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Abstract: Lightweightconstruction is required for efficient aircraft design, but it poses challenges
due toloadsand vibration during flight. Aircraftynamicaeroelastic behavior, described by modal
parameters like eigenfrequencies and damping ratios, varies with altitude and velocity, potentially
leading to flutted an unstable sekxcited vibration. Predicting and preventing flutter involves
identifying modalparameters through ground and flight vibration tests. However, uncertainties in
flight tests, especiallgoncerningdamping ratieestimatesresult fromconditionsregardingime-

varying systems, low sign#éb-noise ratig, and unobservablor unmeasuredhfluences. This

study proposes a reaime uncertainty estimation method using clustebaged automated modal
analysis and uncertainty reduction using a Kalman filter. For the first time, the Kalmahd#teal
monitoring has been apptl inflight during aflight vibration tes{FVT). The German Aerospace
Center (DLR) operates tH8TAR research aircraffin-flight Systems and Technology Airborne
Researc)) amodified Dassault Falcon 2000 LX. In 2028,RV/T with ISTAR was conducteth
Germany. ISTAR, which is permanently equipped with d&celerometers and a certified
measurement system, records vibration data and operational parameters during everydlight. Th
study shows some of the flight data collected by this extensively instrumented aircraft. The system
continuouslyprocesses online streamed data every two seconds during the FVT, conducting
spectral analysis, modal parameter identificattaripmated modanalysis (AMA) and Kalman
filtering for robustflutter monitoring. The flight test campaign included varying flight levels, fast
and slow accelerations and deceleratiovith and without artificial excitationenabling a
comprehensive compaos of outputonly modal parameter identification methods. Monitoring
based on the Kalman filter was able to track eigenfrequencies and damping ratios of the aircraft
robustly and continuously. These results are promising for online assessmeetiabié online
prediction of fluttercritical speedshowever, thdight tests were performed with tlagrcraftin a
baseline configurationyhich isflutter stablen the whole flight test envelope

1 INTRODUCTION

Flight vibrationtesting is a crucial phase in the development and validation of aircraft systems and
structureslt playsan importantrole in ensuring the safety and airworthiness of aircraft by proving
an aeroelastically stable, i.e. fluttéee, flight behavior in the overall flight envelope. The
aeroelastic stability can be identified in terms of damping during flight. In a conventional flight
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vibration test (FVT) discrete measurement points are sampled within the envelope as can be seen
in Figure 1.Based onthe identified damping at seheasurment points the subsequent
measurement points cémenbe reached as long as the damping is sufficiently high and does not
show trends of significant decrease. This process results in a damping fluttedlostregad in

Figure 2.An overview of conventional FVT strategies is giveflin2]. It is selfevident that more
sample points result in more detailed flutter curves. However, in conventional FVT several minutes
of test data is recorded at each measurement point. Time pressure in certification and high financi
costs associated with flight test activities result in tight time constraints for FVT. Therefore, only
a limited number of test pointre investigated in conventional FVT. The German Aerospace
Center (DLR) haslevelopedanother approach for more efecit FVTs.At severaflight altitudes

of theflight envelopethe aircraft is continuously accelerated from the lowest air speed towards
the maximum flight speed (Vne)f this acceleration igislowo, continuous operational modal
analysis (OMA) can be usdd identify quasicontinuous modal parameters (among otlilees
dampingratio) [3-5]. This approach is illustrated in Figure 3 and 4. Using efficient implementation
of OMA methods, this quasiontinuous identification can be done within two seconds which can
be seen as retime considering slow air speed variations. Since sewd@raltes are spent on each
discrete measurement point in conventional F&iid an offline analysis between some
measurement points is necessary on grpauedn a slow acceleration like 0.5 ka/suld lead to

the same required time to analyze one flight le®lt with the similar flight time, the data
resolution of the results will be higher.
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Figure 1: Conventional FVT with discrete measurement Figure 2: Discrete damping estimations based on
points convenional FVT
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Figure 3: Quasicontinuous FVT Figure 4: Quasicontinuous damping estimations based ¢

continuous FVT

The theory and applicatimxamplef reattime OMA for FVT is presented i3, 5, 6] The core
identification methods from OMA assume the identified system to be limeainvariant (LTI).
Even though the system is varyingyslowly, the uncertainty of the identification is increased.
In addition, low signato-noise ratios in FV§, the variance of excitation anghobserved
influences on the aeroelastic behavior increase the identification uncertainties further.
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In this stuly, an autonomous retilme monitoring system is presented which uses autonomous
modal analysis (AMA) and a Kalman filter (KF) to reduce the uncertainties of modal parameter
monitoring in FVT. This system is tested amnF&V/T with the DLR research aircrafTAR with
different flight maneuvers.

