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Fig. 3 Hot-wire signals at (x /c = 0.8, y/s = 0.3, and z /s = 0.22) a)
without and b) with suction, ys/s = 0.7, Cm = 0.72, a = 25 deg, and
Re = 3.5 3 104.

Fig. 4 Variation of breakdown location as a function of suction
coef� cient.

unsteady nature of � ow� eld when breakdown exists7 and an
almost steady � ow in the absence of breakdown.

The effect of location of suction slit is shown in Fig. 4,
together with the results for the leading-edge suction. Note
that, in the absence of suction, the spanwise location of vortex
axis is yv/s > 0.60. For the smallest value of ys /s tested (ys/s
= 0.5), vortex breakdown location moves upstream when suc-
tion is applied. Therefore, the effect of suction on vortex
breakdown is negative. For ys /s = 0.6, there is almost no
change for small values of suction coef� cient. However, there
is an improvement at large values of suction coef� cient. It is
seen that, as the suction slit gets closer to the leading edge,
suction becomes more effective in delaying vortex breakdown

(ys/s = 0.7 and 0.8). Even for small values of suction coef� cient,
considerable delay of breakdown is achieved. However, surface
suction is less effective than leading-edge suction. For very
small values of suction coef� cient, large improvements can be
obtained. On the other hand, both leading-edge suction and sur-
face suction seemed to lose effectiveness when breakdown lo-
cation reached the trailing-edge region. It is clear that the ad-
verse pressure gradient near the trailing edge is very strong.

Conclusions
The effect of suction on the wing surface on vortex break-

down has been investigated. Suction has been found to be more
effective in delaying vortex breakdown for suction slits closer
to the leading edge. The exact mechanism of how the surface
suction affects vortex breakdown is not clear. However, surface
suction is less effective than the leading-edge suction.
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Introduction

D ETERMINATION of the � utter boundary of an aircraft
requires accurate measurements of frequencies and damp-
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Fig. 1 a) Time series of two exponentially decaying sine waves,
b) time series contaminated with noise, c = 0.5, and c) denoised
time series using wavelet package.

ing values of the critical vibration modes as a function of the
� ight velocity. Numerous methods1,2 have been proposed for
real-time � utter identi� cation, with varying degrees of success.
With the rapid advances in wavelet theory3,4 for signal pro-
cessing and the use of arti� cial neural networks5,6 to model
complex characteristics of nonlinear systems, more advanced
methods to analyze � utter signals can be devised based on
these modern developments. In this Note, a technique is out-
lined to determine frequencies and damping from a time series
formed by a linear superposition of a number of exponentially
decaying sine waves and corrupted by noise, given by

N

2a tiy(t) = A e sin(v t 1 f ) 1 n(t) (1)i i iO
i=1

where N denotes the number of modes, Ai, ai, vi, and fi rep-
resent the amplitude, damping ratio, frequency, and phase an-
gle of the ith mode, respectively, and n(t) is the noise level in
the signal. Equation (1) represents a multimode vibratory time
series that is often used as a model equation to simulate � utter
signals generated by an impulsive input. It also represents the
decaying portion of the response signals from sine dwell or
sine sweep excitations of the aircraft. This equation has also
been used to generate data for evaluation of various � utter
analysis techniques.2,7 Unlike Refs. 2 and 7, where the noise
level was introduced as the ratio of the peak value of a random
noise to the amplitude A1 in Eq. (1), n(t) is de� ned here as

n(t) = c 3 y(t) 3 Gaussian random number (2)

where c is a constant.

Analysis
Wavelet Package for Signal Processing

The coef� cients in wavelet decomposition can be computed
using a fast wavelet transform. Let f be a real-valued, compact
supported function with orthonormal shifts that satisfy the con-
ditions of multiresolution and, in particular, the re� nement
equation

f(x) = a( j)f(2x 2 j ) (3)O
j[Z

for some sequence a( j ) [ l2(Z ). Once f and a( j ) are deter-
mined, an orthogonal wavelet c can be constructed. Using a
discrete wavelet transform, a wavelet sum can be formed from
a function f as

S = f f (4)n j j,nO
j[Z

In many applications, the nonzero values fj are taken to be
f ( j22n), where the point j22n corresponds to the support of fj,n.
Because Sn [ S n, it can be written as

n

kS = P S 1 c( j, k)c(2 x 2 j ) (5)n o n OO
k=0 j[Z

A wavelet transform is an algorithm to compute the coef� -
cients c( j, k) from the fj, and an inverse wavelet transform
recomputes Sn from the coef� cients c( j, k). There are various
wavelet software packages available, such as the MATLAB
Wavelet Toolbox.8 In this Note, the adapted wavelet pack-
age software is used, which includes a library of orthonormal
bases, such as Daubechies’ wavelets,3 Coifman’s and Wicker-
hauser’s wavelets,4 and localized sine and cosine transforms.

Using the example studied in Ref. 7, Eq. (1) is written as
follows after using the parameters given in that reference:

2 0.9818ty(t) = e sin(24.54t 1 0.1)

20.7854t1 0.5e sin(39.27t 1 0.5) 1 n(t) (6)

This equation will be used to generate numerical data for the
test case in this Note. Figure 1a shows the time series in the
absence of noise, and Fig. 1b shows the contaminated signal
for c = 0.5 in Eq. (2). The wavelet package can be used to
denoise the signal by introducing a threshold into the wavelet
coef� cients, so that reconstruction is performed using only
those coef� cients above the threshold value. The reconstructed
waveform is shown in Fig. 1c, which gives a very good pre-
sentation of the original signal.

