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Abstract

Active control concepts for helicopter rotors, such as trailing edge morphing structures, offer significant po-
tential for vibration reduction, noise mitigation, and performance improvement. An effective usage of these
additional control inputs requires linear, control-oriented models that accurately capture the relevant rotor dy-
namics while remaining suitable for advanced model-based control design methods. This article presents a
data-driven methodology to derive linear state-space representations from high-fidelity nonlinear rotor simula-
tions, providing a systematic transition from detailed geometrical and aerodynamic modeling to control-oriented
models. The proposed approach is based on subspace system identification and explicitly exploits the degrees
of freedom provided by the algorithm to ensure both model fidelity and suitability for advanced control designs.
The proposed methods are easily adaptable to real test data if flight measurements are available. The method-
ology is successfully demonstrated on a Bo 105 rotor blade simulator equipped with a trailing edge morphing
structure.
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1. INTRODUCTION ensure performance improvements in the presence

High vibration levels have long been identified as a
primary factor affecting subsystem reliability, main-
tainability and life-cycle costs for helicopters [1]. A
variety of effects factor into the high vibration levels,
such as the interaction between a highly unsteady
aerodynamic environment and rapidly rotating blades,
high advancing blade Mach numbers and the effect of
the rotor operating within its own wake [2]. While the
helicopter development overall made great progress
in performance, handling qualities, and efficiency,
vibration and noise reduction remain a key factor
to further improve helicopter development and thus
continue to be a primary concern for the aircraft
industry [3].

Given this sustained focus on vibration mitigation
in rotorcraft research, numerous approaches for
vibration reduction have been proposed over the
past decades. A promising development is the inte-
gration of active control mechanisms on helicopter
rotor blades, particularly in the form of active trailing
edge morphing structures, which have been shown
to enhance rotorcraft performance. Studies such
as [4], [5] and [6] employ harmonic, open loop actua-
tion of these morphing mechanisms to enhance rotor
performance, achieving significant levels of vibration
as well as power-consumption reductions. To fully
exploit the potential of the morphing mechanisms and
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of disturbances, however, the development of mod-
ern robust control laws for actuating the additional
control input is required. To enable the design of
such control laws, the derivation of linearized rotor
dynamics models including the morphing mechanism
are essential.

There are different approaches found in literature to
obtain linear models for helicopter rotors with the re-
quired characteristics. Analytical linear models are
developed for rotors without active blades in [7], in-
cluding flight-test based model validation. Analytical
models for rotors equipped with trailing-edge flaps are
derived in [8]. While analytical modeling offers a high
degree of physical interpretability, it requires detailed
and precise knowledge of all parameters influencing
the blade dynamics and typically demands a substan-
tial adaptation effort when applied to different rotor
configurations. Data-driven approaches on the other
side of the spectrum offer an alternative to this ana-
lytical modeling. In [9], a frequency-domain system
identification method is used to identify a linear model
of a UH 60 rotor with individual blade pitch based on
flight-test data. A black-box subspace identification is
applied in [10] to derive a linear model for an A109¢c
rotor without active blades in hover condition, demon-
strating the validity of such data-driven approaches
for deriving linear models.
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In this article, a subspace black-box identification ap-
proach, described in Section 2, is adopted to derive
linear rotor models for a Bo 105 rotor augmented with
an active trailing-edge morphing structure from non-
linear simulation data. The non-linear simulator of the
augmented blade, described in detail in Section 3,
is implemented using the software ASWING, which
enables the provision of detailed aerodynamic, struc-
tural, and control-response analysis of flexible aircraft
structures [11]. The gathered simulation data as sub-
stitute of real flight test data is used to identify a linear
model of the rotor dynamics in response to specifi-
cally designed actuations of the morphing structure in
hover, as outlined in Section 4. The resulting model
is validated in Section 5 using a different set of ex-
citation signals in simulation scenarios independent
of the identification process, finally confirming the ap-
proach’s applicability to realistic operating conditions.

