ASME International Mechanical Engineering Congress & Expo

Proceedings of IMECE'03
sition
Washington D.C., November 15-21, 2003

IMECE2003-41421

MULTIDIMENSIONAL HIDDEN SLOW VARIABLE TRACKING IN
A HIERARCHICAL DYNAMICAL SYSTEM

David Chelidze
Department of Mechanical Engineering and Applied Mechanics
University of Rhode Island
Kingston, Rhode Island 02881
Email: chelidze@egr.uri.edu

ABSTRACT
In this paper, we present a novel method for multidimen-
sional damage identification based on a dynamical systems ap

ering the complex and hidden nature of damage. Damage can
refer to any variety of physical processes that cause datioad
in a system'’s performance leading to imminent failures.sExi

proach to damage evolution. This approach does not depend oning literature abounds with solutions to some particuikami-

the knowledge of particular damage physics, and is aptgri

nent damage detection problems (e.g., material fracture, sensor

for systems where damage evolves on much slower time scaleor power source failure, etc.) that mainly focus on scalan-da

then the directly observable dynamics. In an experimeraat c
text, the phase space reconstruction and locally linearetsod
are used to quantify small distortions occurring in a dyrcami

age processes. Current research efforts, however, moveyzds
alarm-based diagnostics of scalar variablegrity scale health
monitoring ofincipient multi-valued damage processes, which is

system’s phase space due to damage accumulation. These meaequired for the development of true prognostic ability.

surements are then related to the drifts in damage varialles
mathematical model of a harmonically driven cantilevermrbéa

a force field of two battery-powered electromagnets is used t
demonstrate validity of the method. It is explicitly demtaged
that an affine projection of the described damage metric-accu
rately tracks the two competing damage processes. Foripract
cal damage identification purposes, the tracking data ikyzed
using the proper orthogonal decomposition (POD) and optima
tracking (OT) methods. Both methods correctly identify tive
dominant damage modes. However, the OT is more impervious
to changes in fast-time dynamics and provides a signifigantl
better signal-to-noise ratio. The OT-based damage obiserve
demonstrated to be within a linear transformation from tbe a
tual damage states.

INTRODUCTION

The development of machinery and structural health moni-
toring technology is one of the important tasks of currempiiap
engineering research. This is a formidable undertakingsics

Most of the early mechanical systems damage identification
work focused on damage detection [1]. Data-based, or heuris
tic, approach is to look for changes due to the damage acedmul
tion in time or frequency domain statistics [2], or in stadis that
have both time and frequency information [3]. For nonlinggs-
tems exhibiting chaotic response it is customary to usenastis
of long-time chaotic invariant measures, such as the airosl
dimension [4]. Other advanced techniques use expert sgstem
or fuzzy logic [5]. The main advantages of such methods are
simplicity of implementation and that they often work verghy
Most heuristic methods serve as purely damage detectiommet
ods; i.e., no damage state assessment is provided. Evertinhen
severity of damage can be estimated [6], it is usually verg ha
to establish a direct one-to-one connection between thegam
state and the change in the heuristic statistic or featuctoke
There is no theoretical basis for predicting a priori, withthe
benefit of a good model or experiment, whether a certain featu
vector will work well for a particular system.

A model-based approach addresses some of the shortcom-
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ings of the purely statistical approach at the expense of i@ mo
difficult development and implementation [7]. In rare cases
when the system’s analytical model is available, it is ugual
possible to establish a functional connection between ttie d

ing model parameters and a particular feature vector [8]e Th
lack of analytical models is customarily addressed by dagvel

ing finite elements or data-based models. For linear systms
example, autoregressive model parameter spectra and fireea
diction error are used for fault detection in ball bearingjsgnd
gears [10], respectively. As another example, the frequesc
sponse functions are widely used for damage detection fiL1] i
structures. Nonlinear systems are usually modeled usiangahe
networks [12] for the same purpose. Other successful appesa

are based on some type of hybrid method. For example, exten-
sive attention is allotted to the use of mode shapes, or teir
vatures, for damage detection and identification [13]. Heaxe

in many cases these methods are application dependentand t
main advantage of a model-based approach, which is to aterel
the changes in a feature vector with the changes in a system’s
physical parameters, is lost.

