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Ultraefficient, high-aspect-ratio wings offer a promising solution
for reducing emissions in next-generation aircraft. However, these
designs are sensitive to atmospheric disturbances and prone to in-
stability. While active control strategies can mitigate structural loads
and stabilize the system, their development is challenging due to
the uncertain and time-varying nature of aeroelastic systems. This
article addresses these challenges with a direct, adaptive, data-driven
approach. The proposed data-enabled policy optimization algorithm
leverages sample covariance to directly learn and adapt control
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strategies from a single batch of persistently exciting, closed-loop
input-output data. A forgetting factor mechanism enhances adapt-
ability to time-varying dynamics during operation. The algorithm
is explicit and recursive, requiring only a single step of projected
gradient descent per sample, improving computational efficiency and
enabling real-time application. Numerical simulations demonstrate
that the proposed algorithm effectively suppresses unstable flutter,
alleviates structural loads, adapts to dynamic time variations, and
minimizes control effort—all without requiring prior knowledge of
system dynamics or disturbances.

[. INTRODUCTION

Disruptive new aircraft technologies are urgently re-
quired by the European Commission to achieve climate neu-
trality by 2050. To meet this ambitious target, the next gen-
eration of short- to medium-range aircraft must reduce net
greenhouse gas emissions by at least 30% [1]. This segment
constitutes the largest contributor to emissions in commer-
cial air transportation [1]. One promising strategy involves
the development of aircraft equipped with high-aspect-ratio
wings constructed from ultralightweight materials. This de-
sign offers significant advantages, such as improved aerody-
namic efficiency and reduced weight. However, it intensifies
the interplay between aerodynamic forces and structural
elastic dynamics, a phenomenon known as aeroelasticity.
Consequently, these wings become more susceptible to
atmospheric disturbances and instability phenomena such
as flutter [1], [2].

Active control techniques show significant potential for
stabilizing aeroelastic systems and reducing structural loads
caused by atmospheric disturbances [3], [4]. An appro-
priately designed control algorithm can utilize distributed
onboard sensor data to actuate trailing-edge control surfaces
along the wings. This allows local aerodynamic pressures to
be manipulated, thereby alleviating loads and suppressing
flutter while minimizing control effort to conserve energy.

Achieving these objectives necessitates a comprehen-
sive understanding of the system’s dynamics, typically
obtained through mathematical modeling. However, the
dynamics of an aeroelastic aircraft operating in the transonic
regime are inherently complex: they are uncertain, non-
linear, time-varying, and infinite-dimensional [1], [S]. The
infinite dimensionality arises from the continuous spectrum
of structural vibration dynamics and aerodynamic vortex
effects.

Modeling these dynamics usually begins with first-
principles-based approaches to establish a model structure,
followed by parameter estimation using high-fidelity com-
putational fluid dynamics (CFD) and computational struc-
tural dynamics (CSD) simulations [5], [6]. Despite their
accuracy, these simulations rely on underlying assumptions
and require real-world data for validation and correction,
typically sourced from scaled wind tunnel experiments
and flight tests. This process is resource-intensive, and the
integration of data from diverse sources—often collected
under varying conditions—requires significant engineering
expertise and iterative refinement.

Despite these efforts, the resulting models are typically
nonlinear and high-dimensional. To facilitate real-time
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control design, these models often undergo significant
simplification through order reduction and linearization [7],
[8]. However, such simplifications can compromise the
stability and robustness of the designed controller. While
robust control methods can manage model inaccuracies to
some extent, they can be overly conservative [9]. Moreover,
conventional aircraft control systems are typically designed
using offline models. This poses challenges, as aircraft
operate in uncertain environments where factors, such
as icing, manufacturing tolerances, buckling, structural
maintenance, and unforeseen damage can significantly
alter their dynamics [10], [11]. Such variations challenge
the effectiveness of traditional offline model-based control
approaches.

Up to this point, it has been revealed that for complex
dynamic systems, the modeling process can be cumber-
some, while the resulting models often exhibit uncertainty
and require substantial simplification to enable feasible
controller design, thereby creating significant gaps between
the model and the actual system. These limitations can be
addressed through data-driven control methods, which are
broadly categorized into indirect and direct approaches. The
indirect approach involves system identification, where a
model is derived from offline/online data and subsequently
used for model-based controller design. However, this two-
step process is computationally intensive, particularly for
large-scale systems requiring real-time updates to accom-
modate dynamic property changes [12]. Conversely, the
direct approach bypasses system identification, designing
control policies directly from raw data. By leveraging real-
time, data-rich information, this approach eliminates re-
liance on assumptions and simplifications [12]. It inherently
captures the influences of uncertainties and disturbances on
the system, seamlessly incorporating them into the control
design [13]. Furthermore, it avoids the concomitant issues
of unmodeled dynamics and robustness concerns inherent
in model-based control, making it a more efficient solution
for complex systems [14].

Direct data-driven control approaches for aeroelastic or
general aerospace systems do exist [15], [16], [17], [18].
However, most of these methods—if not all—face two
significant limitations: their reliance on episodic data and
their computational inefficiency. The reliance on episodic
data means that the control policy is derived from a single
episode of offline data or multiple alternating episodes of
data collection batches [19], [20]. In other words, the control
policy is updated only after an entire episode is complete.
This limitation stems from the need for statistically inde-
pendent data and the methods used for regret analysis [21].
As a result, the dimensionality of the problem scales with
the length of the data, and these methods are unable to
update the policy in real time using online closed-loop data.
This inability contrasts with the online adaptive approach,
which allows for continuous policy updates during real-time
operations.

