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A B S T R A C T

In controlled fluid–structure interaction (FSI) systems, nonlinear coupling between fluid loads

and structural motion complicates reduced-order modeling and limits aerodynamic load predic-

tion accuracy under different control inputs. To address the limited ability of dynamic mode

decomposition with control (DMDc) to capture nonlinear dynamics, this study proposes a load-

coupled DMDc (LC-DMDc) method that incorporates nonlinear load effects into state evolution.

The method combines proper orthogonal decomposition of the flow, structural motion, and in-

terface loads with a radial basis function mapping, so that the predicted load coefficients provide

nonlinear corrections to DMDc state evolution. The resulting model preserves displacement–

velocity kinematic relations and is jointly optimized using multistep state and aerodynamic load

prediction errors to improve long-term prediction accuracy. For a piezoelectrically actuated flat-

plate airfoil, models are trained on frequency-sweep data from high-fidelity FSI simulations and

evaluated against standard DMDc and three representative methods under frequency-sweep,

sinusoidal inputs with piecewise-constant frequencies, multisine, and step excitations. Over

continuous predictions spanning 140 s, aerodynamic force and moment errors relative to high-

fidelity simulations do not exceed 7.33%, and wingtip displacement errors remain within 1.25%

across all four cases. Compared with the best-performing baseline for each case and response

component, LC-DMDc achieves error reductions of up to 75.1%. The method improves the

accuracy of long-term aerodynamic load predictions and supports rapid response prediction and

control-oriented modeling for controlled FSI systems.

1. Introduction

Fluid–structure interaction (FSI) occurs widely in flexible wings, wind turbine blades, and energy harvesters

driven by flow-induced vibrations, making it an important problem in aerospace and energy engineering. The

interaction between fluid loads and structural deformation affects system performance and structural safety and involves

fundamental questions concerning unsteady flow, structural instability, and energy transfer. Accurately describing and

effectively controlling FSI responses therefore has both scientific and engineering significance [1, 2].

Active control provides an important means of regulating loads and motion in FSI systems to improve performance.

In aerospace engineering, active wing morphing and control-surface deflection can alleviate maneuver- and gust-

induced aerodynamic loads and suppress vibrations of flexible structures [3, 4]. In offshore wind energy, blade pitch

and generator torque control can coordinate rotor aerodynamic loads and floating-platform motion, reducing load

fluctuations and stabilizing power output [5, 6]. In bioinspired underwater robotics, actively driving a flexible body

exploits the interaction between structural deformation and the surrounding flow to achieve rapid swimming and agile

turning [7]. These applications show that controlled FSI supports not only load alleviation and vibration suppression

but also improvements in propulsion and maneuverability. However, these control tasks share a common modeling

challenge: control-induced structural motion changes the flow and fluid loads, which in turn affect the structural

response. This nonlinear coupling makes control effects difficult to predict. Meanwhile, the high computational cost

of high-fidelity FSI simulations limits their repeated use in control optimization. Therefore, reduced-order models

that balance nonlinear representation, continuous prediction accuracy, and computational efficiency are needed to

predict loads and motion under different control inputs and support repeated input adjustments in model predictive

control [4, 6].
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Modeling approaches for controlled FSI systems mainly involve either reducing physics-based models or identi-

fying dynamics from response data. The former couples unsteady aerodynamic and structural dynamics models, then

applies linearization and model reduction to construct models for control. For example, He and Su [8] developed

a linear parameter-varying model for vibration suppression and attitude control of highly flexible aircraft. Ang and

Ng [9] coupled an unsteady vortex-lattice method with a finite element model and applied balanced truncation to

support gust alleviation control of a flexible flying wing. Data-driven methods instead identify dynamical relationships

from numerical simulations or experimental responses. Hickner et al. [1] used the eigensystem realization algorithm

(ERA) to construct a flexible-wing model for lift tracking subject to deformation constraints. Brown et al. [10] combined

convolution and Volterra models for nonlinear aeroelastic prediction and control design. Candon et al. [11] interpolated

the parameters of sparse higher-order models to predict limit-cycle oscillations under different dynamic pressures and

freeplay conditions. In addition, Wu et al. [3] combined recurrent neural networks with a dynamic inversion model

for active load alleviation. Li et al. [12] used a reduced-order stall-flutter model as a reinforcement learning training

environment and validated the control performance in coupled fluid–structure–control simulations. These studies

show that data-driven reduced-order models can effectively support prediction and control of controlled FSI systems,

although different modeling approaches have different limitations. Intrusive model reduction is primarily limited by

its dependence on the internal operators and solver interfaces of the full-order model: constructing the reduced-

order model requires access to the discretized equations and their projection. Such methods are therefore difficult

to apply directly when only experimental measurements are available or solver source code is inaccessible [13, 14].

Nonintrusive methods avoid access to full-order operators, but data preparation and identification can still be costly. For

example, ERA-based methods require generating or recovering impulse responses and constructing Hankel matrices.

Data acquisition, matrix storage, and decomposition costs increase with the number of input and output channels or

the response decay time [15, 16]. Thus, intrusive methods are constrained by access to internal model information,

whereas some nonintrusive methods are limited by specific training-data requirements and offline computational

costs. To address dependence on full-order operators and the preparation of impulse-response data, dynamic mode

decomposition with control (DMDc) offers a direct data-driven modeling approach. It requires neither access to

internal solver operators nor prior recovery of impulse responses. Instead, it identifies reduced-order dynamics through

dimensionality reduction and joint regression of state and control-input time series collected under excitation. This

reduces dependence on internal solver information and dedicated impulse-response data, facilitating prediction and

control-oriented modeling of controlled FSI systems [17].

DMDc jointly identifies the state-transition and input matrices to separate intrinsic system dynamics from external

input effects. It uses low-dimensional modes to construct a state-space model for recursive prediction and control

design [18, 19]. Its effectiveness was first demonstrated for low- and high-dimensional controlled linear systems [17],

followed by applications to fluid, structural, and aeroelastic systems [20–22]. Its main advantages are the ability to

directly process high-dimensional time series, explicitly retain control inputs, and support rapid prediction in a compact

state-space form [23]. However, standard DMDc assumes linear evolution in a fixed state representation, limiting

its description of nonlinear dynamics [24]. To address these issues, extensions have been developed through state

construction, nonlinear representation, and stability constraints [25–27]. For mechanical vibration systems, sd-DMDc

augments the state with scaled displacement derivatives and uses forward–backward identification to mitigate noise.

It improved modeling accuracy under partial observation in simulations and experiments on a multi-input, multi-

output cantilever plate [28]. For nonlinear systems, DMDc combined with Gaussian process regression uses nonlinear

residuals to correct the linear model. It outperformed DMDc alone in predictions of a controlled Stuart–Landau

system and a turbulent boundary layer [29]. Through optimization-based identification and eigenvalue constraints,

cOptDMDc suppresses spurious growing modes in systems that should be stable, improving prediction stability

over long trajectories [30]. Furthermore, ResDMDc selects modes using spectral residuals in a space of nonlinear

observables. For a controlled nonlinear aeroelastic panel, a Van der Pol oscillator, and the Burgers equation, it achieved

better predictions with fewer modes than conventional truncation strategies [31]. For controlled FSI modeling, aDMDc

incorporates algebraic relationships and connects local models at different operating conditions through interpolation.

This enabled real-time prediction of nonlinear aeroelastic responses and model predictive control of morphing wings,

extending the applicability of a single linear model [32].

These studies have improved the nonlinear representation, noise robustness, and rollout stability of standard DMDc,

but maintaining quantitative accuracy in aerodynamic load predictions over continuous rollouts remains challenging.

For example, a recent study of transonic wing pressure prediction found that DMDc was less accurate than the

nonlinear models considered under high-frequency excitation, and rollout errors further affected pitching-moment
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predictions [21]. For FSI systems, aerodynamic load prediction also involves interactions between loads and structural

motion and therefore requires accurate descriptions of the temporal evolution of coupled responses. A surface-pressure

DMDc model overestimated heave damping in a transonic wing case, causing the coupled response to gradually deviate

from the reference after approximately 2.5 s [33]. These results indicate that long-term aerodynamic load prediction

requires not only improved nonlinear representation but also attention to the accuracy of coupled response evolution and

the effects of prediction errors on aerodynamic force and moment outputs during continuous rollouts. To address this

issue, some studies use observations acquired during operation to update models and reduce model prediction errors.

Online DMD updates dynamical models using new observations and has been applied to control of flow past a circular

cylinder and adaptive quadrotor control [34, 35]. DMDc combined with Kalman filtering updates state estimates using

observations, improving flow control under noisy conditions [25]. DMDc-based model predictive control uses the

current measured state to optimize a finite-horizon control sequence on a receding horizon [36]. Through continual

observation feedback, these strategies mitigate the effects of model mismatch on closed-loop operation. However,

in the controlled FSI prediction task considered here, the model receives only the initial state and future control

inputs. Subsequent aerodynamic loads and structural responses must be predicted recursively without correction using

subsequent reference states. This task requires the model to capture nonlinear load variations induced by control inputs

while maintaining accurate predictions of response amplitudes and temporal evolution over long rollouts. Therefore, it

is necessary to combine nonlinear load representation with multistep dynamical system identification to improve the

accuracy of long-term aerodynamic load predictions under different control inputs, without using subsequent ground-

truth states to correct the predictions.

