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Abstract: The flutter monitoring problem is investigated from a detection (and
not prediction) point of view, and stated as a statistical hypotheses testing problem
regarding a specified damping coefficient. Two flutter onset detection algorithms are
described. Both tests build on a residual associated with an output-only subspace-
based structural identification method, previously introduced by the authors for
structural health monitoring. The first test, working batch wise, handles a null
and a close alternative statistical hypotheses on the damping. It comes up from
variations on a local asymptotic approximation for the residual, combined with the
generalized likelihood ratio (GLR) test. The second test, working on-line, is based
on non local hypotheses. It builds on a different approximation for the residual,
combined with the cumulative sum (CUSUM) test of common use in quality control.
Numerical results obtained on real data are discussed, which suggest some interesting
properties of the on-line test.

Key-words: Subspace-based identification algorithms, change detection algo-
rithms, statistical hypotheses testing, on-line detection, flutter monitoring, damping
coefficient.
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Détection embarquée du phénoméne de flutter -
Une approche statistique

Résumé : Le probléme d’instabilité aérodynamique des avions, connu sous le
nom de flutter, est abordé sous un angle de détection, et non pas de prédiction, et
posé comme un probléme de test d’hypothéses statistiques concernant un coefficient
d’amortissement. On décrit deux algorithmes de détection de ce phénomeéne. Ces
deux tests reposent sur le résidu associé a la méthode d’identification sous-espace
que nous avons introduit dans le contexte de la surveillance d’intégrité de struc-
tures mécaniques. Le premier test, qui travaille sur des blocs de données, permet de
choisir entre deux hypothéses proches. Il repose sur une variation de I’approximation
asymptotique locale du résidu combinée & un test GLR. Le deuxiéme test, qui tra-
vaille en-ligne, permet de choisir entre deux hypothéses non locales. Il repose sur
une autre approximation du résidu combinée au test (Cusum) d’usage courant en
controle de qualité. Des résultats numériques obtenus sur données réelles suggérent
des propriétés intéressantes du deuxiéme test.

Mots-clé : Algorithmes d’identification sous-espace, algorithmes de détection de
changement, tests d’hypothéses statistiques, détection en-ligne, surveillance de flut-
ter, coefficient d’amortissement.
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1 Introduction

The development of new aircrafts requires a careful exploration of the dynamical
behavior of the structure subject to vibration and aero-servo-elastic forces. This
is achieved via a combination of ground vibration tests and in-flight tests. For
both types of tests, various sensors data are recorded, and modal analyses are per-
formed. Important challenges of the in-flight modal analyses are the limited choices
for measured excitation inputs, and the presence of unmeasured natural excitation
input (turbulence). A better exploitation of flight test data can be achieved by us-
ing output-only system identification methods, which exploits data recorded under
natural excitation conditions (e.g., turbulent), without resorting to artificial control
surface excitation and other types of excitation inputs [6, 24].

A crucial issue is to ensure that the newly designed airplane is stable through-
out its operating range. A critical instability phenomenon, known under the name
of “aero-elastic flutter, involves the unfavorable interaction of aerodynamic, elastic,
and inertia forces on structures to produce an unstable oscillation that often results
in structural failure” [17]. For preventing from this phenomenon, the airplane is sub-
mitted to a flight flutter testing procedure, with incrementally increasing altitude
and airspeed. The problem of predicting the speed at which flutter can occur is usu-
ally addressed with the aid of identification methods achieving modal analysis from
the in-flight data recorded during these tests [17, 8, 28, 20]. Three different levels
are distinguished in [28]. The level 1 approach, basically handling one degree of free-
dom, counts zero crossings and computes log decrement damping on charts recording
impulse decays, and captures only a single dominant mode. The level 2 approach
uses multiple degrees of freedom methods for estimating global modal estimates (fre-
quencies and damping coefficients), and is necessary when the mode of interest does
not dominate the response. The level 3 approach estimates aerodynamic parameters
and a stability boundary, for the purpose of flutter stability prediction [10, 31, 29].
The rationale of the first two approaches is that the damping coefficient reflects the
rate of increase or decrease in energy in the aero-servo-elastic system, and thus is
a relevant measure of stability. Therefore, while frequencies and modeshapes are
usually the most important parameters in structural analysis, the most critical ones
in flutter analysis are the damping factors, for some critical modes. The modeshapes
are usually not estimated for flutter testing [28].