2. SYSTEM IDENTIFICATION FUNDAMENTALS

System identification is a core element of system the-
ory that focuses on developing mathematical models
to provide insight into system dynamics [12]. The re-
sulting models support applications such as experi-
ment designs, prediction of system behavior and con-
troller design, which often rely on the availability of lin-
ear models. There are various types of model struc-
tures that can be used as mathematical representa-
tions for the system dynamics ranging from white box
models based on physical laws with corresponding
parameters and gray box models with adjustable pa-
rameters to subspace based black box models [12].
The choice between those option for a given problem
generally depends on factors like prior knowledge of
the system dynamics, available equipment to obtain
data and requirements of the model. While white box
and grey box modeling approaches rely heavily on
prior knowledge and assumptions about the system
dynamics to construct linear models, black box identi-
fication provides a way of deriving linear models with-
out requiring prior specifications. Linear model rep-
resentations suitable for control design are obtained
directly from gathered input-output data. In this work
a black box subspace identification algorithm is em-
ployed to derive a linear model of the helicopter ro-
tor dynamics in response to deflections of the trailing
edge morphing camber.

Different subspace identification methods are avail-
able in literature, e.g., canonical variate analysis,
N4Sid, or the Multivariable Output-Error-State-Space
(MOESP) algorithm, see, e.g. [13] for a comprehen-
sive overview. In this work the MOESP algorithm is
used, since it provides a numerically efficient and
robust way to identify a linear model from simulation
data. The fundamentals of the MOESP algorithm
following [14] on which the approach herein is based
is presented in what follows.

Subspace based modeling methods generally provide
a discrete linear time invariant model given in its state
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space form as

] z(k+1) = Az(k) + Bu(k)

W (k) = Cx(k) + Dulk),

with the system matrices A € R™"*"™, B € R"*P,
C € R™*™ and D € R?*P. The vectors z(k) € R",
u(k) € R? and y(k) € R? denote the states, inputs
and outputs of the system, respectively, at a discrete
time instance k. The challenge for subspace iden-
tification algorithms is to correctly assign the coeffi-
cients to the system matrices, given that no structure
is previously defined and the output signal contains
both the system’s inherit dynamics as well as the dy-
namics enforced by the input. To be able to separate
the components, the input/output data from the ex-
periment is rearranged to form signal spaces that are
linked by the model’s system matrices in the so called
data equation. To form the data equation the state
space representation in Eq. (1) is first reformulated to
the input-output model

i—1

) y(i)=C (Aix(()) + ZAi_k_lBu(k)> + Du(i)

k=0

that relates every instance ¢ of the system response
back to its initial state condition x(0), the system ma-
trices and the time history of the input signal «. For
one sequence of an input/output data-set starting at
the time instance ¢ and of length s, this can be written
as

y(i) u(i)
y(i+1) u(i+1)
3) y(i+2)| = Og2() + T, |uli +2)
y(s) u(s)
with the extended observability matrix
+
(4) 0, = [C CA CA? @ CcAs!
and the matrix
D 0 o ... O
CB D 0o ... 0
5) T.=| CAB CB D 0
CA*2B CA* 3B CB D

As the system dynamics are considered to be time-
invariant, the equation can be adapted for many se-
quences without changing O, and 7. The output data
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is then structured as

(6)

y(i) y(i+1) y(i + N)
y(i+1) y(i+ 2 y(i+ N +1)
Yi,S,N = . . .
y(i+s) yli+1+s) y(i+ N +s)

where N is the number of sequences that can be ob-
tained from the data set. The input data is structured
similarly and the initial state is adapted as

@) Xin=[a@) ali+1) .. ali+N)].

