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Introduction

HE use of smart materials' in wings allows active control of the

deflections of the wing structure. By using adaptive material in
aircraft wings, itis possible to introduce the property of time-varying
stiffness. Another approach to a variable stiffness wing is through the
concept of a variable stiffness spar,” which allows for the variation of
the torsional stiffness of the wing. For a dynamical system such as an
oscillating wing, the presence of a variable torsional stiftness renders
the system to be time variant, that is, the parameters defining the
system vary with time. This time-varying stiffness is used herein to
control airfoil oscillations. It is also advantageous to have a variable
stiffness wing in the case of morphing! wings as this allows the wing
to hold the load while still being flexible enough to allow morphing
of the airfoil for different flight regimes. A brief description of the
present approach and results is given here. Details are available in
the conference paper, AIAA Paper 2002-5599.

Aeroelastic Applications of Neural Networks

Figure 1 shows the comparison between a doublet-panel code and
the theoretical Wagner solution® for the unsteady lift over a sym-
metric airfoil with a variable-amplitude pitching motion. As can be
seen from the comparison made in Fig. 1, the results from an un-
steady doublet-panel code developed here and from theory are very
similar. In the present work, this unsteady doublet-panel method is
linked to a structural dynamics solver based on the method of matrix
exponential time marching.* Analytical solutions to dynamic aeroe-
lastic problems are few,® and the presence of arbitrarily time-varying
coefficients in the structural dynamic equations prevents analytical
solutions. When numerical methods are used to model the dynamic
aeroelastic behavior, the coupling between the aerodynamics and
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Fig. 1 Unsteady lift over a pitching airfoil with pitch angle
a(t) =0.1¢ sin(2f) as computed by the doublet-panel code and compared
with the Wagner solution.

structural behavior can lead to very large computational costs. Most
applications of neural networks in aeroelasticity have been in system
parameter estimation for aircraft control or in flutter control from
experimental data.>® A recent work in the application of neural net-
works to static nonlinear aeroelastic problems in morphing wings’
describes the procedure of aeroelastic optimization of an adaptable
bump on the surface of an airfoil.

The presence of varying coefficients in the differential equation
of motion of a system significantly complicates the analysis even for
a linear system. For example, traditional approaches to determine
the stability, such as the Routh—Hurwitz criterion for continuous-
time systems or Jury test® for discrete-time systems fail when the
system is time varying. The second method of Liapunov, though
applicable, is complicated because aeroelasticity involves noncon-
servative loading. Therefore herein, a stable time-domain solution
for linear-time-variant systems is first explored and then utilized
for training feed-forward neural networks such that a time-varying
dynamic aeroelastic simulation is feasible.

Presence of noise is typical of recurrent neural networks and is
one of the disadvantages of such neural networks. Hence in order
to present a better match between the results as given by a recur-
rent neural network and those by a time-varying dynamical system,
it is necessary to use smaller time steps However, use of smaller
time steps increases the size of the dataset required for the network
training. Large quantities of input data do not allow for accurate
artificial-neural-network (ANN) training. Hence instead of using
reduced time steps to make the neural-network representation of the
time-varying system more accurate, it is more reasonable to study
accurate numerical solvers for linear-time-varying systems that can
use large time steps.

Recent advances in variable stiffness wings? can allow for ex-
ponentially saturating stiffness variation. Accordingly, the time-
varying torsional stiffness is assumed as

ko (1) = ko + kot (1 — c1e™) )

where k is the initial torsional stiffness and ko + kg is the maximum
torsional stiffness. The rate of variation is controlled by the two
parameters c¢; and ¢, . Training of recurrent neural networks based on
these numerical results for dynamic aeroelastic problems requires
that the time step be small. Hence, we investigate a stable time-
integration scheme for linear-time-varying systems using large time
steps. The utilization of such a scheme for the training of feed-
forward neural networks to represent the dynamic aeroelastic system
is further investigated.

