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Active Flutter Suppression Using Recurrent Neural Networks
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The application of a recurrent dynamic neural network to the problem of adaptive active flutter suppression
is described. A significant feature of such a neural controller is its application to an unstable and nonminimum
phase system. Its development and experimental verification are carried out on a wing model with two tip control
surfaces, one at the leading edge and one at the trailing edge. It combines a network for the identification of the
variables to be controlled to a network carrying out the control task. The output generated by the first network
is used to command the deflection of the control surfaces. The controlled variables are two appropriate wing
accelerations, at the leading and trailing edges. Adaptivity is obtained by maintaining an online training of both
neural networks. Extensive preliminary numerical simulations allow tuning the values of the fundamental design
parameters required for an optimal compromise between computationalload and system performances. The results
of the application of such an approach to a real wing model have demonstrated its effectiveness in adapting to
different operational conditions. The flutter free envelope of the wing model has been extended to a speed up to
34 % higher than that corresponding to the uncontrolled flutter onset.

Introduction

PROBLEM in modern aerospace vehicles is flutter because

it can strongly limit the entire flight envelope. It is a dynamic
instability caused by a variationof the global system damping: being
fast it can be very dangerous and, if not properly controlled, even
destroy the entire structure.

Consequently, active flutter suppressionis a rewarding research
areain aeroservoelasticity. The active controlmust work with a large
number of varying configurations and operational parameters, for
example, flight speed, mass, and/or variable wing geometry. This
can generate some problemsto actively controlledsystems designed
with classical tools.

In the last few years, the use of adaptive controllers has seemed
to be the appropriate solution for the design of more flexible con-
trollers, requiring less attention for the in-flight tuning and being
capable to adapt to significant system parameters variations.!

Neural networks can be used to realize good adaptive controllers.
They are used in many applications, such as character recogni-
tion, elaboration of signals, associative memory, identification and
control.

The use of a neural network in control problems has been devel-
oped during the last 10 years, but for the most part, the results avail-
able deal with numerical simulations and static networks.>~* In the
recent past, adaptiveneural networkshave been successfullyapplied
in an experimental control of the vibrations of a large structure?’

Differentneural networkscanbe used as controllers.One operates
with static networks, where the free parameters (synaptic weights)
are fixed and there is no online learning. Another possibility is the
use of dynamic networks, which can follow time-varying systems
with an active learning and, in this way, realize an adaptive control.
The term active learning means that the weights of the network
are automatically updated during the controller activity. The third
possibility is the use of hybrid control, where the neural networks
help in improving a classical controller.

The aim of this work is the design and implementation of a
neural controller using a dynamic network characterized by on-
line learning>® One network is used to identify the acceleration
of some particular points of the dynamic system, and the informa-
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tion obtained by the first network is used in a mating controller
network. The group of identification-controlnets designed is like a
black box. It does not need any information about the system except
the measurements of the accelerometers, both for the identification
and control. This paper pursuesthe objective of realizing this neural
scheme of identification and control. The work is divided in two
parts: the first is numerical and aims at the design of the network
and at the choice of its correct architecture and topology. The sec-
ond part is experimental and tests the system applied on the existing
wing model. The tests have been carried out in a wind tunnel on a
wing model with fixed geometry and mass, but the test conditions
included variable wind-tunnel speed.

Physical and Numerical Wing Model

The model used is a cantilever wing (Fig. 1) of aspect ratio 8.25,
taper ratio 2, wing surface 0.31 m?, root chord 0.365 m, and span
1.22 m, with Wortmann FX L V-152 K 25 airfoil sections and two
control surfaces ranging from 64 to 90% of the wing span and cov-
ering 20 and 25% of the chord, respectively, for the leading- and
trailing-edge control surface. Each control surface can be deflected
upto £20deg. The most significant vibrationmodes and frequencies
of the wing, with blocked control surfaces, are shown in Table 1.