The signal spaces together with the extended observ-

ability matrix O, and the matrix 7, then form the data
equation

(8) }/i,&N = Oin,N + 7;Ui7s,N~

For the implementation of the algorithm the length s
of the sequences is generally referred to as the sub-
space dimension. There are restraints for choosing
the subspace dimension, i.e., it has to be higher than
the number of states of the identified model. The
sequence length however also influences the num-
ber of sequences that can be obtained from one data
set and thus defines both dimensions of the signal
spaces. If sequences are too long it can sometimes
lead to problems with detecting slower dynamics.
From the data equation in Eqg. (8) the system’s inher-
ent dynamics can be isolated by using the nullspace
Hﬁg_s , of the input signal space. With the nullspace
the influence of the input on the output is removed and
Eg. (8) reduces to

9) Yi,s,Nﬂi’sw = Oin,NHi-,S_N7
which relates the content of the output signal space
Y;.s,n that is only dependent on the systems inherent
behavior with the system’s A and C matrices. Since
the system is assumed to be linear the extended ob-
servability matrix and thus A and C can be calculated
from the column space of the reduced output space
(Yi,s,nIIg7, ). This leads to A and C' matrices with
entries which while featuring no direct physical inter-
pretation still represent the system dynamics. If the
original data is perfectly linear, the rank of the reduced
output space directly corresponds to the number of
states required to represent the system’s dynamics.
For non-linear data, however, an appropriate number
of states must be chosen manually and used as a cri-
terion for truncating the rank of the reduced output
matrix.

With the A and C matrices known the B and D matri-
ces from Eq. (1) can be found by solving Eq. (2) as a
least square problem. In the non-linear case the qual-
ity and characteristics of the resulting model depend
significantly on the subspace dimensions that define
the shape of the reduced output space as well as the
number of states used to truncate it. Thus, herein,
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these parameters will be used as explicit tuning pa-
rameters to improve the performance of the gathered
linear models of the active rotor dynamics.

3. BO 105 ACTIVE ROTOR MODEL

The helicopter rotor structure herein is based on a
Bo 105 rotor with a radius of R = 4.91 m and blades
which interoperate a static NACA 23012 airfoil. Each
blade of the rotor is assumed to feature an active
structure section. The width w of this active structure
covers 85 % of the overall blade radius as illustrated in
Fig. 1. The active structure mechanism affects the aft
20 % of the airfoil along the cordlength, while the front
80 % remain equivalent to the baseline NACA 23012
airfoil. The morphing mechanism itself is based on
the active structure system referred to as the Fish
Bone Active Camber proposed in [15] as a compliant
morphing structure applicable to a wide range of fixed
and rotary wing applications. The concept has been
tested in a wind tunnel campaign in [16] demonstrat-
ing its advantages over conventional flapped airfoils,
including a broader range of angles of attack with high
lift-to-drag ratios.

R
w J
i
~—(Fo

FIG 1. Geometric distribution of the active structure
along the blade.

3.1. ASWING Simulation Setup

A nonlinear simulation model of the rotor with blades
featuring active structures is set up in ASWING, a
software for aerodynamic, structural, and control-
response analysis of flexible aircraft [11]. The
aerodynamics in ASWING are modeled via lifting-line
theory with unsteady effects, explicitly taking the
current circulation gradient into account. The trailing
vortices align with the local inflow direction but are
assumed to be straight, analogous to the assumption
made for the circulation gradients. Aerodynamic
characteristics of the airfoil are specified separately
in a geometry model using support points along
the structure. In between the support points the
characteristic values are interpolated using splines.
Compressibility is estimated via the Prandl-Glauert
analogy.

A beam model is used to capture the elastic prop-
erties of the investigated rotor blade. Similar to
the aerodynamic properties, all mechanical cross-
sectional characteristics, with the exception of
strength properties, are interpolated between speci-
fied support points. The aeroelastic simulation model
is fully coupled, i.e., all forces external and inertial
forces act on the deformed structure, as illustrated
with the deflected blade in Fig. 2. This is especially
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important for the modeling of the restoring effect of
the centrifugal force on the blade.

FIG 2. Bo 105 aeroelastic rotor blade model in ASWING.