Ideally, the control of aeroelastic systems necessitates a
direct, data-driven, adaptive, and computationally efficient
method with convergence guarantees.
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One promising candidate is data-enabled policy op-
timization (DeePO) recently proposed in [21] and [22].
DeePO belongs to the broader category of policy optimiza-
tion, which parameterizes the control policy and recursively
updates it to minimize a cost function using gradient-based
methods [23], [24]. A representative method is zeroth-order
policy optimization, a cornerstone of model-free reinforce-
ment learning [25], [26], [27], [28]. While zeroth-order
policy optimization is direct and data-driven, it is unsuitable
for online adaptive control. This limitation is due to the
fact that the cost function required for gradient estimation
can only be calculated after observing multiple complete
trajectories of sufficient length. Furthermore, achieving
an optimal policy using zeroth-order methods requires a
prohibitively large number of trajectories [21].

Different from zeroth-order policy optimization, DeePO
computes gradients directly from a single trajectory of finite
length. This is accomplished by parameterizing the control
policy using the sample covariance of online closed-loop
data [21], [29]. By performing a single gradient descent
per sample, DeePO efficiently updates the control policy
from online closed-loop data. Furthermore, the algorithm
can be explicitly and recursively implemented via rank-
one updates, making it computationally efficient. The di-
rect, data-driven, and online adaptive features of DeePO
make it highly suitable for controlling uncertain and time-
varying systems subject to unknown stochastic external
disturbances. The DeePO method has been extended to
linear quadratic tracking problem [30] and applied to power
converter systems [31] and an autonomous bicycle with
real-world experiments [32].

In this article, we further develop the DeePO method
in both theory and application to address the challenge of
unified flutter suppression and gust load alleviation in an
uncertain and time-varying aeroelastic system.

Our theoretical contributions are twofold. First, we pro-
pose a forgetting factor mechanism for the DeePO algorithm
to resolve issues of potential performance degradation and
numerical stability problems encountered in state-of-the-
art methods when applied to fast time-varying dynamic
systems. Second, we incorporate the system’s direct trans-
mission matrix, which has often been neglected in prior
research, into the algorithm’s development, resulting in
more general expressions and broader applicability.

From a practical relevance standpoint, this work rep-
resents the first achievement of unified aeroelastic flut-
ter suppression and gust load alleviation control with-
out relying on any prior models or disturbance knowl-
edge. Moreover, it introduces the first approach capable
of addressing the time-varying optimal control problem
in an unstable and underactuated aeroelastic system with-
out employing a scheduling parameter methodology. Fur-
thermore, this work pioneers the optimal control of an
output-feedback aeroelastic system without requiring ex-
plicit state estimation/observation, or system identifica-
tion. In addition, the effectiveness and efficiency of the
proposed algorithm are demonstrated through high-fidelity
data-supported simulations.
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Fig. 1.

Ilustration of an aeroelastic aircraft subjects to unknown
turbulence.

The rest of this article is organized as follows: the
aeroelastic control problem is formulated in Section II;
the DeePO algorithm is developed in Sections III and
IV; the simulation results are presented and discussed in
Section V. Finally, Section VI concludes this article.

Notations: In this article, I indicates a k-by-k identify
matrix; 0,., indicates a p-by-g zero matrix; OF is the left
pseudoinverse of O; || - || denotes the 2-norm of a matrix
or a vector; Tr(-) denotes the trace of a matrix; @, is the
sample covariance of input-state data at ¢; W, is the sample
covariance of input—output data at ¢; p,(-) indicates the
spectral radius of a matrix; p denotes the scaling parameter
of a linear parameter-varying system, which is only used
for simulation purposes and is unknown by the controller.

[I. AEROELASTIC FLUTTER AND LOADS CONTROL
A.  System Dynamics

This research considers the next generation of ultrahigh-
performance transonic commercial aircraft equipped with
high aspect-ratio, slender wings, designed to operate in
transonic flow conditions. The slender configuration, along
with a lightweight structure, offers significant benefits for
enhancing aircraft efficiency, leading to reduced fuel con-
sumption and emissions. However, as a tradeoff, the wing
becomes more flexible, with an anticipated tip deflection
of 15%-20% of the semispan. Moreover, this increased
flexibility makes the wing more sensitive to atmospheric
disturbances and more prone to become unstable. Fig. 1
presents an illustration of a flexible aircraft operating in
disturbed flow. It also depicts a realistic wind tunnel ex-
periment setup, representing a scaled and mirrored version
of real-world conditions. The dynamics of an aeroelastic
wing under the excitation of atmospheric disturbances can
be modeled as

x(t) = A(t)x(t) + B (H)u(t) + By (t)aa(t) + wy (1)
() =C()x(t) + D Mu) + Dy(H)aa(t) + v, () (1)

where x(t) € R”" is the aeroelastic state vector. The vector
u(t) € R™ represents the control input. For the wing consid-
ered in this research, u(t) corresponds to the trailing-edge
control surfaces, which can actively deflect to manipulate
local aerodynamic loads. The vector o (¢) € R? repre-
sents the unknown atmospheric disturbance. y(¢) € R is the
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output vector. w,(t) € R" and v,(t) € R are process and
measurement noise, respectively, that are assumed to have
zero mean. The superscript (-)¢ indicates system dynamic
matrices in continuous time.

B. Control Objective and Challenges

From a physical perspective, the objective of the control
design is to develop a strategy that optimally drives the
trailing-edge control surfaces to stabilize the system and
mitigate load variations caused by unknown atmospheric
disturbances. This objective can be formulated mathemati-
cally as follows:

min /0 () = Yt + u®I?) dr— ()

u(

where yr.s is the reference load vector in trim conditions
without disturbances.

