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Abstract

Aging aircraft and combat aircraft that carry heavy external stores potentially face prob-
lems arising from nonlinearities in structure. In this paper, we propose an expert data
mining system which is capable of predicting the asymptotic behavior of an aeroelas-
tic system with structural nonlinearities represented by polynomial restoring forces or
freeplay models. The input is represented only by a limited set of transient data. The

output provides a long term nonlinear aeroelastic response, and the prediction is made
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when certain rule-based reasoning conditions are satisfied. An attractive feature of this
new approach is that no information about the system parameters is needed. In the
prediction module, we propose two methods, based on nonlinear time series models, and
the unscented Kalman filter. To our knowledge, these approaches have not been reported
so far for predicting the long-term nonlinear aeroelastic responses. Compared with the
classical extended Kalman filter, the unscented filter does not require differentiability
and can be applied to nonlinear aeroelastic models with freeplay and hysteresis. The
performances of the expert data mining system are demonstrated for simulated data and
wind-tunnel experimental aeroelastic data resulting from a two-degree-of-freedom airfoil

oscillating in pitch and plunge.

Nomenclature

Elz|y] the conditional expectation of z with respect to y
m the maximum regression order for the estimation of a time series model
N the number of observations
P, E [{zn = 2o {20 = 20} Y1, -, Y]
pn+1 E{zni1 — Znpi Hon
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ﬁxy(nﬂ) E[{%H - i“n+1}{yn+1

~Jn41} (Y15 -, Yn]
Pyniny E [Vniivp iy, - - Yn]
q the dimension of the process noise v



S the dimension of the state space

Ty the state vector at the discrete time n
Tn Elz,|ya, ..y ynl
Tpt1 Elzni1ly1, Y2, - - Un)
X [#n, 07
X, current observations of the given time series
Yn the observations vector at the discrete time n
Vn+t1 Ynt1 — Uny1
Introduction

An understanding of the nonlinear aeroelastic response is a crucial problem for the
aerospace community, since the complex aeroelastic phenomenon plays an important role
in the safe design of an aircraft. The classical linear theory is not appropriate for studying
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LCO, and it may lead to inaccurate results for predicting the flutter boundaries
nonlinear formulation, the aeroelastic problem has been studied by many researchers via
mathematical analysis and numerical simulations. Several mathematical models based on
nonlinear systems of ordinary differential equation (ODE) which can be expressed in a
state-space form have been employed to study the LCO and the flutter for various types of
airfoils and nonlinearities®**. In the previously cited papers, the nonlinear ODE system is
studied using numerical approaches based on finite-difference methods, the Runge-Kutta
time-integrating scheme, or the describing function technique. For a nonlinear control of

a prototypical wing section with a torsional nonlinearity, Ko, Kurdila and Strganac® also
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consider a model based on an ODE system which can be expressed in a state-space form.
They investigate a model with polynomial nonlinearities, and the Lie algebraic methods
are employed for the feedback controllers. The results are validated by the experiments
performed at the Texas A&M University®.

In practice, such as the ground vibration test and the actual flight test, only the
dynamical response corresponding to a given excitation is recorded. Hence, it is desirable
to develop a technique such that one could predict the LCO and other complex aeroelastic
phenomena from the dynamical response only. A possible solution is to use a neural
network approach’. The goal of this paper is to present a new methodology based on
modern data processing techniques, in which an expert data mining system (EDMS) is
developed. The basic structure of an EDMS is illustrated in fig.1. The EDMS is especially
designed to deal with aeroelastic data with structural non-linearities. We propose two new
approaches for the long-term prediction of the aeroelastic response, namely the nonlinear
time series models and the unscented filter® (UF). Compared with a neural network
approach, the proposed nonlinear time series models are computationally efficient, and
they require simple training algorithms. In addition, the UF method can take advantage
of the information about the mathematical models associated with the experimental data,
and thus it can provide more accurate predictions.

