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Abstract

In aviation, flutter is a dangerous aeroelastic phenomenon resulting from uncontrolled, increasing vibration of
structural parts such as wings or tails at high speeds due to aerodynamic forces, leading to a breakdown of structural
integrity. This resonance-like condition is caused by the combination of the wing's bending and torsional modes.
Uncontrolled flutter can quickly lead to structural damage in the wing and loss of function in the control surfaces. This
can completely compromise flight safety. Therefore, flutter is one of the most important issues in international aircraft
certification standards. In this research, an observer-based LQR control system was designed for active flutter
suppression on a nonlinear two-degrees-of-freedom (2-DOF) aeroelastic wing model. Unmeasurable speed conditions
were predicted in real-time using a Kalman filter, and a full state feedback control structure was obtained solely from
sensor outputs. By examining different Kalman filter settings, the effects of measurement noise covariance on
estimation accuracy and dynamic response speed were revealed. All modeling and simulation studies were performed
using MATLAB/Simulink software.
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1. Introduction

Aircraft wings can be subjected to dangerous vibrations called flutter as a result of the interaction of aerodynamic loads
and structural flexibility [1]. When the flight speed exceeds a certain critical flutter speed, aerodynamic forces
continuously feed the structural vibrations, rapidly increasing their amplitude [2]. Uncontrolled flutter can very quickly
lead to structural damage in the wing, loss of function in control surfaces, and ultimately, a complete loss of flight safety
[3]- Therefore, the flutter phenomenon is one of the most important issues examined in international aircraft
certification standards [4].

Figure 1 shows the aeroelastic vibration modes and spatial distribution of these vibrations generated on the aircraft's
wing and control surfaces during flutter; it reveals that the most critical deformations are concentrated in the wingtip
and flap regions. Figure 1 represents the magnitudes of the complex-valued aeroelastic modes 9 and 8 [5].
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(a) Fluller mode 9.

{b} Flutter mode 8
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Figure 1 Displacement of the flutter modes [5]

In the past, passive methods such as making the wing more rigid, increasing structural mass, or changing the
aerodynamic profile have been used to prevent flutter problems [6]. However, these methods have limitations such as
increasing the weight of the aircraft, reducing fuel efficiency, and not providing sufficient performance in all flight
conditions [7]. Today, since modern passenger aircraft (Boeing 787, Airbus A350, etc.) use lightweight and flexible
composite wings, active flutter suppression systems have become critical [8]. Similarly, highly maneuverable fighter
aircraft (F-16, F-35, etc.) are susceptible to flutter risk without active control because they fly at supersonic speeds with
thin and flexible wing structures [9]. In this context, active flutter suppression systems have gained importance as an
advanced technology at the intersection of aerodynamics, structural mechanics, and control engineering [10]. To ensure
flight safety and prevent collisions, a robust design is necessary [11].

In this research, a control system for active flutter suppression was designed on a classical two-degrees-of-freedom (2-
DOF) aeroelastic airfoil cross-section model. The model includes the pitch and plunge degrees of freedom of the wing.
The control objective is to keep wing vibrations within safe amplitudes even under flight conditions above critical speed,
i.e., to rapidly dampen flutter vibrations with active feedback. For this purpose, the system was modeled in the Simulink
environment by adding nonlinear elements; flutter suppression was achieved by designing a Kalman state observer and
an LQR state feedback controller around the resulting model. MATLAB/Simulink offers advantages such as ease of
model analysis and a block diagram environment for dynamic system simulations [12]. Therefore, all modeling and
simulation studies in this research were carried out using MATLAB/Simulink.

2. Materials and Methods

Figure 2 shows an aeroelastic wing cross-section model incorporating pitch-plunge movements. The free flow velocity
U was chosen as 15 m/s, a value determined to ensure the system operates in the unstable flutter region. The air density
is p = 1.225 kg/m>. The damping and stiffness for the plunge motion are cn and kn. Damping and stiffness for the pitch
motion are c« and ke. The cubic stiffening term representing nonlinear behavior is ks. a represents the pitching angle.
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Figure 2 Aeroelastic wing cross-section model

The parameters for a two-degrees-of-freedom (bending and torsional) airfoil cross-section model used in aeroelasticity
and flutter analyses are given in Table 1.