Response of Linear-Time-Varying Dynamical Systems

Linear-time-varying systems can be analyzed by the method of
matrix exponential time marching.* Though an analytical solution
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is described in Ref. 4 for single-degree-of-freedom systems, this
work can be extended to multi-degree-of-freedom systems numer-
ically. The important feature of matrix exponential time marching
is that a quite large time step of the order of 1072 to 10! can be
used. Consider a two-dimensional aeroelastic system modeled by
the following equations:

mh + s, + kyh = —L (1), 1 + soh + ko (Do = M(1)  (2)

where m is the mass, / is the mass moment of inertia, « is the pitch
angle, s, is the first moment of inertia, 4 is the plunge displacement,
and k;, and k, are the stiffness in plunge and pitch, respectively. In
state-space form, this system can be rewritten as

{x}+COIx} = {f} 3)
Here
0 -1 0 0
_ kpSq 0 kom
ml — 52 ml — 52
Cc@) = ¢ “
0 0 0 -1
kyl koSq
ml —s2 0 Cml — 52
LI — Ms,
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f@o= Mm — Ls,
ml — s2

Using the method of matrix exponential time marching, the solution
to this system for a time interval is written as

d ! !
E(f:xp{/ [C(t)]dt}{x}) =exp{/ [C(t)]}f (€]

if the noncommutative matrix multiplication between

exp{/ [C()] dt}
fo

and [C(¢)] does not contribute a significant error. In such a case,
this system can be solved as

x(t) =exp{—/ [C(t)]dt}
X |:{x0}+/ (GXP{/ [C(f)]df}{f}> dt} (5)

Here the time interval (zy, t), chosen for each solution in the time-
marching scheme, is fixed with respect to minimizing the errors
because of the noncommutative matrix multiplication, that is,

exp{f [C(®)] dl}[C(l)] —[C®)] exp{/ [C®)] dl} =€(r)
(6)

where €(7) is the error tolerance level. Equation (5) can be written
as

Xn+1 :M11+1(xn +)‘n+l) (7)

u«n+1=exp{—/ [C(t)]dt}
= [ (o] [ o]

This means the response at time 7, is linked to the response at
time #, by the state transition matrix at time #, , |, namely, 1, + 1 and
the forcing integral vector A, ;1.

where

To simulate the aeroelastic behavior of a time-variant two-
dimensional system, three neural networks are separately trained
and then interlinked based on the method of matrix exponential
time marching. We define the following input-output relationship
for the three neural networks:

1) ANN(D) Tnput, (t; 141 ko (i 4 1)); Output, [1].

2) ANN(2) Input, (t; ti11 U h h a a); Output, (¢, ¢,
Cmi Cmyy)-

3) ANN)Input, (# ti1 ko(tiv1) ¢ Cpy Cm
put, {1}.

Cm; )5 Out-

i

Aeroelastic Computations

The time step used for computing the unsteady aerodynamic pres-
sure over the airfoil using the doublet-panel method is determined by
the appropriate wake shedding frequency. The wake shedding fre-
quency is matched by the comparison between the obtained panel
method solution for unsteady lift and the theoretical Wagner solu-
tion. As seen in Fig. 1, an appropriate match between the two differ-
ent methods was obtained. This time step of the value of 0.004 s is
fixed for unsteady aerodynamic computations. The size of the time
step used in matrix exponential time marching can be determined by
Eq. (8). Using the Leibnitz rule for differentiation under an integral
sign, one can determine that

de(t, A)

A = €(t)C (1) (8)

fo

Here A is the time-step size #; — #, and C is the matrix of the coeffi-
cients of the differential equations constituting Eq. (4). For the time
steps used in matrix exponential time marching, that is, in the range
0f 0.05-0.1, the norm of the error matrix, that is, €(¢), is of the order
of 107*. Hence the change in this error with time-step size A is
given in Eq. (8) to be determined by the product of the error matrix
with the coefficient matrix. The terms of C (¢) involve ratios between
products of the stiffness and inertias and hence are of the order of
10" to 10? for the analysis being conducted here. The eigenvalues
of C(¢) are proportional to the square root of these terms. Thus the
sensitivity term [de(¢, A)/dA]],, as expressed in Eq. (8) does not
vary significantly with changes in time step A because the norm of
€ is of the order of 107*,

Thus the neural network ANN1, trained using the method matrix
exponential time marching, does not show high sensitivity to time-
step size changes. However the neural network ANN?2 representing
the unsteady aerodynamic load requires a fixed time-step size. The
time step used in training ANN?2 is limited to evaluating the integral
in Eq. (5), and hence it is a local time-step size, that is, the number of
points chosen in the numerical integration is determined by the time
step required for modeling the aerodynamic loads. The global time
step, that is, the time step used when interlinking the three trained
neural networks, is still determined by using the method of matrix
exponential time marching.