Two brushlessdc motors, placed at the wing root, actuate the con-
trol surfaces through connecting shafts. The motors are controlled
by closed-loop current power drives that, independently from the
actual motor state, allow a direct control of the actuating torque
with a bandwidth greatly exceeding the one envisioned for the posi-
tion servos. To emulate a real situationin which control surfaces are
often controlled through a position servo, the control of the motor
torque 7, is based on a proportional-integral-derivative (PID) com-
mand combined with a low-pass, second-order shaping filter with
passband o, and is given by

_as2+bs+c
° s(s + A)

@
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where &, is the controlled surface deflection, as sensed by poten-
tiometers placed at the wing tip side of each aileron, and 9. is the
related commanded position. The PID compensator is usually suf-
ficiently robust against aerodynamic forces and unmodeled distur-
bances to allow its design by approximating the response of an
isolated free control surface, as given by s2J, 8, =T,, with J, the
moment of inertia around the hinge axis, so that its closed-loop
response is governed by
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Table 1 Relevant vibration modes of wing model

NASTRAN Experimental
Mode frequency, Hz frequency, Hz
First bending 3.07 3.1
In-plane bending 5.95 6.0
First torsion 8.2 8.5
Second bending 18.45 18.6

DC MOTORS

1220

Fig.1 Wing model.
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Fig.2 Block diagram of control surface command.

The parametersa, b, ¢, and A are determined by prototypingthe de-
nominator, that is, the closed-loop poles, of the first term of Eq. (2)
according to a fourth-order, low-pass Thomson filter (see Ref. 7).
The command preshaping passbandis chosen in a way to avoid the
substantial bandwidth increase and significant step response over-
shootcausedby the zeros of the closed-looptransfer function, thatis,
to make (as® + bs + ¢)/ (s> + 2éws + »*) approximately constant.
This command conceptis shown in the block diagram of Fig. 2. The
wing modelis completedby four piezoresistiveaccelerometers,two
mounted at the wing tip close to the control surfaces hinges and two
at the midspan, whose signals are antialiazed by using two second-
order Butterworth filters.

The wing responseequations,to be used in the designsimulations,
have been determined by exploiting the aeroservoelastic modeling
capabilities of NASTRAN.® These allow the inclusion of arbitrary
transfer functions to connect the aeroelasticresponse to servos, sen-
sors, and related filters, and lead to an equation of the type

(s’IM,] + s[C,] + [K,] = q[Hon(k, M)]){gq,} =[B.]{5.} (3)

where s =0 + jo is the complex frequency; [M,], [C,], and [K,]
are the generalized mass, damping, and stiffness matrices related to
the generalized degrees of freedom vector {g, }, of order 12, includ-
ing the 4 base structural modes earlier described, the 2 control sur-
faces rotations, the PIDs dynamics, the command shaping, and the
antialiazing accelerometers filters. The aerodynamic transfer ma-
trix [H,,,(k)], with k = wc/2V, where c is the mean aerodynamic
chord and V the asymptotic wind speed, is scaled by the dynamic
pressure ¢ =pV?/2 and is available in tabulated form at different
reduced frequencies. Because of the low operational wind speeds,
it is assumed independent from the Mach number.

Equation (3) represents the system behavior in the complex fre-
quency domain. Its direct translation into the time domain would
lead to an integro-differentialequation due to the convolution term
arising from its aerodynamic part. It is, therefore, not amenable
for simulating the system in real time with standard state of the
art computational tools, generally related to differential equations.
Therefore, a formulation of the unsteady aerodynamic forces in the
time domain has to be found, to carry out the simulations required
during the design phase.

To this end, a finite state approximation’ could be used, but we
prefer the simpler approach of setting

[He ()] = (j’IM,] + jKIC,] + [K,] )

with matrices [M, ], [C,], and [K,] being obtained through a least-
squares fit of the available [H,,, (k)], which, to cover the range of
frequencies related to the flutter onset, extend up to k =2.

Performing the inverse Laplace transform, we simply approxi-
mate Eq. (3) in the time domain with

(IM,] = q(c/2V )’ M) (e } + (IC.] = q(c/2V)[CD) (g, )

so that, after defining [Mar]=[M,]—q(c/2V)’[M,], [Car]l=
[C,]—q(c/2V)IC,], and [Kx] =[K,] — q[K,], it can be readily
putinto the state form:

o) =Lt Prea) o)
P T M) [Kag]l = [MaE] T [Cak) qe

[0] [0]
* [[MAE]-‘[B(.J (0} [[B,,]} tn} ©

to be used for the simulations. The noise term {n} is added to ver-
ify the adaptive flutter suppression system behavior in relation to
realistic external disturbances, for example, turbulence and control
noise.