In this paper, a novel multidimensional damage diagnosis
method is developed. It is based on a dynamical systems ap-
proach to damage evolution [14]. Damage diagnosis is accom-
plished using a novel concept of phase space warping [15-17]
which refers to small distortions in the phase space of a&esyst
due to the damage accumulation. The method presented her
is able to track competing damage modes that evolve on much
slower time scales than the directly observable dynamica of
system. For systems undergoing abrupt changes the method i
not able to provide tracking. However, it can still detectian
quantify these changes.

In the next section, a brief description of the dynamical sys
tems approach to damage evolution is given. A new multidimen
sional damage tracking metric is introduced next, and alnove
strategy for damage identification is described. Applaatf
the proposed techniques to a model of an electromechag®al s
tem with drifting potential field is described next. The résu
of two-dimensional damage identification and their imgiimas
are discussed at the end, followed by conclusions.

DYNAMICAL SYSTEMS APPROACH TO
DAMAGE EVOLUTION

In the dynamical systems approach [14], damage is viewed
as a point evolving in an extended phase space of a hieratchic
dynamical system. In this system, slow-time damage emiuti
causes parameter drifts in a subsystem describing dynarhics
directly observable fast-time variables:

x=1f(x,p(9)),

¢ =cg(d,x),

(1a)
(1b)

e

S

where: x € R™ is a directly observable, fast-time variable;
¢ € R™ is a hidden damage, slow-time variabje; € R* is

a function of ¢ representing the parameters in Eq. (1a); a rate
constantd < ¢ <« 1 defines a time-scale separation between
fast- and slow-time dynamics; and overdots denote difteaen
tion with respect to time. Note that, fore = 0 the parameter
vector u is a constant and system Eq. (1a) is stationary, and for
e # 0 Eq. (1a) is nonstationary due to the evolutiongofHow-
ever, over the time scales df(¢) we consider Eq. (1a) to be
guasistationary, since drifts jm are negligible.

This formulation is appropriate for systems where damage
accumulation can be characterized by a time scale thatésaev
orders of magnitude larger than a time scale associateddyith
namic response of a corresponding structure. In the foflgyi
we develop main ideas behind multidimensional damage track
ing strategy.

The Phase Space Warping Tracking Function

In an experimental context we usually do not have access to
the analytical form of governing differential equation$. (How-
ever, we do have access to measurements from the fast-tsne sy
tem (1a). These measurements are usually sampled at uniform
time intervalst,, and the dynamics (i.e., the equivalent topolog-
ical structure of the extended phase space) of Eq. (1a) cea be
constructed using a delay coordinate embedding [18]. fyiio-
cedure, the measured scalar time sefieg’)} ., is converted
to a series of vectorg” (r) = [z(r), z(r + 7),...,2(r + (d —
1)7)] € R4, wherer (multiple oft,) is a suitable delay time, and
d is the appropriate embedding dimension. Embedding parame-
ters,T andd, are usually determined using the first minimum of
the average mutual information [19] and method of false estar
neighbors [20], respectively.

The reconstructed state vectors are governed by an as yet
unknown map of the form

y(r+1)=P(y(r);¢) . )
The drift in the damage variablg will cause distortions in the
phase space, altering the evolution of trajectories. pieese
space warping (PSW) refers to these changes in the vector field.
In previous work [15, 16], the followin@SW tracking function

Ex(y(r),¢) =P (y(r),¢) ~P* (y(r),¢0)  (3)
was proposed for damage identification. In Eq.R3)is thek-th
iterate of the map defined by Eq. (2).