The software ASWING generally allows for an almost
arbitrary superposition of control surface deflections,
whose effects are formulated through shifts in lift, pro-
file drag, and pitching moment. The software enables
spanwise distribution as well as the explicit specifi-
cation of time histories for the control inputs, which
is necessary for generating the system identification
simulation scenarios. To capture the local flow quan-
tities, accelerations, deformations, and internal forces
resulting from a morphing deflection, virtual sensors
can be placed in, on, and near the structure. For the
rotor blade herein, three sensors are placed along the
blade span and one additional sensor is placed at the
blade root to capture quantities as blade root forces
and moments. To further increase the realism of the
simulation, a non-homogeneous flow field is modeled
by superposing gust functions. This resembles the
interaction between the rotor blades that usually oc-
curs due to the rotor operating in its own wake. This
setup ultimately enables a realistic representation of
the blade dynamics of the full rotor while requiring
the simulation of only a single active blade. This ap-
proach effectively reduces the computation time of the
model without large negative effects on the accuracy.

3.2. Active Blade Model Implementation

The final blade model of the Bo 105 including the
morphing mechanism consists of a beam segment
at the blade root, representing the blade joint, and
a wing segment in the airfoil-shaped region, with
the geometric and mechanical parameters specified
based on the available data in [17] and [18]. A
structural damping, defined by the normal strain
damping time (t4) and the shear strain damping
time (t4,) according to the program’s conventions
is assumed with t4c = t4, = 0.1s to stabilize the
simulation. The aerodynamic characteristics of the
baseline NACA23012 airfoil are obtained from the
subsonic airfoil development system XFOIL [19], with
a slight adjustment of the drag coefficient to account
for the variation of Reynolds number over the blade
radius. Blade pitch is implemented via an imaginary
flap (F1), which affects lift according to the airfoil lift-
curve slope and has no effect on the pitch moment.
The active structure is incorporated as a second
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flap (F3), corresponding to the effect of a morphing
mechanism as described in [20] with a hinge at the
aforementioned 80 % of the cord length. A key aspect
in this context is the ratio between the effects of the
morphing mechanism on lift and its effect on the pitch
moment. The lift and drag curves for the blade with
the morphing structure are depicted in detail in Fig. 3.
The deflection of the morphing mechanism leads to a
parallel shift of the lift curves, while separation, i.e.,
stall, occurs earlier for positive deflections due to the
increased camber. The pitching moment coefficient
¢y is essentially shifted parallel when deflecting the
mechanism. As depicted in the drag curves in the
lower diagram of Fig. 3, the influence on the drag
increases with an increasing lift coefficient, i.e., an
increasing angle of attack. For angles of attack up to
5° both pressure and total drag is barely effected by
the deflection of the morphing mechanism’s flap.

The virtual sensors in the simulation model are placed
at the blade root and provide loads at the clamped
root over time. This mimics the installation location of
real sensors in rotor tests and thus increases the real-
ism of the proposed system identification. The model
is set into motion by specifying a kinematic condition
for the blade origin point, which simultaneously de-
fines the origin of the model-fixed coordinate system.
The imposed kinematics consist of velocity, yaw rate
and radial acceleration. For the identification, a hover
scenario is simulated, in which the origin point (Res)
follows a circular trajectory. Finally, the imposed kine-
matics for the rotor in hover condition together with the
main structural, geometric and aerodynamic parame-
ters of the blade model are provided in the appendix
in Table 2 and Table 3, respectively.