A V-g presentationofthe resultsof the stability analysisof Eq. (6)
did not show any substantial discrepancy between the eigenvalues
of Eq. (6) and those of a p—k solution of Eq. (3), thus demonstrating
that Eq. (6) is an adequate model for the prediction of the flutter
condition. This has been the only verification carried out to validate
the approximationintroducedby Eq. (4) because the actual adaptive
control should be quite insensitive to the model used to simulate
numerically its behaviorin the preliminary design phase; otherwise,
it will be doomed to failure during its implementation.

Dynamic Neural Network

A neural network (NN) is composed of elements called neurons,
characterized by a set of weighted inputs. The links between the
neurons and the external environmentare called synapses. The total
sum of the weighted inputs defines the internal activity of the neuron
whose output is controlled by a neuron activation function, which
usually limits the amplitude of the output. The mathematical model
of a neuron can be synthesizedin the following pair of equations:

P
Ve = E Wil

Jj=1

Vi = (Vi) 7

where u is the input vector, w the synaptic weight matrix, v the
internal activity, ¢ the activation function, and y the output.

The literature reports different algorithms to structure a dynamic
NN.!® One possibility considers each neural weight matrix as a
set of filters with a finite-duration impulse response instead of a
scalar value. Other possibilities introduce time delays in the input
vector of the NN or propagate the signals in time in a multilayer
feedforwardnetwork scheme justasin the back propagationthrough
time algorithm (BPTT).!? These approaches are characterized by a
large number of neurons, which entails a slow learning rate, so that
they are effectiveonly for slowly time-varyingsystems. The solution
adopted in the present case modifies the architecture of the NN to
make it intrinsically dynamic, and the topology used is that of a
recurrent NN (RNN), where the output of the neurons is delayed by
one time step and then fed back.

An RNN has many advantages over the other network schemes
already presented, for example, smaller dimensions, reduced com-
putational costs, and a faster learning: all characteristics that are
very important for real-time control problems.>¢

The use of RNNs can, however, generate its own problems, the
most important being the short memory caused by its small dimen-
sion, which leads to difficulties in the training phase.

Identification Network
In this paper a recurrent identification network (RIN) is used
to identify the acceleration of the system at particular points of
the wing. These points are connected with the location of the ac-
celerometersin the real model. At the instant £, the RIN determines
a prediction of the measurement [$(k + 1)] and allows carrying out
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a predictive control of the system. The use of the one step delayed
output in the prediction phase also acts in some sense as a first-
order filter on the measured data, with beneficial effects because the
accelerometers outputs are significantly corrupted by noise.

The RIN is essential in providing information about the dynamic
system used by the control network. It is trained online through
a real-time recurrent learning (RTRL), which proves to be very
fast 5610

The training is based on the minimization of a particularexpres-
sion that changes according to the problem. The error functionused
for the RIN is the total sum of the average square errors referred to
the nm output neurons.

id 15 id 2
Efn) == ) [¢'om)] @®)

Jj=1

The single error e(n) is the difference between the real accelera-
tion, that is, either the measured acceleration in the real system or
the numerical output during the simulations, and the identified RIN
output at the nth time step:

efi(n) = y;(m) = $'(m) ©)
The output of the neurons is evaluated by

j}i,.d(n +1)=a"- tanh[ﬂid . vi].d(n)] = ¢ [vi,.d(n)] (10)

nid
v_i].d(n) = Z wli._‘}(n) - ul(n) (11)

i=1
where nid is the total number of inputs to the network, $'¢ is the
output of all of the neurons, and tanh(-) is the adopted activation
function. A tanh(-) type activation function has been used for all
of the neurons, both for identification and control. The motivation
of this choice is that it matches the saturated positive and negative

values of the real accelerations.

Equation (11) representsthe internal activity of the single neuron.
The input vectoru, composedby nid elements, contains,in the order,
nm measured accelerations,ni control inputs, the one-step delayed
output, related to nm predicted accelerations and nhm extra hidden
outputs, and the threshold —1, as shown in Fig. 3.

The identification process aims at finding the distribution of the
weights, that is, the design parameters of the RIN, that minimizes
the error E at each time step. From a numerical point of view a
gradient technique is used, so that the variation of the weights in
the direction of the maximum slope proportional to the gradient
functionis

wi(n + 1) =wii(n) + Awii(n) (12)
. 4 0EY(n)

Awid(n) = -9 —— 13

= S 1

where 1/ represents the learningrate of the network. The indexes k
and [ range from 1 to the number of concatenated inputs and from
1 to the number of neurons, respectively.