Table 1 The parameters for a 2 DOF airfoil cross-section model

Symbol | Definition Value

ms Mass per unit span 12.38 kg/m

T Moment of inertia of mass around the elastic axis | 0.065 kg - m2/m
b Wing half-chord length 0.135m

Xo Dimensionless static instability 0.2466

a Position of the elastic axis -0.4

Ch Plunge damping coefficient 2743 N-s/m
Ca Pitch damping coefficient 0.036 N-m - s/rad
kn Plunge stiffness coefficient 2844.4 N/m

Ka Pitch stiffness coefficient 3.525N-m/rad
ks Cubic stiffness coefficient at the pitch degree 20

p Standard air density at sea level 1.225 kg/m3

U Free stream velocity 15m/s

Cia Lift curve slope 2T

Crma Static Pitch Stability -0.5

Cip Side Force/Lift Effect 3

Cmp Dihedral/Shear Moment Effect -0.6

The system consists of a nonlinear aeroelastic wing model, sensors, a Kalman state observer, and an LQR-based
feedback controller. Measured wing responses are subjected to state estimation using a Kalman filter, and the resulting
state vector is fed to the LQR controller to ensure effective vibration suppression even at critical flutter speeds.

The state vector fed to the controller is not the actual states but the states (X) estimated by the Kalman filter, and the

LQR control law is applied based on these estimations. Furthermore, the flap angle command is applied to the nonlinear
system by passing it through a saturation block representing the physical actuator limits.
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In this study, a classical two-degrees-of-freedom (2-DOF) pitch-plunge airfoil cross-section model is used to represent
the aeroelastic behavior. The overall coordinates of the system are as follows:

e h(t): Up-down displacement of the airfoil relative to the rigid fuselage (plunge) in meters.
e «a(t): Rotation angle of the airfoil relative to the aerodynamic axis (pitch) in radians.
e  [(t): Angle of the control surface (flap) in radians.

The state vector in this study is chosen as four-dimensional:

. . T
x(t) = [r(D), h(®), a (D), ¢ (V)] €Y
The system input is the angle change of the control surface (flap) located behind the wing:
u(t) = (o) (2)

The outputs are chosen as the measurable quantities of the wing in equation (3). Thus, both displacement and pitch
angle can be observed.

— h(t)]

y() = a(t)

(3)

The equations of motion of an aeroelastic system involve the interaction of the mass matrix (M), damping matrix (C),
structural stiffness matrix (K) and aerodynamic forces. In general, in the linear case, they can be expressed as follows:

Mq(t) + CCI(t) + K(CI)CI(t) = Faero (4)

Here, q(t) represents the free stream velocity.

_[h®

q(t) = a(t)

)

A two-degrees-of-freedom airfoil cross-section is typically defined as in equations (6) and (7). Here, (m) is the effective
mass, la is the moment of inertia, and Sa is the coupling term arising from eccentricity.

_[m S,

w=[s ©)
_[¢n  Cha

C - [Cah Ca] (7)

In this study, a cubic spring term has been added to the pitch angle stiffness as a nonlinear effect on the model:

 kn 0
k(o) = 0 k1+k3a2(t)] ®

This means that the recovering moment of the pitch motion is modeled as in equation (9). This nonlinear term provides
additional stiffness to the system, especially during large angular deflections, creating a realistic behavior.

Mst‘ruct(a) = k,a+ k3a3 (9)

The aerodynamic loads are expressed as in equation (10) using a simplified version of a classical Theodorsen-based
low-order model for constant speed (U). These loads include the lift force and aerodynamic moment components acting
on the wing cross-section. The selected parameters were determined based on similar 2-DOF aeroelastic cross-section
studies in the literature.

~ [L(h, a,h,a,pB, U)] (10)

~ [M(h,a,h,a,8,0)
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When the state vector for the four-state system is chosen as in equation (11), the nonlinear state-space equations can
be written as in equation (12).

