16

This paper is organizedas follows. First, time-frequencyanalysis
and its application to chirp signals are presented.Then, it is shown
how time-frequency analysis may be used in principle to perform
nonlinear noise elimination and enhanced transfer function estima-
tion. The method is then used on experimental data collected from
the F-18 SRA. It is compared with existing identi� cation methods,
and its ef� ciency and complementaritywith several existing identi-
� cation procedures are demonstrated.

II. Time-Frequency Analysis of Signals
A. Fourier Analysis

This paper considers sampled-data systems only; all signals are
supposedto last from t D ¡1 to C1, takingnonzerovaluesonly in
the interval [0; T ], which corresponds to the duration of the experi-
ment.De� ne the samplingtime 1T and let N be the smallestpositive
integersuch that N 1T ¸ T . Given a signalu.t/; ¡1 · t · 1, the
sampled signal will be notedun D u.n1T /, where n is any unsigned
integer. Except for the sampled signal itself, the most common rep-
resentation of u is its discrete Fourier transform (DFT)7

Ou. j!/ D
1

n D ¡1

une¡ j!n1T ; ! 2 R

D
N

n D 0

ui e
¡ j!n1T

The DFT is very useful because it allows the engineer to observe
the frequency content of the signal u. Figure 3 shows the time rep-
resentationsand power spectraldensitiesof typical input and output
signals for the F-18 SRA during a � ight test performed at 40,000 ft
and Mach 0.8. The reader can see that a considerable quantity of
information is available from both signal representations; in par-
ticular, the power spectral density of the output shows resonances
close to 6 and 10 Hz, although not necessarily easy to determine in
the latter case because of the presence of high levels of noise. Spe-
ci� c techniques such as signal windowing contribute to smoother
transfer functions. However, they also tend to decrease frequency
resolution and to distort frequency estimates.

B. Time-Frequency Analysis of Signals
Although the frequency representation Ou is very useful and com-

putationallyeasy to handle,it doesnoteasilyrepresentsignalswhose
spectral characteristics evolve with time. This is typically the case
of chirp signals like

u.t/ D A cos[. P!0t C !0/t C Á]

This may lead to many lost opportunities if the signal is polluted by
broadband noise. This is the reason for introducing time-frequency
representations of signals: given a passband � lter template b with
discrete-timetransfer Ob, we de� ne the family of passband� lters b!0

de� ned by

Ob!0 .!/ D Ob.! ¡ !0/
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Fig. 3 Time and frequency contents of F-18 SRA: inputs (top) and outputs (bottom).

Fig. 4 Morlet wavelet: Fourier transform and impulse response, real (middle) and imaginary (right).

The time-frequency representation of any signal u is then de-
� ned by

.u; !0; p/ D
n D 1

n D ¡1

unb!0;p ¡ n

D b!0 ? u .p/ (1)

The transformation therefore maps one-dimensionalsignals to
two-dimensional pictures indexed by time .p1T / and frequency
.!0/. When convenient, the shorthands .u; !0/ or .u/ will
be used. This transformation is not unlike wavelet transforms.17;18

However, the transformation introduced in this paper is not
necessarily invertible, although it is linear. Equivalently, the trans-
formation may be seen as � ltering the initial signal through
a � lter bank parameterized by !0 . Given the sinusoidal nature of
the signals involved in the F-18 SRA � ight experiments, the Morlet
wavelet19 template was chosen; its transfer function is given by

Ob.!/ D e¡¸!2

In Fig. 4, we have plotted the frequency-domain and (complex)
impulse response of b!0 for !0 D 10¼ and ¸ D 7.

By adjusting both parameters,¸ and !0 , it is possible to generate
a family of passband � lters with arbitrary central frequency !0 and

bandwidth B, given by B D
p

[log 2=.2¸/] (measured in radians per
second). In traditionalwavelet analysis, the scaling factor ¸ is used
primarily to obtain multiresolution information across frequencies
such that every decade of the spectrum is covered equally. In the
context of this paper, though, ¸ is kept constant and !0 is varied,
thus emphasizinga linear scaling of the frequencyaxis, better suited
to structural analyses.