To this end, this study proposes load-coupled dynamic mode decomposition with control (LC-DMDc) for long-term

aerodynamic load prediction in controlled FSI systems. The method first applies proper orthogonal decomposition to

reduce the dimensions of the flow, structural motion, and interface loads. Radial basis functions define a nonlinear

mapping from the system state and control input to low-dimensional load coefficients. The predicted coefficients

provide a nonlinear correction to DMDc state evolution and are also used to reconstruct interface loads and

calculate aerodynamic forces and moments. During structural state evolution, the displacement–velocity relation

is explicitly enforced to maintain kinematic consistency. The resulting model is then trained by jointly optimizing

the load-mapping and state-transition parameters. The training objective primarily comprises multistep prediction

errors in states, aerodynamic forces, and moments, supplemented by an auxiliary loss for power prediction. Finally,

prediction performance is evaluated through long-term predictions under different control inputs and comparisons with

representative DMDc methods. Ablation studies assess the roles of the nonlinear load mapping, kinematic constraints,

and training strategy. The remainder of this paper is organized as follows. Section 2 reviews the theoretical foundations

of standard DMDc and presents the LC-DMDc formulation.Section 3 describes the computational models, together

with the training and test conditions. Section 4 compares the accuracy of aerodynamic load and structural response

predictions under frequency-sweep excitation, sinusoidal inputs with piecewise-constant frequencies, multisine inputs,

and step inputs, and examines the role of each component through ablation studies. Section 5 summarizes the main

work and conclusions.

2. Load-coupled dynamic mode decomposition with control

2.1. Theoretical foundations of DMDc
Dynamic mode decomposition (DMD) identifies an approximate linear evolution operator from state snapshots

at adjacent time instants to extract the system’s dynamical features and predict its temporal evolution. However, for

systems subject to external control, regression based solely on state snapshots may conflate control-input effects with

the identified state evolution operator. Dynamic mode decomposition with control (DMDc) explicitly incorporates

input data into the identification process to jointly estimate the state-transition and input matrices [17]. Consider a

system sampled at a fixed time interval, with state vector xk ∈ ℝ
n and control input uk ∈ ℝ

l . Its discrete-time

evolution is approximated by

xk+1 = Axk + Buk, (1)

where A ∈ ℝ
n×n is the state-transition matrix and B ∈ ℝ

n×l is the input matrix. Both matrices are unknown and

are determined jointly from the state and control-input data. The consecutively sampled states and their corresponding
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inputs form the snapshot matrices

X =
[
x0 x1 ⋯ xm−1

]
,

X′ =
[
x1 x2 ⋯ xm

]
,

� =
[
u0 u1 ⋯ um−1

]
.

(2)

The two state snapshot matrices each contain m columns and are shifted by one sampling interval; each input column

corresponds to the associated state transition. Equation (1) then gives

X′ ≈ AX + B� =
[
A B

] [X
�

]
= G
, (3)

where the joint operator and augmented snapshot matrix are defined as

G =
[
A B

]
, 
 =

[
X

�

]
. (4)

Joint identification of the state-transition and input matrices can therefore be formulated as the least-squares problem

min
A,B

‖‖X′ −G
‖‖2F , (5)

where the subscript F denotes the Frobenius norm. The minimum-norm least-squares solution is

GLS = X′
†, (6)

where 
† denotes the Moore–Penrose pseudoinverse of the augmented data matrix. For high-dimensional data, a

truncated singular value decomposition (SVD) provides a low-rank approximation of the augmented snapshot matrix:


 ≈ Ũ �̃Ṽ T. (7)

Retaining the leading p nonzero singular values and their associated singular vectors yields the truncated approximation

of the joint operator,

G = X′Ṽ �̃
−1
ŨT. (8)

The left singular vector matrix is partitioned according to the state and input dimensions:

Ũ =

[
Ũx

Ũu

]
, Ũx ∈ ℝ

n×p, Ũu ∈ ℝ
l×p. (9)

The state-transition and input matrices are then estimated as

A = X′Ṽ �̃
−1
ŨT
x
,

B = X′Ṽ �̃
−1
ŨT
u
.

(10)

These matrices still correspond to the original state dimension. Constructing a reduced-order model therefore

requires a low-dimensional projection basis for the state space. The left singular vectors of the augmented matrix

contain both state and input information and thus cannot be used directly as a state-space projection basis. A second

truncated SVD is therefore applied to the successor-state snapshot matrix:

X′ ≈ Û �̂V̂ T, Û ∈ ℝ
n×r. (11)

The r retained left singular vectors span a low-dimensional state subspace. The reduced state and approximate

reconstruction of the original state are given by

x̃k = ÛTxk, xk ≈ Û x̃k. (12)
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Projecting the state evolution onto this subspace gives the reduced state-transition and input matrices:

Ã = ÛTAÛ = ÛTX′Ṽ �̃
−1
ŨT
x
Û ,

B̃ = ÛTB = ÛTX′Ṽ �̃
−1
ŨT
u
.

(13)

The resulting controlled reduced-order state-space model is

x̃k+1 = Ãx̃k + B̃uk, (14)

where Ã ∈ ℝ
r×r and B̃ ∈ ℝ

r×l . Given an initial state and a future control-input sequence, Eq. (14) predicts the

reduced state recursively, and Eq. (12) reconstructs the original state. The truncation ranks p and r correspond to the

augmented regression space and state reconstruction space, respectively, and can be selected based on the singular

value distributions and prediction validation results. Eigendecomposition of the reduced state-transition matrix gives

ÃW = W�, (15)

where� contains the discrete-time eigenvalues and the columns ofW are the corresponding eigenvectors. For nonzero

eigenvalues, the corresponding DMDc modes are recovered as

� = X′Ṽ �̃
−1
ŨT
x
ÛW . (16)

The eigenvalues and modes characterize growth, decay, and oscillations associated with the identified state-transition

operator, while the input matrix retains the effects of control on state evolution. DMDc thus converts state and input

snapshots into a reduced-order dynamical model for modal analysis and recursive prediction.

2.2. Mathematical formulation of LC-DMDc
Load-coupled dynamic mode decomposition with control (LC-DMDc) introduces a nonlinear load mapping based

on radial basis functions into the DMDc framework. The predicted low-dimensional load coefficients provide a

correction to state evolution and are used to compute aerodynamic forces and moments, enhancing the representation

of nonlinear FSI responses within a compact state space. The displacement–velocity relation is also explicitly enforced

during structural state evolution to maintain kinematic consistency. Let ak, qk, and vk denote the reduced coordinates

of the flow, structural displacement, and structural velocity, respectively. Projection onto fixed proper orthogonal

decomposition (POD) bases gives

ak = �T
f

wk

Uref

, qk = �T
s

dk

Lref

, vk = �T
s

ḋk

Uref

, (17)

where wk is the flow velocity vector, dk and ḋk are the structural nodal displacement and velocity vectors, �f and

�s are the flow and structural POD bases, and Uref and Lref are the reference velocity and length. Displacement and

velocity use the same structural basis to preserve their kinematic relation in the reduced coordinates. Each group of

coordinates is standardized using the training-data means and standard deviations to form the model state:

zk =

⎡⎢⎢⎣

za,k
zq,k
zv,k

⎤⎥⎥⎦
,

za,k = S−1
a

(ak − �a),

zq,k = S−1
q

(qk − �q),

zv,k = S−1
v

(vk − �v).

(18)

Here, Sa, Sq, and Sv are diagonal matrices of the corresponding coordinate standard deviations, and �a, �q, and �v
are the corresponding mean vectors. The control input is the normalized voltage, uk = Vk∕Vref . To represent interface

loads in a low-dimensional space, the fluid forces acting on the structural nodes are expressed as

f̂k = f0 +Lfck, (19)

where f0 is a fixed load offset, Lf is the load reconstruction matrix incorporating the coefficient scaling, and ck ∈ ℝ
rc

is the standardized load coefficient vector. For a two-dimensional system with Ns structural nodes, the nodal forces

are ordered as
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fk =
[
fx,1,k ⋯ fx,Ns,k

fy,1,k ⋯ fy,Ns,k

]T
. (20)

The load coefficients depend on both the current state and the control input. To describe their nonlinear relation to

the loads, Gaussian radial basis functions are used to construct nonlinear features [37]. These features are combined

with the state, control input, and a constant term to define the load coefficient mapping:

�(zk, uk) =

⎡
⎢⎢⎢⎣

zk
�(zk, uk)

uk
1

⎤
⎥⎥⎥⎦
, ck = W �(zk, uk), (21)

where W is the load-mapping matrix to be identified. The jth radial basis function has the Gaussian form

�j(zk, uk) = exp

[
−
‖hk − �j‖22

2�2

]
, hk = S−1

h

([
Pzk
uk

]
− �h

)
. (22)

Here, P selects the state components used to construct the radial basis functions, while �j and � are the center and

width, respectively. Once the load coefficients are obtained, the flow and structural velocity states are advanced as

[
za,k+1
zv,k+1

]
= Azk + Buk +Kck + b, (23)

where A, B, and b describe the contributions of the state, input, and constant offset, respectively, and K is the load-

coupling matrix to be identified. Substituting Eq. (21) into Eq. (23) gives

[
za,k+1
zv,k+1

]
= Azk + Buk +KW �(zk, uk) + b. (24)

Thus, the nonlinear correction to state evolution is introduced through the low-dimensional load variables. These

variables are constrained by both nodal load reconstruction and aerodynamic load prediction, giving the nonlinear

term in state evolution and the mechanical outputs a common data source. Structural displacement is advanced from

velocity using trapezoidal integration, rather than identified through a separate unconstrained regression. Under the

nondimensional definitions in Eq. (17), the reduced displacement and velocity satisfy

qk+1 = qk +
Δt Uref

2Lref

(vk + vk+1). (25)