4. ROTOR BLADE SYSTEM IDENTIFICATION

The linear model to be identified needs to capture the
dynamic relationship between the morphing input and
the resulting structural loads. To obtain the required
data for identification, a hover condition is simulated
in which the operating trajectory of the blade remains
constant over each rotor revolution (P). During the
simulation, the pitch angle is kept fixed, whereas the
morphing angle is excited using a chirp input as de-
picted in the upper diagram of Fig. 4. The lower dia-
gram in Fig. 4 illustrates that this designed chirp signal
covers frequencies from 1.5-6 P. This range ensures
adequate excitation of the blade dynamics within the
relevant frequency band for, e.g., load control design.
All three blade root forces F, F,, F, and blade root
moments M., M,, M, in a blade fixed coordinate
system are selected as output signals as they pro-
vide valuable insight in the blade motion. The blade
fixed coordinate system is illustrated on the active ro-
tor blade in Fig. 5. It is defined with the z-axis direct-
ing into the rotor plane pointing in the direction the
blade moves, the y-axis also in the rotor plane point-
ing along the blade, and the z-axis pointing upwards
out of the rotor plane. Since the coordinate system is
blade fixed, it rotates with the current rotor speed.
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FIG 3. Lift and drag curves for the NACA 23012 airfoil
with active structure at a Reynolds number of
Re=3 - 10°.

4.1. Data Analysis

To ensure that the collected simulation results can be
represented with a linear model, the data is analyzed
using a coherence spectrum. The coherence spec-
trum k., Of an input signal « and an output signal y is
calculated as

o3, (W)

(10) Dy (W) Byy (w)

Kuy (W) =

with the cross-correlation spectrum ¢, and the auto-
correlations @, and @, of the two signals. The co-
herence value can vary between 0 and 1 with values
close or equal to zero meaning that the two investi-
gated signals are uncorrelated [21]. Values close or
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FIG 4. Identification input signal shape and spectrum.

FIG 5. Rotor blade with the active structure and the de-
fined blade-fixed coordinate system.

equal to one on the other hand indicate that the output
signal is correlated with the input signal and can thus
be predicted linearly from it.

Figure 6 depicts the simulation results for the most
dominant output channels F, and M, in the upper di-
agram and their respective coherence spectra below.
The coherence is specifically high for frequency from
1.5-8 P, indicating that a linear model can adequately
represent the dynamics of the blades within the fre-
quency range that was excited with the input signal.
Note that the coherence spectra are similar across all
six output channels.

4.2. Subspace Ildentification

As discussed in Section 2, the defined subspace di-
mension as well as the selected number of states for
the linear model that are used within the identification
algorithm have significant influence on the quality of
the resulting model. To quantify this quality of the re-
sulting models the actual fitness values are proposed
herein. The fitness value

U ’

(11) -
Iy — 9l

expressed in percent, compares the predicted output
g of the identified model with the measured data .
It represents a normalized prediction error, where the
I norm of the prediction error is normalized by the
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FIG 6. Time domain response and coherence spectra of
the output channels F’, ( ) and M, (=) in
response to the defined chirp signal.

lo norm of the data centered around its mean value
g. Since both norms are computed over the same
dataset, this metric is equivalent to a normalized root
mean square error (NRMSE). A fitness value of 0%
indicates that the NRMSE between the model output
and the simulation data is equal to the NRMSE ob-
tained by comparing the data to its mean value. The
fitness value may become negative, which indicates
that the model prediction error exceeds the variabil-
ity of the data around its mean, for example due to a
significant constant offset or poor dynamic agreement
between the model response and the data.

The average fitness value over all six output chan-
nels of the rotor model is used to evaluate how well
the dynamics of the resulting models using different
subspace dimensions and number of states match
the simulation reference. For each defined number
of states, identification is performed using 30 differ-
ent subspace dimensions. Note that the identification
configurations have to be chosen such that the sub-
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FIG 7. Average fitness values over subspace dimen-
sions for identified models of state dimension 2
(), 4 (°) and 6 (2).
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space dimension exceeds the number of states of the
resulting system. The resulting average fithess val-
ues for state dimensions of 2 (), 4 (v) and 6 (+) are
shown in Fig. 7. The results indicate that the best pos-
sible model has 6 states and is identified with 30 sub-
space dimensions providing an average fitness value
of about 77.6 %. With respect to model-based con-
trol designs, however, it is desirable to identify low or-
der models. A similarly good average fitness can be
achieved with a fourth order model, identified using
29 subspace dimensions. With its average fitness of
77.2 % this selected fourth order model lies only 0.5 %
below the fithess value of the sixth order model while
featuring two states less.