Remark: The reader may wonder about the relationship between
the transformation and the short-timeFourier transform(imple-
mented as the Specgram function in the signal processing toolbox
of MATLAB20 ). The short-time Fourier transform � rst truncates
the signal in (possibly overlapping) windows and then performs a
Fourier analysis of the truncated signals, thus resulting in another
time-frequency analysis of the signal. However, the effects of ar-
bitrary signal truncation are well known, including arbitrarily de-
creased frequency resolution, as well as leveling of resonant peaks.
The transformation , on the other hand, does not truncate signals
a priori.

III. Transfer Function Estimation Using
Time-Frequency Analysis

A. Basic Procedure
The time-frequency analysis described earlier suggests the fol-

lowing new transfer function identi� cation procedure whenever
chirp-like signals are used for excitation:
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Fig. 5 Transfer function estimation via time-frequency analysis.

1) Perform the time-frequencyanalysisof both system inputsand
outputs.

2) For each frequency of interest, remove the noisy parts of the
time-frequency representations.

3) Obtain estimates of the frequency response using the clean
time-frequency representationsof the signals.

This procedure is illustrated in Fig. 5 and is explained in detail in
the following paragraphs.

B. Time-Frequency Analysis and Its Effect on Inputs and Outputs
The F-18 SRA is a multi-input/multi-output system. The � ight

tests alwaysused the two DEI exciterssimultaneously.It is therefore

necessary to identify the transfer function from both inputs to a
given output simultaneously. In general, we consider the case of a
system with m inputs u1; : : : ; um and one output y. Assuming the
dynamicalsystemto be linear, there exist linear, single-input/single-
output operators h1; : : : ; hm such that

y D h1 ? u1 C ¢ ¢ ¢ hm ? um (2)

The goal of transfer functionestimation is to obtain approximations
of h1; : : : ; hm . From Eq. (1), we have

.y; !/ D b! ? y
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and

.ui ; !/ D b! ? ui ; i D 1; : : : ; m

Consequently, we have

.y; !/ D
m

i D 1

.hi ? ui ; !/

D
m

i D 1

b! ? .h i ? u i /

D
m

i D 1

h i ? .b! ? u i /

D
m

i D 1

h i ? .ui /

Thus, the transformation leaves the input-outputrelationinvari-
ant, and the transfer functions h i ; i D 1; : : : ; m, may be identi� ed
from the transformed inputs and outputs as well.

Time-frequency analysis was applied to the data shown in Fig. 3
using the parameter value ¸ D 2: The resulting time-frequencyanal-
yses are shown on top of Fig. 5. Only the real part of the transform
was plotted. The level of gray is proportional to the amplitude of
the output signal. The time-frequency structure of both inputs and
output signals appears very clearly. In particular, the chirp structure
of the signals appears along with harmonics both at the input and
output. In addition, several unidenti� ed signals may be observed.
For example,it seems that persistentprocessnoise excitesa resonant
frequency close to 6 Hz throughout the � ight test. Looking simul-
taneously at both input and output time-frequency representations
strongly suggests that the fundamentalsof both signals and perhaps
the � rst harmonics are very much correlated.

1. Noise Removal
This procedure is about deciding the useful part of both input

and output signals, based on their time-frequency representation
. As stated in the Introduction, this step currently remains in

the hands of the engineer to investigate the full potential of the
procedure. The denoising procedure uses the full time-frequency
representation of the signal .u/ and amounts to setting to zero
any element of .u/ that appears to represent more noise than
actual information.Thus, the noise removal procedure is a manual,
time- and frequency-dependent thresholding technique that takes
into account the particular structure of the signal. Denote this oper-
ation .u/. For a particular frequency !0 , .u; !0/ thus
representsthe originalsignal, � ltered throughthe bandpass� lter b!0

and then time-windowed. This is illustrated in Fig. 5. It has been
found experimentally that identical time-windowing of input and
outputs yields the best eventual results.

