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This paper presents an effective approach for the design of a flutter-suppression system by means of recurrent

neural networks. This system is used to move flutter instabilities outside the flight envelope of an unconventional

three-surface transport aircraft. The design process requires a comprehensive aircraft model in which flight

mechanics, structural dynamics, unsteady aerodynamics, and control-surface actuators are represented in state-

space form, according to the modern aeroelastic approach. The implemented regulator is based on two recurrent

neural networks: one is trained to identify the system dynamics and the other acts as a controller using an indirect

inversion of the identifiedmodel. Keeping the training of both recurrent networks online leads to an adaptive control

system. Extensive numerical tests are used to tune the neural network design parameters and to show how the neural

controller increases system damping, widening the flutter-free flight envelope bymore than 15%of the uncontrolled

flutter velocity.

Nomenclature

C = generalized damping matrix
c = reference chord, m
E = quadratic error
f = neuron activation function
fa = generalized aerodynamic forces due to the structural

deformation
HM = servo dynamic compliance
HN = servo transfer function
Ham = generalized aerodynamic forces frequency response

matrix
Hpr = proper part of the aerodynamic transfer function
K = generalized stiffness matrix
K = flight mechanics controller proportional gains
k = reduced frequency !c=2V1
M = generalized mass matrix
M = Mach number
Mh = hinge moment
NC = number of movable surfaces
NM = number of measures
Nin = number of network inputs
Nneuron = number of network neurons
p = nondimensional Laplace variable sc=2V1
q = modal degrees of freedom
q = dynamic pressure, pa
s = Laplace variable
u = network input
V1 = asymptotic velocity, m=s
v = neuron internal activity
vg = gust velocity, m=s
Wji = network synaptic weights

x = dynamic states
y = state-space system output
y = neuron output
� = movable surface deflection, rad
�C = servo command input
�ij = Kronecker symbol
� = learning rate
� = control penalization coefficient

Subscripts

a = aerodynamic states
B = states in the body-fixed reference
g = gust related quantity
I = states in the inertial reference
q = pitch rate
� = pitch angle

Superscripts

B = body-fixed reference
CON = control network
D = desired signal
I = inertial reference
ID = identification network
M = measures

I. Introduction

F LUTTER often can be a critical problem for current aircraft
design, due to the structure lightness, which leads to high

structural compliance. Several approaches may be followed to solve
this problem. The first, which may be denominated as passive,
basically goes through a redesign of the aircraft to increase its
stability boundaries. The second, which may be called active, tries to
exploit the capabilities of control systems to improve stability prop-
erties, usually with a smaller weight increment if compared with the
former approach. Furthermore, such controllers can be used to
improve the performances and the cruise comfort.

In this paper, an active control strategy based on recurrent neural
networks (RNNs) for flutter suppression is designed to improve the
stability boundaries and performances of a transport aircraft with an
unconventional configuration denominated X-DIA. The X-DIA,
sketched in Fig. 1, is a conceptual design of a short-range 70-seat jet
liner based on three main lifting surfaces: a front canard, a 15 deg
forward swept wing, and a T-tail. The three-surface configuration is
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expected to improve the aerodynamic efficiency of the aircraft [1–3],
allowing a minimum induced-drag trim point for all center-of-
gravity locations. The rear location of the main wing along the
fuselage, allowed by the forward swept wing coupledwith the canard
surfaces, yields to a positive cooperation between structures and
aerodynamics, allowing significant weight savings. The stability,
from the flight mechanics and aeroelastic point of view, may be a
problem and requires a thorough investigation [3,4]. However, the
three-surface configuration is expected to mitigate the reduction of
static margin of canard configurations [1].

This configuration is currently the object of numerous in-
vestigations at the Dipartimento di Ingegneria Aerospaziale of
Politecnico di Milano (DIAPM), both numerical and experimental
[5–7]. A 1=10- Froude-scaled, wind-tunnel model, shown in Fig. 2,
has been built and tests have been already carried out on it. Two
different all-movable canard planforms have been evaluated for the
reduction of fuselage vibrations [7]; a wing aeroelastic control has
been implemented and tested [8]. Because several configurations are
currently under investigation for the wind-tunnel model, it has been
chosen to refer, as a proof of concept, to the full-scale aircraft model
for the controller design.

Neural networks (NNs) are currently widely used for processing
and identification of signals and for control system design [9,10].
Usually, NNs used for identification are staticwhen the parameters of
the model are fixed and it is not necessary to have online learning.
However, for aeroelastic control, the use of an adaptive controller
seems the most appropriate choice because of largely varying flight
conditions, which means different dynamic pressures, Mach
numbers, mass configurations, and so on [11]. Static NNs have been
used for active adaptive aeroelastic control by Scott and Pado [12] on
the benchmark active controls technologywind-tunnelmodel using a
single-input/single-output architecture. Different control strategies

were tested to obtain adaptivity: a gain scheduled control law, using
Mach number and dynamic pressure as input, and an inverse model
control based on a static NN with the input to the network made by
the current and delayed values of sensor signals.

