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Abstract

This paper proposes a data-driven model for predicting rotor fluid-structure interaction (FSI)
load with efficient aeroelastic analysis. Unsteady flow-field snapshots obtained from com-
putational fluid dynamics (CFD) simulations are first processed using Proper Orthogonal
Decomposition (POD) to reduce the dimensionality of the flow data and extract the dominant
modal time coefficients. Based on these reduced-order representations, the Dynamic Mode De-
composition with control (DMDc) method is used to identify a time-domain state-space model
of the aerodynamic system. The identified data-driven aerodynamic model is coupled with
the structural dynamic equations, which allows time-domain reconstruction and prediction of
unsteady aerodynamic forces and structural loads under aeroelastic interactions. Hence, an
efficient reduced-order model for aerodynamic load is established. The proposed approach
is first validated using a two-dimensional airfoil subjected to different motion inputs, where
the reduced-order aerodynamic predictions are compared with high-fidelity CFD results.
Then, a three-dimensional sectional reduced-order model for a rotor is developed based
on blade element theory, and aeroelastic coupled simulations are conducted for the SA349
rotor. The results demonstrate that the proposed method can accurately capture unsteady
aerodynamic loads and aeroelastic responses, while significantly improving computational
efficiency compared to high-fidelity simulations.

Keywords: rotor; data-driven; reduced-order model; unsteady aerodynamics; fluid-structure
interaction; vibrator loads

1. Introduction
The unique operating characteristics of helicopter rotors result in a highly complex

aerodynamic environment for the blades, in which strongly nonlinear phenomena such as
blade–vortex interaction (BVI) are commonly encountered [1]. From a structural mechanics
perspective, a rotor blade can be modeled as a flexible cantilever beam. When these
complex, unsteady aerodynamic loads act directly on the blade and are coupled with the
structural response, blade deformations—including flapping, lagging, and torsion—may be
induced, resulting in structural vibrations. In severe cases, such vibrations can compromise
flight stability or lead to fatigue damage of the rotor blades. Moreover, these dynamic loads
are transmitted to the fuselage through the rotor hub, thereby affecting the fatigue life of the
airframe, the reliable operation of onboard equipment, and the ride comfort of occupants.
Consequently, the rapid and accurate prediction of structural loads on helicopter rotor
blades is of critical importance.
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In recent decades, significant progress has been achieved in aeroelastic modeling
methodologies for rotorcraft. Traditional approaches are primarily physics-based and
typically rely on the combination of structural beam theories and simplified aerodynamic
models. From the structural modeling perspective, rotor blades are commonly ideal-
ized as flexible beam structures. The Euler–Bernoulli beam formulation [2], the modified
Bauchau and Hong’s beam model [3], and geometrically exact beam theory [4] have
been widely employed to describe the elastic deformation of rotor blades, offering rea-
sonable computational efficiency while maintaining physical consistency. In particular,
the geometrically exact beam framework utilizes the variational asymptotic method to
reduce the fully three-dimensional geometrically nonlinear elasticity problem into a one-
dimensional geometrically exact beam model coupled with a two-dimensional variational
asymptotic cross-sectional analysis [5]. With further developments, additional refineme-
nts—such as inertia-load-based dynamic deflection modeling [6] and fully intrinsic gov-
erning equations—have been introduced to account for structural effects, including initial
twist and curvature in composite rotor blades [7].

On the aerodynamic side, these structural models are typically coupled with appro-
priately simplified flow representations to construct unsteady aerodynamic load models
based on airfoil characteristics. Common approaches include Theodorsen’s unsteady
aerodynamic theory [8], dynamic inflow theory [9], free-wake methods [10], and the
Peters–He finite-state dynamic wake model [11], all of which enable computationally effi-
cient time-domain analysis. While these methods are attractive in terms of efficiency and
implementation simplicity, they may exhibit limitations in accurately capturing complex
flow phenomena, such as flow separation and other strongly nonlinear effects. Conse-
quently, their aerodynamic fidelity may be reduced under conditions involving pronounced
unsteady nonlinear aerodynamics.

At an earlier stage, NASA [12] pioneered the application of CFD to rotor aerody-
namic analysis and loosely integrated the CFD solver with the structural dynamics code
CAMRAD, demonstrating encouraging performance in subsequent validations. Building
upon these efforts, the University of Maryland [13] performed coupled simulations of the
SA349/2 rotor using a CFD solver integrated with the computational structural dynam-
ics (CSD) code UMARC; however, certain limitations in convergence and accuracy were
reported. With the progressive maturation of Reynolds-averaged Navier–Stokes (RANS)-
based CFD techniques [14], aerodynamic predictions have achieved substantially improved
accuracy and broader applicability compared with earlier reduced-fidelity models. As a
result, coupled CFD/CSD approaches have been increasingly applied to forward-flight
simulations of the UH-60A rotor [15,16] and its scaled HART II model [17]. It is widely
recognized that aerodynamic load prediction remains one of the dominant sources of
modeling uncertainty and computational cost in rotor aeroelastic analysis.

At present, the accurate characterization of complex unsteady rotor flows still largely
relies on high-fidelity simulations, whose substantial computational cost poses challenges
for control-law development and multidisciplinary design optimization of rotor blades.
Moreover, in rotor aeroelastic analysis, the aerodynamic module often constitutes one of the
primary sources of modeling uncertainty and computational expense due to the strongly
nonlinear and highly unsteady nature of rotor flows. Therefore, improving the efficiency
and fidelity of aerodynamic prediction remains a central issue in practical aeroelastic
simulations. In this context, the development of ROMs that can accurately capture unsteady
flow physics while significantly reducing computational cost has emerged as an important
research focus.