The following challenges are identified for this control
task.

1) Uncertain/unknown dynamics: The system dynam-
ics matrices A, B¢, C¢, D¢, By, D{; are uncertain. In
particular, accurately modeling the dynamic influ-
ence matrices of atmospheric disturbances, Bj; and
Dy, is especially challenging. Assumptions must
often be made about the dimensionality and uniform
distribution of disturbances, which may differ in
real-world conditions.

2) Time-varying dynamics: The system dynamics ma-
trices A¢, B¢, C¢, D¢, B, DY are also time-varying,
with their values changing under different opera-
tional conditions, such as airspeed and altitude. Even
temperature impacts system dynamics through its
influence on the Reynolds number.

3) Hard-to-identify dynamics: The influence matrices
of atmospheric disturbances, B and D¢, are not only
difficult to model accurately but also challenging
to identify. System identification typically requires
knowledge of both inputs and outputs. However, the
dynamics of atmospheric disturbances are typically
stochastic, time-varying, and difficult to be measured
accurately.

4) High dimensionality: In theory, x(¢) possesses infi-
nite dimensionality due to the infinite spectrum of
structural modes and aerodynamic vortices. How-
ever, in practice, x(¢) is often truncated to a fi-
nite dimension up to a certain aeroelastic frequency
limit. Despite this truncation, x(¢) remains high-
dimensional, imposing challenges on computational
efficiency and numerical stability.

5) Unmeasurable states: x(¢), the coupled state vector
of structural modes and aerodynamic vortices, is
not directly measurable. Consequently, the control
algorithm must rely exclusively on the input—output
information.

6) Real-time implementation: The control algorithm
should be sufficiently computationally efficient
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to enable real-time implementation on realistic
hardware with limited processing power.

C. Problem Formulation

In light of these challenges, this article proposes a
DeePO algorithm to directly and adaptively stabilize and
dampen the uncertain time-varying dynamics without re-
quiring any prior knowledge of the dynamic model or
disturbances.

Since Bj; and Dj; are challenging to model or identify,
and the information of atmospheric disturbances are gener-
ally unavailable for control design in real-time, the entirety
of the terms B (¢ )ory(t) and D¢ (t )y (t) are considered to be
completely unknown. Consequently, they are incorporated
into the process and measurement noise in (1) as

w(t) == By(H)aa(t) + w, (1)
v(t) 1= Dyg(t)erg(t) + v,(1). 3)

Consequently, for the purpose of control design, the
continuous-time state-space system in (1) can be discretized
via the bilinear transform as

Xiy1 = Ax; + Bu; + wy;
v = Cx; + Du; + v, (C))

where A, B, C, D are the corresponding dynamic matrices in
the discrete time. They are treated as completely unknown
in this research.

Considering the discrete-time system in (4), when y.r is
set to zero in (2), we formulate the weighted quadratic cost
as

T-1
1
lim sup Ey,,,) |:T Z (] Ru, + erth)] (5)

T—o00 -0

where the weighting matrices Q and R are positive definite.
There exists a control policy #, = Kx, which stabilizes (4).
When the system dynamic matrices A, B are known, K can
be directly solved based on the Riccati equation. However,
when A and B are unknown, uncertain, and time-varying,
although online system identification can be performed,
following the identification, the Riccati equation has to be
solved accordingly at every time step to find out the optimal
gain matrix, which is computational intensive [21]. Instead,
we parameterize the cost as

C(K):=Tr ((Q + K"RK) Zk) (©6)

in which Xk represents the closed-loop state covariance
matrix, determined as the positive definite solution of the
Lyapunov equation

Yk =1, +(A+BK)Sg(A+BK)'. (7)

Equations (6) and (7) are referred to as a policy param-
eterization of the quadratic regulation problem in (5). In the
following section, the algorithm for solving this data-driven
problem will be developed.
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[ll.  DATA-ENABLED POLICY OPTIMIZATION

In this section, we introduce and further develop the
DeePO algorithm, which enables adaptive and recursive
learning of policy directly from online closed-loop data.
First, the direct data-driven policy parameterization, based
on sample covariance, is formulated in Section III-A. Then,
the DeePO method for direct adaptive control is derived in
Section III-B.

A. Policy Parameterization Based on Sample Covariance

Assume the full state information of the system is
known, or is provided by a state observer. Then, based
on (4), the following discrete-time data-driven system
dynamics holds:

X1, =AXo, + BUy,; + Wy, ®)

where Xy, := [x0, ..., X—1] € R"™, Uy, := [ug, - .., Ur—1]
e R™ Wy, := [wo, ..., w,—1] € R"* are the t-long time
series of states, inputs, and process noises, respectively.
X, = [x1, ..., %] € R"™is the successor state vector. Un-
der the common assumption of persistent excitation (PE),
the data block matrix D, := [Uy,, X,),]" has full row rank.
Denote @, as the sample covariance of input-state data:
@, := +Dy,D{,. Then, under the PE assumption, ®; is
positive definite, while there exists a unique parameterized
policy V € R for any given feedback gain matrix K
satisfying

[K] = lDO.,D(I V=,V )
I t

Itis noteworthy that the dimension of V does not depend
on the data length. The control problem can be represented
using raw data and V, with the closed-loop system dynamic
matrix given as

®)

K — —
A+ BK = [B, A] [1 } 2B, A10,V € X\, — W)V

n
(10)
where Xo, = Xo,Dg,/t, Uos = Uo.Dy,/t, Wo,=Wo,
D(I ./t are sample matrices.
Using the certainty-equivalence principle [33], the un-
measurable uncertainty W, will be disregarded, leading to
the direct data-driven problem formulation

minimize J,(V) := Tr ((Q +VTT, RUy,V)E, (V))
(11

where =, (V) =1, + X,V E,(V)VTYITJ. The closed-loop
gain is recovered as K = U,/ V.

subject to )_(0,,V =1,

REMARK 1 The direct data-driven covariance parameter-
ization of the problem can be proven to have an equiv-
alent solution to the indirect certainty-equivalence linear
quadratic regulator problem [21, Lemma 1]. However, the
latter is computationally demanding, as it requires solving a
least-square system identification and an algebraic Riccati
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equation at every time step. This will be avoided by the
DeePO algorithm presented in the following sections.