Given a time series, X = [z1, %9, ..., Z,]|, which contains a limited number of transient
observations, we want to predict the subsequent values [Z,1,Zp12,...]. In a classical
approach, linear time series models or the Kalman filter are commonly used to perform
one step ahead predictions or short term predictions. The main advantage of the two
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nonlinear approaches proposed in this paper is the capability of making not only short
term predictions, but they can also provide accurate long term predictions. The classifi-
cation rules of the EDMS inference engine are based on these long term predictions. If
the results obtained with two different approaches agree, the final output of the EDMS
gives the asymptotic characterization of the system (such as LCO, damped or divergent
oscillations) together with the predicted non-linear motions.

Linear time series models, such as ARMA®!® or ARMAX! models are frequently
used for system identification of aeroelastic system and flutter prediction. Since the
nonlinearities in the aerodynamics or the structure of an aircraft can critically affect
the aeroelastic behavior, it is therefore desirable to develop nonlinear models. Another
important consideration in developing the EDMS is the capability to handle input data
corrupted with noise. The performances of ARMA and ARMAX models are known to
be very sensitive to the measurement errors'?. Tests carried out at the noise levels of
5, 10, 15 and 20%, found that the mean flutter prediction using ARMA-based methods
was acceptable only for the case with 5% noise level. To overcome this difficulty, wavelet
filters have been implemented in the preprocessing module of the EDMS. Consequently,
the parameter estimating procedures can be applied to the filtered signal instead of the
original noisy data.

Kalman estimators have a long history in the study of aeroelastic phenomena'3. The
extended Kalman filter (EKF) is often applied as a real-time parameter identifier'. How-
ever, the EKF can not be applied to non-differentiable nonlinearities such as those encoun-

tered in freeplay or hysteresis models. In the proposed EDMS, we consider the unscented



filter!5. Its performance is comparable to the EKF'® but the UF does not require the
calculation of any Jacobians. Thus, the UF method is capable to deal with continuous

non-differentiable nonlinearities, and it is computationally efficient.
Preprocessing

Generally speaking, all real data are contaminated by noise. However, the noise effect
may vary. For instance, the noise content from a typical ground test is usually small
and the majority is caused by the measurement noise. On the other hand, in a flight
flutter test, the amount of noise corruption due to turbulence is often significant. Since
an important difficulty in using nonlinear time series models is due to their sensitivity
to noise, it is important to reduce the noise effects. In this study, we apply a wavelet

filtering'®, which mainly uses a transform-based thresholding, working in three steps:
1. Transform the noisy data into an orthogonal domain.

2. Apply soft or hard thresholding to the resulting coefficients, thereby suppressing

those coefficients smaller than a certain amplitude.

3. Transform back into the original domain.

7. By multiresolution, a

The wavelet transform is based on a multiresolution analysis!
wavelet transform can be organized as a ladder of component stages, each one involving
simply the application of digital filtering to certain discrete time “signals”. Consequently,
this leads to a fast and efficient orthogonal transform of order O(N). Our C++ implemen-

tation of the wavelets filters is based on the Matlab programs of WAVELAB (available
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online at http://www-stat.stanford.edu/ wavelab/).

De-noising using hard and soft thresholding and orthogonal maximally decimated
wavelets transforms can cause certain visual artifacts, some of them due to the lack
of translation invariance of the wavelet basis. To overcome these difficulties, we apply

translation invariant transformations!6:

the noisy signal is shifted, then de-noised with
wavelet thresholding and finally unshifted. The implementation of this method over the
range of all circulant shifts is of order O(N log, N).

In addition to the de-noising step, the input data is transformed to the interval [—1, 1],

and we work with the mean deleted time series. Moreover, as part of the preprocessing

module, we apply standard linearity, stationarity and gaussianity tests to the input data'®.