In recent years, full-order flow-field decomposition methods based on feature ex-
traction have attracted considerable attention [18,19]. These approaches aim to achieve
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a high-fidelity representation of the flow field while retaining the dominant dynamical
characteristics of the system. Among them, modal decomposition has been extensively
developed as a representative reduced-order modeling (ROM) technique. The core idea is to
extract low-dimensional modal bases from flow-field snapshots collected over a finite time
interval using decomposition algorithms, and to reconstruct high-dimensional unsteady
flow fields through linear combinations of these modes, thereby accurately describing the
temporal evolution of flow variables. Representative examples include Proper Orthogonal
Decomposition (POD) [20] and Dynamic Mode Decomposition (DMD) [19].

POD was first introduced into fluid mechanics by Lumley [21] for the analysis of turbu-
lent flows. It was subsequently applied to the dimensional reduction in CFD models based
on the Euler equations and to reduced-order aerodynamic modeling of two-dimensional
airfoils [22]. Later studies demonstrated that unsteady flow features could be effectively
represented through linear combinations of POD modes following global flow-field decom-
position [23]. At present, POD has been widely applied to flow past circular cylinders [24],
airfoil aerodynamics [25], and the dynamic analysis of wings.

DMD, proposed by Schmid [19], is a data-driven method for the analysis of dynamical
systems. Each DMD mode is associated with a distinct frequency and growth (or decay)
rate, and the corresponding eigenvalues directly characterize the stability and growth
behavior of the flow. Building upon the standard DMD framework, Proctor et al. [26]
integrated control theory and proposed the Dynamic Mode Decomposition with Control
(DMDc) method, which extends DMD by incorporating system inputs and enables the
simultaneous identification of both system and control matrices. DMDc has since been
successfully applied in studies of unsteady aerodynamic modeling [27,28] and aeroelastic
response prediction [29,30].

This study proposes a data-driven ROM approach in which high-fidelity full-order
CFD simulations are first performed, followed by POD-based dimensionality reduction
to extract the dominant flow features. Unlike conventional POD-based ROMs that pri-
marily focus on modal reconstruction or regression-based surrogate modeling, the present
framework directly identifies the input–output dynamical relationship of sectional un-
steady aerodynamic loads within the reduced subspace through DMDc-based state-space
identification. The resulting reduced representation is then used to construct an unsteady
aerodynamic model with improved dynamical consistency. The identified aerodynamic
model is further coupled with a CSD model based on a geometrically exact beam formula-
tion derived from Hamilton’s principle. In addition, a loosely coupled aeroelastic strategy is
adopted, which helps maintain satisfactory prediction accuracy while significantly reducing
the overall computational cost [31,32].

2. Data-Driven ROM Methods and Numerical Simulation
2.1. Proper Orthogonal Decomposition

During the flow-field simulations, sequences of unsteady aerodynamic force snapshots
are sampled from the flow field to form the basis of the data-driven modeling process.
These snapshots are assembled into a snapshot matrix, in which each column represents
the aerodynamic load distribution at a given time instant. POD is then applied to the
snapshot matrix to extract a set of dominant spatial modes, allowing for the projection of
high-dimensional aerodynamic data onto a low-dimensional subspace. The corresponding
temporal coefficients characterize the time evolution of the unsteady aerodynamic loads
and serve as the reduced-order representation for subsequent modeling.
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F =


f1,1

f2,1

f1,2 · · ·
f2,1 · · ·

f1,m

f2,m
...

...
. . .

...

f j,1 f j,2 · · · f j,m

 =
[

F1 F2 · · · Fm

]
(1)

In the above formulation, Fi denotes the aerodynamic force snapshot obtained from
the flow-field simulations. The snapshots are sampled from the continuous aerodynamic
force history F(t) at a fixed time interval ∆t, and can be expressed as

Fi = F(i × ∆t) (2)

To isolate the unsteady aerodynamic response, the steady component is removed from
the aerodynamic force data.

F′ = F − F = ∑n
j=1 Ajϕj (3)

In Equation (3), F denotes the total aerodynamic force obtained from the flow-field
simulations. The steady component F is obtained by time averaging, and the remaining
fluctuating part F′ represents the unsteady aerodynamic contribution. The unsteady
aerodynamic force is further expressed as a linear superposition of POD modes, where ϕj

represents the j-th spatial mode and Aj is the corresponding temporal coefficient.
To characterize the spatial features of the unsteady aerodynamic force modes in the

flow field, the POD method is employed to extract the dominant modes of the system.
The snapshot matrix of the unsteady aerodynamic forces, F′ is decomposed using singular
value decomposition (SVD) as

F′ = UΣVT (4)

where U ∈ Rn×n, Σ ∈ Rn×m, and V ∈ Rm×m. The matrices U and V consist of the left
and right singular vectors, respectively, representing the spatial modes (mode shapes) and
the temporal modes associated with the unsteady aerodynamic forces. The matrix Σ is a
diagonal matrix whose diagonal entries are the singular values. The matrices U and V can
be written as