B. DeePO for Direct Adaptive Control

The objective of the algorithm design is to determine the
optimal gain matrix directly from online closed-loop data,
without relying on prior model knowledge or disturbance
information. The algorithm is designed to be both direct,
meaning it bypasses the need for a system model, and adap-
tive, implying that it adjusts the control policy dynamically
to real-world scenarios based on fresh online data.

The algorithm is presented in Algorithm 1. The initial
policy can be set to zero if the system is open-loop sta-
ble. Otherwise, it can be determined, for example, using
semidefinite programming (SDP) [34] based on offline data.
The length of the offline data 7, should be sufficiently long
to ensure that the offline data matrix attains full row rank.
Since [U,,, X,,]" has a size of (m+n) x 1, the offline
data length 7, should be at least m + n. At every time step,
the control policy is defined as u; = K;x; + ¢,, where a
probing noise ¢, is added to satisfy the PE condition. Given
a gain matrix, the policy is parameterized as outlined in
Section III-A and is then updated using one-step projected
gradient descent, as shown in (12). The projection Iy,  is

= = L
defined as HYU.,H = loym — X 1 X 00415 which is used to

enforce the subspace constraint X, 0.V =1,. The gradient
VJi41(Vi41) is calculated with Py, which satisfies the

. —T —
Lyapunov equation P = Q + VILUOJHRUO,,HV,H +

V,L)_(IIHP,H)_(L,HV,H. At the final step, the control gain
matrix is recovered from V, .

Algorithm 1 exhibits several key features. First, it guar-
antees global convergence under the assumptions of per-
sistence of excitation, a bounded signal-to-noise ratio, and
an initial parameterized policy V° within a feasible set
[21, Th. 1]. Second, Algorithm 1 can be proven to provide
convergence guarantees that are independent of noise statis-
tics [21, Th. 2]. These guarantees establish performance
bounds that are valid for a finite, and often limited, number
of data samples—an essential characteristic for practical
algorithm design and deployment. Third, Algorithm 1 does
not require storing historical data and can be efficiently
and recursively implemented using rank-one updates. This
efficiency applies to all data matrices, covariance parame-
terization, and the parameterized policy, which are critical
for practical implementation and deployment. In particular,
explicit matrix inversion of @, is not needed at every time
step. Instead, it is efficiently computed via rank-one update
based on the Sherman—Morrison formula [35] as

-1 ~1
q)—l _ r+1 (q)—l _ th wtthth )
+1 — t Ta—1
t t + wt (I)Z Ipl
where ¥, == [, x]".

Since only a single-step gradient descent per time
step is required, DeePO is computationally more
efficient than the indirect certainty-equivalence linear
quadratic regulator, which necessitates solving a Riccati

WANG ET AL.: UNIFIED AEROELASTIC FLUTTER AND LOADS CONTROL VIA DATA-ENABLED POLICY OPTIMIZATION

Algorithm 1: DeePO for Direct Adaptive Control.
Require: Offline data (X, Uo.4,, X1, ), an initial
policy K;,, and a constant stepsize 7.
l:fort =1ty,t0+1,... do
2: Apply u; = K;x; + e, and observe x;.
3:  Update data matrices ®,,; and X | 4.
4: Policy parameterization: given K;, solve V,

via
4 | K
Vigr = (DH-II |: t:| :
I,

5: Update of the parameterized policy:
perform one-step projected gradient descent

Vt/+1 =V - UHYOMVLJH(V:-H), (12)
in which the gradient term VJ,;1(V;4) equals
—T —
2o, 1 RUo 1+

_T p—
X P X0V Ze1(Vipr), and Py
satisfies the Lyapunov equation
—T —
Pii=0+ VILUO,,HRUO.tHVzH +
—T —
V,IlX|,t+1Pz+le,t+1Vt+l .
6: Gain update: update the control gain by

TT7 ’
K1 =Uo1V,,.

7: end for

equation at each step. A quantitative comparison in [21]
has demonstrated that, for the same number of compu-
tational steps, DeePO requires less wall time, and this
advantage becomes more pronounced as the system order
increases. Moreover, to achieve the same performance gap,
the computational time is similar for both methods when the
performance gap is large. However, as the performance gap
decreases, the wall time of DeePO becomes significantly
smaller, further verifying its computational efficiency.

IV. DEEPO WITH FORGETTING DATA FOR OUTPUT-
FEEDBACK SYSTEMS

The DeePO algorithm developed in the previous sec-
tion depends on the availability of state information. We
eliminate this dependency entirely in Section IV-A. The
design objective is to achieve direct adaptive control us-
ing only input—output data, without requiring any model
or state information. Moreover, we propose a forgetting
factor mechanism to account for time-varying dynamics in
Section IV-B.