Note that, for fixedy (r), the PSW tracking function can be
expanded into a Taylor series if For ¢ sufficiently close to
¢, it is shown in [15] that, assumingnear observability (i.e.,
assuming the first derivative ®" with respect tap has maximal
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rank), the relationship between the PSW tracking functiod a

IE(y(r), ¢)| provided a good tracking metric for scalar dam-

the damage variable can be well-approximated by an affine map age variables. However, as discussed in detail in [15], m ge

Ee(y(r), @) = Cly(r))e +c(y(r)), 4)
where the matrixC = 9P*/0¢ is evaluated app = ¢, and
c = —Cg, is a column vector. Thus, under the above assump-
tions, the tracking function can be used to provide a line@a-m
surement of, and therefore a means of tracking, the fatigue d
age variablep. In [15, 16], a suitably averagef). (y (r), ¢) was
successfully used to track a scalar battery voltage variabl

To actually calculate the PSW tracking functi&n(y (r), ¢)
for any given initial conditiory (), we need to know how the fast
subsystem evolves over the time interkal for the current value
of ¢, as well as how this subsysterould have evolved for the
reference value op,. Since the system’s fast-time behavior for
the current value of is directly measurable (i.e., we can recon-
struct the fast-time trajectory using a sensor measureframt
the fast subsystem), then the strategy will be to compacetitet
predictions of aeference model describing the fast system’s be-
havior for¢ = ¢+ O(¢). Here, the local linear models are used
as the simplest form of a globally nonlinear reference model

y(r+1)=Ay(r) +a, ®)
whereA is ann x n matrix anda is ann x 1 vector. Eqg. (5)
approximates Eq. (2) for a particular pogtr) in the reference
system'’s reconstructed phase space. Note that in praegcal
plications other modeling solutions, such as neural netuto

regressive moving averages, may be more appropriate. Fhe pa

rameters of local linear models are determined by calagatie
best linear fit betweefV nearest neighbors ¢f(r) and their fu-
ture states. Then the PSW tracking function (Eqg. 3) for tit&in
pointy(r) can be written as

Eely(r), ) =y(r+k)— Ary(r) —a* + EY(y(r))

6
=Ep(y(r),¢) + EY(y(r)), ©

whereE™ (y(r)) represents the local linear model error, and

Ei(y(r),®) =y(r+k) — Afy(r) —a* @)
is the estimated tracking function that can be determingeex
imentally. The use oE.(y(r), ¢) in place ofE(y(r), ¢) is
justified if EM is small compared t&,.

MULTIDIMENSIONAL DAMAGE DIAGNOSIS
In previous work [15-17], a suitable norm of the averaged
value of the estimated tracking function over one data ecor

3

eral there will be fluctuations in the estimated trackingction
caused by two main sources not related to changes in the @amag
¢: (1) changes in the model fit err@" from point to point in
phase space; and (2) changes in the actual mapping of Eqg. (2),
also from point to point. In [15], these fluctuations wereueed

by an appropriate probability density weighted average.

Multidimensional Damage Tracking Metric

The new approach is to evaluate the average value of the
estimated tracking function iV, disjoint regionsB; (i
1,...,N,.) of the reconstructed phase space to obtamui-
dimensional damage tracking metric:

N,
Sk(¢) = U IB:I~ > E(y(r). ¢). (8)

y(r)€B;

where each data record will have a total 8f = d x N,
(Sk € RN) statistics. In addition to the ability to track mul-
tidimensional damage variables, this new metric has ancadde
benefit of compensation for the fluctuation in population atad
points. Furthermore, this approach effectively uses dthefdata
available within one data record, making the damage estgnat
more robust.

It is conjectured based on Eq. (4) that there is an affine pro-
jectionV,, : RMs — R™ that maps the proposed metric onto the
damage state¢ € R™:

¢=VSi+v, (9)

whereg is an estimate of actual damage stafeis anm x N
matrix, andv is anm x 1 vector.