In mathematical terms, the RTRL formulation is summarized by
the following equations>'?:

id nm ) F) if:l
dE"“(n) —Ze_‘f(n)- e;(n)

SO
- = - =- ey —4— (14)
awi(n) awid(n) ; 7 awid(ny

o9 (n+ 1) o9i(n+ 1) ovi(n) 9] ovid(n)
owid(n) — ovid(m)  owld(n) el owid(n)
(15)
avid(n) K| awli(n) o ould
— = ——ul(n) + wid(n) ul_(n) (16)
owid(n) — owid(n) T dwid(n)
nd Bwid(n)
ij dooN s L oid
,-2:: W“,- (n) =& -u; (n) a7
nid id nm + nhm aid
i ou;"(n) i 09,°(n)
w;d(n) — - = W;d(n) _— (18)
; T dwid(n) ; 7 dwid(n)

where ¢/[v;(n)] is the first derivative, with respect to v;, of the
sigmoidal activation function, and &; is the Kronecker delta.

The RTRL algorithm appears quite similar to the traditional
BPTT, but it is simpler because the actual memory of the network
is limited to a single time step of the predicted output. Unlike the
BPTT, no multilayer network is devised and no memory is required
for the measurements and input. The errors are never backpropa-
gated, but the recurrent connections allow explicit evaluation of the
temporal effects of the errors in the cost function and its gradient.

Control Network

Differenttechniquescan be used to control a system with a neural
controller (NC). The most often used method is based on the inver-
sion of the identified model, especially if the work is online and an
adaptive approachis required. However, the system to be controlled
in this work is unstable and nonminimum phase. The second char-
acteristic is very important because it makes the inverted model
unstable. The NC devised is, thus, based on a predictive control
approach, but a pseudoinversiontechnique has been used, introduc-
ing in the controller cost function a penalty term due to the control
action, to make the whole controller dynamics stable.!" To adapt
to time-varying conditions, a recurrent control network (RCN) has
been devised also for the controller, as shown in Fig. 3.

>
4 6C0

threshold -1

input layer

threshold -1

input layer

Fig.3 RNNs (RIN and RCN).
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The output of each neuron in the RCN is expressed as

Sn+1)=a"- tanh[ﬂCO . v‘f"(n)] = ¢% [vf_"(n)] (19)

&(n) =y n + 1) = $iin + 1) (20)
where $¢is the outputof the RIN, thatis, the accelerationprediction,
and yde‘ is the desired output, set to zero because the aim of flutter

suppression requires maintaining a structural acceleration close to
Zero.
The cost function to minimize is

1 nm 5 1 ni 5
E®(n) =Eze;° (n) + Eyzfs;o (n) (1)

Jj=1 Jj=1

where the second term defines the penalty element depending on
the same output of the RCN, nm is the number of the RIN outputs,
and ni is the number of the RCN outputs.

Note the splitting of Eq. (21) in two different terms. The first
depends on the difference between the actual and desired output of
the system, whereas the second one is necessary to limit the use of
controls, where &°(n) are the outputs of the RCN, that corresponds
physically to the commanded deflection of the control surfaces.

The term y representsthe weight of the penalty term and is a free
parameter optimizing the activity of the controller.

Again, the minimization of the control cost function E is per-
formed by the steepest descent rule

ECO(n)

Aw(n) = awc_*’(n) (22)

where 71 is the learning rate of the control. The cost function gra-
dientis evaluated as

BE“(N) X
dwi(n) ‘Z:e m:

o8 (n)
&0 .)
“’() yz " S

=Ei(n)+ y-Eyn) (23)

There are different terms to be determined: The first one depends
on the desired output and the second on the control penalty.