A. DeePO for Single-Output Feedback Systems

Denote the input and output trajectories and their
stacked from time t — A tot — 1 as follows:

Yi—1
. U, h
s Vi,h = : G =71-""1-
Yi.h

Yi—h

U1
Ur,p =

Ur—p
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For the system in (4), define the observability and con-
trollability matrices as O = [(CA")T, ..., (CA)",CT]"
andC = [B, AB, ..., A" 1B], respectively. Here, the length
h is larger equal to the system lag /, which is also known as
the observability index. The lag or observability index / is
the smallest number of rows of the observability matrix O
required to span its entire row space. For a system with p
output, the following inequality holds: I < n < pl [36]. In
this article, we consider a special case of p = 1, this leads to
| = n. Correspondingly, the online data length is chosen as
h=1=n.DefineC, =[I,A,...,A" '] and define T, T,,
as Toeplitz matrices

D CB CAB CA"2B]

0 D CB CA"3B
T=]: :

0 D CB

[0 0 0 0 D |

[0 C cA CA'=77]

0 0 C CAh=3
To=1" . . :

0o ... 0 C

0 0 0 0 0 |

THEOREM IV.1 (Nonminimal controllable realization) 1f
the original system in (4) is fully observable and control-
lable, then for 4 = [ = n and p = 1, the realization in (13),
derived from input—output data, constitutes a nonminimal
but controllable realization of (4)

e O
Im(nfl) : Om(nfl)xm ' Om(nfl)xn
1= [~~~ ==~~~ Sv ““““ 2t
Ow—ysmn v D1t O@—1)x1
o Omr
I U IO RVEUS VS )
D 1
Oti—1)xm Or—1)x1

yi =8z + Du; + dy, (13)

where § =[C(C — A"IOTT), CA"O"] and d, =C(C, —
A"O-I-'E,)w,’,, - CAnOTU[’n + Vy.

PROOF Using historical system trajectory, the system in (4)
can be realized as

X = Ahxtfh + C”t,h +Cy Wy
Ve = Oxe_py + T + TwWep + Ve e (14)

When h =1 = n, the observability matrix O has full
column rank. Therefore, denoting O = (OTO)~'O7, then
(4) and (14) lead to

x=(C— AnOTT)uz,n +AnOTYt,n
+(Co — A" O Ty )wry — A"OT vy

v = Cx; + Du; + v, = Sz, + Du; + d, (15)
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which can be realized as in (13).

When p =1, it follows from the reachability lemma
[37, Lemma 3.4.7] that the nonminimal realization (13) is
controllable. O

REMARK 2 In [21], the direct transmission matrix D is set
to zero. However, this term can be important in transonic
unsteady aerodynamic conditions [38]. Thus, we consider
nonzero D, leading to more general expressions of 7 and
(13) and (15).

For the physical aeroelastic wing dynamics considered
in this article, the direct transmission matrix D arises due to
the unsteady aerodynamic effects of control inputs. In the
practical control design process, if the actuator bandwidth
is not sufficiently higher than the system dynamics, the ac-
tuator dynamics can be augmented into the original system
dynamics. If the actuator behaves as a typical mechanical
or electromechanical system (e.g., dc motors, hydraulic
actuators, or pneumatic actuators), this augmentation typ-
ically removes the direct feed-through term D. However,
if the actuator is a high-bandwidth electronic system, such
as an operational amplifier, a piezoelectric actuator, or a
system with very low inertia, the augmented system may
still exhibit direct feed-through.

The vector z; consists of historical input and output
data, which is available. Define Zy, = [z0, 21, ..., 2—1] €
RMmEDXand Zo, = Zo,[Uy,. Xy, 1/t. Denote W, as the
sample covariance of input—output data

.
v, = 11 Uos | | Uos
t | Zos || Zos

Then, under the PE condition, the DeePO algorithm for
output-feedback systems is presented in Algorithm 2. Since
in the output feedback case, the data matrix [Uy,, Z;,]"
has a size of (h(m + p) + m) x t, the offline data length £,
should be at least h(m + p) 4+ m to ensure the offline data
matrix has full row rank.

B. DeePO With Forgetting Factor for Time-Varying
Dynamics

To account for time-varying system dynamics, a for-
getting factor A € (0, 1) is introduced in this article. The
covariance of exponentially weighted data is defined as

~ 1 T
At = ;DOJS)LD(),[

where S, := diag{A’~!', A’"2, ..., 1} > 0. Since A € (0, 1),
the design of S, imposes no penalty on the most recent data
sample #,_; and x,_;, while the oldest data u, and x( are
penalized the most with a weight of A’

As discussed in Section III-B, under PE condition, Do ,
has full row rank. Therefore, A; also becomes positive
definite, and the covariance parameterization in (9) can be
modified to

(16)
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Algorithm 2: DeePO for Output-Feedback Systems.
Require: Offline data (Z,,, Uy, Zi.4,), an initial
policy K;,, and a stepsize 7.
l1:fort =ty,t0+1,... do
2: Apply 4, = K;z, + ¢, and observe z; .
3:  Update data matrices ¥, ,; and Z; ;.
4: Policy parameterization: given K;, solve V,

via
4 | K
Vier = "IJH-ll |: t:| :
Il’l

5: Update of the parameterized policy:
perform one-step projected gradient descent

Vi =Vin VIi1 (Vig).

=Mz,
in which the gradient term VJ;;1(V;41) equals
2014 R o1 +

ZI,+IE+1Z1,t+1)W+1 Zi41(Vig1), and Py
satisfies the Lyapunov equation

Pi=0+ VILU(LHRUOJJAV:H +

—T —
T
Vl+121,¢+1Pz‘+lZI,t+th+l .

6: Gain update: update the control gain by
K1 =UgiV/,.