The wavelet package can be used to separate the two-mode
signal in Eq. (6), which results in two exponentially decaying
sine waves. The decomposed one-mode signal will be affected
by the choice of the wavelet basis. For the simulated signal
given in Eq. (6), the localized cosine transform was used be-
cause it gives better results when compared with those using
other basis functions. There are numerous techniques to solve
for the frequency and damping of the two modes. Here, a
neural network is described that is designed for a single mode,
as a multimode signal can always be decomposed into single-
mode components using wavelets.

Arti� cial Neural Network

A neural network has the capability to model highly com-
plex nonlinear systems with only limited input information.
Simply stated, it consists of a set of calculation units (neurons)
that are connected to other units by weights. Each unit com-
putes a weighted sum of the inputs and translates it to outputs
making use of a transfer function. There are numerous degrees
of sophistication in the design of a network, but for this ap-
plication a two-layer model with feedforward-only connections
(Fig. 2) is used. The output vectors are given by

1 1 1 1 2 2 2 1 2a = f (W p 1 b ), a = f (W a 1 b ) (7)
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Fig. 2 Two-layer neural network with feedforward connection.

Fig. 3 Frequency and damping parameters and errors using a
two-layer neural network.

Here f 1 and f 2 are the transfer functions and p is the input
vector. Once the weighted matrices W 1 and W 2 and the bias
vectors b1 and b2 are determined, the output a1 and a2 can be
computed from Eq. (7). A supervised learning rule is used in
the present network, and W and b are determined from a back-
propagation algorithm. In the training process, a set is obtained

(p , t ), (p , t ), . . . , (p , t )1 1 2 2 k k

where pi is the input to the network and ti is the corresponding
current output or target. The learning rule is used to adjust the
weights and biases of the network to make the network outputs
close to the targets. This is achieved by minimizing a perfor-
mance index F(x), de� ned as

TF(x) = e(k) e(k) (8)

where e(k) = t(k) 2 p(k) in the hidden layer and e(k) = t(k) 2
a(k) in the output layer. Using the steepest descent method,
the weights and biases can be derived as

2 2 m T 2 2 mW (k 1 1) = W (k) 2 aS a , b (k 1 1) = b (k) 2 aS (9)
1 1 m T 1 1 mW (k 1 1) = W (k) 2 aS p , b (k 1 1) = b (k) 2 aS

where a is the learning rate and m = 1, 2 denotes the hidden
and output layers, respectively. Sm is a sensitivity vector given
by

­F
m­n1

­F
m­n2­FmS = = (10)m ??­ni ?

???

­F
m­ns

Initially, the elements of W 1, W 2, b1, and b2 are generated from
a random-number generator. To accelerate the convergence in
the training process, other optimization algorithms, such as the
conjugate gradient technique or Newton’s method, can be used
in place of the steepest descent algorithm.

The neural network code is a custom-written program in
C11 language for a desktop personal computer. The input sig-
nal is of the form y(tj) = sin(2p f 3 tj), where j = 1, 2,2a tje
. . . , 30. The inputs contain 30 data points, and thus the net-
work requires 30 nodes. It has 10 neurons in the hidden layer
and 2 neurons in the output layer, as only values of the fre-
quency and damping are required. Various ranges of the pa-
rameters a and f have been used in training the network. For
illustration purposes, 0.5 # a # 0.85, and 1 # f # 8 are
chosen in this example. In the training process, 200 signals

with various frequencies and damping coef� cients are used,
and the values of a and f are selected from a random-number
program. The test data set consists of 20 signals that are similar
to those generated for the training set. The performance of
using the network is shown in Fig. 3, where the predicted
frequency and damping and their errors are shown. The results
demonstrate the neural network can be trained to extract fea-
tures from the signal with acceptable accuracy. Figure 3 shows
that the errors for most of the cases studied are within 3% in
predicted damping and 1.5% in frequency values.

It should be noted that the neural network developed here
is based on supervised training. In the training process, not
only input data sets are provided, but the correct outputs are
also presented to the network. Consequently, the accuracy of
the network will suffer if the ranges of the parameters in the
test data fall outside the values used for the training sets. This
limitation may be improved by expanding the training set to
increase the ranges of parameters’ values or by switching from
supervised to unsupervised training, in which the network has
the ability to learn on its own. Other improvements can be
achieved by continuing re� nement of the network, such as
using more ef� cient optimization algorithms to accelerate the
convergence rate in the training process, and investigating the
effects of addition of neurons and hidden layers.

In summary, the neural network developed here has been
successfully tested to extract frequency and damping param-
eters from a simulated exponentially decaying sine wave sig-
nal. A particularly attractive feature of the present approach is
the ability to perform real-time parallel processing of multi-
mode signals. For a given multimode signal, a wavelet package
is used to decompose the signal into a sequence of single-mode
signals. A program can be developed so that the present neural
network is implemented in each processor of a parallel com-
puter. Consequently, the frequency and damping parameters
can be extracted in a parallel fashion. Further development is
required to achieve this capability. The results suggest that the
neural network can be used to analyze � utter signals. Flight
test data,2 which predominantly consist of two modes of the
form given in Eq. (1), are being tested, and the results will be
reported in a later paper.
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