Substituting the standardization relations gives the form used for state evolution:

zq,k+1 = zq,k + � (zv,k + zv,k+1) + �, (26)

where

� =
Δt Uref

2Lref

S−1
q
Sv, � =

Δt Uref

Lref

S−1
q
�v. (27)

Equations (23) and (26) together define the complete state evolution model. The structural nodal displacements and

velocities are reconstructed from the predicted states as

d̂k = Lref�s(�q + Sqzq,k),

̂̇dk = Uref�s(�v + Svzv,k).
(28)

The aerodynamic forces and root moment are computed from the same nodal forces reconstructed by Eq. (19). The

position of node i relative to the reference point is

r̂i,k = r0i + d̂i,k − rref . (29)
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The mechanical outputs are then

ŷk =

⎡⎢⎢⎣

F̂x,k

F̂y,k

M̂z,k

⎤
⎥⎥⎦
=

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

Ns∑
i=1

f̂x,i,k

Ns∑
i=1

f̂y,i,k

Ns∑
i=1

(
r̂x,i,kf̂y,i,k − r̂y,i,kf̂x,i,k

)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (30)

The moment is evaluated using the moment arms in the predicted configuration. The interface power is computed from

the nodal forces and structural velocities:

P̂k = f̂T
k
̂̇dk. (31)

The interface power serves as an auxiliary training constraint on the relation between loads and structural motion. The

primary prediction targets remain the aerodynamic loads and their temporal variations. The LC-DMDc parameters to

be identified are therefore collected as

� = {A,B,K , b,W }. (32)

The load mapping determines the current load coefficients, the load-coupling term incorporates them into the

subsequent state evolution, and nodal load reconstruction converts them into aerodynamic forces and moments. The

POD bases, standardization parameters, and radial basis function centers and widths are determined before training

and remain fixed during the subsequent joint optimization.

2.3. LC-DMDc model training
Model training comprises data preprocessing, parameter initialization, and multistep joint optimization. The fixed

low-dimensional representations are first determined from training snapshots, and ridge regression then provides initial

parameter estimates. Finally, the model parameters are jointly updated using state and mechanical output errors from

continuous rollouts.

2.3.1. Training data preprocessing

The training data comprise flow velocities, structural nodal displacements and velocities, nodal loads, control

inputs, and the corresponding resultant forces and moments. The flow and structural snapshots define the POD

representations in Eq. (17), with displacement and velocity sharing the same structural basis. All standardization

parameters are computed from the training data. For the interface loads, the training-sample mean is first subtracted,

and the centered load snapshot matrix is decomposed by SVD:

Fc =
[
f1 − f ⋯ fN − f

]
= Uf�fV

T
f
. (33)

The leading rc left singular vectors form the load basis f . The projected nodal load coordinates and their standardized

coefficients are

�k =  T
f
(fk − f ), cdata

k
= S−1

c
(�k − �c). (34)

The fixed quantities in Eq. (19) are therefore

f0 = f +  f�c, Lf =  fSc, (35)

whereSc is the diagonal matrix of the load-coordinate standard deviations. The radial basis function centers are selected

from the training samples, and the input-feature means and standard deviations are also determined exclusively from the

training data. The present implementation retains 20 flow modes, four structural modes, and eight load modes, yielding

a 28-dimensional state, and uses 32 radial basis functions. The distance used in the nonlinear features is evaluated

using the first four flow-state components, the first two displacement-state components, the first two velocity-state

components, and the control input, giving nine components in total. The Gaussian kernel uses �2 = 9. Thus, the

feature vector in Eq. (21) has 62 components, and the load-mapping matrix has dimensions 8 × 62.
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2.3.2. State-transition parameter initialization

The feature matrix is constructed from the training states and inputs, with the projected load coefficients as the

regression targets:

� =
[
�1 ⋯ �N

]
, Cdata =

[
cdata
1

⋯ cdata
N

]
, (36)

where �k = �(zk, uk). The initial load-mapping matrix is obtained by ridge regression:

W0 = argmin
W

[
1

N
‖Cdata −W�‖2

F
+ �f‖WR�‖2F

]
, (37)

whereR� is a diagonal penalty matrix whose entry corresponding to the constant feature is zero and whose remaining

diagonal entries are one. The initial load predictions at the training samples are then

ĉ 0
k
= W0�(zk, uk). (38)

Adjacent state pairs within the training interval are selected to construct the regression inputs and targets:

D =

⎡
⎢⎢⎢⎢⎣

zk1 ⋯ zkM
uk1 ⋯ ukM
ĉ 0
k1

⋯ ĉ 0
kM

1 ⋯ 1

⎤⎥⎥⎥⎥⎦
, T =

[
�k1+1 ⋯ �kM+1

]
, (39)

where

�k =

[
za,k
zv,k

]
. (40)

The state-transition parameter matrix is defined as

� =
[
A B K b

]
, (41)

and its initial estimate is obtained by ridge regression:

�0 = argmin
�

[
1

M
‖T −�D‖2

F
+ �d‖�Rd‖2F

]
, (42)

where Rd likewise leaves the constant term unpenalized. The present implementation uses �f = �d = 0.01.

State-transition initialization uses coefficients predicted by the load model, rather than the reference load projection

coefficients, so that the input form is consistent with subsequent rollouts. Displacement is updated directly using

Eq. (26) and is excluded from this regression. Figure 1 summarizes the preprocessing and initialization procedures.

2.3.3. Multistep rollout and parameter updates

After parameter initialization, sliding windows are extracted from the training sequence for multistep prediction.

A window starting at sampling index s with a prediction horizon of H steps spans indices s through s+H . It contains

one initial state and H subsequent prediction targets, corresponding to H + 1 consecutive samples. For each window,

the model state is initialized only at the start using the corresponding reference state:

ẑs,0 = z
data
s . (43)

Here, the superscript data denotes a reference value from the training data, and ẑs,j is the state predicted after j
consecutive steps from index s, corresponding to index s + j in the original sequence. After initialization, the model

computes the load coefficients from the current predicted state and the prescribed control input, then obtains the next

state using the state-transition equation and the displacement–velocity relation. This process continues for H steps

using the predicted states, without reference-state corrections within the window. At each prediction step, the predicted
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Figure 1: Data preprocessing and model parameter initialization.

state, mechanical outputs, and interface power are compared with their corresponding reference values to define the

errors:

ez,s,j = ẑs,j − z
data
s+j ,

ey,i,s,j =
ŷi,s,j − ydata

i,s+j

sy,i
,

eP,s,j =
P̂s,j − P data

s+j

sP
.

(44)

Here, ez,s,j is the reduced-state error vector, while ey,i,s,j and eP,s,j are the normalized mechanical output and interface

power errors. The three mechanical outputs are the streamwise aerodynamic force, transverse aerodynamic force, and

aerodynamic moment, with y1 = Fx, y2 = Fy, and y3 = Mz. Both ŷi,s,j and P̂s,j are computed from the predicted states

and load coefficients within the window. The normalization factors sy,i and sP are the training-set standard deviation

of the ith mechanical output and the training-set root mean square of the interface power, respectively; both remain
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fixed during optimization. The errors are combined into the loss at a single prediction step:

ls,j =

3∑
i=1

!ie
2
y,i,s,j

3∑
i=1

!i

+
�z
nz

‖ez,s,j‖22 + �Pe
2
P,s,j , (45)

where !i are the mechanical output weights, set to !1 ∶ !2 ∶ !3 = 1 ∶ 1 ∶ 2, and nz = 28 is the dimension of the

complete reduced state. The state and power error weights are �z = �P = 0.1, and ‖⋅‖2 denotes the Euclidean norm.

The first term constrains aerodynamic force and moment predictions, the second constrains reduced-state evolution,

and the third provides an auxiliary constraint on the relation between loads and structural motion through the power

error. Averaging over all valid prediction windows and the H prediction steps within each window gives the H-step

prediction loss:

H =
1

NHH

∑
s∈SH

H∑
j=1

ls,j , (46)

where SH is the set of window start indices that allow H prediction steps within the training interval, and NH is the

number of such windows. Successive window starts are separated by 32 sampling steps. To account for both response

fitting over a shorter horizon and prediction deviations over a longer horizon, the losses for two prediction lengths are

combined as

ms = �sHs
+ �lHl

, �s + �l = 1, (47)

where Hs = 64 and Hl = 256 are the shorter and longer prediction horizons, with weights �s = 0.75 and �l = 0.25.

The two sets of windows are averaged separately using Eq. (46) before their losses are combined.

Multistep joint optimization also includes a mechanical output mapping loss evaluated at the reference states. At

training index k, the reference reduced state and control input are supplied to the load mapping:

ĉ
map

k
= W �(zdata

k
, uk). (48)

The nodal loads are then reconstructed and used with the reference structural configuration to compute the aerodynamic

forces and moment:

ŷ
map

k
=

⎡
⎢⎢⎢⎣

F̂
map

x,k

F̂
map

y,k

M̂
map

z,k

⎤
⎥⎥⎥⎦
. (49)

The corresponding mapping loss is

map =
1

N

∑
k∈train

3∑
i=1

!i

(
ŷ
map

i,k
− ydata

i,k

sy,i

)2

3∑
i=1

!i

, (50)

where train is the set of training-sample indices, N is its number of samples, and the superscript map denotes a

mapping prediction obtained using a reference state as input. The final training objective is

 = ms + �mapmap, (51)

where the mapping loss weight is �map = 0.01. All loss weights remain fixed throughout optimization. Minimizing the

total loss jointly identifies the state-transition and load-mapping parameters. Stacking all parameters to be identified
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into a single vector gives the optimization problem:

� =
[
vec(A)T, vec(B)T, vec(K)T, vec(b)T, vec(W )T

]T
,

�∗ = argmin
�

(�),
(52)

where vec(⋅) stacks the columns of a matrix into a vector, and �∗ denotes the target solution of the optimization problem.