However, to cope with time variations in dynamics, it is necessary
to self-tune the controller, adjusting automatically to the current
operating conditions. To do so, it is necessary to continuously update
the synaptic weights (i.e., the parameters of the network). This
capability can be achieved by using RNNs, which add feedback
connections to classical NNs by creating internal states that develop
internal dynamics. This approach gives rise to a real active learning
system [13,14]. The application of RNNs to aeroelastic control has
already been pursued in previous works [15,16]. However, this time,
the approach is applied to a complete free-flying aircraft.

The basic system is made of two RNNs: one dedicated to the
identification of the system using the information collected by few
accelerometers on the aircraft and one dedicated to the control by an
indirect inversion of the identified model. Because aircraft are
nonminimum-phase dynamic systems, a penalty function is intro-
duced in the objective function to avoid the divergence of network
weights. The block obtained by grouping identification and control
networksworks as a sort of black box,which can be designedwithout
specific information on the system to be governed. However, to
choose the best network architecture and topology, a numerical test
campaign, such as the one here presented, is needed. The RNN
training phase is conducted by means of time-domain numerical
simulations, and so a state-space model of the entire system based on
afinite state rational approximation of unsteady aerodynamic loads is
required.

The paper is organized as follows. The first section is dedicated to
the description of the arrangement of the system including the
movable surfaces used to control and the presentation of the
comprehensive aeroservoelastic model built. The second section
investigates the stability properties of the model and the introduction
of a simple proportional controller to stabilize the flight mechanics
modes. The third section presents the architecture of the RNN
control system in detail, and the fourth section shows the numerical
results obtained by applying such a system to the aircraft under
investigation.

II. Aeroservoelastic Model

For this assessment of the RNN controller, only instabilities
related to symmetric modes have been taken into account. The flutter
controller must be designed relying on the following aerodynamic
surfaces already included in the wind-tunnel model: 1) the all-
movable canard surfaces; 2) four surfaces on the main wing, two on
the trailing edge, and two on the leading edge (see Fig. 3); and 3) the
elevators.

The structural model of the X-DIA is based on a finite element
(FE) stick model built using Nastran. The unsteady aerodynamic
loads are obtained using a doublet-lattice model (DLM) for the
aircraft lifting surfaces [17], coupled to interference bodies for the
fuselage (see Fig. 4). Because only symmetric modes are considered,
it has not been necessary to apply any correction for in-plane
movements of the T-tail [18].

To design the RNN controller, it is necessary to build a com-
prehensive, time-domain aeroservoelastic model of the X-DIA
aircraft concept. Such a model must include a detailed description
of the following items: 1) dynamics of the aircraft reference frame

Fig. 1 X-DIA concept configuration.

Fig. 2 X-DIA wind-tunnel model. Fig. 3 Control surfaces on themain wing; measures are in millimeters.
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(i.e., flight mechanics), 2) structural dynamics, 3) unsteady aero-
dynamics, and 4) control-surface actuator dynamics.

Using these data, two aeroservoelastic models are defined: a
designmodel and a verificationmodel, the latter using a larger modal
basis to represent structural dynamics. Of course, both must be able
to correctly represent the aircraft flutter behavior. The first model is
used in the control system design, whenmany numerical simulations
are performed to tune all control parameters. The larger and more
accurate verification model is used to clear the design from possible
spillover effects.

A. Aeroservoelastic State-Space Modeling

The FE model is used to compute the symmetric modes with the
lowest frequencies and includes the rigid-body modes. These modes
are used as input to the integral DLM aerodynamics. The results
are the unsteady aerodynamic loads due to harmonic boundary
oscillations of the structural modes, which lead to the generalized
aerodynamic forces (GAFs) frequency response matrixHam�k;M�.
With this aerodynamic formulation (DLM plus interference bodies),
it is not possible to obtain the speed derivatives along the flight
direction, which are essential to represent the aircraft phugoid mode.
However, such a contribution can be properly added to theHam using
data gathered from a flight mechanics study of the aircraft and
following the indications included in [19]. As a result, a frequency-
domain aeroelastic model is obtained:

�s2M� sC�K � qHam�k;M��q� 0 (1)

To implement a simulator for the synthesis of the neural controller,
Eq. (1)must be transformed into an appropriate time-domain system.
For this reason, it is necessary to build a finite state approximation
[20] of the GAFs transfer matrix Ham. A simple rational approxi-
mation can be obtained using Roger’s approach [21], which states
thatHam can be approximated as

H am�p� �D0 �D1p�D2p
2 �

Xm
i�0

p

p� �i
Ei (2)