X =hx,=hxs=ax,=da (11)
x(t) = f(x(8), u(®)) (12)

Here, the vector (f (-)) is obtained by appropriately rearranging the mass-damping-stiffness equations and aerodynamic
loads given above. This expression was implemented numerically using the “Fcn/Matlab Function” blocks used after the
integrator blocks in the Simulink model.

In this research, two separate Simulink models were created, separating the different analysis and control steps of the
system. This simplified the numerical linearization step and made the overall system structure modular.

The linearized plant model represents only the physical part of the system, namely the two-degrees-of-freedom
nonlinear aeroelastic wing system. It does not contain a controller or sensor model. Thanks to its simple structure, the
system's A and B matrices were obtained numerically using MATLAB's linmod function. Figure 3 shows the plant model
used for linearization.

Gt

MATLAB Funclian

Figure 3 Linearized plant model

The basic characteristics of the model are given below.

e Itonly receives the flap control signal () as input.

e The outputs are the state variables h, , h and a.

e Since the nonlinear structure of the system is preserved, the linearization result obtained from this model is

only valid around a certain equilibrium point.

The aim of this model is to obtain a linear approximation representing the behavior of a nonlinear aeroelastic system
around small deflections, thereby enabling the derivation of suitable system matrices for Kalman filter and LQR

controller design. The linear state-space model obtained as a result of the numerical linearization process is expressed
as:

x(t) = Ax(t) + Bu(t) (13)

y(t) = Cx(t) + Du(t) (14)
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The matrices A, B, C, and D were transferred to the MATLAB workspace. This linear model was used as the basis for the
design of the Kalman filter and LQR controller; the controlled behavior of the nonlinear system was evaluated through
this approach.

The main model simulating the entire system behavior is a complete closed-loop system including the nonlinear
physical system, the Kalman filter, and the LQR controller. The blocks it contains are shown in Figure 4.
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Figure 4 Main model
The components of the main system are as follows:

e  Physical System (Plant): It has the same structure as the system in the linearized plant model.

e Kalman Filter: It is designed based on a linear system, which allows for the prediction of conditions despite
sensor noise.

¢ LQR Controller: It is an optimal control approach designed to stabilize the system.

e Saturation: It includes a limiting block to prevent the flap angle from exceeding the physical limits of +15°.

¢ Noise Inputs and Scenario Selector: It is prepared to compare the filter behavior with different Kalman
parameters. White noise has been added to the output of the plant block to represent the actual sensor
behavior.

Thus, the measurement signal fed into the Kalman filter is modeled as in equation (15), where v(t) is the zero-mean
measurement noise with covariance R.

Y (©) = y(©) +v() (15)

The extended state-space model is given in equations (16) and (17).
x(t) = Ax(t) + Bu(t) + w(t) (16)
Y () = Cx() + Du(t) + v(t) (17)

All analyses, such as control performance, effects of different Kalman filter parameters, state estimation, and flap
control, were performed based on this main model. The graphical results are also based on simulations in this model.
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Since it is not possible to directly measure all state variables in the real system, a Kalman state observer was designed
using a linear state-space model [13]. The Kalman filter estimates the system states in real time using the measurable
outputs y(t) and the known control input [14]. In the filter design, model uncertainties and external effects are
represented by process noise w(t), and sensor errors by measurement noise v(t); these noises are assumed to be zero-
mean Gaussian processes [15]. Accordingly, process noise was modeled as w(t)~N(0, Q) and measurement noise as
v(t)~N(0, R) [16].

For the linear model, the continuous-time Kalman filter gain matrix L was calculated using the lqe function in MATLAB
and applied to the Kalman filter established in the Simulink model. The filter generates state estimations x(t) using the
noisy measurement vector ym (t) and control input (t); these estimations are fed back to the LQR controller to provide
closed-loop control. The performance of the Kalman filter was investigated by considering different values of the
measurement noise covariance matrix R [17]. In the case of low R, the filter relies more on the measurements and
follows the real system quickly, but some of the measurement noise is reflected in the prediction. In the case of high R,
the prediction signal is smoother, but the behavior of the real system is followed with a delay, especially at the beginning
and during sudden changes [18].