2. Transfer Function Estimation
From the denoised data, the transfer function estimation proce-

dure is straightforward. Assuming no signi� cant information was
lost during the noise removal procedure, Eq. (2) suggests that esti-
mates Qh1; : : : ; Qhm of the transfer functions h1; : : : ; hm may be ob-
tained at the frequency !0 by solving the equation

.y; !0/ D
m

i D 1

Qh i ? .ui ; !0/ (3)

Denoting Y the discrete Fourier transform of .y; !0/ and Ui

the discrete Fourier transform of .u i ; !0/, i D 1; : : : ; m, we
can write Eq. (3) in the frequency domain at the frequency !0 as

Y .!0/ D
m

i D 1

OQhi . j!0/Ui .!0/ (4)

To obtain these estimates,n independentexperimentsneed to be per-
formed,with n ¸ m. Let Y j andU j

i ; i D 1; : : : ; m, be the frequency-
domainoutputsand inputs for the j th experiment.Using Eq. (4), the
estimates OQh1. j!/; : : : ;

OQhm . j!/ at frequency!0 satisfy the possibly
overdetermined linear system

Ax D b

where

A D
U 1

1 .!0/ ¢ ¢ ¢ U 1
m.!0/

:::
: : :

:::

U n
1 .!0/ ¢ ¢ ¢ U n

m.!0/

x D

OQh1. j!0/
:::

OQhm . j!0/

; b D
Y 1.!0/

:::

Y n.!0/

Estimates may thus be obtained by solving this system in a least-
squares sense:

x D A†b

where A† is the pseudoinverseof A:21

IV. Application to F-18 SRA Structural
Dynamics Identi� cation

The proposed time-frequency analysis is now illustrated using
experimental data from the F-18 SRA. For all practical purposes,
the F-18 SRA may beconsideredas a two-input, four-outputsystem,
where the only informative outputs are the forward and aft wing tip
accelerometers. In this section,we are interested in determining the
transfer functions from left and right exciters to the forward left
wing tip accelerometer over the frequency range spanning from 5
to 12 Hz.

A. Transfer Function Identi� cation and Comparison
with Existing Methods

Six independentexperimentalmeasurementsare available for the
F-18 SRA � ying at 40,000 ft and Mach 0.8. These data consisted
of ascending and descending frequency sweeps. Each set of exper-
imental data consisted of a symmetric and an antisymmetric run
(whereby wing tip actuators were excited either in phase or out of
phase). These experimental data were used separately, and the ob-
tained results were crosschecked. The goal of this paragraph is to

Fig. 6 Transfer function estimates: right exciter to forward left wing
tip sensor.
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Proposed method

Proposed method and frequency-domain subspace ID

Fourier analysis with frequency-domain subspace ID

Time-domain subspace ID (N4SID)

Fig. 7 Transfer function estimates: right exciter to forward left wing tip sensor; left vane ! left wing forward.

compare the relativeperformanceof the estimationprocedurebased
on time-frequency analysis with other methods. The data were de-
trended before any further processing. The methods were applied
to both un� ltered and � ltered (in the 5–12 Hz range) data, and only
the best of the two respective results were recorded.

However, note that such comparisons are only indicative of the
value of the proposed method. The benchmark identi� cation meth-
ods have been chosen from three distinct groups.