The system poles included in Eq. (2), ��i, can be chosen arbitrarily
by the user in the range of interest of the reduced frequency k and
must be real and negative to ensure asymptotic stability of the
aerodynamic subsystem.All coefficients of thematrices inEq. (2) are
evaluated using a least-squares technique on each individual term.
The resulting model for the GAFs has a dimension equal to m � n,
where n is the number of structural modes, andm is called the order
of the rational approximation. Roger’s technique is straightforward,
robust, easy to implement, and inexpensive in terms of compu-
tational burden. However, an increase in the number of states should
be expected when high accuracy is required. System poles ��i are
assigned as evenly distributed points in the range of reduced
frequencies for which theHam matrix is known. When this range is
large, further improvements in the fitting ofHam coefficients may be

obtained by running a simple optimization on pole positioning. In
any case, given a large Roger’s approximation of the GAFs transfer
matrix, it is possible to recover a smaller model adopting classical
model-reduction techniques, such as the balanced-truncation
approach [22]. In this way, the user does not have to a priori decide
the dimension of the finite state approximation, because the right
system dimension is identified automatically through the balanced-
truncation process. For more details on such a technique, see [7].
The same identification process can be applied to gust GAFs [23].
As a result, a state-space model for GAFs is obtained,

c

2V1
_xa �Aaxa �Baq�Bag

vg
V1

fa � fg � Caxa �D0q�
c

2V1
D1 _q�

�
c

2V1

�
2

D2 �q

�D0g

vg
V1
� c

2V1
D1g

_vg
V1
�
�
c

2V1

�
2

D2g

�vg
V1

(3)

which can be connected to the structural model

M �q� C _q�Kq� q�fa � fg� (4)

to build the aeroelastic aircraft model in the time domain.

1. Servo-Actuators

The usual assumption of infinitely stiff and infinitely powerful
linear servo-actuators, able to drive the position of the control surface
exactly, may not be adequate for aeroservoelastic analyses. It is
usually necessary to add the dynamics of actuators to represent the
correct bandwidth of the surface position servo and the actuator
dynamic compliance, which may affect the whole system aeroelastic
behavior. In the most general case, the dynamics of an actuator for a
movable surface can be represented in the frequency domain by the
following expression [24]:

��HN�s��C �HM�s�Mh (5)

HN andHM are, respectively, the transfer functions of the servo and
its dynamic compliance. The servo, driven by the signal �C, supplies
a moment that acts on the hinge. To connect in feedback the servo-
actuator model to the aeroelastic system, it is necessary to find the
relation that gives the hinge moment as a function of � and the
command signal:

Mh �
1

HM�s�
�� �HN�s��C� (6)

Equation (6) can be easily transformed in a state-space model only if
the inverse of the dynamic compliance [i.e., the dynamic stiffness
1=HM�s�] is a proper transfer function. For this reason, the dynamic
compliance must be a proper, but not strictly proper, transfer
function; that is, the degree of the polynomial denominator must be
equal to the degree of the numerator. This condition is usually true if
only the low-frequency behavior is considered [25]. If an
electrohydraulic position control servo is considered, the closed-
loop dynamic stiffness presents a numerator with a degree 2 times
higher than the denominator [24], whereas the transfer function
Mh=�c �HN�s�=HM�s� remains strictly proper [24]. In this case, a
second-order residualization, similar to the one already used for the
generalized aerodynamic forces, can be employed for dynamic
compliancewithout breaking the causality of the overall system.This
is possible because the control-surface deflections, for which the
dynamics are naturally second order in time, are already included in
the structural model. So the dynamic stiffness can be represented as
the sum of a proper part plus the terms associated with the derivatives
of the movable surface deflection:

1

HM�s�
� N

p
M�s�

Dp
M�s�

�� sD1M�� s2D2M� (7)

Fig. 4 Aerodynamic DLM model grid.
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Equation (6) can be easily transformed into a time-domain system

[26] considering, in general, four inputs (�, _�, ��, and �C):

_xact �Axact �B���B�C �C

Mh � Cxact �D��D1M
_��D2M

�� (8)

Of course, the generalized degrees of freedom related to control-
surface deflectionsmust be included into the structural model and the
related GAFs must be computed using the DLM.

The final result is a state-space system that represents the
aeroservoelastic dynamics by a linear dynamic system of equations:

_x�Ax�B�C �Bgvg yM � Cx�D�C �Dgvg (9)

where the vector x is composed of the structural degrees of freedom q
and their first derivative in time _q, the control-surface rotations � and
_�, the aerodynamic internal states xa, and all the states of each
actuator dynamic system xact.

2. Inertial-to-Body-Fixed Transformation

Following the flight mechanics approach, the reference system
chosen to represent the rigid dynamics of the aircraft (i.e., the
dynamics of rigid-body modes) should be a body reference frame.
The state-space model obtained using Nastran modal data refers
to an inertial reference frame instead. Thus, a transformation between
the two reference frames is required. The inertial-to-body-fixed
transformation is performed using the procedure described by Lind
and Brenner [27] for small perturbations around a reference
condition restricted to symmetric modes.