0.5 Kalman Filter with Differsant R Parameatar Analysis
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Figure 5 Kalman filter estimation with different R values for pitch angle

As shown in Figure 5, in the high R scenario, the filter relies more on the linearized model, resulting in insufficient
representation of cubic hardening effects in the nonlinear system and leading to estimation delay. Due to the phase
delay sensitivity of the flutter suppression problem, the low R scenario, which follows the real system faster, was found
to be more suitable for control applications and was preferred in the remainder of the study.

A state feedback controller based on the Linear-Quadratic Regulator (LQR) method has been designed for the active
control of the system. The LQR produces an optimal feedback gain by optimizing a specific performance index (cost
function) on the linearized system model [19]. The aim of this study is to suppress flutter-like oscillations as quickly as
possible while keeping the control surface movements as small as possible. In line with these objectives, the following
continuous-time cost function has been defined:

| (7 ©@upx® + 3 O, geu(©)) de (18)
0

In equation (18), QLqr represents the weight given to the state, and Riqr represents the weight given to the control input.
In this study:

When designing the Quor matrix, components representing vibration amplitudes, such as the wing’s pitch angle a and

plunge displacement h, were weighted with high coefficients. This increases the cost of deviations in these quantities,
ensuring that when the system oscillates, the LQR controller will quickly attempt to bring them back to zero.
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On the other hand, the Riqr scalar coefficient was chosen to be large enough to prevent the flap control signal from
becoming excessively amplified. This ensures that the controller will not generate disproportionately large control
commands while attempting to dampen the vibration, keeping the flap angle within physical limits. Simulation tests
showed that using larger pitching angle and velocity terms within the QLqr than larger plunge terms resulted in more
effective suppression of the flutter mode. Finally, using the selected Quqr and Rwgr, the optimal feedback gain vector K
was calculated in MATLAB using the Iqr function.

This K matrix is defined in the linear model as in equation (19).
u = —Kx (19)

Since not all states could be measured in the real system, the LQR control law was applied on the Simulink model based
on the states estimated by the Kalman filter as in equation (20). This design forms a combined LQR + Kalman control
structure.

u(t) = —Kx(t) (20)

The flap angle command, which is the controller output, is restricted to the range of fmax = -15° and fmax = +15°
according to equation (21) via the saturation block defined in Simulink.

pmin < B(t) < fmax 2D

Thus, even if the controller theoretically tries to generate a signal beyond these limits, the flap angle will not exceed the
physical limits. This has enabled the control system to be tested under the actual actuator limits. Furthermore, the Riqr
coefficient has been chosen to ensure that the flap movements remain within the physical limits.

3. Results

The designed LQR controller and Kalman observer were integrated into a nonlinear aeroelastic system model, and
various simulations were performed. At a constant flight speed U slightly above the critical flutter velocity, the system
can remain in stable mode when the initial conditions are kept small around zero (because the linear system is in
equilibrium around trim). To clearly observe the flutter phenomenon and test the effectiveness of the controller, the
initial conditions were deliberately chosen to be large. Although the system response may be limited at small amplitudes
due to nonlinear stiffening effects, it is observed that the system becomes unstable under larger deviations in the
uncontrolled condition.

Figure 6 below shows the time-domain responses obtained for the pitch angle response of the system and the flap
control input. The blue curves represent the results of the controlled state.
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Figure 6 Control performance of the nonlinear system

The upper graph shows the change in the wing's pitch angle over time, in degrees. Initially, a large deviation of
approximately 6 degrees is given for oo (zero-lift angle of attack). While this angular deviation would increase and lead
to flutter drag if no control is applied, the vibration amplitude is rapidly reduced with LQR control. Around t = 1 s, the
pitch angle has decreased to a small value around 0 degrees, meaning the settling time is approximately 1 second.
Although there are small oscillations in the + 0.5 degree range after t > 1 s due to small noise effects, these are acceptable
and the system is kept in equilibrium.