At optimization iteration r, all training windows use the current parameters to perform continuous rollouts from their

respective reference initial states. The total loss is evaluated from the predictions, and backpropagation through the

state evolution gives the parameter gradient:

g(r) = ∇�
||�=�(r)

=
(
�s∇�Hs

+ �l∇�Hl
+ �map∇�map

)||||�=�(r) .
(53)

Here, r is the optimization iteration index, �(r) is the current parameter vector, and g(r) is the gradient of the total loss

with respect to this vector. The limited-memory BFGS (L-BFGS) method computes the search direction, and a line

search determines the step size [38]:

d(r) = −Q(r)g(r),

�(r+1) = �(r) + �rd
(r).

(54)

Here, d(r) is the parameter search direction, and Q(r) denotes an inverse Hessian approximation constructed from

recent parameter and gradient changes. The step size �r is determined by backtracking line search to satisfy the Armijo

sufficient decrease condition. Following the ordering of the parameter vector, the components of the search direction

corresponding to A, B, K , b, and W are reshaped into matrices or vectors of the same dimensions, denoted by D
(r)
A

,

D
(r)
B

, D
(r)
K

, d
(r)
b

, and D
(r)
W

, respectively. The parameter updates are therefore

A(r+1) = A(r) + �rD
(r)
A
,

B(r+1) = B(r) + �rD
(r)
B
,

K (r+1) = K (r) + �rD
(r)
K
,

b(r+1) = b(r) + �rd
(r)
b
,

W (r+1) = W (r) + �rD
(r)
W
.

(55)

After each parameter update, rollouts restart from the initial state of each training window, and the loss and gradient

are recomputed. This process continues until the gradient meets the prescribed tolerance or the maximum number of

iterations is reached. All parameters are updated jointly with fixed loss weights throughout training, yielding the LC-

DMDc model for continuous prediction. Figure 2 summarizes the multistep rollout and parameter update procedures.

3. Computational model

3.1. Fluid domain and parameter settings
A two-dimensional flat-plate airfoil with a chord length of c = 1m is considered. A Cartesian coordinate system is

defined with its origin at the initial leading edge, the x-axis aligned with the incoming flow, and the y-axis perpendicular

to it. The airfoil initially lies along 0 ≤ x∕c ≤ 1, y∕c = 0, with an angle of attack of 0◦. The computational domain

spans −4 ≤ x∕c ≤ 8 and −3 ≤ y∕c ≤ 3, giving a streamwise length of 12c and a transverse width of 6c. The inlet

is 4c upstream of the initial leading edge, the outlet is 7c downstream of the initial trailing edge, and the upper and

lower boundaries are each 3c from the initial chord line, as shown in Figure 3. The fluid is treated as incompressible and

Newtonian, with a density of � = 1 kgm−3 and a kinematic viscosity of � = 2.5×10−4m2 s−1. The uniform free-stream

velocity is U∞ = 0.1m s−1, corresponding to a Reynolds number of Re = 400. Two-dimensional direct numerical

simulations are performed using a solver developed in OpenFOAM 7 [39], with the fluid–structure interface treated

using an immersed boundary method [40]. A Cartesian mesh is locally refined near the airfoil within −0.2 ≤ x∕c ≤ 1.8
and −1 ≤ y∕c ≤ 1.
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Figure 2: Multistep rollout and parameter updates.

Figure 3: Fluid computational domain.
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3.2. Flexible structure model
The flat-plate airfoil is modeled as a two-dimensional cantilever beam of length c = 1m, with its initial centerline

along the x-axis. The leading edge is clamped and the trailing edge is free; the axial displacement, transverse

displacement, and rotation at the root are all zero. The beam is discretized into 65 elements along the chord, with

66 structural nodes. Its cross-sectional properties are represented by an effective mass, axial rigidity EA, and flexural

rigidity EI . The mass ratio is 3, and the rigidities satisfy EAc2∕EI = 105. The piezoelectrically actuated flexible

flat-plate airfoil serves as the controlled FSI system in this study. The actuation voltage is the control input, and the

piezoelectric bending moment changes the airfoil deformation and hence the fluid loads. This configuration is used to

evaluate the ability of LC-DMDc to predict coupled responses and aerodynamic load evolution under control inputs.

Piezoelectric actuation is represented by an equivalent model with two layers arranged symmetrically on the upper and

lower surfaces. Both layers span 0.10 ≤ x∕c ≤ 0.35, covering a length of 0.25m and lying 0.10m from the clamped

end and 0.65m from the free end. Their effects are represented through equivalent cross-sectional properties and an

actuation bending moment. Figure 4 shows the structural configuration.

Figure 4: Schematic of the flexible structure.

Structural dynamics are described using a co-rotational Euler–Bernoulli beam model [41], and piezoelectric

actuation is introduced into the two-dimensional beam model as an equivalent bending moment. Under the assumptions

of thin piezoelectric layers, perfect bonding, and linear piezoelectric constitutive behavior, differential extension and

contraction of the upper and lower layers produce bending. The equivalent bending moment is proportional to the

actuation voltage [42]:

Mp(t) = �pV (t), (56)

where V (t) is the actuation voltage and �p is an effective electromechanical coupling coefficient incorporating the

piezoelectric material properties and cross-sectional dimensions. The moment is applied over the region covered by

the piezoelectric layers and converted into equivalent beam nodal loads to represent actuation in the two-dimensional

structural model. The fluid and structural solvers are coupled using an implicit partitioned scheme implemented with

preCICE [43]. Within each coupling time window, the structural solver transfers interface displacements to the fluid

solver, which returns the updated interface loads. The coupled response is obtained by iterating this exchange. The

coupling iterations are accelerated using the interface quasi-Newton inverse least-squares (IQN-ILS) method, with the

interface load residual serving as the convergence criterion.

3.3. Validation of the fluid–structure interaction solver
To assess the ability of the FSI solver to capture large deformations and flow-induced vibrations of flexible struc-

tures, a two-dimensional inverted flexible flag is used as a benchmark and compared with published results [44, 45].

The flag is clamped at its downstream end and free at its upstream end, and undergoes spontaneous flapping in a

uniform flow. No piezoelectric actuation is applied in this case. The Reynolds number is Re = 200, the mass ratio is

M� = 0.5, and the nondimensional bending stiffness isKb = 0.35. The computational domain and boundary conditions

are shown in Figure 5. The flag length is c = 1m and the free-stream velocity is U∞ = 1m s−1. The domain spans

x∕c ∈ [−16, 16] and y∕c ∈ [−17.5, 17.5], with a near-body fluid mesh spacing of Δx = Δy = 0.01c.

Figure 6 shows the time history of the normalized transverse displacement of the free tip’s displacement, ytip∕c.

Following an initial transient, the structure exhibits large-amplitude flapping that alternates between the positive and
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Figure 5: Computational domain, boundary conditions, and structural constraints for the inverted flexible flag.

negative transverse directions. For quantitative comparison, the maximum and minimum tip displacements, ymax and

ymin, are extracted for each cycle to define the nondimensional single-sided amplitude:

a∗ =
ymax − ymin

2c
. (57)

The reported amplitude is averaged over the complete cycles. The flapping frequency f is determined from the mean

period of the complete cycles, giving the nondimensional frequency

St =
fc

U∞

. (58)

Figure 6: Time history of the transverse tip displacement.
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The present simulation yields a nondimensional single-sided amplitude of a∗ = 0.82 and a nondimensional flapping

frequency of St = 0.171. To quantify the accuracy, the relative deviations in amplitude and frequency are defined as

"a =
|a∗ − aref |

|aref | × 100%,

"St =
|St − Stref |

|Stref | × 100%,

(59)

where aref and Stref are the nondimensional single-sided amplitude and flapping frequency reported in the corre-

sponding reference. These metrics quantify deviations in the deformation amplitude and the time scale of the coupled

motion. Table 1 lists the reference values and the relative deviations of the present results.

Table 1

Reference results for the inverted flexible flag and relative deviations of the present simulation.

Reference aref Stref "a (%) "St (%)

Goza et al. [44], baseline grid 0.81 0.180 1.23 5.00
Lauber et al. [45] 0.80 0.179 2.50 4.47

Relative to Goza et al. [44], the amplitude and frequency deviations are 1.23% and 5.00%, respectively; relative

to Lauber et al. [45], they are 2.50% and 4.47%. The present amplitude is slightly higher than the reference values,

while the frequency is slightly lower. For both comparisons, the amplitude deviation is below 3% and the frequency

deviation does not exceed 5%. Together with the tip-displacement history in Figure 6, these comparisons assess the

solver’s performance for the FSI benchmark in terms of large-amplitude oscillatory motion, deformation amplitude,

and flapping frequency, providing validation for the subsequent generation of training and test data.