The only degrees of freedom involved in such transformation are
the displacements and rotations of the aircraft center ofmass and their
derivatives. The small perturbation vector expressed in the inertial
reference is

x I � f x z � _x _z _� gT (10)

and the same vector in the body reference frame is

x B � f �x �z �� u w q gT (11)

using classical flight mechanics notation [28]. The transformation
from the body reference to the inertial one is

x I � T1xB _xI � T2 _xB � T3xB (12)

where the exact definition of matrices T1, T2, and T3 can be found in
[27]. By properly expanding the transformation matrices on all the
degrees of freedom, it is possible to obtain an aeroservoelastic model

in which only the effective rigid degrees of freedom (i.e., ��, u,w, and
q) are included. This transformation is applied to the state-space
aeroservoelastic model (9) to obtain the corresponding system in the
body reference:

_xB �ABxB �BB�C (13)

where

A B � T�12 �AIT1 � T3� BB � T�12 BI (14)

The signals measured by the accelerometers on the aircraft are also
in the body reference frame, and so a transformation must also be
applied to the output equations.

The direct application of the inertial to body transformation may
lead to an incorrect results for the aircraft rigid dynamics. It may
happen that the system poles that correspond to the short period and
the phugoid mode undergo modifications after applying such a
transformation, whereas they should remain unchanged.

Looking in depth into the applied transformations, it appears that
the error must be due to missing coefficient cancellations in the part
of theAB matrix of the state-space model of Eq. (13) associated with
rigid modes. To ensure that the resulting model is correct, it is

necessary to add a few constraints to the aerodynamic state-space
realization to force the cancellation of the coefficients necessary to
obtain the correct rigid dynamics in the body reference. Applying
Eq. (12) in level flight, the rigid mode’s GAFs transfer function
becomes

HB
am�p� � Ca�pI �Aa��1Ba �D0 � pD1 � p2D2

� c

2V1
D1T� p

c

2V1
D2T�HI

am�p� �
c

2V1
D1T

� p c

2V1
D2T (15)

where T is equal to

T �
0 0 0

0 0 �V1
0 0 0

2
4

3
5 (16)

The transfer function in the body reference system is therefore the
sum of that in the inertial reference system plus two terms related to
the nonproper part of the same transfer function. Using the final
value theorem, the asymptotic value of GAFs due to a step input in

the body-reference-frame pitch rotation �� can be computed as

lim
t!1

fa�t� � lim
p!0
HB

am�p�f 0 0 1 gT

�
�
HI

am�0� �
c

2V1
D1T

�
f 0 0 1 gT

�

0
BB@HI

am�0� �
c

2V1

0 0 �V1D1�x; z�
0 0 �V1D1�z; z�
0 0 �V1D1��; z�

2
64

3
75
1
CCA
8>><
>>:
0

0

1

9>>=
>>;

(17)

which must be zero, because the corresponding variation of angle of
attack is null. As a consequence, the first constraint to be imposed is

D1��; z� �
2HI

am�0���; ��
c

(18)

where the symbol � is used to indicate all rigid-mode rows. If the
system is forced by a vertical ramp input in the inertial reference
frame

z�t� � wt

the asymptotic value of the aerodynamic generalized force is equal to

lim
t!1

fa�t� � lim
s!0

HI
am�s�
s
f 0 w 0 gT

� w c

2V1
lim
p!0

HI
am�p���; z�

p

� w c

2V1
lim
p!0

�
HI

pr�p���; z�
p

�
�w c

2V1
D1��; z� (19)

where HI
Pr is the proper part of the aerodynamic transfer function:

that is,

H I
Pr � Ca�pI �Aa��1Ba �D0 (20)

The z ramp input is equivalent to a step variation of the angle of attack
�� w=V1, which corresponds to a variation of �. In the inertial
reference frame, it is straightforward to show that

lim
t!1

fa�t� � lim
p!0
HI

am�p���; ����HI
am�0���; ��

w

V1
(21)

Considering Eqs. (18), (19), and (21) together, it follows that

lim
p!0

HI
pr�0���; z�
p

� 0 (22)

This means that the proper part of the aerodynamic transfer function
associated with the z translation input must have two zeros placed at
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the origin of the complex plane. By imposing these two con-
straints. (18) and (22), the system poles remain practically un-
changed after the reference system transformation, as shown in
Fig. 5.

B. Analysis of the Configuration Without the Aeroelastic Controller

In this section, the results of some preliminary analyses are
presented to illustrate the aeroelastic behavior of the uncontrolled
symmetric X-DIA model.