U =
[
u1 u2 · · · un

]
V =

[
v1 v2 · · · vm

] (5)

where ψi and vi denote the i-th spatial mode and the corresponding temporal mode,
respectively. The singular value matrix Σ is defined as

Σ =

[
diag[σi]iϵIm

0

]
, σ1 ≥ σ2 ≥ · · · ≥ σm ≥ 0 (6)

An energy-based truncation criterion is adopted to determine the reduced-order
subspace. The singular values σi reflect the energy content of the corresponding modes,
and the cumulative energy ratio of the first r modes is defined as

η(r) =
∑r

i=1 σ2
i

∑m
i=1 σ2

i
(7)

The reduced-order basis is constructed by retaining the first r modes such that the cumula-
tive energy ratio η(r) is greater than or equal to 99%.
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Therefore, the SVD of the unsteady aerodynamic snapshot matrix can be simplified as

F′ =
[∼
U Urem

][∼
Σ

0

0
Σrem

] ∼
V

T

VT
rem

 (8)

where
∼
U ∈ Rn×r,

∼
Σ ∈ Rr×r, and

∼
V ∈ Rm×r denote the truncated left singular vectors,

singular value matrix, and right singular vectors, respectively. Figure 1 shows the overall
workflow of the POD.

Figure 1. Schematic illustration of POD-based model reduction.

2.2. DMDc–Based State-Space Identification

The POD-based dimensionality reduction yields a low-dimensional representation
of the unsteady aerodynamic forces in terms of a set of dominant spatial modes and their
corresponding temporal coefficients. While POD effectively captures the energetic content
of the system, it does not explicitly provide a dynamical model governing the temporal
evolution of these coefficients. To address this limitation, the DMDc method is subsequently
employed to identify a reduced-order state-space model that describes the time evolution
of the POD modal coefficients under prescribed inputs.

The core idea of DMDc is to analyze the relationship between the system state at the
next time step, Xk+1, and the current measured state Xk together with the control input. It
is commonly assumed that this relationship can be approximated by a linear state-space
model, which can be expressed as

Xk+1 = AXk + Bγk (9)

where Xk ∈ Rr and ςk ∈ Rl denote the state vector and the control input vector, respectively,
with Xk representing the POD modal temporal coefficients in the present study. The
matrices A ∈ Rr×r and B ∈ Rr×l are the system and control matrices to be identified.

In general, aerodynamic models take the structural displacement vector as the sys-
tem input. To account for the time-dependent nature of the aerodynamic system, both
the displacement vector and its history over a prescribed time window are considered.
Accordingly, the model input is constructed in the following form:

ξk =
[
ςT(k − N) · · · ςT(k − 1) ςT(k)

]T

ς(i) =
[

Ma α(i) .
α(i) h(i)

.
h(i)

] (10)

where ξ ∈ Rp denotes the structural motion displacement vector of the rotor blade model,
N represents the number of delayed inputs, Ma denotes the freestream Mach number
(incoming flow velocity), α and

.
α are the pitching angle and pitching angular velocity of

the airfoil section, respectively, while h and
.
h correspond to the plunging displacement
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and plunging velocity. Different input delay selections influence the SVD characteristics
of the augmented matrix constructed from the time coefficient snapshots and the external
inputs. Typically, two or more delayed input terms are introduced to effectively represent
the aerodynamic lag and memory effects inherent in unsteady aerodynamics.

The system and control matrices A and B are identified using a least-squares approach
by minimizing the prediction error between the measured and reconstructed states, which
can be written as

Xk =
[

xN+1 xN+2 · · · xm−1

]
Xk+1 =

[
xN+2 xN+3 · · · xm

]
γ =

[
ξN+1 ξN+2 · · · ξm−1

] (11)

Based on the foregoing analysis, Equation (9) can be rewritten as

Xk+1 = AXk + Bςk =
[

A B
][Xk

ςk

]
= GΩ (12)

All parameters to be identified are assembled in the matrix G, whose optimal estimate can
be expressed as

G = Xk+1Ω+[
A B

]
= Xk+1

[
Xk

ςk

]+
(13)

The superscript (·)+ indicates the Moore–Penrose pseudoinverse. The parameter matrix is
subsequently identified through the SVD of Ω.[

A B
]
=

[
Xk+1V̂Σ̂−1ÛT

1 Xk+1V̂Σ̂−1ÛT
2

]
(14)

Figure 2 presents the DMDc identification process. Consequently, a reduced-order
time-domain dynamical model can be obtained.

The state-space recursive equations 

Modal time coefficients

Control input vector 

Figure 2. Schematic of the DMDc parameter identification process.

2.3. Performance Evaluation of Prediction Models

In order to quantitatively evaluate the predictive accuracy of the ROM [33], several
statistical error metrics are employed, including the mean absolute error (MAE), mean squared
error (MSE), root mean squared error (RMSE), and the coefficient of determination (R2).