3.4. Training conditions
The piezoelectric actuation voltage is used as the control input, and training and test data are obtained from high-

fidelity FSI simulations. The frequency-sweep case lasts 150 s and comprises four logarithmic sweeps with smooth

envelopes, as shown in Figure 7. For the jth sweep, the local time is defined as � = t − tj , and the voltage is

Vj(t) = Ajw(�) sin

[
�j +

2�fj,0

�j

(
e�j� − 1

)]
,

�j =
1

T
ln

(
fj,1

fj,0

)
,

(60)

where Aj , tj , and �j are the amplitude, start time, and initial phase of the sweep, respectively; T = 30 s is the duration

of each sweep; and fj,0 and fj,1 are its initial and final frequencies. The corresponding instantaneous frequency is

fj(�) = fj,0e
�j� . (61)

Unlike a linear sweep, whose frequency changes at a constant rate, a logarithmic sweep changes frequency at

a constant relative rate, varying more slowly at low frequencies and more rapidly at high frequencies. For a given

duration and frequency range, a logarithmic sweep therefore allocates more excitation time to the low-frequency

range. For example, when sweeping upward from 0.05 to 0.35Hz over 30 s, a linear sweep traverses the 0.05–0.15Hz
range in 10 s, whereas a logarithmic sweep takes approximately 16.9 s. Because low-frequency responses have longer

oscillation periods, logarithmic sweeps are used to increase the excitation time at low frequencies while covering the

target frequency band, providing coupled-response data at different frequencies for model identification. A half-cosine

envelope lasting 2 s is applied at each end of every sweep to ramp the voltage smoothly up and down, reducing additional

transients caused by abrupt input changes. The envelope is defined as

w(�) =

⎧⎪⎪⎨⎪⎪⎩

1 − cos(��∕Tr)

2
, 0 ≤ � < Tr ,

1, Tr ≤ � ≤ T − Tr ,

1 − cos
[
�(T − �)∕Tr

]
2

, T − Tr < � ≤ T ,

(62)
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Figure 7: Frequency-sweep voltage input.

where Tr = 2 s. The voltage is zero outside the sweep intervals. Table 2 lists the parameters of the four sweeps.

Table 2

Parameters of the frequency-sweep voltage input.

Sweep
Time interval

(s)

Amplitude

(V)

Initial frequency

(Hz)

Final frequency

(Hz) Initial phase

1 10–40 1500 0.05 0.35 0

2 45–75 1500 0.35 0.05 �∕2

3 80–110 900 0.05 0.35 �

4 115–145 1200 0.35 0.05 �∕4

The combination of upward and downward sweeps with different excitation amplitudes drives the system through

the target frequency band with different response histories and increases the variation in response amplitude within the

training data. Adjacent sweeps are separated by 5 s intervals of zero voltage to capture the free response after unloading.

The initial 0–10 s interval is a startup stage with no control input and is excluded from model identification. Data from

10 ≤ t < 115 s are used for training, and the 115–150 s interval is used for the frequency-sweep test. The training

interval contains the first three sweeps and their subsequent free responses, whereas the test interval contains the

fourth sweep and its subsequent free response. The sampling interval is 0.0625 s, and the last training sample is taken

at 114.9375 s. The frequency-sweep test starts from the initial state at 115 s and advances continuously to 150 s under

the prescribed voltage input to evaluate the model’s ability to predict the subsequent aerodynamic load histories. In

addition to the frequency-sweep test, three further input types are considered: piecewise constant-frequency sinusoidal

signals, multisine signals, and smooth step pulses. For each of these additional cases, the total simulation duration is

150 s, and prediction accuracy is evaluated over 10–150 s.

DMDc, DMDc+GPR, Hankel-DMDc, and cOptDMDc are selected as comparison methods to assess the im-

provements offered by LC-DMDc over existing modeling approaches. DMDc serves as the baseline linear model to

quantify improvements over the original framework. DMDc+GPR uses Gaussian process regression to correct the

state-prediction residuals of a linear model, allowing different approaches to nonlinear modeling to be compared [29].

Hankel-DMDc constructs an augmented state using time-delayed states and inputs, enabling a comparison of how

historical information and load coupling affect prediction accuracy [46]. cOptDMDc combines optimization-based

identification with eigenvalue constraints to suppress spurious growing modes, allowing its long-term aerodynamic

load predictions under stability constraints to be compared with those of LC-DMDc [30]. These methods cover four
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modeling strategies: linear identification, nonlinear residual correction, state augmentation with time delays, and

stability constraints. All models are identified using data from the same training interval and share the same underlying

POD state representation, initial test states, and voltage inputs.

4. Results and discussion

This section evaluates the accuracy of LC-DMDc by comparing its predictions of aerodynamic loads and structural

responses with those of several other methods under different voltage inputs. Ablation studies then identify the

contribution of each model component to prediction performance and explain why LC-DMDc can accurately predict

both aerodynamic loads and structural responses.

4.1. Response predictions under different input excitations
4.1.1. Response predictions under frequency-sweep excitation

This section compares the aerodynamic load and structural displacement predictions of different models for

the flat-plate airfoil under the frequency-sweep voltage input introduced in Section 3.4. Figure 8 compares the

streamwise aerodynamic force Fx, transverse aerodynamic force Fy, aerodynamic moment Mz, and transverse wingtip

displacement predicted by DMDc, DMDc+GPR, Hankel-DMDc, cOptDMDc, and LC-DMDc, with the high-fidelity

FSI simulation as the reference.

Figure 9 shows the velocity fields at 137, 140, 143, and 145 s during the frequency-sweep test, with the

corresponding plate configurations superimposed. The snapshots at 140 and 145 s are close to the positive and negative

displacement extrema, respectively, whereas those at 137 and 143 s correspond to upward and downward plate motion.

A low-velocity region extends along the plate and downstream of the trailing edge to form a low-velocity wake. As

the plate oscillates, the near-body low-velocity region changes with the structural configuration, the low-velocity band

behind the trailing edge shifts laterally and bends, and the velocity distributions on the two sides of the plate adjust

accordingly. The overall flow patterns are similar at the four instants, with differences concentrated near the plate and

in the near wake, where the location and shape of the low-velocity region and the surrounding velocity distribution

change. These snapshots illustrate the local flow adjustments accompanying structural motion and, together with the

aerodynamic load and displacement histories, describe the coupled response under frequency-sweep excitation.

The overall responses in Figure 8 show that the oscillation periods of the aerodynamic loads and displacement

increase as the sweep frequency decreases, while the wingtip displacement amplitude also changes substantially. All

models capture the main oscillatory behavior to some extent, but differ in their predictions of response amplitudes,

peak timing, and local load variations. Standard DMDc follows the main variations in transverse aerodynamic force

and displacement early in the test but substantially underestimates their amplitudes in the latter half. LC-DMDc agrees

well with the reference throughout the test interval, particularly in reproducing the large-amplitude structural motion

and associated load variations in the latter half.

The differences are most pronounced in the streamwise aerodynamic force Fx, which exhibits small fluctuations

about a mean of approximately 1.074mN. Although standard DMDc predicts a mean level close to the reference, it

does not accurately reproduce the fluctuation amplitudes or timing. Hankel-DMDc introduces additional amplitude

deviations in some intervals, while cOptDMDc produces excessively large oscillations. DMDc+GPR improves the

prediction of the main fluctuations, and LC-DMDc follows the reference more closely, yielding a root-mean-square

error (RMSE) of 0.0161mN for the streamwise force. This represents reductions of 72.5% and 46.2% relative to

DMDc and DMDc+GPR, respectively. The improvement therefore extends beyond the mean load to small-amplitude

aerodynamic force fluctuations.

For the transverse aerodynamic force Fy and aerodynamic moment Mz, all models capture the main oscillations

early in the test, but amplitude and local waveform deviations develop in the latter half. For example, near 140.6 s,
the reference transverse force reaches a positive peak of approximately 5.244mN, whereas DMDc predicts only

about 3.075mN. LC-DMDc predicts approximately 4.666mN, substantially reducing the amplitude underestimation.

The moment predictions show a similar trend: LC-DMDc tracks the main peaks, troughs, and their evolution more

accurately, with an RMSE of 0.282mNm over the full test interval, 54.6% lower than that of the best-performing

comparison method, Hankel-DMDc. However, near the local moment spike at approximately 141 s, the LC-DMDc

prediction remains smoother and underestimates the peak, indicating that accurate prediction of the main oscillatory

behavior does not fully capture rapid local variations.
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(a) Fx (b) Fy

(c) Mz (d) Wingtip displacement

Figure 8: Aerodynamic and structural responses under frequency-sweep excitation: (a) Fx; (b) Fy; (c) Mz; (d) transverse
wingtip displacement. FSI denotes the high-fidelity reference solution.

The displacement predictions further demonstrate the advantage of LC-DMDc. At approximately 139.4 s, the

reference transverse wingtip displacement reaches about 33.15mm, whereas DMDc predicts only about 22.51mm.

The LC-DMDc peak is approximately 32.58mm, closely reproducing the structural deformation amplitude at this

stage. DMDc+GPR and Hankel-DMDc both improve on standard DMDc, but LC-DMDc has the lowest displacement

error over the full trajectory. Its RMSE is 0.561mm, 87.4% lower than that of DMDc and 55.1% lower than that of

DMDc+GPR. Thus, LC-DMDc improves aerodynamic load prediction while maintaining an accurate description of

structural motion.

For a quantitative comparison, prediction accuracy is evaluated using the RMSE normalized by the range of the

high-fidelity reference response (NRMSE):

NRMSE =

√√√√ 1

N

N∑
k=1

(
ŷk − yk

)2

ymax − ymin

× 100%,

ymax = max
1≤k≤N

yk, ymin = min
1≤k≤N

yk,

(63)
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(a) t = 137 s (b) t = 140 s

(c) t = 143 s (d) t = 145 s

Figure 9: Velocity fields at representative instants during the frequency-sweep test: (a) 137 s; (b) 140 s; (c) 143 s; (d) 145 s.

where ŷk and yk are the predicted and high-fidelity reference values, respectively, and N is the number of evaluation

samples after excluding the initial instant. The values ymax and ymin are the maximum and minimum of the reference

response over the same evaluation interval. This metric measures the prediction RMSE relative to the range of the

reference response; lower values indicate higher accuracy. For each response component in a given case, all methods

use the same reference range for normalization. The initial state at 115 s is excluded, and the 560 samples from 115.0625
to 150 s are used for evaluation. The results are listed in Table 3.