Nonlinear time series models

Two nonlinear time series models, namely the amplitude-dependent exponential au-
toregressive models'® (EXPAR) and the self-exciting autoregressive models'® (SETAR),
are being considered. Since the EDMS is designed to deal with non-stationary data which
exhibits complex nonlinear dynamics, we prefer nonlinear models. The EXPAR models
are suitable for polynomial structural non-linearities, and the SETAR models include the

threshold structure specific to freeplay or hysteresis. The performance assessment of the

EXPAR and SETAR models is based on the study of residuals'®.

Amplitude-dependent exponential auto-regressive models

The EXPAR models incorporate both the amplitude-dependent frequency and the



limit cycle behavior. The basic form of an EXPAR model of order p is given by

X, = (B, +me 1) Xy + ...

+ (P, + 7rpe_7X3—1)Xn_p + en, (1)

where ®;, m;, © = 1,...p and y are constants and e, is a discrete Gaussian white noise
process. Such a model implies that X, is a symmetric process, although X, is not
constrained to being Gaussian.

If we ignore the white noise input, it has been shown? that the necessary conditions
for the solutions of (1) to exhibit a limit cycle behavior are:
(i) the roots of \? — & \?~! — ... — &, = 0 lie inside the unit circle;
(ii) the roots of \? — (®; + 7 )N~! — ... — (P, +m,) = 0 do not lie inside the unit circle;
(iii) there is no non-zero singular point, or all non-zero singular points are unstable.
These conditions replace the usual stability conditions for the ARMA models, and they
can be used to generalize the approach in ref.10 for finding the flutter margin.

For complex dynamic predictions, the EXPAR model (1) can be extended® to the

following form

X, = (B + fi( Xy 1)e X -1) X, 1+ ...

+ () + fp(Xn-1)e 1) X, + ey (2)
where f;(X,_1)e Xa-1, i=1,...,p, are Hermite type polynomials:
filXn) =78 + 70 Xy 4+ A 7DXI (3)

The model given in (2) admits a more sophisticated nonlinear dynamics. For example, if
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the order r; of the polynomials f;(X, 1) are odd, then X,, is not constrained to being a
symmetric process.

We now briefly present an efficient procedure for estimating the coefficients of the EX-

PAR model (2). In general, the estimation of the order p, and the coefficients {~, (®;, 7rj(-i)),j =

0,...,7,% = 1,...,p} requires a nonlinear optimization procedure. However, this op-

timization problem can be reduced to the fitting of a linear regression'®. For n =
m+1,..., N, we rewrite (2) as

XM = AB+e, (4)
where

B = [@1,7r(()1), I ...,<I>p,7r(()p),

R & )

o, 6)

. ey Tp

A= [X(N—l) YO(N—l) y(N-1)
) PR ) T1 7

(N—-p) y(N-p) (N-p)
L, XWTPUY ,...,Y;p P, (6)
e=[en,en_1,--Cm1] - (7)
Here,
X(n) = [Xn7 X'IL—17 v 7Xn—(N—m—1)]T7 (8)

(n) _ —yX?2 i —yX2 i
Y, = [(Xpe N1 Xy, X @7 N2 Xy o

s X (emenye X X T (9)

The parameter v is selected from a grid in a range such that e "Xn-1 is different from
both 0 and 1 for most values of X,, ;. For each value of v, ( is estimated using a singular
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value decomposition in the normal equations
AB =X, (10)

The choice of the maximum order m is subjective and it depends on the sample size.
The order p of the fitted model is determined using the AIC criterion for the nonlinear
time series'8, i.e.,

P
AIC(p) = (N — m)logs} +2(2p+ > i +1), (11)
i=1
where 613 is the least square estimate of the residual variace of the model. The last term
term in (11) represents the double of the number of estimated parameters in the model,
including the fitted mean. For each v, the fitted models are compared using again the
AIC criterion, and the model with the smallest AIC is chosen.
The complexity of the singular value decomposition method is proportional with
P P
(N=m)2p+ > r)*+ 2+ ) (12)
i=1 i=1
Thus, the estimation method is computationally efficient for models of reasonably large

order.
Self-exciting threshold autoregressive models

The essential idea underlying the SETAR models is a piece-wise linearisation of the
nonlinear models over the state space with the introduction of thresholds.