Until the late nineties, most approaches to flutter clearance have led to data-

based methods, processing different types of data [20]. Many methods handle time-
domain or frequency-domain functions, based on responses to impulse excitation or
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4 Laurent Mevel, Michéle Basseville, Albert Benveniste

atmospheric turbulence [37, 17, 14, 16, 33]. A comparison on data from the F-18
SRA, involving modern time and frequency domain subspace identification methods,
is reported in [14]. Recent attempts at automating identification and classification of
aero-elastic and aero-servo-elastic dynamics have been based on multiscale wavelet
processing [9].

A combined data-based and model-based method has been introduced recently
under the name of flutterometer [21, 22, 19]. Based on an aero-elastic state-space
model and on frequency-domain transfer functions extracted from sensor data under
controlled excitation, the flutterometer computes on-line a robust flutter margin
using the p-method for analyzing the worst case effects of model uncertainty. In
recent comparative evaluations using simulated and real data [11, 20], several data-
based methods are shown to fail in accurately predicting flutter when using data
from low speed tests, whereas the flutterometer turns out not to converge to the true
flutter speed during envelope expansion, due to inherent conservative predictions.

Algorithms achieving the on-line in-flight exploitation of flight test data are ex-
pected to allow a more direct exploration of the flight domain, with improved con-
fidence and reduced costs. Among other challenges, one important issue to be ad-
dressed on-line is the flight flutter monitoring problem, stated as the problem of
monitoring some specific damping coefficients. On the other hand, it is known, e.g.
from Cramer-Rao bounds [15], that damping factors are difficult to estimate accu-
rately. For improving the estimation of damping factors, and moreover for achieving
this in real-time during flight tests, one possible although unexpected route is to
resort to detection algorithms able to decide whether some damping factor decreases
below some critical value or not. The rationale is that detection algorithms usually
have a much shorter response time than identification algorithms.

The purpose of this paper is to describe and analyze two statistical tests for
monitoring a damping factor. Both tests are based on a residual associated with a
subspace-based output-only covariance-driven structural identification method. The
residual is ideally zero under the hypothesis of constant modal parameters (null
hypothesis), and significantly different from zero in the presence of a deviation in
a specific damping coefficient (alternative hypothesis). The first test, called local,
handles a null and an alternative statistical hypotheses on the damping which are
close, and comes up from variations on a local asymptotic approximation for the
residual, combined with the generalized likelihood ratio (GLR) test. The second
test handles non local hypotheses, and builds on a different approximation for the
residual combined with the cumulative sum (CUSUM) test.

INRIA
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The paper is organized as follows. Section 2 summarizes the main lines of the
subspace-based monitoring residual investigated in earlier papers of the authors. In
section 3, the first test for flutter monitoring, working batch wise and based on
local hypotheses, is introduced. The second test, based on non local hypotheses,
and performing on-line flutter monitoring, is described in section 4. Section 5 is
devoted to implementation issues and experimental results obtained on real data.
Some conclusions are drawn in section 6.

2 Subspace-based modal identification and monitoring

We first recall the main equations and parameters of the models we use, and we recall
the main lines of the subspace-based covariance-driven identification and monitoring
algorithms we advocate for.

2.1 Modeling and parameterizations

The structure’s behavior is assumed to be described by a stationary linear system:

MZ(t)+ CZ(t) + KZ(t) = v(t),Y (t) = LZ(¢) (1)

where t denotes continuous time, M, C, K are the mass, damping and stiffness ma-
trices respectively, (high dimensional) vector Z collects the displacements or acceler-
ations of the degrees of freedom of the structure; the external (non measured) force
v is modeled as a non-stationary white noise with time-varying covariance matrix
Q. (t), measurements are collected in the (often, low dimensional) vector Y, and ma-
trix L indicates which components of the state vector are actually measured (where
the sensors are located). The modes or eigen-frequencies denoted generically by pu,
and the modeshapes or eigenvectors denoted generically by LV, are solutions of:

det (W? M+uC+K) = 0 @)
(W M+puC+K) ¥, 0

Sampling model (1) at rate 1/7 yields the discrete time model in state space form:

Xpr1 = FXp+Vin 3)
Y, = H X,

RR n~° 4982
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_ [ 2(kT) _ _ _ o Lr _

where X, = <Z(k7’) ),Yk = Y(kr),H = (L 0),F = €, L =
0 I . . .