Table 3

NRMSE (%) of the predicted responses under frequency-sweep excitation.

Method Fx Fy Mz Wingtip displacement

DMDc 22.52 7.99 6.94 7.18
DMDc+GPR 11.51 6.64 5.21 2.02
Hankel-DMDc 35.29 7.41 4.54 2.88
cOptDMDc 161.88 11.69 8.71 4.12
LC-DMDc 6.20 3.74 2.06 0.91

As shown in Table 3, LC-DMDc has the lowest full-interval prediction error for all four responses, with NRMSE

values of 6.20%, 3.74%, 2.06%, and 0.91% for the streamwise force, transverse force, aerodynamic moment, and wingtip

displacement, respectively. Relative to the best-performing comparison method for each response, the corresponding

errors are reduced by 46.2%, 43.7%, 54.6%, and 55.1%. Thus, for this frequency-sweep case, LC-DMDc improves

both aerodynamic load and structural displacement predictions, outperforming the comparison methods for all four

responses.

Over the continuous 35 s rollout comprising 560 steps, LC-DMDc accurately preserves the main amplitudes and

evolution of the aerodynamic loads and structural displacement under the frequency-sweep input, while achieving the
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lowest full-interval error for every evaluated component. These results demonstrate its advantage in long-term response

prediction for this frequency-sweep case and provide a basis for the subsequent evaluations under other input types.

4.1.2. Response predictions under piecewise sinusoidal inputs

Piecewise sinusoidal voltage inputs are used to compare the models under sustained periodic excitation and

frequency changes. The input signal, shown in Figure 10, is defined as

V (t) =

{
Aw(t − tj) sin

[
2�fj(t − tj)

]
, tj < t < tj + T , j = 1, 2, 3,

0, otherwise,
(64)

where A = 1200V and each segment has a duration of T = 40 s. The start times and frequencies of the three segments

are

(t1, t2, t3) = (10, 55, 100) s,

(f1, f2, f3) = (0.1, 0.2, 0.3)Hz.
(65)

Figure 10: Piecewise constant-frequency sinusoidal voltage input.

The envelope w has the same half-cosine form as in Eq. (62), with the segment duration set to 40 s and transition

durations of 2 s at both ends. Adjacent excitation segments are separated by 5 s intervals of zero voltage, and 140–150 s

is the free-response interval. Each model starts from the initial state at 10 s and performs a continuous rollout to 150 s.

Figure 11 compares the predicted streamwise aerodynamic force, transverse aerodynamic force, aerodynamic moment,

and transverse wingtip displacement.

For the streamwise aerodynamic force Fx, standard DMDc predicts a mean load close to the reference but

does not adequately capture the pronounced fluctuations during the first excitation segment. DMDc+GPR improves

the prediction of some fluctuations but introduces additional oscillations in later segments, while Hankel-DMDc

deviates from the reference in fluctuation amplitude and timing over some intervals. cOptDMDc produces excessively

large streamwise force oscillations, indicating that the imposed stability constraint does not guarantee accurate load

trajectories in this case. By contrast, LC-DMDc reproduces the changes in load fluctuation intensity across the

excitation segments, with a full-interval streamwise force RMSE of 0.0200mN, 69.3% lower than that of DMDc and

66.6% lower than that of DMDc+GPR.

The transverse aerodynamic force Fy and aerodynamic moment Mz further reveal differences in the predicted

response amplitudes. During the 0.10Hz excitation segment, standard DMDc substantially underestimates the main

peaks and troughs, whereas cOptDMDc overestimates the amplitudes and shifts the peak timing in some cycles.

DMDc+GPR and Hankel-DMDc improve on standard DMDc during this segment, but local waveform deviations

H. Du et al.: Preprint submitted to Elsevier Page 20 of 32



LC-DMDc for long-term aerodynamic load prediction

(a) Fx (b) Fy

(c) Mz (d) Wingtip displacement

Figure 11: Aerodynamic and structural responses under piecewise sinusoidal excitation: (a) Fx; (b) Fy; (c) Mz; (d) transverse
wingtip displacement. FSI denotes the high-fidelity reference solution.

remain after subsequent frequency changes. LC-DMDc captures the main oscillation amplitudes and their variations

across the excitation conditions more accurately. Its full-interval RMSE values for the transverse force and aerodynamic

moment are 0.433mN and 0.284mNm, respectively, representing reductions of 44.3% and 60.6% relative to Hankel-

DMDc, the best-performing comparison method for both responses.

For structural displacement, the improvement provided by LC-DMDc is particularly pronounced for large-

amplitude motion under low-frequency excitation. At approximately 44.06 s, the reference transverse wingtip displace-

ment reaches 38.96mm. Standard DMDc predicts a corresponding peak of only about 23.81mm, whereas cOptDMDc

overestimates it at approximately 45.73mm. LC-DMDc predicts a peak of 36.92mm, with peak timing consistent with

the reference. It also follows the decrease in displacement amplitude during the subsequent two excitation segments.

In particular, during the 0.30Hz segment from 100 to 140 s, its wingtip displacement RMSE is only 0.126mm,

demonstrating that the same model can describe both large deformations at low frequencies and small-amplitude motion

at higher frequencies.

The response after removal of the control input also reflects the models’ ability to predict continuously. After

the voltage returns to zero at 140 s, the high-fidelity solution shows a gradual decay in structural motion and load

fluctuations. LC-DMDc follows this decay closely, whereas DMDc+GPR retains noticeable additional oscillations

in the transverse force and moment. Over 140–150 s, the transverse force and moment RMSE values of LC-DMDc
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are 0.0915mN and 0.0665mNm, respectively. Its predictive advantage therefore extends from the forced-vibration

stage to the response evolution after removal of the control input. The range-normalized RMSE defined in Eq. (63) is

evaluated using all 2240 prediction samples after excluding the initial instant, with the results listed in Table 4.

Table 4

NRMSE (%) of the predicted responses under piecewise sinusoidal excitation.

Method Fx Fy Mz Wingtip displacement

DMDc 14.77 6.74 5.52 6.27
DMDc+GPR 13.56 8.55 6.53 2.39
Hankel-DMDc 21.32 5.64 4.22 2.72
cOptDMDc 123.82 11.82 8.57 4.97
LC-DMDc 4.53 3.14 1.66 1.13

As shown in Table 4, LC-DMDc has the lowest full-interval prediction error for all four responses, with NRMSE

values of 4.53%, 3.14%, 1.66%, and 1.13% for the streamwise force, transverse force, aerodynamic moment, and wingtip

displacement, respectively. Relative to the best-performing comparison method for each response, the corresponding

errors are reduced by 66.6%, 44.3%, 60.6%, and 52.9%. Thus, without reidentification, LC-DMDc applies the dynamics

learned from the frequency-sweep data to the piecewise constant-frequency sinusoidal case and achieves the lowest

full-interval prediction errors over a continuous 140 s rollout comprising 2240 steps. These results show that LC-

DMDc accurately describes the aerodynamic loads and structural motion at different excitation frequencies, as well as

the response changes following frequency transitions and input removal, demonstrating its ability to predict long-term

responses across input types within the training frequency band.

4.1.3. Response predictions under multisine inputs

Multisine voltage inputs are used to evaluate the models’ ability to predict aerodynamic loads and structural

displacement under simultaneous excitation at multiple frequencies. Unlike the preceding frequency-sweep and

piecewise constant-frequency sinusoidal cases, the multisine input superimposes several frequency components,

producing a multifrequency response under sustained excitation. The input signal, shown in Figure 12, is defined

as

V (t) =

⎧⎪⎨⎪⎩

Aw(�)

4∑
j=1

sin
(
2�fj� + �j

)
, 10 s < t < 130 s,

0, otherwise,

� = t − 10 s. (66)

Each sinusoidal component has an amplitude of A = 300V, with frequencies and initial phases given by

(f1, f2, f3, f4) = (0.05, 0.10, 0.20, 0.30)Hz,

(�1, �2, �3, �4) =
(
0,

�

2
, �,

3�

2

)
.

(67)

The envelope w has the same half-cosine form as in Eq. (62), with an excitation duration of 120 s and transition

durations of 2 s at both ends. The voltage returns to zero at 130 s, and the predictions continue to 150 s to examine the

subsequent free response. Each model starts from the initial state at 10 s and performs a continuous rollout to 150 s.

Figure 13 compares the predicted streamwise aerodynamic force, transverse aerodynamic force, aerodynamic moment,

and transverse wingtip displacement.

The streamwise aerodynamic force Fx exhibits small fluctuations about a mean of approximately 1.088mN, with

a reference standard deviation of only about 0.02245mN. Standard DMDc maintains the mean level but does not

adequately capture local fluctuations. DMDc+GPR and Hankel-DMDc produce excessive fluctuations over some

intervals, while the additional oscillations in cOptDMDc are more pronounced. LC-DMDc yields a full-interval

streamwise force RMSE of 0.0113mN, 44.0% lower than that of DMDc, the best-performing comparison method

for this component. Its RMSE is approximately 0.0056mN in each of the later intervals, 70–110 s and 110–130 s,

indicating that it continues to track small load variations accurately after sustained rollout.
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Figure 12: Multisine voltage input.

The transverse aerodynamic force Fy and aerodynamic moment Mz further show that improving predictions

of some states does not necessarily improve all mechanical outputs. Although DMDc+GPR has a lower wingtip

displacement error than standard DMDc, additional oscillations in its transverse force and moment predictions increase

the full-interval errors for both outputs. Hankel-DMDc follows the timing of the main oscillations well but retains

amplitude deviations at some peaks and troughs. The transverse force and moment RMSE values of LC-DMDc are

0.140mN and 0.118mNm, respectively, 45.6% and 64.0% lower than those of DMDc, the best-performing comparison

method for both outputs.