1. Flight Mechanics

A simple flight mechanics control system is designed to augment
aircraft rigid-mode damping. Thanks to the frequency separation

between the first elastic mode and the rigid modes, it is possible to
split up the control system in two distinct parts: one designed to
control the aircraft flight dynamics and another designed to control
its deformable dynamics. Hence, the flight mechanics control system
is conceived as an inner loop independent of the aeroelastic control
system, as shown in the block diagram of Fig. 6. Clearly, it must be
ensured that the two control loops do not interact adversely, leading
to a reduction of the aircraft stability.

For the flight mechanics, a simple proportional control law on the
canards and elevators is applied [28,29]. The surface deflections are
driven by the aircraft pitch and pitch rate, which are supposed to be
measured by a vertical gyro and a rate gyro, respectively. The
following two simple relations are added to the aeroservoelastic
state-space model of the aircraft:

�can � Kcan
� �� Kcan

q q �eq � Keq
� �� K

eq
q q (23)

To adapt the controller to changing flight conditions, a gain
scheduling strategy is implemented; the control law gains are
determined for several design flight conditions and then linearly
interpolated at intermediate points. The gains are calculated using a
rigid model of the aircraft to augment the damping of the rigid modes
without changing their frequency significantly. The obtained results
are shown in Fig. 7, in which the root locus of the rigid modes at
different flight velocities is presented. Because the short-period
mode is already adequately damped (see the lines tagged as “control
off” in Fig. 7b), the control system mainly increases the phugoid
damping.
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Fig. 5 Comparison between rigid system roots in the inertial frame and in the body frame.

Fig. 6 Split configuration of the aircraft control systems.
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2. Aeroelastic Behavior

Figure 8 depicts the diagrams of the evolution of structural roots,
in terms of frequency and g damping, at different flight velocities.
The plotted data refer to the aircraft model with no active aeroelastic
control. In this configuration, the aircraft presents three different
flutters in a very small velocity range (i.e., between 195.5 and
203:5 m=s):

1) The first flutter at 195:5 m=s is a classical bending-torsion
flutter of the wing, as shown in Fig. 9a.

2) The second flutter at 195:5 m=s is a bending-torsion flutter of
the horizontal tail plane, as shown in Fig. 9b.

3) The third flutter at 203:5 m=s is characterized by a coupling
between the rigid-body pitch rotation (i.e., the short-period mode)
and thefirst wing bendingmode, as shown inFig. 9c; this is a peculiar
flutter mechanism related to the X-DIA negative-swept wing
configuration, already reported on another aircraft with a somewhat
similar architecture: the X-29A.

The flutter-suppression task is particularly complex, both because
of the closeness of the three flutter velocities and because of the high
tail flexibility, as demonstrated by the flutter modal shapes shown
in Fig. 9b. Moreover, the tail bending-torsion flutter is more difficult
to stabilize than the wing flutter, because there is a reduced
controllability of the related unstable mode through the elevators. As
a consequence, it has been decided to try to move this flutter at an
higher velocity by stiffening the stabilizer structure, as shown in the
Results section.

3. Actuators and Sensors

The flutter-suppression control system uses accelerometers as
input. The accelerometers setup is presented in Fig. 10; positions are
chosen, according to preliminary flutter analyses, so that a good
observability of all flutter modes is obtained. The signals are high-
pass-filtered (with a cut frequency of 1 Hz) to avoid interactions
between aeroelastic and aircraft flight dynamic controllers, then low-
pass-filtered (with a cut frequency of 50 Hz) to reduce noise and
avoid aliasing. Both high- and low-pass filters are based on a second-
order Butterworth frequency shaping.

The characteristics of the movable surface actuators have been
inferred by an appropriate scaling of their counterparts used on the
X-DIA wind-tunnel model. They are driven by a force proportional–
integral–derivative controller on the surface position error [8]:

Mh � PID�s���C � �� (24)

III. Control Methodology

The aeroelastic active control implemented for flutter suppression
is an indirect adaptive control system made up by an identifier,
needed to collect information on the system from the measures of its

input and output, and a controller, which exploits the identifier to
stabilize the aircraft. The system architecture is shown in the block
diagram of Fig. 11. Such a control strategy is suitable when a black-
box approach is chosen, because all information on the system under
control is inferred by the identifier without any prior knowledge of
the system. The identifier and the controller are realized by means
of two different RNNs: the former network takes the name of
neuroidentifier, and the latter is a neurocontroller. Figure 12 shows
the structure of a single-layer RNN. The jth neuron output at the
kth time step is calculated as

yj�k� � f�vj�k�� (25)

where the neuron internal activity is equal to

vj�k� �
XNin

i�1
Wji�k�ui�k� (26)

In Eq. (26),Nin is the number of network inputu. Among the network
input there is a constant value set to�1, named bias, which is used to
shift the origin of their activity value. In this application, all neurons
use the hyperbolic tangent activation function; that is,

yj�k� � � tanh��vj�k�� (27)

with ��
���
3
p

and �� 2
3
, as suggested by Haykin [30]. The

peculiarity of recurrent networks is that all neurons’ output are used
as input with a time-step delay. A neural network is de facto a
nonlinear map from the Ni-dimensional input space to the No-
dimensional output space; with a recurrent architecture, this map
becomes a dynamicmap. Dealingwith dynamic systems, the use of a
dynamic neural network is the natural choice. Moreover, with a
recurrent architecture, it is possible to limit the number of neurons
(comparedwith a static network) with a great benefit for the real-time
implementation of the controller. In such a network architecture, it is
possible to find two different types of neurons: the visible and the
hidden neurons. The former are neurons for which the desired output
value is known during the network training phase; the latter represent
the network internal states, and their desired output values are not
known.