4.3.

The performance of the resulting linear, fourth order
model ( ) from Section 4.2 against the available
data (=) is depicted in Fig. 8 for the force responses
and in Fig. 9 for the moment responses in all three
axes. The most dominant output channels are F, and
M, since these are most strongly influenced by the
change in lift generated by the morphing deflections.
The model captures these effects very well, achiev-
ing fitness values around 88 % to 90 %, respectively.
Since the blade is slightly V-shaped and bends due
to the distribution of the change of lift along the blade,
the influence of the morphing deflection is also notice-
able in F,. For this channel again, the correspond-
ing plot shows good agreement between model re-
sponse and the original data, which is confirmed by a

Identification Results
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FIG 8. Nonlinear simulation (——) versus identified lin-
ear model force responses ( ) for the identifi-
cation scenario.
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FIG 9. Nonlinear simulation (——) versus identified lin-
ear model moment responses ( ) for the iden-
tification scenario.

fitness value of about 76 %. The deflection of the mor-
phing mechanism also creates a blade torsion M,,.
This blade torsion, however, is small due the short
lever-arm resulting from the changed neutral point.
The identified model captures this effect with a fithess
value of about 76 %. The in-plane bending moment
M, of the blade proves to be the most difficult chan-
nel to identify. Since it is only indirectly excited by
the relatively small change in drag force of the blade
caused by the angle of attack change when deflect-
ing the morphing mechanism, only a fitness value of
around 52 % is reached. This is, however, still accept-
able as this motion is not the main goal of control al-
gorithms targeting load and noise reductions. Finally,
the F, channel attains a satisfactory fitness value of
about 81 %.

The poles of the identified model are shown in
Fig. 10. The identified eigenfrequencies are located
at approximately 14.9rad/s and 46.3rad/s, which
corresponds to 0.3/rev and 1.1 /rev, respectively. The
higher-frequency mode exhibits a damping ratio of
about 0.3, whereas the lower-frequency mode has
a damping ratio of approximately 0.55. Overall, with
one eigenfrequency located at approximately half
the rotor frequency and another close to the rotor
frequency, the identified eigenmodes are within a
plausible range for a Bo 105 rotor blade.
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FIG 10. Pole positions of the identified system.

5. LINEAR MODEL VALIDATION

The identified linear model is validated using simu-
lation runs that are independent from the identifica-
tion process to ensure that the model dynamics accu-
rately represent the original behavior across all out-
put channels. Specifically, another chirp ( ) input
and an impulse ( ) input, both depicted in the up-
per diagram of Fig. 11, are applied. The chirp input
differs from the identification chirp input in both am-
plitude and frequency range. Its frequency spectrum,
depicted in the lower diagram of Fig. 11, lies predom-
inantly in a lower range than that of the identification
signal. The frequency spectrum of the impulse signal
( ), also depicted in the lower diagram of Fig. 11,
is mostly constant across all frequencies, but shows
a lower magnitudes within that range compared to the
chirp. This makes it a challenging excitation signal
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©
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FIG 11. Chirp ( ) and impulse ( ) input signals

and spectra for validation.
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that is used to validate how well the linear system cap-
tures small and fast dynamics.