Let {to,t1,-..,%;} denote the thresholds, i.e. a linearly ordered subset of real numbers,
such that ) < t; < ... < t;, where t; = —o0 and t; = +00. A self-exciting threshold
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autoregressive model of order (I;p,...,p) or SETAR (I;p,...,p) where p is repeated [
times, is a univariate time series {X,} of the form

p

X, = a(()j) + Zagj)Xn,i + e, (13)

i=1
conditional on X,,_4 € T}, j = 1,2,...1, where T; = (t;_1,%;], d is a fixed integer be-
longing to { 1,2,...,p}, and {e,(f)} is a Gaussian uncorrelated white noise sequence. If
for j =1,2,...,1, we have az(j) =0fori=p;+1,p;+2,...,p, then {X,} is known as
a SETAR(; p1,po,...,p) model. Hence, a SETAR (1,p) model is equivalent to a linear
autoregressive (AR) model of order p.

We now briefly describe the parameter estimation®' for a SETAR(2;p;,p2) model.
First, let d and m be predefined, where m is the maximum regression order of the two
linear AR models, and let ny be the maximum of d and m. The choice of m is subjective
and usually depends on the sample size. To estimate the threshold t;, we try some of
the sample quantiles - e.g. {Qo.30, Qo.10, Qo.50, Qo.60, Qo.70} -, where by definition, for any
0 < ¢ < 1, exactly 100¢% of the data are less than @),. For each choice of ¢, the data set
is re-arranged into two subsets and two sub-systems of linear autoregressive equations are
set up. The first subset contains the obervations less than or equal to t; and the second
subset contains the observations greater than ¢;. The coefficients are then estimated using
a singular value decomposition for each of the corresponding matrices. For each value of
t; and d, we apply the Akaike’s Information criterion to determine p; and p,, the orders
of the two linear AR’s.

A combination of a SETAR model with EXPAR models is further developed for an
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aeroelastic model with freeplay. To construct this model, we replaced the linear au-
toregressive models in (13) with the EXPAR models given by (2). The parameters are
estimated combining the algorithms for EXPAR and SETAR models. The most difficult
task for these models is to find the thresholds and the delay parameter d. In EDMS, we
use mainly exploratory data analysis (the methods presented in ref.19, chapters 7.2.3 and

7.2.9.).

The unscented filter

A typical EKF linearizes all nonlinear models using the Jacobians, so that the tradi-
tional Kalman filter (KF) equations can be applied. However, in practice, linearisation
can produce highly unstable filters if the local linearity is violated. In addition, the
functions must be at least continuous differentiable, and the derivation of the Jacobian
matrices is usually expensive and nontrivial in most applications.

In this paper, we consider the unscented filter®® (UF) which applies the recursive lin-
ear estimator structure of the KF, but it eliminates the EKF’s linearization assumptions.
Since no Jacobian matrices are needed, it only requires continuity, but not differentia-
bility (this is of obvious importance for a freeplay model). In contrast to a first-order
accuracy of the EKF, the UF is capable to accurately capture the true posterior mean
and covariance up to the third order. For general state-space problems the EKF and the
UF have an equal computational complexity O(s?), where s is the dimension of the state

space.
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Consider a general nonlinear discrete-time system

Tpt1 = f(‘rna Up+1, UVH-I) (14)

Unt1 = P(Tpi1, Unt1) + Wn1, (15)

where f(-,-,-) is the process model, A(-,-) is the observation model, v,,; and w, are
Gaussian noise vectors from uncorrelated white sequences and u,; is the input vector.

The classical Kalman update equations at time n + 1 are

Tpt1 = Tng1 + Gri1Vnst (16)

pn—l—l = pn—}—l - Gn+1pu(n+1)G£+1- (17)

Here, v, 11 is the innovation, and G, is the Kalman gain:

A

Gpi1 = sz(n+1)Pu_(;+1)' (18)

With this updating scheme, the main problem remains the optimal prediction of Z,

and f’n+1. For nonlinear models, both the EKF and the UF approximate these quantities.