A. Neuroidentifier

Neural networks are quite common in system identification due to
their well-known capability to be a universal approximator of generic
nonlinear functions within a desired accuracy. In an adaptive control
system, the identifier is designed to reproduce the input–output
relationship of the system. Therefore, it can be seen as an operatorP,
which represents a map from the input u to the output y:

y ID�t� � P�u�t�� (28)
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Fig. 8 Flutter diagrams without the aeroelastic controller.
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where yID�t� is the identified output. At the same time, for the real
physical system, it is possible to say that the measures yM�t� are

yM�t� � F�u�t�� (29)

The operator P is designed to keep the identification error low,
defined as kyID�t� � yM�t�k2.

The identifier is realized by a RNN for which the inputs are the
accelerometer measures and the movable surface deflections at the
kth time step (plus the hidden and visible neuron feedback signals)
and the outputs are the identified measures at the (k� 1)th time
step. So,

y ID�k� 1� � P�uID�k�� (30)

with

u ID�k� � f yIDvisible�k�; yIDhidden�k�; yM�k�; �C�k�; �1 gT

(31)

The identification network is trained to minimize the quadratic
identification error EID defined as

EID�k� � 1

2

XNM
j�1
�eIDj �k��2 (32)

where NM is the number of measures and eIDj is the single-measure

identification error, defined as the difference between the identified
and measured acceleration:

eIDj �k� � yMj �k� � yIDj �k� (33)

The synaptic weights are updated according to the gradient
technique:

WID
kl �k� 1� �WID

kl �k� � �
@EID�k�
@WID

kl �k�
(34)

Fig. 9 Structural forms of flutter modes.

Fig. 10 Positioning of the accelerometers on the aircraft structure.
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Therefore, the variation of weights goes in the opposite direction of
the gradient of the identification error. The parameter � is called the
learning rate and it is the fundamental parameter governing the RNN
training velocity. The learning rate value is limited by stability
considerations: too-high values may destabilize the training algo-
rithm, causing the divergence of synapticweights. On the other hand,
a low learning rate would limit the control system capability to
quickly adapt itself to system variations. Unfortunately, there is no
general theory to predict � limiting values for RNNs, and so the
best value for it must be tuned during the design simulations.

The gradient of the quadratic identification error, required by
Eq. (34), is computed according to the real-time recurrent learning
(RTRL) algorithm [31]. Using Eqs. (32) and (33), the derivative in
Eq. (34) is equal to

@EID�k�
@WID

kl �k�
�
XNM
j�1

eIDj �k�
@eIDj �k�
@WID

kl �k�
� �

XNM
j�1

eIDj �k�
@yIDj �k�
@WID

kl �k�
(35)

The term @yIDj �k�=@WID
kl �k� is initially equal to zero. Considering

that the jth neuron output is

yIDj �k� 1� � f�vIDj �k�� (36)

it follows that

@yIDj �k� 1�
@WID

kl �k�
� f0�vIDj �k��

@vIDj �k�
@WID

kl �k�
(37)

and from Eqs. (26–31),

@vIDj �k�
@WID

kl �k�
�
XNIDin
i�1

WID
ji �k�

@uIDi �k�
@WID

kl �k�
� �jkuIDl �k�

�
XNIDneuron
i�1

WID
ji �k�

@yIDi �k�
@WID

kl �k�
� �jkuIDl �k� (38)

In this way, the term @yIDj �k�=@WID
kl �k� can be updated for the next

time step. The summation in Eq. (38) can be limited to thefirstNIDneuron
inputs by considering that only the first NIDneuron inputs by means of
the feedback depend on synaptic weights. To effectively compute
the error gradient, the RTRL algorithm introduces the following
approximation,

@yIDi �k�
@WID

kl �k�
� @yIDi �k�
@WID

kl �k � 1� (39)

which means that the weights variation during the training phase is
neglected. Through simple simulations, it has been verified that this
approximation does not invalidate the identifier.

The performance of the RNN identifier has been evaluated on the
aeroservoelastic system using random deflections of the movable
surfaces as background excitation on the system. Figure 13 shows the
comparison between the acceleration signal measured at the wing tip
leading edge with the signal identified by the RNN. In particular,
Fig. 13a clearly shows how the synaptic weights initialized at zero
evolve rapidly toward the correct value to generate a fairly good
signal after only 4 s. In 50 s, the identification process reached a
perfect convergence, as shown in Fig. 13b.