The RTRL algorithm applied to RCN learning is synthesized in
the following equations, based on the imposition that the variation
of the RIN weights is independent from the variation of the RCN
weights ®

The dependence on the desired output is evaluated with

Elm) = — :Zm;ej"(n) . % 24)

a;v(;’(:)l) - ay;d:;‘j(:)l) :;;((’;)) oLl :WL(;;))
25)

% - I"idl a::_?((:i () + witn) .:WL((';)) 26)
,M :::_di’z dm) =0 @n

nid ) oy id ni )
ZW’“;(”) uc_(n) ng+nm +nhm)]( ) ( ) (28)

i=1 owgy(n) =1 wv(n)
F(n+ 1) o (n+1) ovi(nm) _ ,w[ “(n )] ov°(n)
we(n)y  ove(n)  owl(n) ows(n)
(29)
ve(n) | owRm) cop . OUL(n)
w) [EW?’( my (W) ‘o‘Wf:?(n)} G0

nco awco()
co =5r_ co 31
2 i (n) = &, - u%(n) 31)

nco ni + nhi
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with nco the number of RCN inputs, &, the Kronecker symbol, and
nhi the number of hidden inputs, that is, the fictitious outputs of the
RCN that are fed back to the network.

The dependence on the control is evaluated with

ni aéco
Eym) =) &°(n) - —awfo((n)) (33)
s=1

where the derivative of the control with respect to the weights is
given by Egs. (29-32).

Finally, Eq. (34) represents the complete variation of the weight
matrix:

Aw) = =1 (E| + v - E) (34)

Preliminary Verification Through
Numerical Simulations

Extensive numerical simulations must be carried out to under-
stand the behavior of the presented networks, to decide the correct
architecture and topology in terms of number of neurons, and to
tune the numerical parameters.

In detail, the objectives of such numerical simulations are the
determination of the number of hidden and output neurons for the
RIN and RCN, the parameters of the activation function for each
neuron, the learning rates, the penalty terms, the input vector in the
RIN and RCN, the identification and the control frequency, and the
combination of accelerations to identify.

These numerical simulations can be divided in two different
groups: the first is characterized by a constant wind speed and is
used to build a robust set of networks, whereas the second is char-
acterized by an accelerating flow, and it is used to verify the new
flutter speed with the activation of the controller.

To make the numerical simulations closer to the experimental
activity the simulations included the following:

1) A disturbance on the accelerometers signal is included in the
form of a zero mean white noise of 0.01 g intensity. The noise level
has been inferred from the analysis of series of measurements taken
by the real accelerometers in previous wind tunnel tests.!

2) A square wave is included to force the control surfaces mo-
tion and to maintain the numerical model permanently excited. The
amplitude of the square wave is a parabolic decreasing function of
the airspeed, from +3-deg amplitude at zero speed to 0.5 deg at
and above the uncontrolled flutter speed of 25 m/s. This to have a
constantmaximum force as the dynamic pressure varies. The ampli-
tudeis either positive or negative according to arandomly generated
binary sequence.

3) Step control surfaces deflections of about 10 deg are included.

The number of the neurons affects the memory of the networks.
A large number of neurons increases its robustness and the preci-
sion of the identified output, but also the computational cost, while
decreasing the learning speed. However, a very precise identifica-
tion of the measured output is usually useless for control purposes
because in this case the control network also would be fed by the
sensor noise, causing dangerous chattering of the control surfaces.
The compromise is, therefore, between learning speed, true output
identification, and measurement noise filtering.

For conciseness,the simulated performancesof the controllerwill
not be shown but the considerationsthat led to the final design are
briefly reviewed.

As mentioned, the activation function chosen in this application
is the hyperbolic tangent, expressed in Egs. (10) and (20), with o
and f chosen to maximize the reaction of the output of each neuron
as suggested in the literature.!®
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The learning rates, either for the RIN or the RCN, have been
chosen as a compromise between the need of a fast learning (high
rates) and the obvious requirement of stability (low rates).

The penalty term turns out to be effectivein producinga stablein-
version of the nonminimum phase aeroelastic system, thus avoiding
the divergence of the control term.

The input vectors to the two networks in this application contain
the feedback of all of the neurons, because the networks are fully
recurrent,whereasotherinputsas detailedin Fig. 3 have beenchosen
to provide information about the model to the networks.

The control frequency is restricted by the computational power
available because for online learning the number of floating point
operationsis very high when the RIN and RCN are working. How-
ever, to follow the fairly fast dynamic system at hand, a relatively
high control frequency is required.