Affine projection parametery andv, can be determined
if independent measurements of damage state are available.
an experiment, a total aV,. data records are collected and an
N + 1 x N, matrix W is formed, such thaW® = [(S})T1]T
for each datarecord=1,..., N,. Then if anm x N, matrix ®
is formed, whereb; = (¢); is composed of the average values
of ¢ for each data recorg the needed affine transformation can
be calculated in the mean squares sense:

[V,v]=3WT (WW7) " (10)

In many practical situations we do not have the direct mea-
surement of damage state or means to estimate the affine pro-
jection parameters of Eq. (10). Therefore, the damageitrgck
metric has to be used directly to determine the observabts fa
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about the hidden damage state. Here, we focus on two differ- The corresponding generalized eigenvector yields themabti
ent approaches to this problem. The first is based on proper or ¢ and, henceyp. It should be mentioned that in the original
thogonal decomposition [21] of tracking metric statistinsd the paper [22] this procedure was used to track a scalar variable
second on the optimal damage tracking method [22]. However, in this paper this method is extended to track sev-
eral damage variables. Our hypothesis is that in the presenc
N of m-dimensional damage evolution we would yietldgeneral-
Proper Orthogonal Decomposition Based ized eigenvalues of Eq. (12) that will be several magnituafes
Damage Identification order smaller than the rest; the correspondingill be within a

Proper Orthogonal Decomposition (POD) or Karhunen- |inear transformation of the actual damage state varigble
Loeve Decomposition has been widely used to estimate the num-

ber of active states in nonlinear dynamical systems [21¢p&r

orthogonal modes (POMs) have also been instrumental itystud MODEL OF AN ELECTROMECHANICAL SYSTEM

ing linear and nonlinear mode interactions in systems. [R@ma In [15, 16] we described an experimental apparatus, which

evolution, even in linear materials, is a highly nonlineevgess. was a constrained version [23] of a vibrating beam in theeforc

Therefore, POD of the estimated tracking metric shouldtiien  field of two permanent magnets. The only difference with the

the active damage modes (i.e., POM with highest energy con- previous system was that one permanent magnet was augmented

tent or a mode corresponding to the largest singular valti#e®o by an electromagnet. In this papbath permanent magnets are

tracking metric matrixS;]). outfitted with identical electromagnets. The force field fa t
Thus, we hypothesize that the POD analysis will reveal the beam tip drifts as the batteries powering the electromagtist

number of active damage states in the experiment. In other charge. The model parameters are chosen so that a complete

words, form active damage modes only dominant POMs will discharge of the batteries manifests itself in about a 3.b&hge
be identified, and these POMSs will be within a linear transfar in the natural frequencies of small oscillations in eaclttete
tion of actual damage modes. magnet’s well.

As in [16] the experimental system can be viewed as a me-
) ) o chanical subsystem coupled with an electromagnetic stdrsys
Optimal Tracking Based Damage Identification The derivation of the mathematical model is identical to pree
The optimal tracking method [22] relies on the existence of gented in [16], with the exception of one additional elettag-
underlying deterministic behavior of the damage accurioniat  pet circuit. Therefore, without going into details, we Eesa

process, but does not require its model. This method is basedfina| dimensionless form of the equations of motion for tharhe
on maximizing smoothness and overall variation in the ol&er  yjipration

metric, found by solving a generalized eigenvalue problEor.
completeness we give a brief description of the procedutledan
following paragraphs.

The tracking metricS;, Eq. (8), is estimated folV, data
records. They are arranged ifVa x N, matrixY. Each column + 9
of this matrix is normalized by subtracting its mean, andisga =t (1 +r(0-XN) )
it to unit norm. Next, we identify a linear projection of theatrix

Y, ¢ = Yc that varies smoothly. This can be accomplished  Thjs equation is coupled to a set of equations (fef 1, 2) de-

by defining (N, — 1) x N, derivative matrixD for two-point scribing the current flow in the electromagnets’ circuits:
forward-difference formula, and minimizing the followimgtio

with respect ta

O+pb+(1—ay)0+as6®

2. kL (0—N) (13)

5 Y2 = f cos Q.

\ 2k L. (0 —\;) 0

2
[y (11) 14+k(0—N) [1+K(9_)\i)2
el (14)
In Egs. (13-14Y, ¢, andy, represent fast-time dynamic vari-
ables describing beam displacement and electrical osaiiks
1 accounts for mechanical viscous damping;andas describe
the shape of the potential field; indicates the strength of the
coupling between the mechanical and electrical osciltatid.,.
describes the electromagnets’ inductanke;= —)\, indicate
[A,B] = [(DY)'DY,Y"Y]. (12) the position of the electromagnetg;is a forcing amplitude(2