For structural displacement, LC-DMDc accurately preserves the amplitudes and trough timing of the multifre-

quency response. For example, near the negative displacement peak at approximately 67.5 s, the high-fidelity result is

about −11.82mm, compared with approximately −9.39mm for standard DMDc and −12.06mm for LC-DMDc. The

LC-DMDc peak timing differs from the reference by only one sampling interval, 0.0625 s. Over the full trajectory, its

wingtip displacement RMSE is 0.268mm, 84.8% lower than that of DMDc and 73.9% lower than that of Hankel-

DMDc, the best-performing comparison method for displacement. Thus, LC-DMDc improves aerodynamic load

prediction without sacrificing structural motion accuracy, improving both predictions simultaneously. The previously

defined NRMSE in Eq. (63) is evaluated using all 2240 prediction samples after excluding the initial instant. The results

are listed in Table 5.

Table 5

NRMSE (%) of the predicted responses under multisine excitation.

Method Fx Fy Mz Wingtip displacement

DMDc 8.51 4.87 5.98 8.07
DMDc+GPR 20.21 19.92 18.70 5.33
Hankel-DMDc 16.36 7.13 6.32 4.70
cOptDMDc 230.95 29.83 26.64 17.24
LC-DMDc 4.77 2.65 2.15 1.23

As shown in Table 5, LC-DMDc has the lowest full-interval prediction error for all four responses, with NRMSE

values of 4.77%, 2.65%, 2.15%, and 1.23% for the streamwise force, transverse force, aerodynamic moment, and wingtip

displacement, respectively. Relative to the best-performing comparison method for each response, the corresponding

errors are reduced by 44.0%, 45.6%, 64.0%, and 73.9%. These results show that LC-DMDc simultaneously improves

aerodynamic load and structural displacement predictions under excitation at multiple frequencies.
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(a) Fx (b) Fy

(c) Mz (d) Wingtip displacement

Figure 13: Aerodynamic and structural responses under multisine excitation: (a) Fx; (b) Fy; (c) Mz; (d) transverse wingtip
displacement. FSI denotes the high-fidelity reference solution.

Over the continuous 140 s rollout comprising 2240 steps, LC-DMDc accurately reproduces the aerodynamic

loads and structural displacement under simultaneous multifrequency excitation, maintaining low errors during both

the sustained forced response and the subsequent free response. These results indicate that LC-DMDc identified

from frequency-sweep data can predict responses to multisine inputs within the training frequency band, accurately

describing both aerodynamic loads and structural motion without reidentification.

4.1.4. Response predictions under step inputs

Smooth step pulses of alternating polarity are used to evaluate the models during loading, constant-voltage holding,

unloading, and actuation reversal. Unlike the preceding oscillatory inputs, this case contains sustained constant-voltage

intervals, testing the models’ ability to describe sustained structural deformation and load transitions. The input signal,

shown in Figure 14, is defined as

V (t) =

4∑
j=1

Aj w(t − tj), (68)
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where the start times and amplitudes of the four pulses are

(t1, t2, t3, t4) = (10, 45, 80, 115) s,

(A1, A2, A3, A4) = (1000,−1000, 1000,−1000)V.
(69)

Each pulse lasts T = 25 s, comprising 5 s of smooth loading, 15 s at constant voltage, and 5 s of smooth unloading.

The corresponding envelope is

w(�) =

⎧⎪⎪⎪⎨⎪⎪⎪⎩

1 − cos(��∕Tr)

2
, 0 ≤ � < Tr ,

1, Tr ≤ � ≤ T − Tr ,

1 − cos
[
�(T − �)∕Tr

]
2

, T − Tr < � ≤ T ,

0, otherwise,

(70)

where Tr = 5 s and � = t − tj is the time elapsed since the start of pulse j.

Figure 14: Smooth step voltage pulses of alternating polarity.

The voltage is zero between pulses, and 140–150 s is the free-response interval after the final unloading. Each

model starts from the initial state at 10 s and performs a continuous rollout to 150 s. Figure 15 compares the

predicted streamwise aerodynamic force, transverse aerodynamic force, aerodynamic moment, and transverse wingtip

displacement.

Among all responses, structural displacement shows the most pronounced improvement. Standard DMDc under-

estimates both the displacement peaks following loading and the deformation maintained under constant voltage. For

example, during 20–30 s of the first positive-voltage plateau, the reference mean wingtip displacement is approximately

12.15mm, whereas standard DMDc predicts only about 5.65mm and LC-DMDc predicts approximately 12.31mm.

During 55–65 s of the subsequent negative-voltage plateau, the reference mean displacement is about −12.17mm,

compared with approximately−5.72mm for DMDc and−12.29mm for LC-DMDc. The results for both polarities show

that LC-DMDc accurately maintains the structural deformation level under sustained actuation. It also reproduces the

displacement peaks and their timing during loading transients. For example, following the positive loading phase of the

third pulse, the reference wingtip displacement reaches 17.41mm at approximately 87.38 s. The corresponding peaks

predicted by standard DMDc and LC-DMDc are about 11.32mm and 17.29mm, respectively, with the LC-DMDc

peak timing differing from the reference by only one sampling interval, 0.0625 s. DMDc+GPR and Hankel-DMDc

reduce the displacement amplitude underestimation of standard DMDc, but deviations remain over the full trajectory.
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(a) Fx (b) Fy

(c) Mz (d) Wingtip displacement

Figure 15: Aerodynamic and structural responses under step excitation: (a) Fx; (b) Fy; (c) Mz; (d) transverse wingtip
displacement. FSI denotes the high-fidelity reference solution.

The wingtip displacement RMSE of LC-DMDc is 0.437mm, 90.9% lower than that of DMDc and 75.1% lower than

that of Hankel-DMDc, the best-performing comparison method for displacement.

The streamwise aerodynamic forceFx exhibits small variations about its mean. Standard DMDc, DMDc+GPR, and

Hankel-DMDc maintain broadly similar load levels but retain errors in local variations, whereas cOptDMDc produces

excessively large additional oscillations. LC-DMDc yields a full-interval streamwise force RMSE of 0.0122mN, 58.1%
lower than that of DMDc, the best-performing comparison method for this component. For the transverse aerodynamic

force, LC-DMDc captures the main peaks and troughs associated with loading, unloading, and actuation reversal, with

an RMSE of 0.125mN, 29.3% lower than that of DMDc. By comparison, DMDc+GPR and cOptDMDc introduce

pronounced oscillations absent from the reference over some intervals, while Hankel-DMDc shows deviations in

amplitude or response level at some stages.

The prediction results for the aerodynamic moment Mz differ from those for displacement and aerodynamic forces.

LC-DMDc and standard DMDc both capture the main variations, with similar full-interval RMSE values of 0.230 and

0.232mNm, respectively. During the second and fourth negative pulses, LC-DMDc has a slightly higher moment

error than standard DMDc. Thus, in the step-input case, the main improvements from LC-DMDc are in structural

displacement and aerodynamic force prediction. Its moment prediction is comparable to that of standard DMDc but

remains more accurate than those of the other three comparison methods.
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The results after unloading further test the models’ ability to describe the free response. After the voltage returns

to zero at 140 s, LC-DMDc follows the gradual decay of structural displacement and transverse load fluctuations.

Over 140–150 s, its transverse force, aerodynamic moment, and wingtip displacement RMSE values are 0.0903mN,

0.106mNm, and 0.213mm, respectively, all lower than those of the comparison methods. These results show that the

improvement in controlled-response prediction extends from constant-voltage actuation to the motion after removal

of the control input. The previously defined NRMSE in Eq. (63) is evaluated using all 2240 prediction samples after

excluding the initial instant. The results are listed in Table 6.

Table 6

NRMSE (%) of the predicted responses under step excitation.

Method Fx Fy Mz Wingtip displacement

DMDc 12.93 6.42 7.39 13.78
DMDc+GPR 17.52 36.27 35.27 7.20
Hankel-DMDc 17.93 12.13 25.29 5.01
cOptDMDc 241.29 56.36 46.52 10.96
LC-DMDc 5.42 4.54 7.33 1.25

As shown in Table 6, LC-DMDc has the lowest NRMSE for all four responses, with values of 5.42%, 4.54%, 7.33%,

and 1.25% for the streamwise force, transverse force, aerodynamic moment, and wingtip displacement, respectively.

Relative to the best-performing comparison method for each response, the streamwise force, transverse force, and

wingtip displacement errors are reduced by 58.1%, 29.3%, and 75.1%, respectively. The moment error decreases by

only about 0.85%, remaining comparable to that of standard DMDc. Thus, the main advantages of LC-DMDc in

this case are its accurate description of structural deformation under sustained actuation and improved aerodynamic

force prediction during loading, unloading, and actuation reversal; further improvement in moment prediction remains

possible.

Without reidentification, LC-DMDc applies the dynamics learned from frequency-sweep data to step inputs with

constant-voltage holding and polarity reversals, accurately reproducing loading, sustained deformation, and unloading

over a 140 s rollout comprising 2240 steps. These results further show that LC-DMDc accommodates different control

input types, substantially improving the overall accuracy of aerodynamic force and structural displacement predictions

while maintaining moment prediction accuracy.

4.2. Effects of key components on prediction accuracy
Ablation studies under frequency-sweep, piecewise constant-frequency sinusoidal, multisine, and step inputs assess

the contribution of each LC-DMDc component to prediction performance. With the full model M0 as the baseline, the

variants separately remove the nonlinear RBF features, displacement–velocity kinematic constraint, or auxiliary power

loss, or change the training rollout horizon, as listed in Table 7. All variants use the same training data and POD bases.