The graph below shows the change in flap control input in degrees over time and the saturation limits. The controller
commands the flap angle near its maximum limits to quickly correct the initial large error (drops at the + 15 degree
limit can be observed in the graph). At certain periods, the flap angle hits saturation (e.g., reaching the + 15 degree level
several times in the first second), but since the system calms down quickly, the flap command subsequently drops to
fluctuations of the order of + 5 degrees. This result indicates that the controller is operating under the physical actuator
limits and that flap movements remain at a reasonable level.

Simulations have shown that the designed controller operates successfully in both linear and nonlinear models. The
LQR gain designed around linearization was also able to dampen flutter vibrations in the actual nonlinear system. When
comparing the controlled responses of the linear and nonlinear models, similar trends were observed except for minor
differences; nonlinear effects did not lead to a significant degradation in performance. This confirms the validity of the
modeling and design approach used. Furthermore, despite the added measurement noise, the feedback signal remained
reliable thanks to the Kalman filter, and the control performance was not negatively affected.

The phase plane plot in Figure 7 visualizes the system's path from initial deflection to equilibrium. The trajectories

plotted in the pitch angle-angular velocity phase space reveal the controller's effectiveness in flutter suppression from
another perspective:
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Figure 7 Phase portrait of the controlled system

The horizontal axis represents the pitch angle (in radians), the vertical axis represents the pitch angular velocity (in
radians/s), and the green curve shows the state-space trajectory of the system over time. The yellow dot represents the
initial state corresponding to a high initial deviation (e.g., alpha(0) = 0.1 rad = 5.7 degrees, alpha dot(0) is
correspondingly high). Although the green trajectory initially traces an outward loop from this point (alpha has
increased further due to the energy initially supplied to the system, reaching approximately 0.15 rad), the trajectory
begins to narrow after the LQR control is activated. The curve is seen to spiral inward and shrink. Finally, the blue dot
shows the equilibrium point of the system (alpha = 0, alpha dot = 0). The green trajectory gradually accumulates around
the blue dot, meaning the system reaches a stable equilibrium. This phase portrait clearly demonstrates that the control
system can dampen vibrations and maintain its equilibrium position even with large initial deviations. Considering that,
in the absence of control, the system would follow an outward spiral in this phase space (unstable focus behavior), it is
clear that the flight remained in a safe zone thanks to active flutter suppression. In particular, thanks to the appropriate
selection of Kalman filter parameters, reliable status information was provided to the LQR controller even under
measurement noise; this played a decisive role in the continuity of active flutter suppression performance.

4., Conclusion

This research presents the design and successful testing of an observer-based control system for active flutter
suppression on a nonlinear two-degree-of-freedom (2-DOF) aeroelastic wing model. Unmeasurable velocity states are
predicted in real-time using a Kalman filter, and a full state feedback control structure is obtained solely from sensor
outputs. By examining different Kalman filter settings, the effects of measurement noise covariance on prediction
accuracy and dynamic response speed are revealed.

The LQR controller, designed on a linearized model, demonstrated effective performance even on a nonlinear system;
by selecting appropriate weighting matrices, the system was stabilized even under flight conditions exceeding the
critical speed. The design objectives of settling time under 1 second and flap angle of + 15° were met throughout all
simulations.

According to the results obtained, under active control:

e Wing vibration amplitudes were significantly reduced and flutter-induced amplitude was completely
suppressed.

¢ Unstable aeroelastic modes were damped by the feedback effect.

e The system maintained its stability despite nonlinear effects and sensor noise; the control structure was
observed to be robust against model uncertainties.

e The controller output remained within the physical limits of the actuator, and the system did not lose stability
even when the flap approached saturation.
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In conclusion, the developed active flutter suppression system offers a successful solution for enhancing structural
safety in critical flight conditions. It has been shown that aeroelastic instabilities, which cannot be effectively suppressed
by passive methods, can be managed with modern control and observer-based approaches, as demonstrated in this
study. The findings reveal that active flutter control strategies play a critical role in ensuring wing structural integrity
and flight safety in both civil aircraft and highly maneuverable military platforms.
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