For the MAE, it is used to quantify the average magnitude of the differences between
the predicted results and the CFD reference data, providing an intuitive measure of the
overall prediction accuracy without emphasizing extreme deviations. It is defined as

EMAE =
1
N

N

∑
i=1

∣∣∣FCFD
i − FROM

i

∣∣∣ (15)
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Second, the mean squared error (MSE) and root mean squared error (RMSE) place
greater emphasis on larger deviations due to the squared error term, making them more
sensitive to peak discrepancies between the predicted and reference values. These metrics
are therefore particularly suitable for assessing errors at higher amplitudes. They are
expressed as

EMSE =
1
N

N
∑

i=1

(
FCFD

i − FROM
i

)2

ERMSE =

√
1
N

N
∑

i=1

(
FCFD

i − FROM
i

)2
(16)

Finally, the coefficient of determination R2 is employed to evaluate the overall good-
ness of fit between the ROM predictions and the CFD results, reflecting how well the
reduced-order model captures the global trend of the aerodynamic response. It is given by

ER2 = 1 − ∑N
i=1

(
FCFD

i − FMEA)2

∑N
i=1

(
FCFD

i − FROM
i

)2 (17)

In Equations (15)–(17) are defined as follows, N denotes the total number of time samples
used in the error evaluation; F refers to the aerodynamic coefficients under consideration,
namely the lift coefficient Cl or the moment coefficient Cm, FROM

i represent the aerodynamic
coefficients obtained from the CFD simulations at the i-th time step and FROM

i is prediction
from the reduced-order model at the i-th time step, FMEA denotes the mean value of the
CFD results over all samples, which is given by

FMEA =
1
N

N

∑
i=1

FCFD
i (18)

2.4. Computation Structural Dynamic Model

To compute the structural loads of the rotor blade, large deformation effects are
considered. Based on the Green strain tensor, the strain and kinetic energy expressions of
the blade are established, and the governing dynamic equations are derived via Hamilton’s
principle [34].

δΠ =
∫ t2

t1

(δU − δT − δW)dt = 0 (19)

where δU is the virtual variation in strain energy; δT is the virtual variation of kinetic
energy; δW is the virtual work of external loads.

The variation in the kinetic energy can be written as

δT = δq
(

M
..
q + FNL

)
(20)

Here, M denotes the mass matrix of the blade, FNL represents the nonlinear force vector,
and q is the generalized displacement vector, including the translational and rotational
displacements in the X, Y, and Z directions.

The variation in the blade strain energy can be expressed as

δU = δq
∫

KT HKqdx = δqFU (21)
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Here, F and M denote the aerodynamic force and aerodynamic moment acting on the blade,
respectively; FU represents the generalized force induced by aerodynamic loading; and Gb

is the generalized force coefficient matrix, which can be expressed as

Gb =

CEI CEB
∼
R

EB

BV LBI CEBHEI 0
0 CEBLBI 0 CEBHEI

T

(22)

After solving for the structural response of the rotor blade, a hybrid computational
approach is adopted in this study to evaluate the blade structural loads, as illustrated
in Figure 3.

1 2 3x

Integration 
method

Reaction force 
method

Evaluation 
location

4 5

Rotation 
direction

Figure 3. Load Calculation Method.

The load at the sectional location corresponding to point X can be expressed as

F(x) = F(x2) + M(x2) +
∫ x2

x
f (x)dx (23)

Here, F(x2) and M(x2) denote the blade shear force and bending moment at node 2, which
are obtained using the reaction force method. The subsequent integral term represents the
distributed load between the sectional location of point X and node 2 and is evaluated
using the force integration method.

2.5. Aeroelastic Coupling Method

In order to ensure sufficient accuracy while maintaining high computational efficiency,
a loosely coupled strategy is employed to realize data transfer between the flow-field and
structural domains. The aerodynamic loads acting on the rotor disk, including lift, drag,
and moments, are first obtained from the flow-field domain and applied to the structural
solver to compute the blade response. The resulting blade deformation is then fed back
into the POD–DMDc reduced-order aerodynamic model, where the aerodynamic loads
are updated after each coupling iteration. Figure 4 presents the overall computational
procedure of the proposed framework, and the detailed steps are summarized below.

Step 1: An initialization procedure is first performed by prescribing the blade control
inputs and conducting a trim calculation. After initialization, the blade motion input
parameters are determined.

Step 2: Based on the aerodynamic results obtained from CFD simulations, the parame-
ters of the reduced-order model are identified, and a complete reduced-order aerodynamic
model is constructed.
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Step 3: Using the initialized motion input parameters, the sectional aerodynamic loads
acting on the blade are computed.

Step 4: The aerodynamic loads obtained in Step 3 are then transferred to the structural
module. With the established structural model, the radial structural response and blade
deformations, including flapping and torsional deformations, are evaluated.

Step 5: The blade deformations obtained in Step 4 are taken as inputs to the aero-
dynamic surrogate model to predict the aerodynamic coefficients (e.g., lift and moment
coefficients) for the subsequent cycle.

Step 6: While keeping the control inputs unchanged, Steps 3 through 5 are repeated
until the blade structural deformation no longer varies with the iteration count, indicating
convergence of the coupled solution.

 

Initialization

Reduced-order model 
parameters

Structural 
parameters

Construction of aerodynamic 
recursive equations

CSD solution

Rotor blade parameters

Flight condition and blade control inputs

Azimuthal iteration with step size 2π/N 

Structural domain solution

Blade deformation Flapping and torsion

Load convergence

End

No

Yes

Start computation

CFD 
simulation

POD 
reduction

DMDc System 
identification

ROM Model

Blade dynamic equations

Kinetic 
energy

Strain 
energy

external 
work

Blade motion variables

CSD Model

Figure 4. Aeroelastic Coupling calculation flowchart of the developed model.