The best combination of accelerations to be identified turned out
to be those related to the midspan accelerometers. The use of wing
tip accelerations,alone or combined with the midspan ones, lead to
a controller extremely sensitive to any disturbance. In this case, the
control activity becomes too strong to allow a safe model inversion.
To overcome this problem, it could be useful to increase the control
penalty in the RCN, but this opportunity has not been investigated.

The parameters selected on the basis of all of the numerical tests
are summarized in Table 2.

The designed identification and control networks are each com-
posed of six neurons, two of which have a visible output whereas the
others have a hidden output. The schemes of the RIN and RCN and
their connectionswith the wing model are presentedin Figs. 3 and 4.

The numerical simulations proved that it was possible to increase
the flutter speed from 25 to 34 m/s with a topology that can with-
stand all of the earlier listed disturbances by using a neural control
and identification with a permanently active learning whose neu-
ron weights start from a group of values obtained from simulations
related to a lower wind speed. This preliminary learning phase is

Table2 Values of the networks free parameters

Parameter Value
Learning rate RIN, RCN n 0.4
Activation function parameters a, 8 1.716, %
Penalty y 0.1
Frequency RIN, RCN 180 Hz

Learning Algorith
(RTRL)

Fig.4 Block diagram of adaptive active flutter suppression system.

M motors

power
card

pressure
intake

important to prepare the networks for the disturbancesat increasing
flow speeds.

The numerical simulation demonstrated also the capability to
adapt to a variation of the model mass. This has been simulated
by suddenly varying the mass matrix of the wing model, as in a
store release case.

Experimental Setup

The tests of the control systemare carried out using an experimen-
tal setup (Fig. 5) composed of two personal computers, a 200-MHz
Pentium dedicated to both of the neural networks and a 100-MHz
Pentium implementing the servos. The use of two computersis due
mainly to the workload generated by the online training of the RNN
and partly to emulate realistic operating conditions with actuator
servoing controlled independently. In this view, each computer is
provided with a data acquisition card that also allows communica-
tion between the two personal computers using analog signals.

By the use of the networks tested during the numerical simula-
tions, itis possibletoreach a neural control frequency of 180 Hz, and
the controls determined by the RCN are sent to the other Pentium
at that rate. This control frequency is considered adequate for the
flutter suppression because the unstable mode is the torsional one,
at a frequency just above 8 Hz. The Pentium 100-MHz implements
the PID digitally at a frequency of 400 Hz, reads the command input
from the analog input channels of the card, and uses them to set the
positions of the two control surfaces. Because the value calculated
by the RCN is that at the k& + 1 time step but is read shortly after
step k, it is kept in memory and used only at the next loop of the
servo’s algorithm.!?

Experimental Verification

After a preliminary verification of the whole system and the cali-
bration of all of the parameters for the experimentalsetup, a verifica-
tion of the correct operation of the RNN was made by investigating
the filtering capability of the identifier and the stability of the con-
troller with the penalty of the control output. The objectives of this
experimental activity are as follows.

1) Verify the controller capability to increase the damping of
the aeroservoelastic system at speed below the uncontrolled flutter
onset, in presence of significant external disturbances represented
by wind turbulence and control surfaces impulsive commands.

2) Demonstrate the effectiveness of the adaptive controller to
suppress flutter at speeds higherthan that of the uncontrolledsystem.

3) Demonstrate the adaptivity of the RNN to variation of the
operational conditions, for example, speed variation.

All of these goals have been achieved, with an increase of the
flutter speed from just above 25 up to 34.5 m/s. The initial weights
of the two networks theoretically should not be influenced by the
results because any test and any true application would start at zero
speed and give the opportunityto train the networks with increasing
airspeed. However, the limited size of the networks and the bounded
learningrate, due to computer limitation and network stability prob-
lems, call for appropriateinitial weights to maximize performances.

A accelerometers P potentiometers

anti-aliasing
filters

|

motor
command

position control

PENTIUM 100

computed
control

neural identification
and control

PENTIUM 200

Fig.5 Overall framework of the experimental setup.
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3E-61
2E-6]
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o
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Fig. 6 Experiment at constant wind speed of 25 m/s.

2.0 JLeading Edge acceleration (g) - control on 2.0 7| Trailing Edge acceleration (g) - control on
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10 JLeading Edge control (deg) 10 7 Trailing Edge control (deg)
5 - 5 -
0 0
-5 —— 5
™ o B & &% 70 s 8 8
time (s) time (s)

Fig.7 Experiment at constant wind speed of 28.5 m/s.