In order to state the UF equations, let define an augmented vector x;, where x} =

(Tp,vns1)". For the UF filtering algorithm, the following steps must be carried out'®:

1. Compute a set of translated sigma points from P¢, the covariance matrix of X2:

of(n|n) < rows or columns from
+ [(s+q+7)P] "

xo(n|n) = X3, xi(n|n) = o (n|n) + x5 (19)
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2. Evaluate y;(n + 1|n) = f(xi(n|n), uns1), for i =0,...,2(s + q).

3. Compute the predicted mean as

1 2(s+q)
z = n+1n)+ = (n+1n) p. 20
ek R RN Z;XA In) (20)
4. Compute the predicted covariance as
P L {4xe(n+ 1In) = Gui]
] = ———— n n) — Tn
+1 S+q+1 Y1Xo +1
1 2(s+q)
[Xo(n + 1n) — Zni]” + 3 21 [xi(n +1|n)
1=

— il + 1) — asr]"). (21)

5. Predict the expected observation 7,,; and the innovation covariance ]3,,(”+1) using

similar formulas and Y;(n + 1|n) = h(xi(n + 1|n), uy41).
6. Predict the cross-correlation matrix f’wy(nﬂ) using Y;(n + 1|n) and x;(n + 1|n).

In order to minimize the mean squared error up to the third order, the parameter v must
be chosen equal to 3 — s.
To apply the UF for simulated and experimental aeroelastic data, a mathematical

5

model expressed by a nonlinear ODE system??® is employed:

X'(t) = AX(t) + F(X (1)), (22)

Here A is a matrix, F' is a nonlinear function, X is the state vector representing the
plunging deflection &, the pitch angle about the elastic axis o, and their derivatives &
and o . We consider functions F' that can be expressed mathematically by polynomials in
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pitch or plunge, or in a freeplay case, F' is a continuous piece-wise linear function. Only
two variables, the plunging deflection and the pitch angle, can be measured in practice.
Hidden variables correspond to &, o', and the system parameters. Using (22) and a fourth
order Runge-Kutta integration scheme the problem can be reformulated in a discrete-time

state space form:

xn—H f(a'naxn)
= + Upy1, (23)
An41 Ay
100 ... 0| |zass
Ynt1 = + Wn1- (24)
010 ... 0| [ans

Here, z, = [&n, 0, &, @']7, ay, is a vector formed with the system parameters (the elements
of the matrix A and the coefficients of the polynomial or piece-wise linear function F),
Yn = [&n, ]’ , and f is a nonlinear continuous function corresponding to the Runge-
Kutta scheme for (22). The filter simultaneously produces estimations for the system
parameters and for £, o, € and o .

After applying the filter using the transient noisy observations, the predictor is applied
to provide the asymptotic system behavior. The parameters are chosen to be the last
values estimated using the filter. For the UF predictor, the corresponding state-space

formulation is given by

Tpy1 = f(av xn) + Un+1 (25)
1 0 00

Yn+1 = Tp+1 + Wp+1, (26)
01 00
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where a is a constant vector containing the estimated values of the parameters. Here the
dimension of the state space is four and the dimension of the observation space remains
two.

A theoretical study of the estimation error for the nonlinear system (24, 23) is difficult,
especially in a freeplay case, when the function f is not differentiable. Since the method
is mainly employed for predictions, when we run the filter, we check numerically the
convergence of the estimations of the parameters. We also study the accuracy of the

predicted values for £ and «.

Verification

To measure the accuracy of the long-term prediction, the available input data are
divided into two subsets: the training set and the test set. The training set is used to
estimate the parameters of the models to be used for predictions. The test set is used
for checking the accuracy of the predictions. The performance assessment is based on
the study of the residuals on both the training and the test sets. An advantage of this
method is that it emphasizes the predictive aspect of the model selection.