1+ it |1 —

o(p) = ID¥|

In minimizing ¢ we maximize the smoothness and the overall
variation of damage observer. The minimum ofy is the small-
est generalized eigenvalue of
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is a ratio of forcing and natural frequenciesgescribes the to-
tal resistance of the circuits; ard and¢- represent slow-time
damage variables or the dimensionless battery voltages.

The time evolution of the battery voltage is governed by
electrochemical processes, which are not explicitly medleln-
stead, given the experimental battery voltage evolutiends
typically seen in the experiments [15], the following vgléeevo-
lution law for both batteries is used,

bi=—e (66 (1+7(6—n°) (=12, @5
where¢, v andn are positive constants, and the rate constant
satisfied) < ¢; < 1.

From the experimental results [15] we know that the internal
battery voltage initially drops rapidly to the operatingge and
remains there for an extended period, slowly decreasingréef
another rapid drop to near zero voltage at the end of therlpatte
life. The form of Eq. (15) is the simplest rate law, which ebits
these characteristics.

Equations (13-15) were integrated numerically with a
standard forth-order variable-step-size Runge-Kuttarétgm.
Since this study was inspired by the experimental investiga
of a scalar damage tracking method, the parameters for tdelmo
were selected to match the properties of the experimergédisy
in key ways, as described below.

It is assumed that fully charged batteries provide 9 V DC
power. It is also assumed that the natural frequency of spsall
cillations in the potential well with the electromagnet nbas by
3.5 percent from 8.8 Hz to 8.5 Hz. The effective mass= 0.2
kg, and length] = 0.128 m, were obtained directly from the ex-
periment. A fourth-order polynomial fit to a histogram of #he
perimental reference data was used to estimate 2.6558 and
as = 0.8805. The effective damping parameter was assumed to
beu = 0.088.

By linearizing Egs. (13), and (14) about the stable equdibr
(0 = /(o — 1)/ag) for @ = 0, expressions for the frequency
of small oscillations were obtained, which were used towestt
the effective stiffnes&. Since the frequency fob = 0 in both
electromagnets’ wells is 8.5 Hz, one can estimate- 0.071
usingm, [, anda;. We choses = 0.746, so that the effect of .
on inductance amplitude decreased to 10 perce distance.
To determine other parameters, the cas@pft= 9 and®, = 0
was considered, for which the natural frequency in the pedier
electromagnet’s well is 8.8 Hz. Using this information, werid
L, = 0.079 after arbitrarily setting- = 10. Forcing amplitude
f = 1 and forcing frequency) = 1.95 were chosen so that
the system exhibited nominally chaotic motion throughdg t
experiment.

INo tests for chaos were performed for these numerical expetsmsince
the existence or nonexistence of chaos is not particulaifvant to the task at
hand.

5

Other parameters used in the simulations were- 22,
v = 1and¢ = 0.1. The rate parameters for battery evolution
laws were chosentobg = 1 x 107% andey, = 0.5 x 1075,
so that the first battery discharged twice as fast as the decon
Using the above parameters, one gas- 2.846 ®, and the ob-
served fast-time dynamics of the simulatedere found to have
qualitatively similar trajectories in th@, é) phase space to those
observed with experimental strain-gauge time series.

RESULTS OF DAMAGE IDENTIFICATION

The total of3 x 10° data points for each state variable were
collected with a sampling time @f = 0.1 during the numerical
integration of Egs. (13-15). At the end of the simulationthbo
¢1 andg¢s variables reached&value. For damage identification
purposes, only the beam angular displacemdirhe series was
used. After waiting an initial period to allow transientddie off,
the first2!* data points of the scal@rdata set were used for the
reference model. Average mutual information and falseewar
neighbors algorithms were used to select a delay-ef7 sample
steps, and an embedding dimensiondof 6 for the reference
data set. The average pointwise dimension of the referesmiee d
set was approximateB.7, supporting our assumption of a nom-
inally chaotic system.