3. Validation of the CFD Solver
To validate the proposed ROM model, high-fidelity CFD simulations are first per-

formed to provide reference aerodynamic data. This section describes the CFD solver,
numerical schemes, and computational setup used in the present study. The CFD solver
supports both Euler and Navier–Stokes formulations with various turbulence closures; the
Spalart–Allmaras (SA) model is employed in this study. To verify the computational accu-
racy of the CFD model, unsteady aerodynamic simulations are performed for a standard
NACA0012 airfoil. The airfoil undergoes pitching motion about its quarter-chord point,
and the pitching motion is described by the following equation:

α = α0 + α1sin(ωt)
k = ωc

2V
(24)

To validate the CFD solver, aerodynamic loads of the rotor blade are computed using
high-fidelity CFD simulations with overset structured mesh. To accurately capture the
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boundary-layer flow on the blade surface, the near-wall mesh is refined such that the
dimensionless wall distance satisfies y+ ≈ 1. The key simulation parameters are listed
in Table 1.

Table 1. Parameters of the Airfoil.

Parameters Values

Airfoil NACA0012
Chord Length c/m 0.61

Initial angle of attack α0/(◦) 4.94
Pitching amplitude α1/(◦) 5

Reduced frequency k 0.099
Freestream velocity V/Ma 0.301

The computed lift and pitching moment coefficients of the airfoil are compared with
wind tunnel experimental data taken from Ref. [35], as shown in Figure 5. The CFD results
exhibit good agreement with the reference data over the considered angle-of-attack range
at a freestream Mach number of M = 0.301. The linear variation in the lift coefficient and
the overall trend of the pitching moment coefficient are both well captured. This validation
confirms the reliability of the CFD solver and provides a solid basis for subsequent ROM
construction and aeroelastic coupling analyses.

(a) (b) 

−2 0 2 4 6 8 10 12

0.0

0.4

0.8

1.2

C
l

α, deg

 CFD
 Experiment

−2 0 2 4 6 8 10 12
−0.06

−0.04

−0.02

0.00

0.02

0.04

0.06

C m

α, deg

 CFD
 Experiment

Figure 5. Comparison of Airfoil aerodynamic between CFD results and experimental data: (a) Lift
coefficient Cl ; (b) moment coefficient Cm.

4. ROM Model Studies and Discussions
To validate the proposed reduced-order aerodynamic model, a two-dimensional

NACA0012 airfoil undergoing pitching and plunging motions at a Mach number of 0.301
is considered. The aerodynamic loads predicted by the ROM are compared with those
obtained from direct CFD simulations for different motion amplitudes and frequencies, in
order to evaluate the model’s predictive accuracy and generalization capability under the
same excitation conditions.

4.1. Training Excitation Signals for ROM

The stability of the identified state-space model is highly sensitive to the choice of
input excitation signals. Previous studies have successfully employed various excitation
strategies, including Walsh function [36], Filtered White Gaussian Noise (FWGN) [37],
hybrid pulse signals [38], and multi-frequency sinusoidal excitations [39]. Such excitation
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schemes are designed to more effectively capture the spatial modal characteristics of the
system and to enhance the numerical stability of the DMDc.

In this study, FWGN is used as the input excitation signal. Two FWGN-based sig-
nals are generated to cover the primary ranges of motion amplitude and reduced fre-
quency, ensuring that a wide range of spatial and temporal aerodynamic modes can be
excited within a single simulation. Figure 6 shows that the reduced-frequency range
goes from 0 to 0.49, and the maximum plunging displacement is less than 20% of the
airfoil chord length. According to Refs. [40,41], aerodynamic nonlinearities can appear
when the pitching amplitude is larger than 0.02 rad and the plunging amplitude h/b is
larger than 0.3. To test the predictive ability of the ROM on data not used in training, the
first 2000 time steps are used for ROM training and identification, and the last 1000 time
steps are used for aerodynamic reconstruction and prediction. Separate ROMs are also
built for the lift coefficient and the moment coefficient to better capture their unsteady
aerodynamic responses.

 
(a) (b) 

0 500 1000 1500 2000 2500 3000
−0.030

−0.015

0.000

0.015

0.030

Pi
tc

hi
ng

 m
ot

io
n 
α,

 ra
d

Time step
0 500 1000 1500 2000 2500 3000

−0.2

−0.1

0.0

0.1

0.2

Pl
un

gi
ng

 m
ot

io
n 

h/
b

Time step

Figure 6. FWGN-based input excitation signals for reduced-order model training: (a) Pitching motion
and (b) plunging motion.

The ROM is then employed to reconstruct the unsteady aerodynamic loads of the
airfoil based on the prescribed input signals and the reconstructed aerodynamic responses
in the frequency domain, as shown in Figure 7. ROM demonstrates good agreement with
the CFD results in both the time and frequency domains during the prediction interval. The
locations of the primary spectral peaks and the overall energy distribution exhibit good
agreement across the investigated reduced-frequency range. While minor discrepancies
are observed at higher reduced frequencies (The maximum relative error is approximately
6.82%), these differences are primarily associated with the truncation of higher-order
POD modes and the linear approximation adopted in the modeling framework, in which
certain nonlinear aerodynamic effects are not explicitly represented. Overall, the ROM
demonstrates satisfactory capability in capturing the essential unsteady aerodynamic
characteristics in both the time and frequency domains.