MK v ) and state noise Vj41 is unmeasured, Gaussian, zero-

mean, white, with covariance matrix:

(k+1)7 - T

B(Vers V1) = [ e Qo) e

def
Qr+1 =

where E(.) denotes the expectation operator and:

~ 0 0
Q(S) = ( 0 MleV(s)MfT )

State X and observed output Y have dimensions 2m and r respectively, with r (often
much) smaller than 2m in practice.
Let (A, ¢)) be the eigenstructure of the state transition matrix F', namely:

det (F—AI)=0, (F-XI)¢yr=0 (4)

The modal parameters defined in (2) are equivalently found from the eigenstructure
(A, ox)’s in (4) using:
er =X LV,=¢EH g,

The frequency f and damping coefficient p are recovered from a given eigenvalue A
through:

f=a/2rT, p=100 |b|/Va?+b?, where a = |arctan F(\)/R(N)|, b=1n|}\| (5)

Eigenvectors are real if proportional damping is assumed, that is C = aM +
BK. The X’s and ¢)’s are pairwise complex conjugate. We assume that the system
has no multiple eigenvalues. In addition, 0 is not an eigenvalue of state transition
matrix F. The collection of modes (A, ¢)) form a canonical parameterization —
namely a parameterization invariant w.r.t. changes in the state basis — of the pole
part of the system in (3), referred to as the system eigenstructure. Note that the
system eigenstructure can equally be found from the AR part of a multivariable
ARMA model equivalent to (3), but that the AR vector parameters are not canonical.
From now on, the collection of modes is also considered as the system parameter 6:

0= ( ve[zq) ) (6)

INRIA



Fast in-flight detection of flutter onset 7

In (6), A is the vector whose elements are the eigenvalues A, ® is the matrix whose
columns are the ¢,’s, and vec is the column stacking operator. Parameter § has
size (r + 1)m.

2.2 Residual associated with subspace identification

The key steps of the output-only covariance-driven subspace structural identification
method are briefly recalled, and a characterization of the modal parameter in (6) is

exhibited, from which the proposed residual is defined.
def

Let R; = E (Y £ ,) and:
Ro Ry i Ry
Hoir g def 11?1 R-2 R-q def
Ry Rpi1 @ Rpyg

be the output covariance and Hankel matrices, respectively. Introducing the cross-
covariance between the state and the observed outputs: G ef g (XkYkT), direct

computations of the R;’s from the equations (3) lead to: R; = HF'G, and to the
well known [30] factorization:

Hpt1,4 = p+1(Ha F) Cq(Fa G) (8)

where:

H

HF
Ops1(H,F) < and C,(F,0)¥(G FG --- F'G) (9)
HF?

are the observability and controllability matrices, respectively. The observation ma-
trix H is then found in the first block-row of the observability matrix 0. The state-
transition matrix F' is obtained from the shift invariance property of O, namely:

HF
T 0 def HF2
ONH,F) = Oy(H,F) F, where O}(H,F)=

HF?

RR n -~ 4982
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Assuming rank(Qp) = dim F, and thus that the number of block-rows in Hp414 is
large enough, is mandatory for recovering F'. The eigenstructure (A, ¢») then results
from (4).

Factorization (8) is the key for a characterization of the canonical parameter
vector @ in (6), and for deriving the proposal residual. Choosing the eigenvectors
of matrix F' as a basis for the state space of model (3) yields the following modal
representation of the observability matrix:

0]
dA

Opi1(0) = | . (10)
AP

where A ¥ diag(A), and A and ® are as in (6). Whether a nominal parameter 6

is in agreement with a given output covariance sequence (R;); is characterized by

[3, 34]:
Op+1(0p) and Hp41,4 have the same left kernel space (11)
The left kernel space of matrix M is the kernel space of matrix M. The property

(11) can be checked as follows. From the nominal 6y, compute Op1(6p) using (10),
and perform e.g. a SVD of O,11(6p) for extracting a matrix U such that:

UT'U =1, and UT Op;1(6y) =0

Matrix U is not unique (two such matrices are related through a post-multiplication
with an orthonormal matrix), but can be regarded as a function of 6y. Then the
characterization writes:

U(OO)T Hpt1,4=10 (12)

Assume now that a reference 0y and a new sample Y1,...,Y, are available. For
checking whether the data agree with 6y, the idea is to compute the empirical Hankel
matrix Hpyi1,4:

n
Hpi1,g = Hank (Ri), B, <1/n > W VL, (13)
k=1

and to define the residual vector:

~

Cn(00) = /i vee (U (80) Hpi1,q) (14)

INRIA



Fast in-flight detection of flutter onset 9

Let 0 be the actual parameter value for the system which generated the new data
sample, and Ey be the expectation when the actual system parameter is 6. From
(12), we know that:

Ey ((n(60)) =0 iff 0 =6

In other words, (,(fy) has zero mean when no change occurs in #, and nonzero mean
if a change occurs. Thus (,(6y) plays the role of a residual.