Neural-Network Modeling for Flutter Suppression

The Levenberg—Marquardt routine is used to train the three neural
networks titled ANN1, ANN2, and ANN3 to represent the dynamic
aeroelastic system. The networks are designed with respect to both a
fixed system stiffness and a varying torsional stiffness. The variation
in the torsional stiffness is according to Eq. (1). The fixed stiffness
neural-network system will represent the corresponding aeroelastic
system exactly within the tolerance bounds because the training
routine uses the same system parameters. However, for a varying
stiffness system, it is not possible to train the neural-network system
for all possible stiffness variations. Thus testing the neural networks
for different stiffness variations is necessary. Accordingly, during
the training process Eq. (1) uses certain constants ¢; and ¢;, and
during testing the constants will be changed. This tests the fidelity
of the system to different system parameters.

The three neural networks are trained separately and then linked
together, that is, ANNI1 is trained using only the structural dynamics
code, which can again be formulated using matrix exponential time
marching, ANN2 is trained using the doublet-panel code, and ANN3
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is trained based on integrating the forces that are obtained using the
doublet-panel code. Having linked these three trained networks, we
test the ANN at a system stiffness different from those used during
training. Here we consider ¢; = 1.33, ¢, =1, ko =5, ko1 = 12 for the
testing of the ANNS. Note that the parameters ¢; and ¢, are different
from those used for training the ANN. Figure 2 displays the result
of the testing. The aeroelastic system as represented by this array
of neural networks does show some differences from the numerical
aeroelastic system, but these errors reduce with time. Moreover, the
overall behavior of the neural-network system follows the numerical
solver quite accurately.

Consider Fig. 3, which shows the three designed neural networks
linked together to describe the aeroelastic system. A feedback loop
is also shown, which evaluates the stability of the system. The sta-
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Fig. 2 Neural-network testing with variable torsional stiffness.
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Fig. 3 Array of neural networks depicting both the constant stiffness
aeroelastic system and the variable stiffness aeroelastic system.
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bility is based on the response of the system during one period of
oscillation. In the state-space plot, if the |x2 + %2, . 7 > |x% + x2|,,
the system is unstable. Here, the period of oscillation is 7', and the
stability is calculated at a time step ¢ + 7. Because this is a linear
system, this approach is valid. In general, the procedure to detect
flutter is to calculate the work done over a period of oscillation by the
external nonconservative forces. Hence the system is at the flutter
boundary if

t+T
AW, = / {f0)Y (k}dr =0 ©

where f(z) is the nonconservative aerodynamic loads and {x} is
the vector containing the system velocities. In Fig. 4, the initial
dynamic aeroelastic response is calculated using the constant stiff-
ness structural neural networks, ANN1 and ANN3. Once the system
is tested to be unstable (AW, > 0), the variable stiffness adaptive
neural networks are switched on for the structural dynamics so as
to bring the system again within the stability boundary. To achieve
this, the neural-network array that was developed and tested in Fig. 2
is used. The reduced frequency of the aeroelastic system is set to
1.1, which is just over the flutter reduced frequency for this system.
This can be seen in Fig. 4a. The neural-network controller detects
the system instability after the first period and then switches over
to the variable stiffness mode. The stiffness is now increased un-
til stability is achieved. This is shown in Fig. 4b, which depicts a
stable oscillatory pattern for the time history of the airfoil’s pitch-
ing angle. For Fig. 4b, the stiffness variation that was used was
ko(t) =5+ 12(1 — 1.33¢™"). This was found to be sufficient to re-
store stability within one period of oscillation of the aeroelastic
system.

The training of the neural networks using the MATLA soft-
ware on an SGI origin machine takes around 15 min of computa-
tional time using one processor. The computational time required
for the neural-network simulation is extremely small. For example
the 5-s simulation shown in Fig. 4a was obtained in a few a sec-
onds on an SGI Origin machine using one processor while running
Matlab™. Because the neural-network array allows such a rapid
simulation, the controller can directly calculate the response to de-
tect instability and prevent it using the ANN based on the variable
stiffness approach.