7: end for

With the new parameterization in (16), it follows from
(11) that:

minimize J, (V) := Tt ((Q+ VU, ,RU,V)IZ,((V))

subject to Xo,V =1, (17)

where %,(V) =1, + X;,VE.(V)VTX]",. The exponential
weighted data matrices are )?0,, :XO,,SAD(I /1 ﬁo,, =
Ui SiDg,/t. Wou =WouSiDg,/t,  Xis = X1,5.Dg, /1.
From here, Algorithms 1 and 2 can be applied directly.
When the system dynamics are linear time-invariant (LTI),
similar to the proofs of [21, Ths. 1 and 2], Algorithms 1
and 2 can be proven to guarantee global stability and
convergence. Providing theoretical guarantees for linear
parameter-varying (LPV) systems remain an open research
challenge in the field. The primary difficulty arises from
the coupling between the rate of system dynamics variation
and the rate of policy updates. Qualitatively, the policy
update rate must be sufficiently high to ensure timely
adaptation to changes in system dynamics.

The computational efficiency advantage over the indi-
rect certainty-equivalence control for adaptive learning of
the linear quadratic regulator remains valid in the time-
varying and output feedback cases. This is because the
proposed algorithm still requires only a single-step gra-
dient descent per time step and avoids solving a Riccati
equation at every step. Due to the data-driven nature of the
proposed algorithm, the rate of system dynamic variations
influences system stability and convergence rate but does
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Fig. 2. Aerodynamic mesh for unsteady aerodynamic modeling and the
locations of control surfaces.

not significantly affect computational load. In other words,
the actual elapsed time required to execute a given number
of steps is primarily determined by the system size rather
than the time-varying nature of the dynamics. Whether the
algorithm employs output feedback or state feedback is also
not a crucial factor for computational loads, as Algorithm
2 and Theorem 4.1 in this article effectively transform the
output feedback system into an equivalent system where
full state information is available.

V. RESULTS AND DISCUSSIONS
A. Aeroelastic Wing Modeling

The model used to validate the proposed control al-
gorithms is a transonic aeroelastic wing model developed
within the Clean Aviation project “Ultraperformance Wing
(UPwing)”, cofunded by the European Union [1]. The ob-
jective of this project is to innovate ultraperformance wing
concepts for short-to medium-range aircraft, a class with
significant impacts on transport aircraft emissions.

To achieve this objective, a wind-tunnel-scaled model
of the transonic aeroelastic wing was developed to vali-
date these innovative technologies in the German-Dutch
High-Speed Tunnel (DNW-HST). The wing has a trape-
zoidal shape, with a mean aerodynamic chord of 0.25 m, a
half-wing span of 1.34 m, and a surface area of 0.35 m?.
It is designed to operate at a Mach number of 0.78 in an
air density of 0.9 kg/m?3. The geometry is derived from the
full-scale reference aircraft DLR-F25 [38].

An aerodynamic model of the wing is obtained using
the panel method. The corresponding aerodynamic mesh,
along with the three trailing-edge control surfaces for active
control, is shown in Fig. 2. Compressible effects at high
Mach numbers are accounted for using Prandtl-Glauert
corrections. Unsteady aerodynamic effects are modeled
through a rational function approximation method, intro-
ducing six aerodynamic lag states per structural mode.
Under the design condition of a lift coefficient of C;, = 0.5,
a total static load of approximately 4100 N is imposed on
the model.

Regarding the structural model of the wing, finite ele-
ment analysis is conducted. Fig. 3 shows the structural mesh
and the locations of linear accelerometers. The wing struc-
ture comprises glass-fiber-reinforced plastic skins with a
foam core. A lumped mass at the wingtip explores potential
reduction of frequency in the first structural mode.

The aerodynamic and structural models are coupled
through a set of dedicated coupling nodes. The first 12
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Fig. 3. Finite element structural mesh and the locations of the
accelerometers.

structural modes are considered, covering frequencies up
to 360 Hz. Two continuous state-space aeroelastic models
of the transonic wing are used in this research: one at
an airspeed of 240 m/s and the other at 257 m/s. Each
model incorporates 96 aeroelastic states, three trailing-edge
control inputs (see Fig. 2), and 21 outputs (see Fig. 3). The
outputs include three-axis forces and moments at the wing
root, 12 linear acceleration measurements along the z-axis
(vertical), and three linear acceleration measurements along
the x-axis (horizontal). More details of the wing can be
found in our previous publication [38].

B. Model Preprocessing

In theory, the model of a transonic aeroelastic wing
possesses infinite dimensionality, resulting from the infinite
spectrum of structural and aerodynamic modes. However,
physical actuators have limited bandwidth, beyond which
the system properties become difficult to modify through
closed-loop control. Consequently, model order reduction
is a necessary first step in model preprocessing. Notably,
the DeePO algorithm can process input—output data di-
rectly without requiring prior model knowledge. Nonethe-
less, model order reduction remains beneficial for enhanc-
ing computational efficiency, real-time applicability, and
numerical stability.

In this research, the balanced truncation method is em-
ployed to reduce the model from 96 states to 10 states.
The reduction order is determined by analyzing the sin-
gular values of a Hankel matrix derived from the system’s
input—output behavior and by considering the actuator band-
width. Figs. 4 and 5 compare the eigenvalues and open-
loop responses of the full-order and reduced-order sys-
tems. The eigenvalues correspond well in the low-frequency
range. It is also evident that some higher-frequency, lower-
damping aeroelastic modes contribute more significantly to
the input—output mapping than the lower-frequency modes
along the real axis.