For each experimental test, the two networks have been initialized work topology and initial weights, and the peaks in the error are
with the weights determined during simulations at a constant speed always decreasing as more disturbances are applied to the wing.
of 25 m/s. This choice has proven to provide very good results re- Figure 7 reports the results of a test performed at a constant wind
gardless of the transienthistory of the airspeed. speed of 28.5 m/s, 15% higher than the uncontrolled flutter speed.
Three significant test verifications are reported in Figs. 6-8. The The wind speed is progressively increased up to 28.5 m/s, with the
capability to increase the damping of the system below the uncon- control system already active and learning. Once the target speed
trolled flutter speed is shown in Fig. 6, where a series of impulsive is reached, a 6-deg impulse is commanded to both control surfaces.
commands are applied to the system by deflecting each control sur- The system response is particularly interesting because it shows a
face by 6 deg, at a constant wind speed of 25 m/s. A first impulse fast adaptation to the new dynamic condition. The perturbation is
is applied after 54 s, with the control off but the identification ac- completely damped in about 8 s. During the first 6 s, the system
tive, and a second impulse is applied after 70 s, when the previous is basically controlling the trailing-edge acceleration and learning
transient is completely damped, with the identification active and how to control the leading edge. Once the learning phase is com-
the control on. The damping enhancement of the controlled accel- pleted, the wing motion is damped in about 2 s without excessive
eration with respect to the uncontrolled case is evident. Figure 6 command power. This behavioris probably due to a less precise nu-
reports also the RIN mean square error (the square of the difference merical modeling of the leading-edgecontrol effectin the numerical
between the identified and the real acceleration of the system). The simulations, whose effects become relevant beyond the flutter speed

system is always well identified, proving the suitable choice of net- and, therefore, deserve more time to be appropriately learned.
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Fig.8 Experiment at variable wind speed.

As a final example, in Fig. 8 it is possible to see the behavior of
the neural controller when the wind speed s progressivelyincreased
up to 34.5 m/s. Once stabilized at the uncontrolled flutter speed, the
airspeedis increased in three subsequentintervals with acceleration
of about 5 m/s?. The controller obtained in this work has shown a
good capability to learn from the past perturbations, as proven by
the mean square error of the RIN. Because this test follows the one
presentedin Fig. 6, the error is even lower, and its trend is toward a
further decrease during the test even in presence of a perturbation,
representedin this case by the wind-tunnel turbulence. As shown in
Fig. 8, the control system is continuously working, but the control
deflectionsare about5% of the admissibleones even at the maximum
speed, which would leave most of the control power still available
for other tasks.

Comparing the results of the numerical simulationsto those of the
experiments, discrepancies were found in relation to the predicted
robustnessof the controller. In the simulationsit was able to control
a larger amount of perturbations, whereas during the tests the con-
troller has not presented suitable control authority in the presence
of wind-tunnel turbulence at speeds above 34 m/s. That may be due
to two effects. First, the relevant noise presentin the input signals to
the RIN is larger than expected and larger than simulated in the net-
work setup. Second, and most serious, the substantial change in the
physicalsystem at higher speedsis not compatible with the stability,
which would require either a faster learning rate of the networks or
a larger number of neurons, which at the moment is not compatible
with the computational power available.

Conclusions

The feasibility of using neural networks for an adaptive flutter
control has been verified, both for the identification tasks and for
the control tasks. In view of the limitations imposed by the avail-
able hardware, the identification network carries out the first one
with relative ease. The controller obtained has demonstrated cor-
rect behavior but some lack of robustness with respect to numerical
simulations. This has somewhat limited its predicted operationalca-
pability. Nevertheless,a significantimprovement(34%) of the flutter
speed has been obtained, against varying operating conditions. The
neural controller has proven to be applicable for the stabilization of
unstable nonminimum phase systems, with some aspects that seem

tomakeits applicationmore appealingthan othercontroltechniques.
It is worth continuing the study toward more robust algorithms and
networks architecture for stabilization because they displayed a re-
markable ease of use that seem apt to solve very complicated tasks.
Furthermore, the suppressionof flutter arising from sudden change
in physical parameters should be investigated. This situation, due,
for instance, to release of stores, can be more critical because of the
very short training time.
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