Two different methods, the nonlinear time-series models and the unscented filter, are
being proposed for prediction in the EDMS. Hence, a diagnostic check for each prediction
can be performed by comparing the results of these two different approaches. Other
prediction methods, such as a neural network approach’, can be easy incorporate to
enhance the capability of the proposed EDMS.

A typical expert system consists of two core components, namely the knowledge base
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and the reasoning engine. In the present EDMS, the knowledge base involves data analysis
reported in the previous section, in which the nonlinear time series models and the UF
method are used to process the input data and to provide long term predictions. Before
an output and conclusions are presented, the information obtained from the knowledge
base must be reasoned and certain rules have to be satisfied. In our system, a simple
rule is applied, namely the long-term predictions and their classification as LCO, stable
or unstable oscillations are given as the system output provided two solutions from two

different approaches in the processing step agree.
Applications

We have implemented the preprocessing, prediction and verification steps using a C++-
based program. To demonstrate the effectiveness of the developed EDMS, we report long
term predictions using simulated and experimental aeroelastic data. With the non-linear
time series approach, for each new set of data we need to estimate the parameters. When
only the initial conditions are different, in order to use the same parameter estimation for
several sets of data, the expectation maximization algorithm can be used in conjunction
with the UF?2. However, it is worth to notice that the two approaches presented here are
computationally attractive and they can be considered for real-time applications.

In the following figures, the z- axis displays the non-dimensional discrete time and the

y- axis the pitch angle in radians or the non-dimensional plunging deflection.
Simulated data

The input data is generated from a mathematical model which simulates a two-degree-
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of-freedom airfoil oscillating in pitch and plunge?

~ ~ 2
n " W w 1
w4262 al - P
¢+ 2626 + () 60 = - @
Lo 1 " Ca ’ 1 . 2
—rgf + o +2—U*a + U*ZM(oz) = W/LT(QICM(T) (28)

Here G(¢) and M («) are the nonlinear plunge and pitch stiffness term, and Cp,(7), Cys(7)
are the lift and pitching moment coefficients. The integro-differential system can be
reformulated? as an ODE system similar to (22). The structural nonlinearities are repre-
sented by the the nonlinear stiffness terms G(§) and M («).

The nonlinear aeroelastic system is solved numerically using a fourth-order Runge-
Kutta time integration scheme. In order to investigate more realistic test cases, extra
white noise such with the signal-to-noise ratio (SNR) 5 is added to the simulated data. A
typical input data consists of the 150-400 transient observations. The majority of these
data are used as a training set, and the remaining data form the test set. We illustrate
here the freeplay case with system parameters chosen so that the aeroelastic responses
correspond to LCOs, and unstable oscillations. In Fig. 2, we display data corresponding
to the pitch motion corrupted with additive Gaussian white noise with variance 0.078
(SNR=5). The asymptotic state is a LCO.

The UF method is applied directly to the noisy data. Since the nonlinearities are
expressed only in terms of « and &, we consider a reduced form in which the state variable
 includes only the pitch angle «, the plunging deflection &, their derivatives o', &', and the
system parameters. There is no obvious relation between the parameters of the reduced
and original system, but since we are mainly interested in prediction, it is desirable to
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work with the reduced form.

In order to examine the performances of the UF method, we perform a Monte Carlo
simulation to obtain estimates of the true covariance. After tuning the filter, we apply
the filter to 50 different sets of data simulated using the clean signal and additive Gaus-
sian white noise with variance 0.078 and 0.25, for o and &, respectively. The training
set is formed with the first 295 noisy observations plotted in Fig. 2(a). The first 295
observations plotted with dashed lines represent the average filtered signal for the pitch
motion. In Fig. 3, we present the average mean square errors (MSE) calculated using
the UF (i.e. the average of the diagonal elements of the covariance predicted with UF),
together with estimations of the true variances using the Monte Carlo simulation. Here
the UF is dealing with a continuous piece-wise linear function. Despite the fact that this
function is not differentiable, the performances of the filter are excellent. Thus, the UF
can be regarded as a reliable tool to perform good predictions. Indeed, Fig. 2(a) indicates
excellent agreement between the predictions (dashed lines), starting at n = 295, and the
simulated noisy signal (solid lines). We observe that even the long term predictions are
very accurate.