Regarding response comparisons, when V = 240 m/s,
the root mean square (rms) differences between the full-
order and reduced-order models are within 1.18 N (0.37 %)
and 1.15 N-m (0.81 %) for wing root shear force and root
bending moment, respectively. AtV = 257 m/s, where the
system exhibits inherent instability (flutter), the full and
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Fig. 4. Comparisons of eigenvalues [full-order (x), reduced-order (*)]
and comparisons of responses (wing root shear force F; and bending
moment M, ) when V = 240 m/s.
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Fig. 5. Comparisons of eigenvalues [full-order (x), reduced-order (*)],

and comparisons of responses (wing root shear force F. and bending
moment M, ) when V = 257 m/s.

reduced models remain consistent, with rms differences
below 0.92 N and 0.92 N-m, respectively.

The second step in model preprocessing is discretiza-
tion. The reduced-order continuous-time state-space sys-
tems are discretized using the bilinear transform. The sam-
pling frequency is determined based on the Nyquist cri-
terion. The highest mode frequencies for the stable and
unstable systems are 181.91 and 182.08 Hz, respectively,
leading to a choice of 0.002 as the sampling step. This value
is also practical for real-world hardware implementations.

The final step is scaling, which is crucial for physical
systems, especially when some input and output channels
have different units (e.g., N, N-m, and m/s? in this case).
This results in state, input, and output matrices with varying

IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 61, NO.5 OCTOBER 2025

Authorized licensed use limited to: TU Delft Library. Downloaded on October 14,2025 at 11:26:44 UTC from |IEEE Xplore. Restrictions apply.



orders of magnitude. To address this, a similarity transfor-
mation is applied to improve the system’s condition number,
thereby enhancing numerical stability.

These three steps of model preprocessing produce two
LTI systems, each with ten states, three inputs, and 21
outputs. Both systems are controllable and observable. The
stable system at V = 240 m/s will be used in Sections V-C
and V-D for disturbance rejection tasks. These two sys-
tems at different velocities are then transformed into an
LPV system to be used in Section V-E for simultane-
ous flutter suppression (instability stabilization) and load
alleviation.

C. State Feedback

The data-driven disturbance rejection capability of the
DeePO algorithm is evaluated in this section. Both offline
and online data are generated using a 10-state model at
V =240 m/s. The algorithm is not aware of any model
information, expect for the dimension of the data. It is as-
sumed that state information is provided by a state observer,
which is a common assumption in the aeroelasticity control
community. Output feedback, where state information is
not directly measured, will be addressed in the following
subsections. Since the system is open-loop stable, the initial
gain matrix is set to zero, meaning the algorithm does
not rely on an initial policy learned from offline data.
The offline data length is set to #y = 20, which satisfies
to > m + n. To satisfy the PE condition, white process and
measurement noise are added. Their amplitudes are tuned
based on real-world sensor properties and to ensure a proper
signal-to-noise ratio.

The choice of the step size for the projected gradient
descent is primarily influenced by system dimensions (the
number of states, inputs, and outputs), controllability, the
rate of system parameter variations, and noise levels. Quali-
tatively, the step size should be reduced as the system dimen-
sions increase, the degree of controllability decreases (i.e.,
when the condition number of the controllability Gramian
is larger), the rate of system parameter variations increases,
and the noise level increases. A larger step size accelerates
convergence but may induce oscillations or divergence. A
smaller step size improves stability but may lead to slow
convergence. In the full state feedback case, a constant step
size is chosen as n = 0.1 to balance numerical stability and
convergence rate.

The relative values of the Q and R matrices represent a
tradeoff between control effort and performance. A higher
Q emphasizes state regulation, leading to improved dis-
turbance rejection but potentially increasing control effort.
Conversely, a higher R prioritizes minimizing control input,
which reduces actuation effort but may result in a less
responsive system. In this state-feedback case, Q is selected
as an identity matrix with a magnitude of 100, while R is
an identity matrix with a magnitude of 10~*. For a selected
pair of Q and R, the effectiveness of the algorithm can be
evaluated using the optimality gap, which quantifies the
deviation of a given control strategy from the best possible
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Fig. 7. Comparison of open-loop and closed-loop responses of states
and outputs under the excitation of unknown external turbulence.

outcome in terms of the specified objective or cost function.
The optimality gap is expressed as C(KJ):J* , where C(K)
is given in (6) while J* represents the best possible cost
achieved with perfect knowledge of A and B. The time
history of the optimality gap can also reflect the convergence
rate of the algorithm.

The performance of the DeePO algorithm is illustrated
in Figs. 6 and 7. As shown, the optimality gap initially drops
sharply from 8.95 to 0.15 within the first second and then
gradually converges to 0.02. The first subplot of Fig. 6 shows
the angle of attack (in degrees) induced by an unknown Dry-
den turbulence disturbance. The turbulence introduced from
t = 5 s leads to a temporarily increasing optimality gap, af-
ter which it adapts and resumes a decreasing trend. All three
control surface deflections remain within the bounds of £10
degrees, actively counteracting the effects of turbulence on
the aeroelastic wing. Fig. 7 displays the system’s state and
output responses, clearly showing that the state responses
are dampened by the algorithm. The peak wing root bending
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Fig. 8. Performance of DeePO using only output feedback. (a) Time
history of an unknown Dryden turbulence. (b) Evolution of the
optimality gap. (c) Responses of the root bending moment. (d) Evolution
of the inputs.

moment M, is reduced by 163.29 N-m (61.51 %), and its
rms value decreases by 59.88 N-m (60.01 %), confirming
the load alleviation effectiveness of the DeePO algorithm.