4.2. ROM Prediction Under Independent Pitching and Plunging Motions

Following the validation under broadband FWGN excitation, separate input signals
are constructed for the pitching and plunging motions of the airfoil to further evaluate
the predictive performance of the established ROM. Based on the identified ROM, the
aerodynamic responses corresponding to each individual motion are predicted and subse-

https://doi.org/10.3390/aerospace13030281

https://doi.org/10.3390/aerospace13030281


Aerospace 2026, 13, 281 12 of 23

quently compared with the reference CFD results, allowing for a detailed assessment of the
model’s capability.
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Figure 7. Comparison between CFD and ROM results under FWGN-based excitation, including time
histories of the prediction interval, and the corresponding frequency-domain amplitude spectra as
functions of reduced frequency: (a) Lift coefficient Cl , (b) moment coefficient Cm, (c) FFT of Cl , and
(d) FFT of Cm.

To evaluate the generalization capability of the developed ROM under varying motion
amplitudes and frequency contents, two independent pitching and plunging frequency-
sweep signals were generated, which were not included in the training dataset. Figure 8
illustrates these validation input signals, which maintain the same motion ranges as the
training signals [42]. The ROM predictions are compared with the CFD results in both the
time domain and the frequency domain (FFT) in Figures 9 and 10, respectively, demonstrat-
ing the model’s performance across different motion conditions.

The time-domain comparisons indicate that the proposed ROM provides a close
agreement with the CFD results for both independent pitching and independent plunging
motions. The predicted lift and moment coefficients accurately reproduce the dominant
unsteady aerodynamic responses over the entire simulation interval, including the overall
amplitude evolution and phase characteristics.
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Figure 8. Independent input signals used to assess the predictive performance of the reduced-order
model under pitching and plunging motions: (a) pitching motion; (b) plunging motion.
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Figure 9. Comparative analysis of pitching motion input signal responses in the time and frequency
domains: (a) lift coefficient Cl , (b) moment coefficient Cm, (c) FFT of Cl , and (d) FFT of Cm.
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Figure 10. Comparative analysis of plunging motion input signal responses in the time and frequency
domains: (a) Lift coefficient Cl , (b) moment coefficient Cm, (c) FFT of Cl , and (d) FFT of Cm.

The corresponding error statistics of the ROM predictions are reported in Table 2.
For the independent pitching motion, the ROM achieves very small prediction errors for
both the lift and moment coefficients. In particular, the RMSE values of Cl and Cm re-
main at low levels, while the corresponding R2 values exceed 99%, indicating an excellent
agreement with the CFD reference results and an accurate reproduction of the dominant
unsteady aerodynamic responses. Similarly, for the independent plunging motion, the
ROM predictions maintain low error levels across all metrics. The MAE and RMSE values
for both aerodynamic coefficients are comparable to, or even smaller than, those obtained
in the pitching case, and the R2 values remain close to 99%. These results confirm the
robustness of the proposed reduced-order model when applied to different types of inde-
pendent motion inputs. Figure 11 shows the relative error between the ROM predictions
and the CFD results as a function of reduced frequency, with the maximum error remain-
ing below 5%. The achieved accuracy is therefore considered adequate for the coupled
aeroelastic analysis.

The frequency-domain results further confirm the validity of the proposed ROM. In
both motion cases, the ROM reproduces the dominant spectral content of the aerodynamic
loads, with the main frequency peaks and their amplitudes showing consistency with the
CFD results.
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Table 2. Error results of ROM predictions under independent pitching and plunging motions.

Error Metric
Pithing Motion Plunging Motion

CL CM Cl CM

MAE 0.006625 0.000112 0.00016 0.000186
MSE 0.009354 0.000001 0.000033 1.322 × 10−7

RMSE 0.096714 0.000764 0.005712 0.000351
R2 99.54% 99.15% 99.28% 99.03%
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Figure 11. Relative Error of ROM for Pitching and Plunging Motions as a Function of Reduced
Frequency: (a) Pitch Motion, (b) plunge Motion.

Minor deviations appear in the higher reduced-frequency range, where the ROM
slightly under- or over-predicts secondary spectral components. These discrepancies
are mainly attributed to the linear approximation inherent in the constructed state-space
model and the truncation of higher-order nonlinear aerodynamic modes during the POD
reduction process [37]. As a result, high-frequency nonlinear effects are not fully retained
in the reduced-order representation. The present ROM is constructed by identifying the
linear dynamical relationship of sectional unsteady aerodynamic loads over small time
steps. Within the blade-element-based framework, the aerodynamic response at each
blade section is evaluated largely in an independent manner and is primarily governed
by the local effective angle of attack and inflow conditions [30]. Under these assumptions,
the dominant sectional aerodynamics can be effectively represented using high-fidelity
two-dimensional aerodynamic data while maintaining good computational efficiency.

5. Coupled ROM–CSD for Rotor Aeroelastic Analysis
In the present study, the rotor blade is modeled based on the blade element theory.

The rotor blade is divided along the radial direction into a series of airfoil sections. Then,
the unsteady aerodynamic loads at each blade section are evaluated independently based
on the local flow conditions and motion states.

For each blade element, the sectional aerodynamic responses are determined by the
local effective angle of attack and inflow velocity, which are influenced by the blade kine-
matics, including pitching and plunging motions. The aerodynamic forces and moments
obtained at each section are then integrated along the blade span to reconstruct the total
aerodynamic loads acting on the rotor blade.