The UF method requires additional information regarding the associated aeroelastic
system and the nature of the nonlinearities. On the contrary, to fit an EXPAR model,
we only need the discrete time series. Since the accuracy of the results obtained with the
nonlinear time-series method is sensitive to the SNR, we first apply a de-noising procedure
using a translation invariant hard thresholding with the Daubechies orthogonal wavelets'”.
In fig. 2(b), we compare the noisy signals (solid line) with the de-noised signals (dashed
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line), for n = 1 to n = 294. Using the de-noised signal, we fit an EXPAR model with
polynomials of degree 3, v = 11.89, p = 20 and training sets from n = 40 to n = 294.
The predictions (dashed line), for n = 295 to n = 1000 are also displayed in fig. 2(b).

The EXPAR models do not require any information about the threshold structure of
the freeplay nonlinearity. However, from the study of the fourth order differences of the
simulated aeroelastic signal associated with the noisy observations, we notice periodically
changes in the dynamics of the model, as illustrated in fig. 4. This is caused by the
non-differentiability of the function M (a) near the switching points. The values corre-
sponding to the peaks shown in fig. 4 are indeed corresponding to the exact locations
of the switching points in the freeplay model, where o = .25 and o = .75 in the present
case study. Thus, from studying the differences of the simulated signal, we are able to
determine whether the nonlinearity is represented by a freeplay model. Moreover, we can
also estimate the corresponding freeplay parameters. Robust techniques for finding the
threshold structure in the presence of noise are currently being investigated.

To improve our nonlinear predictions, we implement the threshold structure into the
nonlinear time series model. Hence, we combine the SETAR with the EXPAR models.
Since there are more parameters to be estimated, the sampling step is reduced for the
initial time series. The delay parameter d = 8 is found studying the plots of several lagged
regressions'?. An EXPAR model (1) is used for the first region, and EXPAR models (2)
with polynomials of degrees 3 and 2, respectively, are fitted for the other two regions. The
prediction results are very similar to those displayed in fig. 2(b), but the model becomes

more complicated.
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Compared to the results obtained using the UF (fig. 2(a)), the predictions using
non-linear time series models are less accurate. However, the predicted frequencies and
amplitudes of LCOs are in good agreement with the simulated data.

Even though we only report the results in the pitch degree-of-freedom, the proposed
EDMS also provides excellent predictions for the corresponding plunge motions?®. When
the UF method is applied we obtain accurate predictions for both the pitch and plunge
motions and their derivatives.

The EDMS can be used also for predicting divergent signals. To illustrate this for
the pitch motion, we generate the noisy signal (solid line) displayed in fig. 5. Since the
results obtained using EXPAR models are similar, we present only the predictions using
the UF approach.

The training set contains the first 294 observations (solid lines). Looking only at this
transient data, it seems that the asymptotic state of the system may be a LCO. However,
the EDMS accurately predicts the long term behavior of this divergent system. The
filtered signal (dashed line, n =1 to n = 294) and the predictions (dashed line, n = 295

to n = 1500) for the pitch motion are also displayed in fig.5.

Experimental data

We illustrate the performance of the EDMS for wind-tunnel experimental data recorded at
the Texas A&M University. The data are available at http://aerounix.tamu.edu/aeroel.
We consider two cases-studies, one corresponding to a LCO (data from the file DN04J.dat)

and the other corresponding to a steady state (data from the file DN04A.dat). Since the
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noise effect associated with the observations is not too severe, no de-noising procedure is
necessary when fitting the EXPAR models. In order to apply the UF we consider the state-

space form® of the following mathematical model which corresponds to the experimental

data:
m  maxab| | € ce 0 ¢
+
mxab 1, o 0 ¢l |
ke 0 £ —L
+ = (29)
0 kola)| |« M

The term k, () denotes the nonlinear spring stiffness associated with the pitching motion,
and it can be approximated by a polynomial®.