2.3 On-board Y?-test for modal monitoring

Testing if & = 0y holds true — or equivalently deciding that the residual (, is signif-
icantly different from zero — requires the knowledge of the probability distribution
of (n(6p). Unfortunately this distribution is generally unknown. One manner to
circumvent this difficulty is to assume close hypotheses:

(Safe) Hy: 6 =60y and (Damaged) Hy: 0 =6y + 50/\/n (15)

where vector §6 is unknown, but fixed. Note that for large n, hypothesis H; cor-
responds to small deviations in @. This is the statistical local approach [36, 2, 1].
Define the mean deviation:

def .

J(00) = — 1/v/n 0/00 Egy (a(6) lg—g, (16)
and the residual covariance matrix X (6p) def lim,, 00 Eg,(Cn ¢L). Then, provided
that 3(6p) is positive definite, and for all 46 (including 60 = 0), the residual (, in
(14) is asymptotically Gaussian distributed [3] when assuming € as in (15):

¢n(fo) P N (T (6o) 66, % (6o)) (17)

where N (p,Y) stands for the Gaussian (normal) distribution with mean vector p
and covariance matrix 3. Thus a deviation §0 # 0 in the system parameter 6 is
reflected into a change in the mean value of residual (,. Note that matrices J ()
and (6y) depend on neither n nor the deviation d6. They can be estimated prior to
testing, using data on the safe system, just as the reference 6,. Consistent estimates
of J, based on a data sample, are given in [3], and do not depend on the particular
normalization of the eigenvectors ¢y. The estimation of ¥ is somewhat tricky [35, 36].

Let J and & be consistent estimates of 7 (6) and %(6p), and assume that 7 (6p)
is f.c.r. Then, deciding whether residual {, is significantly different from zero, stated

RR n -~ 4982



10 Laurent Mevel, Michéle Basseville, Albert Benveniste

as testing the presence of a small deviation in € (15), can be achieved with the aid of
the generalized likelihood ratio (GLR) test based on the distribution (17), namely:

+supgert, (—(Gn— T 60)7 S71Gu— T 86))
—supper, (~(Gu— T 80)7 871 (¢u — T 60)) .
= SUPgp£0 (—(Qn ~J 0 ST 50)) + ¢ S
This boils down to the following x?-test:
X(00) & (T 0) £ T (IS )T TS o) (19)

which should be compared to a threshold. Note that the only term in (19) which is
computed after data collection is ¢, (f). Test x2(6p) is asymptotically distributed
as a x2-variable, with rank(J) degrees of freedom and non-centrality parameter
under Hy: 60T JTY 17 §6. In other words:

En, X%(HO) = rank(J)
En, x2(0y) = rank(J)+607 g7 n71 766 (20)

In practice, however, the actual values of x2 are much higher than those theoretical
values. How to select a threshold for x2 from histograms of empirical values obtained
on data for undamaged cases is explained in [23].

2.4 Modal diagnosis

The modal diagnosis problem is to decide which components of § have changed. De-
termining which eigenfrequencies and associated modeshapes have been affected by
the damage is often addressed as an estimation problem, based on modal identifi-
cation in the pre- and post-damage stages [13]. We address modal diagnosis as a
detection problem instead, using the estimated Jacobian matrix jz corresponding to
mode and modeshape 7 [4]. The directional test focussed on this mode 7 writes:

WPE ST G (TS F) T TG 21

Such a directional test restricted to the damping coefficient p of a given mode
defined in (5) could be designed as a solution to the flutter monitoring problem.
However, the relevant hypotheses for that problem should be one-sided, which is not
the case in (15). This calls for a further step in the design of flutter monitoring tests,
as described next. In what follows, the = above J and ¥ are dropped for simplicity.