Within this framework, the ROM developed for two-dimensional airfoil aerodynamics
is employed to efficiently predict the unsteady sectional aerodynamic loads. By combining
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the blade element theory with the validated ROM, the proposed approach provides an effi-
cient and accurate aerodynamic modeling of the three-dimensional rotor while significantly
reducing the computational cost compared to high-fidelity CFD simulations.

SA349/2 Forward Flight Test Case

A validation study is conducted based on the experimental data of the SA349/2 rotor
under Flight Test 2 reported in Ref. [43]. In this case, the collective pitch is set to 6.93◦, with
the lateral cyclic pitch angles of 1.45◦, longitudinal cyclic pitch angles of 1.04◦, and the
advance ratio is 0.14. The corresponding rotor blade parameters are adopted in the present
Table 3. The geometric dimensions of the rotor blade as well as the sectional properties
(e.g., density and stiffness distributions) are taken from Ref. [43].

Table 3. Basic parameters of the helicopter.

Parameters Values

Airfoil OA209
Number of Blades Nb 3

Operating Speed Ω/rpm 386
Rotor Radius R/m 5.25
Chord Length c/m 0.61

Rotor Thrust Coefficient CT/σ 0.067

For the rotor blade, the ROM is established based on the blade element formulation.
The periodic pitch motions of the blade sections are generated using FWGN, as illustrated
in Figure 12. In the CFD simulations of the rotating rotor blade, the time step is selected as
the time required for the rotor to rotate by 1◦, ensuring sufficient temporal resolution of the
unsteady aerodynamic responses. A total of 4321 time steps are generated, corresponding
to 12 complete rotor revolutions. High-fidelity CFD simulations are then performed to
obtain the sectional airfoil aerodynamic loads at different radial blade locations. Among
the generated data, the first 3961 time steps (11 revolutions) are used for ROM training and
system identification, while the remaining one revolution is reserved for validation of the
predictive capability of the established ROM.
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Figure 12. FWGN-generated sample input signals.

Figure 13 shows the energy ratios of the first ten POD modes (basis modes). The first
mode is dominant, accounting for more than 97% of the total energy. The first two modes
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represent more than 99% of the total energy, which indicates that the main flow features
are well preserved by these modes.

Figure 13. Energy ratios of first ten POD modes.

In addition to the numerical accuracy assessment, the physical significance of the
dominant modes is briefly discussed. As shown in Figure 14 First four POD spatial modes
of the rotor blade along the radial direction. The first four POD spatial modes exhibit
spanwise distributions along the blade. The leading POD modes primarily capture the large-
scale periodic aerodynamic response associated with blade pitching motion and represent
the dominant energy-containing structures in the unsteady flow. Higher-order modes
contribute to finer-scale flow variations and additional harmonic content. From the DMDc
perspective, the identified modes correspond to the characteristic frequencies of the forced
rotor/airfoil motion, indicating that the reduced-order model successfully captures the
essential dynamic behavior of the unsteady aerodynamic system. This observed physical
consistency further supports the reliability of the proposed POD–DMDc-based method for
aeroelastic applications.
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Figure 14. First four POD spatial modes of the rotor blade along the radial direction.

Figure 15 shows the comparison of the normal force coefficients at the 0.75 R and 0.88 R
blade sections under forward-flight conditions. In the present study, a loosely coupled
aeroelastic framework is adopted. For a three-bladed rotor, the aerodynamic solution is
obtained over a 120◦ azimuthal rotation, and the complete rotor-disk aerodynamic loads are
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reconstructed by phase-shifting and assembling the aerodynamic responses of individual
blades. The reconstructed aerodynamic loads are subsequently transferred to the structural
solver to compute the blade structural response over a full rotor revolution, completing one
aeroelastic data-exchange cycle. This coupling strategy inevitably introduces discrepancies
between the numerical predictions and the experimental measurements. The computational
time is reduced from approximately 80 h on 96 CPU cores to a few minutes per simulation
case, representing several orders of magnitude savings in computational cost.
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Figure 15. Comparison of normal force coefficients at different radial stations: (a) 0.75 R; (b) 0.88 R.

In addition, the natural frequencies of the SA349/2 rotor were calculated, including
the three flap modes, the two lag modes, and the first torsional mode, which are denoted
by F, L, and T, respectively, as shown in Figure 16. The results indicate that the CSD
module exhibits slight discrepancies at low rotational speeds, whereas a good agreement
is achieved at the nominal operating speed. Table 4 presents a comparison between the
natural frequencies of the SA349/2 rotor obtained in the present study and the experimental
data available in the literature. A reasonable level of agreement is observed between the
two sets of results.
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Figure 16. Frequency diagram of the SA349/2 rotor blade.
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Table 4. Calculation results of natural frequencies of SA349/2 rotor.