B. Neurocontroller

The control strategy implemented is based on an indirect inversion
of the identified system to obtain the desired system output yD. The
control effort uC is obtained by computing the inverse of the operator
P defined in Eq. (28); that is,

u C � P�1�yD� (40)

The inputs to the RNN controller are the output of the identification
RNN yID�k� 1� and the control-surface deflections �C�k�, and so

uCON�k��
f yCONvisible�k�; yCONhidden�k�; yID�k� 1�; �C�k�; �1 gT (41)

Fig. 11 Block diagram of the implemented control system.

Fig. 12 Recurrent neural network architecture.
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whereas the outputs are the desired control efforts [i.e., the �C�k� 1�
to be applied]. Here, the network is trained to minimize the quadratic
error combined with an additional term, called the control pe-
nalization term, used to limit the control effort in away similar to that
done in standard quadratic optimal control:

ECON�k� � 1

2

XNM
j�1
�eCONj �k��2 � 1

2
�
XNC
j�1
��Cj �k��2 (42)

with

eCONj �k� � yDj �k� 1� � yIDj �k� 1� (43)

In a nonminimum-phase system, such as the one under investi-
gation, all zeros in the right half of the complex plane may be
transformed into unstable poles of the controller by a straight system
inversion. In this case, the penalty term is necessary to avoid the
divergence of the control [32].

The control network is trained, like the identification network,
following the gradient technique and using the RTRL algorithm to
calculate the error gradient. In this case,

@ECON�k�
@WCON

kl �k�
� �

XNM
j�1

eCONj �k�
@yIDj �k� 1�
@WCON

kl �k�
� �

XNC
j�1

�Cj �k�
@�Cj �k�

@WCON
kl �k�

(44)

Using Eq. (36),

@yIDj �k� 1�
@WCON

kl �k�
� f0�vIDj �k��

@vIDj �k�
@WCON

kl �k�
(45)

Only �C in the identification network input vector (31) depends
on the weights of the control network, and the weights of the
identification network are not function of the weights of the control
network. So it results that

@vIDj �k�
@WCON

kl �k�
�
XNIDin
i�1

WID
ji �k�

@uIDi �k�
@WCON

kl �k�

�
XNC
i�1

WID
j�i�NIDneuron�NM�

@yCONi �k�
@WCON

kl �k�
(46)

@yCONj �k� 1�
@WCON

kl �k�
� f0�vCONj �k��

@vCONj �k�
@WCON

kl �k�
(47)

Fig. 14 Adaptive neural controller framework.
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Fig. 15 Flutter analysis without aeroelastic control system of the modified aircraft.
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@vCONj �k�
@WCON

kl �k�
�
XNCON
neuron

i�1
WCON
ji �k�

@yCONi �k�
@WCON

kl �k�
� �kjuCONl �k� (48)

Instead, the term in Eq. (44) related to the control penalization is
simply equal to

XNC
j�1

�Cj �k�
@�Cj �k�

@WCON
kl �k�

�
XNC
j�1

yCONj �k�
@yCONj �k�
@WCON

kl �k�
(49)

The variation of weights during the training phase is neglected here.
The resulting structure of the neural adaptive control system is

summarized in Fig. 14. As a matter of fact, the adaptivity of the
control system is achieved by keeping the networks’ training always
active, so that the control adapts itself to system variations by
modifying the networks’ weights appropriately.

IV. Results

The straight application of the described control strategy to the
whole aircraft model failed in achieving flutter suppression. In fact,
as previously pointed out, the presence of three flutter modes in a
small velocity range and the excessive tail compliance made the
control system task too difficult. Therefore, it has been decided to
adopt a partly passive strategy by stiffening the tail to increase the
first torsional frequency of the stabilizer by about 40%. It should be
noted that such a stiffening also appeared to be required to fix an
inadequate static-strength behavior. Figure 15 presents the results of
a flutter analysis on the stiffened model, showing a clear increase of
the flutter velocity of the stabilizer bending-torsion flutter, moving it

well outside the limits of the flight envelope, while keeping the
related weight penalty acceptable.

As a consequence, the number of accelerometers has been reduced
to six: four on the wing and two on the fuselage (one on the nose
and one on the rear) to observe the aircraft pitch. The resulting
configuration of the control system can be used to stabilize the two
remainingflutters and to extend theflight envelope by 15%, as shown
in the following paragraphs.

A. Neural Network Parameters

Extensive numerical simulations using the design model were
carried out to tune all network parameters. The controller sampling
rate was set to 200 Hz, considering that the maximum flutter
frequency of interest is around 10 Hz. Both the identification and the
control networks are composed of a single layer of 18 neurons, 6 of
which are visible: they correspond to the 6 identified accelerations for
the identification network and to the 6 movable surfaces rotations for
the control network. It has been verified that an additional increase in
the number of neurons does not improve the control behavior
significantly. The learning rates are a result of a tradeoff: high rates
lead to control algorithm instability, whereas too-low rates reduce the
control capability to quickly adapt itself to system variations. All
parameters chosen for the different RNNs are presented in Table 1.