2 KALMAN FILTER -BASED MODAL PARAMETER MONI TORING

The modal parameter monitoring system is based ortire@alAMA. The process of time data
buffering, AMA and modal tracking is introduced in Section 2.1. KRdor reliable aeroelastic
monitoring is described in Section 2.2.

2.1 Quastcontinuous modal parameter monitoring

Structural dynamic system identification is mainly based on sensors such as accelerometers or
strain gauges. In this study, acceleration signals are usékeagput for modal parameter
identification and monitoring. Those signals are buffered in aifiritst-out (FIFO) buffer that
enables an analysis of the acceleration data of the neaspadbp left plot in Figure. ®n the

one hand, this buffethsuld be as short as possible, to reduce the effect of thevéiraion in

FVT. On the other hand, a longer time buffer reduces the uncertanitie®dal parameters
identified in OMA, since more repetitions of each vibration are recordedrefore, the buffer
length is chosen depending on the application as atfhdsuallybetween 30 anil20 seconds.

The buffered time data is analyzed using an OMA method called Stochastic Subspace
Identification (SSI)[7, 8], see top right plot in Figure Fhe results of SSI are further analyzed
using clustering methodsThe clustering provides unique physical modes and estimated
uncertainties of those modal parameters (eigenfrequencies and damping ratios), see middle row
plots in Figure 5These clustering steps are summarized as AM®& modes ararfally tracked

over time i.e. analysis blocks or mode setsjng similarity metricdike the modal assurance
criterion (MAC) and the eigenvalues themselves, see the results in lower row in Figime 5.
automated clustering method is presente@jnThe clustering as well as the OMA method need
hyperparametert run optimaly. This might be e.g. theHankel matrix block sizef SSI ora
clustering threshold. Anothéryperparametenf reattime monitoring is the time buffer length as
described abovéhe optimization ofill thesehyperparameters for redaime monitoring in FVT

is described if10]. The optimization of the hyperparameters reduces the uncertainties of modal
parameter identification, however the uncertainties of identified damping ret@snshigh.
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Figure 5: Automated modal parameter identification and trackiadapted fronf11])

2.2 Kalman filter for aeroelastic monitoring

The main idea of this study is to reduce the uncertainties of modal parameters identified in real
time using AMA and a KFThe DLR approaclhitilizesa continuousput slow acceleration of the
aircrafton a constant flighelvel Considering thenonitoring systendescribed in Section 2.the

basic measurement information is stored in a time buffer of e.g. 60 seconds. An update of this
FIFO buffer is done every two seconds. Therefore, the overlap of the buffer is 96.7%. If th
excitationdoesnot changesignificantlyfrom onetime step to the next one two seconds later, the
vibrationinformation included in the buffer doest changesignificantly. This assumption is an
extension to the classic@MA assumption of stationarynd random excitation signal3his
should be considered with cautiorhe random excitation throughout the time buffer, eaxghe
beginning of a time buffer and S@conds later, is assumed to be statioridrig is unlikely to be

fully realizedin flight testing therefore a resulting uncertairdgnbe expectedConsidering those
challenges as noise in the KF modéle ttchange of the aeroelastic state identified from two
subsequent time buffers with high overlap can be assumed Meaiefine the statof a mode

as

0
: 1
20 (1)
3‘.1
where Qs the eigenfrequency,is the damping ratia Qs the change of the eigenfrequency from

atime step to the next one agd is the change of the damping ratfotime step is theslapsed
time from one modal analysis to the next bme seconds latelhe state is modeled as a Gaussian



IFASD-2024113

distribution withe x © e h|l . The KF receives measurements to update its predictions from
the realtime AMA as
"0
) 8 2
The KF also receives estimated uncertaintieQof and, given by the AMA procedurgl0].

These uncertainties amansformed into a diagonal measuremneoise covariance matrix . 4
is time dependent because e.g. the excitation from turbulence and the noise level change during
flight. The measurement model is defined as

p MMM, ’ 3)
T p T T
wherezeremean noisel * Trﬁ=| . The change of the modal paramet@%and3, ) is not

given by the identification but estimated implicitly by the KF using the transition matrix
p T 30 T
_ mTp T 30 4)
T p m
L1 | G | G o)

where30 is the time difference betwedhandE p. Using the linear transitiomatrix, the
process model is given by

o = o Q)

with o x ~ Tlﬁ||f is the process nois&€he assumption of a linear change of eigenfrequency and
damping ratio frononetime step to the next one is not exact, Aueasonableapproximation

given the time buffebasedsignal procesmg. If the change of the aircraft flight condition (i.e.
flight speed and altitudédllows another rule than the one described, the transition model should
be adaptedlhe KF is able to fuse subsequent modal parameter estimations smoothly which results
in significantly reduced uncertainties, as illustrated in Figurehe KF uses the previous change

of modal parameters to predict the next ones. A new identification by AMA is used to update the
prediction towards the final fusion of subsequent estimations.

k=1 k=2 k=3 k=4
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Figure 6: Uncertainty propagatiorof modal parameters using AMA and a KF
The transition model assumes linear change of the modal parameters because the DLR FVT

approach assumes a continuous slow change of the flight gpeeslilting norlinear change of
modal parameters from small chasgf the flight speed is neglected in this approki¢he flight



IFASD-2024113

maneuvers are differerihe KF can be chosém amore sophisticateday as an adaptive KR.1]
or with alternative transition models.