INRIA



Fast in-flight detection of flutter onset 11

3 Flutter monitoring - First test, working batch wise

As explained in the introduction, one manner to address the flutter problem is ba-
sically to decide whether some damping coefficient p decreases below some specified
critical value p., namely:

P < Pc (22)

In this section, we describe a first test for solving this problem. This test handles
a null and a close alternative hypotheses on the damping coefficient, and comes up
from variations on the statistical local approach for the residual, combined with the
GLR test (18).

In this paper, we assume that p. = pg, where pg is the actual value of the
monitored damping coefficient, in the reference parameter 6y. The realistic case
Pe < po is the topic of current investigations and will be reported elsewhere. See the
discussion at the end of paper.

As before, the observed data is considered to consist of the residual defined in
(14):

def

¢ = ¢(6o)
Let 7 & 7 (po) be the Jacobian matrix corresponding to the damping coefficient py,
and ¥ ¥ Y(6g) be the residual covariance matrix. The matrix J et 7 (po) is

obtained by selecting the corresponding column of the matrix which results from the
multiplication of J(6p) with the Jacobian of the transformation (5) from the X's to
the p’s [4] Reminding (19), we introduce:

(Egtetg TESIEg (23)

Note that these are scalar numbers. It results from (17) that, when assuming p =
po + dp/+/n, for all dp, the residual ¢, in (14) is asymptotically Gaussian:

¢ m N(Z 4p, %) (24)

3.1 A one-sided test

Consider the following local hypotheses:

Hy: 6p>0 and H;: dp<0 (25)

RR n~° 4982



12 Laurent Mevel, Michéle Bassewville, Albert Benveniste

which express that the damping coefficient decreases below pg while remaining in
close neighborhoods. The GLR test for the testing problem (25), namely:

def S -1 5 = S =1 5 =
1(60) = sup (~(C =T )" £ (=T 8p))—sup (~(C~T )" T (- T bp))
5p<0 §p>0
(26)
can be shown [18] to boil down to:

10o) = - sign@ %, ¥ €T T (27)

The test statistics [(fg) enjoys the following property:
En, [(6)) < 0 (28)
Ey, ((6p) > 0 (29)

In other words, it manifests itself the change in dp by a change in its own sign. Thus
it is a good candidate for solving the hypotheses testing problem in (25).
To sum up, the first test statistics proposed for flutter monitoring is defined by:

Ca(o) = v vee (U (60) Hpig) (30)
Z _ ,_7T E_l Cna i — JT 2—1 j
¥ =8¢

1) = — sign()-X* (31)

and a decision in favor of H; is made when:
1(60) > A (32)

for some positive threshold A to be chosen.

4 Flutter monitoring - Second test, working on-line

In this section, another decision function is introduced, as a first attempt to design
an on-line flutter monitoring algorithm. This test builds on a different computation
for the same residual (,(60y), no longer covariance-driven but now temporal data-
driven. It also builds on a different approximation for (,(6p), and on the Cusum
test statistics |2].

INRIA



Fast in-flight detection of flutter onset 13

4.1 Another insight in the residual

Because of (13), formula (30) for ¢,(6y) rewrites as:

(n(60) = > Zi(6o) /v/n (33)
k=1
where: def T
Z(60) € vee (U (00) Vi1 Vig' ) (34)
and
Y Yy
def . — def .
y/j,IH—l é . ’ yk;,q é : (35)
Yitp Yi g1

From (17), we know that (,(6p), and thus > }_; Zx(60)/+/n, is asymptotically
Gaussian distributed, with zero mean under the hypothesis p = p.. Following the
arguments in [7][5.4.1], it is legitimate to deduce from this fact the following approx-
imation: for k large enough, Zi(6y) is asymptotically Gaussian distributed, with
zero mean under p = p., and the Z;’s are independent. Furthermore, a change from
p > pe to p < pc is reflected by a change in the mean of Zy(6y).