Each ablated model is reidentified with the same maximum number of optimization iterations, while the full model

from Section 4.1 is retained to provide a consistent evaluation baseline.

Table 7

Model configurations for the ablation study.

Model Configuration

M0 Full LC-DMDc model

M1 Remove RBF features; retain only the state, control input, and constant term in the load mapping

M2 Remove the displacement–velocity kinematic constraint; fit the corresponding state components by
unconstrained regression

M3 Train using only 64-step prediction errors

M4 Remove the auxiliary power loss

M5 Train using only one-step prediction errors
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Figure 16 compares the prediction errors ofM0–M4 in the four cases using the previously defined range-normalized

RMSE in Eq. (63). In all four cases, M5 reaches the numerical divergence threshold approximately 1.1–1.2 s after

prediction begins, so its NRMSE is not plotted. The other variants, all trained using multistep prediction errors,

complete the entire test interval. Under the present model configuration and training conditions, these results indicate

that incorporating errors from continuous rollouts into identification is important for sustaining long-term predictions.

(a) Fx (b) Fy

(c) Mz (d) Wingtip displacement

Figure 16: NRMSE of models M0–M4 under four input types: (a) Fx; (b) Fy; (c) Mz; (d) transverse wingtip displacement.
The labels “chirp” and “sine” denote frequency-sweep and piecewise constant-frequency sinusoidal inputs, respectively.

Under frequency-sweep excitation, the full model M0 has NRMSE values of 6.20%, 3.74%, 2.06%, and 0.91% for

the streamwise force, transverse force, aerodynamic moment, and wingtip displacement, respectively. Removing RBF

features in M1 increases these errors to 17.21%, 5.03%, 2.75%, and 1.46%, with the largest increase in the streamwise

force error. The full model reduces this error by 64.0% relative to M1. Thus, when the excitation frequency varies

continuously, an affine load mapping alone does not achieve the accuracy of the full model, and nonlinear RBF features

improve the predictions of aerodynamic forces, moments, and structural responses. Removing the kinematic constraint

in M2 increases the wingtip displacement error to 1.73% and also increases the streamwise force and moment errors,

although the transverse force error decreases slightly to 3.42%. Model M3, trained using only 64-step prediction

errors, performs worse than the full model for all four metrics, with a displacement error of 1.98%. Removing the

auxiliary power loss in M4 mainly increases the moment and displacement errors, to 2.27% and 1.51%, respectively.

For frequency-sweep excitation, the nonlinear load mapping therefore provides a particularly pronounced improvement

in streamwise force prediction, while the kinematic constraint, longer training horizon, and auxiliary power loss all

improve structural response accuracy.

Under piecewise constant-frequency sinusoidal excitation, the streamwise force, transverse force, moment, and

displacement errors of M0 are 4.53%, 3.14%, 1.66%, and 1.13%, respectively. Removing RBF features increases the

first three errors in M1 to 16.99%, 4.36%, and 2.64%, whereas the displacement error increases only slightly, to

1.15%. This indicates that RBF features primarily improve aerodynamic force and moment prediction in this case:

similar structural displacement errors can coexist with substantial differences in load prediction accuracy. Without the

kinematic constraint, the moment and displacement errors of M2 increase to 1.83% and 1.38%, respectively, while the

transverse force error decreases slightly. By comparison, shortening the training horizon has a more pronounced effect

on sustained oscillation prediction. The moment and displacement errors of M3 reach 2.67% and 2.80%, respectively;
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the full model reduces these errors by 37.6% and 59.7%. The moment error of M4 is 1.70%, close to that of the full

model, but its displacement error increases to 1.32%. Thus, the nonlinear load mapping mainly improves aerodynamic

force prediction in this case, whereas a longer training horizon has a more pronounced effect on structural oscillation

and moment predictions.

Under multisine excitation, the full model outperforms every ablated variant for all four metrics. The streamwise

force, transverse force, moment, and displacement errors of M0 are 4.77%, 2.65%, 2.15%, and 1.23%, respectively;

removing RBF features increases them to 11.22%, 4.12%, 2.96%, and 4.19%. Relative to M1, the full model reduces

the streamwise force and displacement errors by 57.5% and 70.8%, respectively, indicating that the nonlinear load

mapping is important for predicting both aerodynamic forces and structural motion under simultaneous multifrequency

excitation. Removing the kinematic constraint increases the displacement error of M2 to 4.90%, approximately four

times that of the full model, and the transverse force error to 3.50%. This indicates that preserving the displacement–

velocity relation improves the accuracy of multifrequency structural response predictions and the corresponding loads.

All four errors increase in M3, including a displacement error of 3.16%, further demonstrating the benefit of a longer

training horizon. Removing the auxiliary power loss inM4 has little effect on the streamwise and transverse force errors,

but increases the moment and displacement errors to 2.94% and 2.41%, respectively. Compared with the preceding two

cases, the benefits of the individual components are more consistent under multisine excitation.

The step input includes loading, holding, and unloading stages, allowing the models to be assessed during input

transitions and the subsequent response. The streamwise force, transverse force, moment, and displacement errors of

M0 are 5.42%, 4.54%, 7.33%, and 1.25%, respectively. Removing RBF features in M1 increases the streamwise and

transverse force errors to 10.39% and 6.20% and slightly increases the displacement error to 1.30%, but reduces the

moment error to 3.49%. Removing the kinematic constraint in M2 produces a similar pattern: the streamwise force,

transverse force, and displacement errors increase to 6.86%, 5.11%, and 2.34%, respectively, while the moment error

decreases to 6.10%. Thus, the nonlinear mapping and kinematic constraint improve force and displacement predictions

in this case but do not reduce the moment error. The effect of the training horizon is more consistent: all four errors in

M3 exceed those of the full model, with transverse force and displacement errors of 13.49% and 2.92%, respectively.

Including 256-step prediction errors reduces these two errors by 66.4% and 57.3%, indicating that a longer training

horizon reduces deviations in the subsequent response to step inputs. All four errors in M4 also exceed those of the full

model, showing that the auxiliary power loss further improves predictions in this loading–unloading case.

Across all four cases, the nonlinear RBF load mapping reduces the streamwise and transverse force prediction

errors by 47.8%–73.3% and 25.6%–35.8%, respectively, relative to the variant without RBF features. Its improvement

in structural displacement prediction is most pronounced in the multisine case. The kinematic constraint improves

wingtip displacement accuracy in all four cases and is particularly beneficial for describing structural motion under

simultaneous multifrequency excitation. Multistep training enables the present model to sustain continuous rollouts.

Adding a longer training horizon further reduces the errors of all response components in every case, with a particularly

pronounced improvement in transverse force prediction under step inputs. The auxiliary power loss mainly improves

structural displacement and selected mechanical outputs. These results indicate that the components contribute

through nonlinear representation, structural kinematics, and control of rollout errors, together improving the long-term

prediction performance of LC-DMDc under different control inputs.

5. Conclusions

This study proposes load-coupled dynamic mode decomposition with control (LC-DMDc) to address the difficulty

of representing nonlinear aerodynamic loads with compact linear models and the accumulation of prediction errors

during long rollouts in controlled FSI systems. LC-DMDc introduces radial basis functions into the DMDc framework

to construct a nonlinear load mapping, with shared low-dimensional load coefficients linking state evolution and

mechanical outputs. It preserves the displacement–velocity kinematic relation and improves long-term prediction

accuracy through joint multistep training. A high-fidelity FSI solver for a piezoelectrically actuated flat-plate airfoil

was developed using OpenFOAM, a multi-direct-forcing immersed boundary method, and an Euler–Bernoulli beam

model, with implicit fluid–structure coupling implemented through preCICE. Response data under frequency-sweep

excitation were then used to train the reduced-order model. Comparisons with DMDc, DMDc+GPR, Hankel-DMDc,

and cOptDMDc under frequency-sweep, piecewise constant-frequency sinusoidal, multisine, and step inputs validate

the accuracy of LC-DMDc.
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The results show that LC-DMDc maintains good accuracy in predicting aerodynamic loads and structural

responses over continuous rollouts under different inputs. Across all four cases, the streamwise force, transverse force,

aerodynamic moment, and wingtip displacement errors do not exceed 6.20%, 4.54%, 7.33%, and 1.25%, respectively.

The ablation studies further clarify the contributions of the individual components. First, the nonlinear RBF load

mapping improves the representation of aerodynamic load variations. Compared with the variant without RBF features,

the full model reduces the streamwise and transverse force errors by 47.8%–73.3% and 25.6%–35.8%, respectively,

across all four cases, and the displacement error by 70.8% in the multisine case. In addition to nonlinear modeling,

incorporating multistep prediction errors into training is important for sustaining continuous rollouts. The model trained

using only one-step prediction errors diverges numerically in all four cases. Adding 256-step prediction errors to 64-

step training further reduces the errors of all response components in every case; under step excitation, the transverse

force and displacement errors decrease by 66.4% and 57.3%, respectively. Furthermore, both the displacement–

velocity kinematic constraint and the auxiliary power loss improve structural response prediction accuracy. In the

multisine case, removing the kinematic constraint increases the displacement error from 1.23% to 4.90%, whereas

removing the auxiliary power loss increases it to 2.41%. These results indicate that the nonlinear load mapping, joint

multistep training, kinematic constraint, and auxiliary power loss improve prediction performance through nonlinear

representation, control of errors during continuous rollouts, and preservation of structural kinematics. Together, these

components enable LC-DMDc to predict long-term aerodynamic loads and structural responses under different control

inputs.
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