The resulting model responses for the chirp ( )and
impulse ( ) are depicted together with the nonlin-
ear simulation results (=) in Fig. 12. Again, for both
input scenarios the main response is within the F,
and M, channels. For the chirp, the linear model
responses achieve a fitness in those two signals of
about 86 % similar to the identification case. For the
impulse, the fitness is slightly lower with values of
71% to 74%. This is due to the impulse having a
constant excitation spectrum also at higher frequen-
cies. These frequencies are not fully captured by the
model due to the input design spectrum for the iden-
tification process described in Section 4.1. Overall
the fitness values for those two main output channels
are still satisfactory and indicate that the linear model
captures the active blade behavior. For the Fy and M,
channels the fitness values of the model compared to
the identification are successfully maintained for the
chirp input at around 81 % for F,,, and 82 % for M, ,
respectively. For the impulse 38 % are achieved for F,
and 67 % for M,. The significantly lower fitness val-
ues for impulse compared to the chirp indicate that at
low frequencies the dynamics in these two channels
are captured adequately by the model. A substantial

\
0.2

time (s) time (s)

FIG 12. Validation of the identified linear model against
the nonlinear simulation (——) for a chirp ( )
and an impulse ( )-
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contribution is, however, present at higher frequen-
cies, which is not captured well by the model if excited.
Similarly, F,, and M, are is still captured adequately
at low frequencies with a fitness value of about 66 %
to 78 % for the chirp input. For the impulse input the
combination of low signal magnitude and model in-
accuracies at high frequencies lead to a significantly
reduced fitness of about 28 % for F,, while the value
for M, even falls below zero.

The exact fitness values of the six individual output
channels for both validation input scenarios together
with the fitness values from the identification are out-
lined in Table 1. To summarize, the model captures
the dynamics connected to the dominant output chan-
nels F, and M, very well. It struggles to capture the
in-plane dynamics F, and M,, that are excited less
by the blade morphing. For the F,, and M, channels
the accuracy decreases, however, only at higher fre-
quency. These frequencies are out of scope of any
morphing control algorithms. Thus, despite some de-
ficiencies in certain channels and frequencies, the de-
rived model enables advanced, model-based control
designs for the morphing mechanism.

TAB 1. Validation fitness values in percent.

F, F, F. M, M, M,
identif. | 81.1 76.4 88.2 89.6 75.9 52.3
chirp | 785 80.8 854 86.5 81.7 66.3
impulse| 27.9 384 713 736 677 <0

6. CONCLUSIONS

This paper presents a control-oriented, subspace-
based system identification approach to capture the
dynamics of a Bo 105 rotor equipped with a trailing-
edge morphing structure in hover, with a particular
focus on the response to morphing actuation. Blade
root forces and moments obtained from a high-fidelity
nonlinear simulation serve as identification data,
which makes the proposed methodology readily
transferable to experimental rotor test data. Within
the identification procedure, the subspace algorithm
parameters are systematically optimized to obtain a
linear model that is controllable and accurately repre-
sents the relevant rotor dynamics. Validation shows
that the model reliably reproduces the dominant
dynamic behavior directly excited by the morphing
input. These results indicate that the identified model
is well suited for subsequent control design and
analysis involving morphing-based rotor actuation.

Contact address:

sabine.wisabcher@hm.edu
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A. ROTOR DATA
This section of the Appendix provides detailed ge-
ometrical and airfoil data of the modeled rotor in

ASWING.
TAB 2. Geometry data

Radius R = 4.91 m, airfoil starting at
r=0.75m

Chord length ¢ = 0.27m, constant from
r=11m

Twist Ae = —6.2°fromr=1.1m

Rotational w. = 2500°/s

speed

Origin point Riet = 0.229m

Circulation

speed Uret = 10M/s

Radial

acceleration ay et = 463.33 M/s®

TAB 3. Airfoil data (NACA 23012, Re = 3 - 10°)

Zero-lift angle ag = —1.25°
. dCy,
Lift-curve slope — =0.1097/°
p i, /
Zero-lift pressure drag Cp,p = 0.00175
Zero-lift skin friction drag Cp,s = 0.00475
Zero pitch moment Cumpo = —0.01
Morphing effectiveness in aCp o
it am 000/
Morphing effectiveness in dCy 0.01/°
pitch moment dFy, /
Maximum lift coefficient Cr,max = 1.55
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