1) Direct estimation methods: These comprise the direct trans-
fer function evaluation by using Welch’s averaged periodogram
method7;22 and are implemented in the MATLAB signal process-
ing toolbox20 (spectrum command). The proposed time-frequency
analysis described in this paper naturally falls in this category be-
cause it may indeedbe seen as a smartwindowing technique.For the
purpose of benchmarking, only full-size windows (corresponding
to classical Fourier analysis) were used. Smaller-sized windows22

yielded no coherent results and were therefore discarded.
2) Parametric estimation methods: These methods are described

in detail in Ref. 5 and comprise very well-known methods such as
ARMA23 or PEM.9 However, these methods did not easily handle
multiple data sets (corresponding to separate symmetric and anti-

symmetric runs). They were therefore discarded for this speci� c
application.

3) Subspace identi� cation methods: These methods are appli-
cable both in the time domain13 and in the frequency domain.15

In this paper, the N4SID algorithm presented by Van Overschee
and De Moor13 is used. The frequency-domainalgorithmpresented
by McKelvey et al.15 is also used: It takes as an input the esti-
mated transfer functions obtained either with simple Fourier anal-
ysis or with the proposed time-frequency-basedapproach. The lat-
ter combination is meant to illustrate how the proposed method
may be combined with existing identi� cation procedures. For the
frequency-domainsubspaceidenti� cation procedure,and following
the notationin McKelveyet al.,15 theparameterswere set as follows:
system order equal to 4 and number of block rows i equal to 10. This
subspace identi� cation algorithm uses transfer function samples as
input and produces a state-space model. The chosen transfer func-
tions were from the time-frequency-basedestimationprocedureand
the classical Fourier analysis, respectively.

For the multivariable, time-domain subspace identi� cation pro-
cedure N4SID (available on MATLAB24 ), the F-18 SRA experi-
mental data spanned a larger frequency range than necessary. As
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a consequence, the presence of resonant modes outside this range
resulted in an increasednumber of states.The best system order was
determined to be 14. In addition, and following standard notation,13

the number of block rows i was chosen to be 20. N4SID had to be
modi� ed to account for the presence of multiple data sets (symmet-
ric and antisymmetric runs).25

The time-frequencyestimation procedure relied on experimental
data provided by NASA Dryden exclusively. No a priori model of
the aircraft’s � exible dynamics was used. Each of the six data sets
was denoised following the procedures explained earlier. Denote
by Qhl;i and Qhr;i , i D 1; : : : ; 6, the estimated transfer functions from
left and right inputs to left forward sensor, respectively. For each
of the transfer function estimation methods, the six transfer func-
tion estimates Qhr;i , i D 1; : : : ; 6, were obtained and are plotted in
Figs. 6 and 7. Similar plots were obtained for Qhl;i , i D 1; : : : ; 6, but
are not presented for lack of space. The quality of transfer func-
tion estimates may be evaluated visually and reveals no important
difference between the results obtained using the time-frequency
analysis, time-frequency analysis completed with subspace iden-
ti� cation as presented in McKelvey et al.,15 and N4SID. One may
notice,however,that transferfunctionphasesaremore repeatablefor
the time-frequency-basedapproaches.These three estimates clearly
outperformstraightFourier analysis and Fourier analysis combined
with frequency-domainsubspace identi� cation.

A quantitative measure of identi� cation performance was per-
formed as follows. Following recommended practices,5 the transfer
function evaluated for each data set was tested against the other
� ve data sets. Speci� cally, for each of the six data sets, the Fourier
transform of the left and right DEI exciter inputs ul;i and ur;i and
the forward left wing tip accelerometeroutput yi ; i D 1; : : : ; 6, were
computed over the frequency range from 5 to 12 Hz.

The ability of given transfer matrix [ OQhl;i
OQhr;i ] to repeat a speci� c

data set ul; j ; ur; j ; y j is quanti� ed by the cost function

Ji j D
24¼

! D 10¼

Oy j .!/ ¡ OQh l;i .!/
OQhr;i .!/ [ Oul; j .!/ Our; j .!/]T

2
d!