BTM

Conclusions

A neural-network-based aeroelastic response solver was devel-
oped for a two-dimensional dynamic aeroelastic system with a time-
varying torsional stiffness. The trained neural networks described
the free vibration response, the unsteady aerodynamic loads, and
the forced response of the system. Hence when these three neural
networks were integrated, the true dynamic aeroelastic response is
obtained. The neural networks were trained from a doublet-panel
method to describe the unsteady aerodynamic loads over an airfoil
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Fig. 4 Control of flutter at the flutter boundary using variable torsional stiffness: a) unstable pitching oscillations and b) flutter control by varying

the torsional stiffness as k. (£)=5+12(1—1.33¢ 7).
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and from a matrix exponential time-marching structural dynamics
solver to evaluate the dynamic response of the system to these aero-
dynamic loads. The trained neural networks could function at a
varying torsional stiffness within a specified range of stiffness vari-
ation. This array of neural networks was utilized to detect flutter in
the aeroelastic system and suppress flutter by using the concept of
a time-varying torsional stiffness.
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Introduction

OMPUTATIONAL aeroelasticity requires the coupling of

structural and fluid codes. Usually the structural grid and the
fluid surface grids do not coincide, and hence a data exchange
method is required that interfaces the loads and deformation infor-
mation between the two grids. A review of some of these transfor-
mation methods is available in Hounjet and Meijer,! Guruswamy,?
Smith et al.,*> and Potsdam and Guruswamy.* The simulation of
the aeroelastic response of wing-alone cases has become common.
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Fig. 1 Constant-volume-tetrahedron transformation.

Simulation in the transonic flow regime requires nonlinear aerody-
namic codes, which in turn are sensitive to changes in external ge-
ometry. For a complete aircraft, multicomponents need to be trans-
formed without introducing holes in the aerodynamic surface. A
reliable transformation method for aircraft geometries is proposed
in this Note and is demonstrated for the structural dynamics model
of Huang and Zan,’ a generic model for the F-16 aircraft.

Constant-Volume Tetrahedron

The constant-volume-tetrahedron (CVT) scheme is a transfor-
mation technique proposed in Goura® and Goura et al.” A surface
element consisting of the three nearest structural grid points x; ; (1),
X, ;(t), and x,;(¢) to a given fluid grid point x,;(¢) is identified.
Once the structural grid points are identified and associated with the
fluid grid point, the position of x,,; is given by the expression

Xaq, — x.v,i(t) = oa + ﬂb + Vd (1)

where a=x, ; —x,;, b=x,; —x,,, and d =a x b. Here the term
aa + b represents the location of the projection of x,; onto the
structural triangle and yd is the component out of the plane of this
triangle, as shown in Fig. 1. In the preceding the values of «, 8, and
y are calculated as

_bP@-c)—(a-b)b-c) 2
* T TlaPbP — @ b)@a-b)

_JaP®-0) — (@ -b)a-o)

P la|?1b]* — (a-b)(a - b) @
_(c-d)
= e “

As the structure deforms, the values of the structural grid points
change. The location of the fluid grid point is recalculated using
Eq. (1) with the following assumptions. First, the projection of the
fluid point is forced to move linearly in the structural triangle by
fixing o and B at their initial values. The value of y, which scales
the out-of-plane component, is calculated to ensure that the volume
of the tetrahedron formed by the three structural and one fluid points
remains constant. If the fluid and the structural points are planar, then
the expression reduces to linear interpolation for the position of the
fluid point.

This method has previously been tested for the aeroelastic re-
sponse of isolated wings in Goura et al.} The extension to complete
aircraft configurations is considered in the following section.

Transformation for Complete Aircraft

A version of the CVT that can do the transformation for acomplete
aircraft with the minimum of manual intervention and that preserves
the surface mesh, particularly at junctions between components, is
required. The insight for the method is provided by the paper of
Melville,’ which treats the aircraft components in a hierarchy.

The first stage of the method is to partition the fluid and structural
points into levels associated with components. The primary com-
ponent is the fuselage because all of the other parts of the aircraft