To improve the behavior of the controller in suppressing the pitch-
bending flutter, the control network has been split in two separate
parts, each one using a different learning rate and control penalty
term. Part A is specialized in stabilizing the torsion-bending wing
flutter using the four wing accelerometers and the four wing control
surfaces, and the part B is dedicated to the pitch-bending flutter using
only the elevator and canard deflections and fuselage accelerometer
signals. The parameters of the resulting networks are summarized in

Table 1 Parameters used for the RNNs

Neuroidentifier Neurocontroller

Frequency 200 Hz 200 Hz
Neuron number 18 18
Learning rate �� 0:2 �A � 0:1; �B � 0:4
Penalty term —— �A � 0:3; �B � 0:02

Table 2 Computational time required by the RNN controller

Controller

tID 8 neurons 12 neurons 16 neurons

ID 8 neurons 0.9 ms 1.2 ms 1.5 ms 2.3 ms
ID 12 neurons 1.2 ms 1.2 ms 1.6 ms 2.4 ms
ID 16 neurons 1.8 ms 1.3 ms 1.7 ms 2.6 ms
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Fig. 16 Wing tip trailing-edge acceleration at V1 � 190 m=s.
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Table 1. All numerical simulations have been performed in
MATLAB and without any code optimization. Nevertheless, the
computational time required (shown in Table 2) is small and will not
jeopardize a real-time implementation of such a controller.

To start from a set of realistic preliminary synaptic weights, both
networks are trained offline, with the very same training algorithm
described in the previous section. In this way, excessive accelera-
tions during the initial online training phase are avoided and the
training time is reduced. During each simulation, the network
training is kept online to achieve the required adaptiveness.

B. Simulation Results

The designed flutter-suppression system has been tested by
running several simulations to quantify the achieved performances.

During all simulations, the system has been perturbed by random
deflections of the control surfaces to keep the system identification
always active, with amaximum frequency of 20Hz and an amplitude
of 0.2 deg for the wing surfaces and 0.02 deg for the elevator and the
canard surface. A zero-mean-measurement white noise of 0:1 g
intensity is added to the accelerometer signals to test neural control
system robustness. Figure 16a shows the signal of the accelerometer
placed at the wing tip trailing edge, due to an impulsive deflection of
5 deg of the wing aileron when the aircraft is flying at a velocity of
5:5 m=s below the first flutter onset with control turned on and off.
The significant increase of damping can also be seen from Fig. 16b,
which shows the frequency content of the signal. Figure 17 presents
the results of a simulation at aflight velocity of220 m=s, well beyond
the first and second flutter velocities. The control system is able to
keep the aircraft stable, and it is also able to suitably recover stability
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after turning off the controller for a short period of time, during
which the instability develops. Finally, Fig. 18b shows the result of
a simulation with a changing velocity, using a profile shown in
Fig. 18a. Such a simulationwas carried out to test the capability of the
controller to widen the flutter-free flight envelope of about 30 m=s
and to adapt itself automatically to flight velocity variations.
Furthermore, Fig. 18c shows that these results have been achieved
with a limited control effort, because the largest surface deflection is
below 1 deg. Table 3 shows the variances of the accelerations at the
wing tip and at the aircraft center of mass due to atmospheric
turbulence, modeled as a random noise with a limited frequency
content. Also in this case, the neural control system has a beneficial
effect in terms of gust alleviation, due to its capability to increase the
system damping.

Simulations performed with the verification model showed
essentially the same behavior as the neural control system, proving
the absence of any spillover effect.

V. Conclusions

In this work, the feasibility of a RNN adaptive control scheme for
flutter suppression of an aircraft has been demonstrated. To achieve
these results, it has been necessary to implement a comprehensive
aeroservoelastic model in the time domain, correctly taking into
account the flight dynamics of the aircraft.

It has been shown that the neural control is able to increment
the system damping to 1) increase the flutter onset velocity and
2) improve the aircraft gust response. The controller shows a good
robustness, ensuring the stabilization in the presence of a significant
measurement noise. A passive tail stiffening has been required to
stabilize the aircraft. In future activities, it will be interesting to
analyze inmore detail the possibility to control the tail compliance by
an active system by increasing the number of control surfaces on it.
Because the proposed neural control system is naturally nonlinear, an
interesting development of this study would be to test the controller
with a nonlinear model of the aircraft, including movable surface
backlashes and friction, to evaluate the capability of suppressing
possible limit cycle oscillations. An experimental test of such a
control methodology is already scheduled on the 1=10-scaled model
of the X-DIA in the DIAPM wind tunnel.
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