4.2 The CusuM test

Consider now the following non local hypotheses:
ﬁozp=pc+e and ﬁlzpzpc—e (36)

with € > 0. Because the Z;’s can be considered as independent Gaussian variables,
which manifest themselves a decrease in the damping by a change in their own mean
value, testing between the hypotheses (36) can be addressed with the aid of the
CusuM test of common use in quality control. The CuUSUM test statistics g, is
defined as follows [2]:

Sn(6o) & anzk(eo) (37)
k=1

T, (60) def lrélléig(nsk(go)

gn(00) € Tu(60) — Sn(60) (38)

RR n " 4982



14 Laurent Mevel, Michéle Bassewville, Albert Benveniste

A decision in favor of H; is made when:
gn(00) > A (39)

for some threshold A to be chosen.
Note that g, monitors on-line the deviations of the cumulative sum S, w.r.t.
its maximum value 7. In other words, the sum S, is confronted to an adaptive

threshold: S, < T, — A.
Now, from (33), (37) and (34), we have:

SuB0) = v/ Ga(80) = 3 vee (U7 (00) Vi1 Vig' ) (40)

k=1

From (40), we deduce that test g, in (38) handles the time-unnormalized resid-
ual ¢, (6)-

For numerical efficiency, it is preferable to normalize S, (6y) in order to handle
identity covariance matrices for all parameter values 6y; remember (24). This is
achieved by using the scale-normalized residual (,(fy) as in (23), and computing,
instead of (40) and (38):

Su(0) E v E(60)7Y? T,(60)

Ty (00) def 1ré1]?;(n§k(90)
9,060 % To(60) — Sn(60) (41)

From its design, test statistics g, (o) enjoys the following properties:

Q

Eﬁo 9n (90)

0
Eﬁl gn(go) > 0

(42)

Moreover, if p decreases, g,,(6o) increases.

4.3 The proposed on-line flutter test

Since it is known neither what is the actual hypothesis when this processing starts,
nor what are the actual sign and magnitude of the change in p that will occur, a
relevant procedure [2] consists in:

e Introducing a minimum magnitude of change vp,;

INRIA



Fast in-flight detection of flutter onset 15

e Running two tests in parallel, for decreasing and increasing damping, respec-
tively;

e Making a decision according to the first test which fires;
e Switching to the other one afterwards.

At a first glance, having to tune an additional parameter may appear as a drawback.
It turns out, however, that the choices of the minimum magnitude of change v, and
of the threshold A are generally well decoupled [2]. This algorithm is summarized in
the following formulas, where the dependency in 6y is dropped for simplicity.
Decreasing damping:

5y E S (IS 2 +) (43)
k=1
— def = (—
T, = max. Sk (44)

—_
iy
ot

N

gn € Tu-5,
> A (46)

Increasing damping:

n
AR S Z(jT n-1 Zk—um) (47)

k=1

< def . o+
t, = lrsl}clgnsk (48)
gt ¥ g _ g (49)
gn = AT (50)

When (46) happens, both cumulative sums FTE_) and FTE_I_), and both extrema T, and
i, are reset to zero, and g is activated. As soon as (50) happens, both cumulative

sums ?,E_) and §n(+) and both extrema are reset to zero, and g,, is activated. This
processing is made clear on the subsequent figures in the following manner. Let
ti, 2 = 1,... be the alarm and switch time instants. The actual test statistics f;
corresponding to the processing described above is defined by:

—g if fi = g7 >0 Vt€E [tp_1,ts]
g; if fi = g5 >0 Vt€ [tg_1,t]

def

Vt € [tk trr1] fr = { (51)

RR n -~ 4982



16 Laurent Mevel, Michéle Basseville, Albert Benveniste

This is the test statistics which is plotted on Figs. 2 and 3.

Since the test statistics g, is devoted to the detection of a drop in the damping,
ft = — g; 1is plotted in red, in order to better visualize a drop. Similarly, since the
test statistics g/ is devoted to the detection of an increase in the damping, f; = g;"
is plotted in blue. We stress that || f¢|| is small when p >> p., and large when p is
close to, or crosses, p.. When inspecting Figs. 2 and 3, it is important to keep in
mind this intuitively desirable and very useful property.

5 Experimental analysis

The tests statistics {(6p) (31) and g, (6y) (41) are currently experimented on differ-
ent data sets available within the Eureka project FLITE!, aiming at improving the
exploitation of flight test data, for enabling more direct exploration of the flight do-
main, with improved confidence and at reduced cost. In this paper, we discuss results
obtained on a nonstationary data set recorded on a real flight structure, provided by
one of the industrial partners. For obvious reasons, the actual values of the damping
coefficient and the frequency are not displayed.

5.1 Implementation and tuning issues

Automatic modal analysis and flutter monitoring (monitoring one damping coeffi-
cient) have been performed using the Scilab Modal Analysis and damage detection
and localization toolbox [26].