Mode Experiment [43] Calculated Relative Error/%

1F 6.6765 6.6761 0.005%
2F 18.0945 18.5729 2.64%
3F 26.8152 26.248 2.11%
1L 3.91808 4.0446 3.23%
2L 33.6963 34.097 1.19%
1T 31.243 32.180 2.98%

As shown in Figure 17, the calculated data shown in the figure are obtained from
the ROM–CSD coupled model. The flight-test data presented in the figure are taken
from Ref. [43], while the CAMRAD computational results are taken from Ref. [44]. The
observed discrepancies may be attributed to the simplified aerodynamic modeling and the
absence of high-frequency unsteady effects in the CSD formulation. In particular, when the
blade rotates into the retreating side, larger deviations are observed at the outboard blade
sections, where strong nonlinear aerodynamic effects associated with dynamic stall are not
fully captured by the present modeling framework. Overall, the coupled CSD predictions
show good agreement with the experimental data in terms of both phase and amplitude,
demonstrating the capability of the proposed model to capture the unsteady bending loads
of the SA349/2 rotor.
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Figure 17. Comparison of flap and lag bending moments at different radial stations: (a) Flap bending
moment at 0.54 R, (b) Lag bending moment at 0.54 R, (c) Flap bending moment at 0.80 R, (d) Lag
bending moment at 0.80 R.
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Within the blade-element framework, the model may not fully capture certain physical
mechanisms in regions where three-dimensional flow features become pronounced, such
as tip-loss effects, root interactions, and strong spanwise flows under highly unsteady
conditions. In addition, under the loosely coupled strategy, the phase lag introduced
by the finite information exchange frequency between the aerodynamic and structural
solvers may weaken some transient aerodynamic features. For the SA349/2 rotor, the
presence of the hydraulic damper also affects the measured structural loads, particularly
in the lead–lag response (as shown in Figure 17, the flap bending moment exhibits better
agreement than the lag component). However, the publicly available experimental data [43]
provide only an equivalent dissipation coefficient, which limits the ability of the present
model to fully reconstruct the detailed damper dynamics. This modeling uncertainty
may also contribute to some of the observed discrepancies. Despite the above factors, the
coupled ROM–CSD predictions still show overall good agreement with the experimental
measurements and the CAMRAD [44] results, indicating that the proposed approach is able
to achieve a reasonable balance between computational efficiency and predictive accuracy
for the operating conditions considered in this study and demonstrates promising potential
for engineering applications.

6. Conclusions
In this paper, a ROM model for unsteady aerodynamic load prediction and aeroelastic

analysis is developed and validated. The study progresses from two-dimensional airfoil
motions to three-dimensional rotor blade applications, and further to a coupled ROM–CSD
simulation of a full rotor system. The main conclusions are summarized as follows:

1. A ROM for unsteady aerodynamics is first established based on two-dimensional
airfoil cases under independent pitching and plunging motions. Time-domain and
frequency-domain comparisons demonstrate that the ROM accurately reproduces the
dominant unsteady aerodynamic responses obtained from CFD simulations, includ-
ing both amplitude evolution and phase characteristics. Quantitative error metrics,
including MAE, MSE, RMSE, and R2, indicate high prediction accuracy for both
lift and moment coefficients. Specifically, the coefficient of determination exceeds
99.03% in cases, confirming the robustness and reliability of the proposed ROM under
different motion excitations.

2. The ROM model is successfully extended to three-dimensional rotor blade applications
using sectional modeling. Broadband periodic excitations generated by frequency-
weighted Gaussian noise (FWGN) ensure sufficient excitation of the aerodynamic
system. Comparisons of sectional normal force coefficients at multiple radial sta-
tions show good agreement among ROM predictions, CFD results, and available
flight test data, confirming the robustness of the reduced-order model in forward
flight conditions.

3. A loosely coupled aeroelastic strategy is adopted to integrate the ROM with a CSD
solver. The natural frequencies of the SA349/2 rotor blade, including flap, lag, and
torsional modes, are accurately predicted and show close agreement with flight test
results and experimental data, with the maximum relative error of the predicted
natural frequencies remaining below 3.5%. These results confirm the reliability of
the structural modeling and the correctness of the modal characteristics used in the
aeroelastic simulations.

4. Coupled ROM–CSD simulations are performed to predict the flap and lag bending
moments at different radial locations along the blade. The predicted bending moments
show good agreement with experimental measurements in terms of both amplitude
and phase. The results indicate that unsteady aerodynamic loads and structural
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responses become more pronounced toward the outboard blade regions. It is noted
that relatively larger discrepancies are observed at the outer blade sections when the
blade rotates into the retreating side, which may be attributed to the strong nonlinear
aerodynamic effects associated with dynamic stall and reverse-flow phenomena in
the retreating-blade region, leading to increased modeling errors in the structural
response prediction.

Although CFD-based approaches have significantly improved aerodynamic prediction
accuracy compared with traditional reduced-order models, efficiently incorporating high-
fidelity aerodynamic information into aeroelastic analysis and load prediction still requires
further methodological development. To address this issue, the present study constructs a
reduced-order model by identifying the linear dynamical relationship of sectional unsteady
aerodynamic loads over small time steps. Within the framework of blade element theory, the
aerodynamic response of each blade section is evaluated in an approximately independent
manner. Under these assumptions, the dominant sectional aerodynamic characteristics can
be effectively represented using high-fidelity two-dimensional aerodynamic data while
maintaining good computational efficiency. This strategy aims to retain, to the greatest
extent possible, the unsteady aerodynamic physics resolved by CFD while substantially
reducing the computational burden in subsequent aeroelastic load prediction and potential
optimization applications.

Nevertheless, further improvements remain possible. Future work will focus on
extending the present method to higher advance ratios and more complex maneuvering
flight conditions, where stronger nonlinear aerodynamic effects may arise (particularly near
the blade tip, root region, or under strongly three-dimensional unsteady flow conditions).
In addition, future developments of the aerodynamic modeling will incorporate three-
dimensional aerodynamic effects to further improve prediction accuracy and broaden the
applicability of the proposed method.
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