For each optimization method, the average performance index

J D
1

30

6

i D 1

6

j D 1; j 6D i

Ji j

was computed and reported in Table 1.
It may be seen that the proposed approach performs best by this

measure of performance.Note, however, that such comparisons are
necessarily subjective. A more constructive message is that time-
frequencyanalysiscan be includedwith and bene� t any of the afore-
mentioned methods, as has been shown for the case of frequency-
domain subspace identi� cation.

B. Operational Use of Time-Frequency Analysis for Flight Testing
In a � ight-testenvironment,time-frequencyanalysismay be used

for a variety of applications.26 A MATLAB24-based application-
speci� c tool named Wavetool¶ is under development at the Mas-
sachusetts Institute of Technology and is targeted at real-time data
processing.Wavetoolmay beused in a numberof ways.First, simple
time-frequencyanalysis may be used for standard on-line monitor-
ing of the � utter clearance hardware. Indeed, experiencehas shown
that the DEI excitersmay fail, and closelymonitoringthemcan con-
tribute to modify or to abort a mission early if a failure is identi� ed.
For example, Fig. 8 shows speci� c time-frequency analyses of left
and right DEI exciters during � ight 0554 (following NASA Dry-
den’s archival conventions), performed at Mach 0.9 and 30,000 ft.
Figure 8 clearly indicates a failure of the left DEI exciter, because
no identi� ed chirp signal may be seen. This failure does not readily
show on the time-domain signals alone, also shown in Fig. 8. No
exciter failure appears to have been reported during the � ight test
itself.

¶At publication, Wavetool was available at http://web.mit.edu/afs/athena.
mit.edu/org/a/aeroastro/www/labs/ICE/projects/wave tool.html (Oct.1997).

Transfer function estimation using time-frequency analysis can
also be used to con� rm some of the natural symmetries of the air-
craftdynamics.Referring to Fig. 1, the right exciter shouldexcite the
left wing leading-edge sensor the same way the left exciter should
excite the right wing leading-edge sensor. Figure 9 was obtained
using Wavetool and shows that symmetry is indeed present. Such
plots provideextremelyvaluableinformationand contributeto build
higher levels of con� dence in the obtained transfer functions. Note
that the presented technique is not limited to linear chirp signals.
For example, other experimental F-18 SRA data were collected us-
ing so-called logarithmic frequency sweeps instead. Typical time-
frequencyrepresentationsof thesemay be seen in Fig. 10. Using the
appropriate polygons, these time-frequency analyses may be used
as well to perform better transfer function evaluations.

Table 1 Performances of different identi� cation
techniques on F-18 SRA experimental data

Identi� cation procedure Cost, g

Proposed approach 1.9039
Fourier analysis 2.9799
Proposed approach and freq. subspace ID 1.9815
Fourier and freq. subspace ID 2.9355
Time-domain subspace ID 1.9927

Fig. 8 Left and right DEI exciters, time signals, and time-frequency
representations.

Right exciter to left forward
sensor

Left exciter to right forward
sensor

Fig. 9 Transfer functions for symmetric actuator/sensor pairs.
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Exciter Sensor

Fig. 10 Logarithmic chirps; � ight 0549, Mach = 0.8, and 40,000 ft.

V. Conclusion
Motivated by the � utter clearance problem of NASA Dryden

FlightResearchCenter’s F-18 systemresearchaircraft,we presented
time-frequency analysis as an ef� cient tool to identify dynamical
systemsin thepresenceof high levelsof noisewhen chirp-likeinputs
are used by allowing nonlinear noise removal before transfer func-
tion estimation. The ef� ciency and consistency of time-frequency
analysis were demonstrated on a numerical example as well as on
experimental data arising from the F-18 system research aircraft’s
� ight tests.This articleshowedthat time-frequencyanalysiscansuc-
cessfully complement other existing identi� cation methods in solv-
ing the � utter boundary prediction problem. The proposed transfer
function estimation procedure is being implemented in a dedicated
application tool and will be tested for routine operation at NASA
Dryden Flight Research Center.
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