3 FLIGHT VIBRATIONTES T

The presented KkBased modal parameter monitoring system was tested during the FVT with the
DLR research aircraft ISTARLt is a modified Dassdt Falcon 2000 LX business jet with two
enginesa wing span of 19.;, maximum takeff weight of 19.4t and a maximum cruise speed

of 893 km/h. The aircraft is shown in Figure The aircraft is unique for its highensity
instrumentationwhich consiss of 62permanentacceleometers anather sensors such as strain
gaugesconnected ta CRONOSflex measurement system from imc Test & Measureifieat.
distribution of theacceleratiorsensorss shown inFigure8. The measurement system is capable

to record dataluringevery flightas well astream the data online émalysis computers inside the
cabin.

Figure 7: ISTAR research aircraft at FVT in front of the Figure 8: Acceleration sensor plan of ISTAR flight test
hangar at Brunswicldirport instrumentation

During the flight test campaign several maneuvers were performed. laftes,a small subset

of these maneuvers is shownwhich the aircraft isaccelerated and decelerated on a constant
altitude, hereinafter referred to as level acceleration and deceleration (LAG3e maneuvers
were performed on multiple altitudes, however in this pEresuls of the KRbased monitoring

is shown with respect tmainly one flight level for the sake of simplicitfrigure 9 shows the
acceleraton flight data of the flight number 5. In total eight LAD maneuvers are performed on
flight level 11000ft (FL110).The maruvers are described in TableSInce in each identification

step an LTkystems assumed, the variation of the system should be slow. However, it is difficult
to determinein advancehow slow is slow enough. The modal parameter monitoring system is
evaliated on those fast and slow maneuvers in order to assasstafdity.
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Figure 9: Time acceleration data of flight numbgrvith eightLAD maneuvers on FL110

Tablel: Level acceleration and decelerati maneuvers at FL110

Number | Duration | TAS Range(kn) Rate of acceleration | Feature

1 108s 180A 430 2.3 kn/s Fast

2 201s 427A 183 1.22 kn/s Fast

3 107 s 179A 431 2.36 kn/s Fast

4 116s 431A 179 2.17 kn/s Fast with air brakes for deceleratig

5 395s 181 A 432 0.64 kn/s Slow

6 426 s 429A 179 0.58 kn/s Slow

7 399s 433A 179 0.63 kn/s Slow and randomized control
surface pulses for excitation

8 335s 429A 181 0.74 kn/s Slow and randomized control
surface pulses for excitation

Figurel0 shows the data snippet of the fifth maneuver, i.e. the slow continuous acceleration from
181kn to 432kn. The altitude isalmost constant and therefore neglected in the following
discussionThetime data is analyzed parallel with two method®nce using the redime AMA

(based on SSBnd once using AMA and the KF tracking. The modal analysis results are compared
with the KF results in terms of eigenfrequencies in Figure 11. The squares indicate the
eigenfrequencies identified by AMA, wheretiee line shows the KF results. Different colors
indicate the different modes. Up to 15 modes can be tracked with reasonable scétter.
modal parameters were tracked continuowgilyrout artificial excitation bubnly usingnatural
turbulence excitigon. It is a notable resultsince with comparison to the G\I2] all modesin

the presentedfrequency rangeare identified and trackedontinuously.One can also see
significantly less scatter using the KF, however than trends of eigenfrequencies are not
manipulated by the KF.
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Figure 10: Time data of maneuver five, slawceleration

Figure 11: Eigenfrequency trackingomparison ohutonomous modal analysied Kalman filterfor the fifth maneuver

Since the identification of damping ratiosassociated with higher uncertainties, the effect of the
KF is of majorinterest.The damping ratio tracking aix examplemodes is shown in Figure 12.

One can see that the scatter of the damping estimation can be reduced usingfbedsample,

in Figure 12d) one outlier of damping estimation can be seen at aboves2388 kn. The KF is
capable to clean such an outlier reliabypwever,other modes like e.g. the mode number 8 in
Figure 12h) shows unlikely trendsThesemight result from insufficient excitationor from
unsteadyevent(i.e. control inputof the pilot to recover after a gustc.) It should be noted that

the results plotted iRigure 11 and Figure 12 are solely plotted as a function of flight speed. There
are other tegbarameters which might cause changes in dampanglotted here. Therefore, the
plots of Figure 11 and Figure 12 can be considered as results being available directly after
completing a test flighin the post processing, the changes in modal paranmtesisbe verited