D. Output Feedback

The results in Section V-C rely on state information
provided by an observer. In this section, this dependency
is completely removed. The control objective is to alleviate
structural loads induced by unknown external turbulence
without any knowledge of the model or state information.
Input—output data is generated using the model at V =
240 m/s. As discussed in Section V-A, this model has 21
sensory outputs. While it is possible to use all outputs in
controller design, this is not necessary; a subset of outputs
can be selected as long as the system remains observable. To
challenge the capabilities of the DeePO algorithm, only one
single output, specifically the wing root bending moment
M,, is selected without loss of generality. This output is also
the most important metric for evaluating load alleviation
performance in the aeroelastic control community.

Regarding the algorithm parameters, the offline data
length is setto fy = 250, which satisfies ty > h(m + p) + m.
Since after the transformation using Theorem 4.1, the sys-
tem size increased from n to h(m 4+ p), which is 40 in
this case, the step size for the projected gradient descent
is decreased ton = 1 x 1073. Moreover, Q is tuned as a di-
agonal matrix, where the diagonal elements corresponding
to historical inputs are set to one, and the diagonal elements
corresponding to outputs, are set to 10*. R is selected as an
identity matrix. The online data length #/ is selected to be
equal to the system lag /, which equals the state dimension
n when the number of output p = 1 (I < n < pl [36]).

The control performance is shown in Fig. 8. Under the
same Dryden turbulence perturbation, the optimality gap
of the output-feedback DeePO algorithm also exhibits an
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initial sharp drop, specifically from 26.1 to 3.5 within the
first second. It then shows a more gradual decreasing trend,
with a slight increase when turbulence is introduced at the
5-second mark. Compared to the full-state feedback case,
the convergence rate is slightly lower due to a reduced step
size. Within the same 10-second experimental period, the
optimality gap of the output-feedback algorithm converges
to 1.3, achieving a load reduction of 28.68% and 29.14%
in peak and rms values, respectively. Further performance
improvements can be expected with additional time. All the
control inputs remain within the bound of +10 deg while
actively alleviate gust loads and redistributes the loads along
the wing span.

E. Output Feedback for an LPV System

The control task is further enhanced in this section. In
addition to the challenges posed by unmeasurable states
and unknown external disturbances, the simulation system
is also upgraded to an LPV system. A scaling parameter,
p, is introduced to bridge two LTI systems discussed in
Section V-A. When p = 0, the LPV system is equivalent to
the LTI system at V' = 240 m/s, which is stable. When p =
1, the LPV system corresponds to the unstable LTI system
at V = 257 m/s, which would experience unstable flutter
without active control. Linear interpolation is performed in
between. It is noteworthy that the LPV model is used solely
for simulation, i.e., to generate data. The DeePO algorithm
has no knowledge of or access to any information about the
model or the scaling parameter p.

To account for the time-varying dynamics, a forgetting
factor A is introduced. The value of A = 0.995 is tuned, com-
promising convergence speed, responsiveness, and noise ro-
bustness. The offline data length remains at 7y = 250, which
satisfies 7o > h(m + p) + m. Because of the time-varying
system dynamics, the constant step size for the projected
gradient descent is further reduced to n = 1 x 1078, This
step size could be significantly relaxed if a better initial
policy were available (e.g., using the SDP method based
on offline data [34]). Nevertheless, to challenge the DeePO
algorithm, the initial policy is kept at zero in this research.

As shown in the first subplot of Fig. 9, during the
simulation, p increases linearly from O to 1 over nine
seconds and remains at 1 for the final second. The same
Dryden turbulence is introduced at 5 seconds and continues
throughout the remainder of the simulation. As p evolves,
the open-loop system transitions from stable to unstable
(flutter). In contrast, the DeePO algorithm is able to sta-
bilize the system while alleviating gust loads without any
knowledge of the model or state information. The optimality
gap initially decreases promptly, then gradually rises due to
the increasing p. At 5 seconds, the introduction of turbu-
lence causes a brief increase in the optimality gap. After
9 seconds, as p stabilizes at 1, the optimality gap resumes
its decline. All control inputs remain within the bounds of
410 degrees, effectively performing multiple tasks: flutter
suppression, gust load alleviation, and adaptation to time-
varying dynamics.
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Before concluding the article, we acknowledge practical
aspects such as time delay, saturation, and finite precision
in digital computation, which can introduce challenges to
the proposed algorithm. These challenges can be mitigated
by incorporating techniques, such as Smith predictors for
time delays, anti-windup compensation methods (e.g., con-
ditional integration or observer-based approaches) for sat-
uration, and dithering techniques for reducing quantization
effects. Although these methods can be implemented, their
integration and detailed analysis are beyond the scope of
this article.

VI. CONCLUSION

In this article, we addressed the open challenge of
unified flutter suppression and gust load alleviation for
an aeroelastic wing operating in uncertain environments
subject to atmospheric disturbances via DeePO. Theoret-
ical analysis demonstrated that this approach can directly
learn and update a control policy purely from input—output
data, without requiring any prior knowledge of model or
disturbance. Moreover, explicit system identification and
state observation were avoided, significantly reducing com-
putational costs and simplifying implementation. Further-
more, the proposed forgetting factoring mechanism enabled
DeePO to actively adapt to time-varying system dynamics.

The effectiveness and efficiency of the proposed algo-
rithm were validated via simulations. The results confirmed
that the algorithm successfully stabilizes a time-varying
fluttering aeroelastic system while alleviating gust loads.
These objectives were achieved without relying on model
or disturbance information, explicit system identification,
state estimation, or gain/parameter scheduling. The effec-
tiveness, efficiency, and global convergence properties of
the algorithm suggested its potential for real-world imple-
mentation.
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One limitation of this study is that the weights in the
cost formulation are manually tuned by the designer. Since
the optimality achieved is based on this predefined cost,
optimizing the closed-loop performance, including opti-
mizing the cost function through methods such as back-
propagation, represents a promising direction for future
research.
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