The results for the LCO case are displayed in fig.6 for the plunge motion. In the
UF approach, the training set contains data from n = 100 to n = 349. The measured
signal (solid lines) is compared with the filtered (dashed lines, n = 100 to n = 349) and
predicted signal (dashed lines, n = 350 to n = 1000). The results presented in fig.6(a)
demonstrate accurate long term predictions. For the LCO data set, excellent predictions
are also obtained using the EXPAR models. The measured (solid lines) and the predicted
(dashed lines) signal are displayed in fig. 6(b). For the plunge motion, the predictions
start again at n = 350, and the training set contains only the observations between
n = 200 and n = 349. In the EXPAR model, polynomials of degree 3 are employed with
p =12 and v = 43.1.

From the first 350 transient observations, the prediction leading to an LCO is not
obvious. However, the results presented in fig. 6 clearly demonstrate that, both methods
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implemented in EDMS are capable to provide excellent long term predictions for the pitch
and plunge displacements.

In fig. 7, we present the results obtained for the pitch motion when the aeroelastic
system exhibits a steady damped oscillation. For the plunge motion, the quality of the
prediction is similar and they are not reported here. In the UF approach, the training set
contains the observations from n = 160 to n = 409. The measured signal (solid lines), the
filtered signal (dashed lines, n = 160 to n = 409) and the predicted signal (dashed lines,
n = 410 to n = 1000) are displayed in fig. 7(a). For the EXPAR model the predictions
(dashed line) starting at n = 410 and the measured signal (solid lines) are compared
in fig. 7(b). In this model polynomials of degree 1 are used with v = 0.1 and p = 2.
The training set contains the observations corresponding to n = 260 to n = 409. Both

methods are capable to provide accurate predictions for the damped oscillations.

Conclusions

The illustrative case studies reported in the present paper clearly demonstrate that the
proposed expert data mining system can accurately predict the limit cycle, damped, and
unstable oscillations.

For experimental aeroelastic data with polynomial restoring forces, and for simulated
data corresponding to the cubic spring case, the amplitude dependent exponential au-
toregressive models seems to be very appropriate. In these cases, the non-linear time
series model provides long term predictions of the same accuracy or sometimes even more

accurate than the unscented filter.
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For a freeplay model, the predictions obtained using the unscented filter are more
accurate than those obtained with non-linear time series models. For the present case
studies, the unscented filter seems to perform more effective de-noising than the wavelet
filters. However, the wavelet filters and the time series models do not require any infor-
mation about the structure of the dynamical system associated with the input data. To
implement the unscented filter method, even if no information about the system parame-
ters is given, the specific type of the nonlinearities associated with the aeroelastic system
must be known. Thus, for a freeplay model, the extra information seems to be the reason
leading to better performance.

The proposed expert data mining system can be considered a useful tool in the study of
nonlinear aeroelastic response. Other methods, such as neural networks or the expectation
maximization algorithm, can be easily incorporate in the processing module of the expert
data mining system. The present investigation also opens up the opportunity for using
the same approach to other applications such as flight dynamics and active vibration

control systems.
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Fig.

Fig.

Figure Captions

1: Expert data mining system

2: Simulated LCO:(a) pitch motion — and UF prediction - - (b) pitch motion —

and EXPAR prediction - -

Fig.
Fig.
Fig.

Fig.

3: Monte Carlo estimated variances — and the UF mean square errors - -
4: The 4th-order difference in pitch motion
5: Unstable oscillations of the pitch displacement — and UF prediction - -

6: Experimental LCO: (a) plunge motion — and UF prediction - - (b) plunge motion

— and EXPAR prediction - -

Fig.

7: Experimental damped oscillation:(a) pitch motion — and UF prediction - - (b)

pitch motion — and EXPAR prediction - -
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