It should be stressed that the proposed flutter monitoring algorithm (51) can be
computed in real time, whereas automatic modal identification is both computation-
ally expensive and subject to estimation errors especially in the damping factors.
Actually, the proposed damping test does not require re-identification of the damp-
ing coefficient at every step. Thus, it is much faster, and free from estimation error
propagation.

For tuning the proposed algorithm, the user has to choose a minimum magnitude
of change v, and a threshold A. This should be done by extensive manual training
— which has not been possible in the present example, due to lack of reference data
— and can be achieved based on the following remarks.

e The threshold A should be high enough to avoid reactions to small fluctuations,
and small enough to allow quick detection. A small A will lead to a constantly

"http://www.irisa.fr/sigma2 /flite/
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switching flutter test. On the contrary, a high A would yield missed detection
of changes in the evolution of the damping.

e The minimum magnitude of change v, should be chosen close to zero. A zero
value lead to a flutter test with high fluctuations around the critical damping
value. Increasing the value of v, would smooth out the test and remove false
alarms. If v, gets too high, this kills the test, which no longer reacts at all.

5.2 Experimental results

The results of the automatic modal analysis for the considered mode (frequency and
damping coefficient) are displayed on Fig. 1. It appears clearly that, whereas the fre-
quency is slowly increasing, the damping coefficient exhibit large fluctuations. Notice
that the change in the frequency is linear except in two places, where unexpected
jumps happen in the estimation, which implies overestimation of the corresponding
damping values (see the narrow peaks in the plot).

The first test statistics {(6p) (31) has shown up a very poor behavior, and thus
is not displayed.

On Figs. 2 and 3, respectively, the behavior of the test statistics f; in (51)
is displayed for two different values of the critical damping: p. = py = pS) and
Pec = Po = pg), with p£2) < pg). It should be noted that the time axis has not
exactly the same meaning for Fig. 1 on the one hand, and Figs. 2 and 3 on the other
hand. This is because of long batch processing for the former, and smaller batch
and on-line processing, respectively, for the two latter. The intuitively obvious lower
quality of the results in the early left portion of each figure should also be kept in
mind.

Nevertheless, it clearly appears that the time intervals during which alarms are
fired (the red statistics crossing its threshold) mainly correspond to the time periods
with low damping values. Note also the coherent behavior of the tests on Figs. 2 and
3: if the test declares tha‘(c ;che damping value is below p£2), it also declares that the

1

damping value is below p¢ .

5.3 Discussion

When monitoring multiple damping coefficients, different values for the threshold A
and magnitude v, could be used. Different values of v, for each of the two CUSUM
tests g, and g;" could also be used for multiple testing. The rationale is as follows.
A small change magnitude vy, for test g, is likely to be relevant for an instantaneous

RR n -~ 4982
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reaction when p crosses the damping value p. from above and towards zero. On the
contrary, a larger v, should be used for making sure that the decision in favor of the
safe hypothesis p > p. is correct with high probability.

This type of tuning could also be used for handling the more realistic case p, # po-
In that case, one might try in practice to tune vy, in order to make the test react at
the desired critical value p.. Generating the (missing) data set at the critical value,
from a modal to data simulator, might also turn out useful.

A careful evaluation of the sensitivity of the test w.r.t. changes in the critical
value p., and also w.r.t. the choice of 8y and of the data sets used for the estimation
of the reference 8y, J, Y, and extensive tests of the methods on different applications,
are the topic of current investigations.

6 Conclusion

Motivated by the flutter monitoring problem, we have described a statistical ap-
proach towards fast in-flight on-board detection of flutter onset, combining modal
model-based and in-flight data-based methods. The key elements in the design of
two statistical detection algorithms for monitoring a damping coefficient have been
presented. Both tests handle an output-only subspace-based residual previously
proposed by the authors for structural health monitoring [3, 5]. Even though mode-
shapes are not monitored, they are explicitly involved in the computation of the
proposed tests. It is our experience [4] that this fact may be of crucial importance
in structural health monitoring, especially when detecting small deviations in the
modal behavior. The first test is covariance-driven and works batch wise. It relies
on the asymptotic statistical local approach to monitoring [1]. The second test is
temporal data-driven and performs on-line flutter monitoring. It builds on a differ-
ent asymptotic for the residual, combined with the on-line cumulative sum (Cusum)
test of common use in quality control [2]. On a data set from a real flight structure,
the latter test has been shown to provide promising results.

RR n -~ 4982
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