For the tracking metri&,, Eq. (9), the entire reconstructed
data set was divided into consecutive data records of Fize
points each (i.e = 2'2 andN, = 732), and the sixteen near-
est neighbors were used for the reference model constructio
The reconstructed reference phase space was partiticioezixn
teen disjoint regions uniformly distributed along the ¢haoor-
dinate of the reconstructed state vectors. The middle ooete
was used to circumvent any edge effects present in the recon-
struction. The tracking metric was determined by evalugtire
tracking function in each of these partitions. Thus, 96e< 732
tracking metric matrixy’ was formed. The metric matriX was
normalized by subtracting the mean from each row and scéiling
to the unit norm. Some dominant trends were observed in these
components. However, some large local fluctuations in a&ll th
components of the metric were also present. These are thié res
of changes in the initial point population from one data rddo
another. By itself, this change is the result of our systemgo
through bifurcations as hidden slow parameters drift.

The affine transformation of Eq. (9) was determined using
Eq. (10). Results of this calculation are plotted in Fig. heT
graphs in the right column of this figure show the estimatbinh (t
gray line) and actual (dashed black line) battery voltagesus
time; in the left column the calibration curves are showneweh
estimated battery voltages are plotted versus correspgridie
battery voltages. The dashed straight line in the calibnafiig-
ures shows the corresponding linear fit to the data. The acgur
of these estimates can be further improved by accountintipéor
precision of the local linear model when calculati8gEq. (8),
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Figure 1. [left column] Affine projection of the damage tracking metric
(gray lines) and actual battery voltage (dashed lines) versus time. [right
column] Corresponding calibration curves (black lines) with least-squares
linear fit (dashed lines).

as shown in [15]. However, this is left for future developmen
In many practical situations, the direct measurement of a

damage state is not available, and one is forced to infer the

facts about this hidden damage state from the availablesstat
tics. Therefore, for damage identification purposes, theking

data was analyzed using POD and optimal tracking methods. In
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Figure 2. (a) First fifteen singular values of damage tracking metric Y.

(b) and (c) Proper orthogonal modes corresponding to the fist two singular
values. (d) First fifteen generalized eigenvalues of [A,, B], Eq. (12). (e)
and (f) Optimal tracking modes corresponding to the fist two generalized
eigenvalues.

this analysis we do not expect to find the exact curves shown two eigenvalues are shown in Fig. 2 (e) and (f), respectiviely

in Fig. 1. These curves are just one particular projectiothef
two-dimensional damage accumulation curve. However, as hy
pothesized, we expect to find other equivalent projectidiiio
curve that are linear transformations of the original.

The results of POD calculations are shown in Fig. 2 (a), (b),
and (c). Fig. 2(a) shows the first fifteen singular values dfixa
Y. In this figure, first two singular values are clearly sepsdat
from the rest; however, they are not significantly largenttize
rest. In Fig. 2 (b) and (c) the corresponding first two POMs are
shown. The amount of local fluctuation in these modes is con-
siderably smaller compared to the graphs in Rig. However,
the existence of a large periodic window in data records 635—
produces a noticeable kink in the trend that is not attrithute
the damage evolution.

The results of the application of the optimal tracking metho
to the tracking matriXY” are shown in Fig. 2 (d), (e), and (f). The
first fifteen generalized eigenvalues @, B|, Eq. (12), are de-
picted in Fig. 2 (d). Here, the first two generalized eigeneal
are clearly several orders of magnitude smaller then theTae
optimal tracking modes (OTMs) that correspond to these first

6

these modes, the local fluctuations are greatly reduced @@up

to both the POMs shown in Fig. 2(a—c) and the tracking metric
components in Fig??. In addition, these graphs do not suffer
from the presence of large periodic windows in the data dcor
and provide consistent trends that can be directly relatetie
damage evolution curves.

Both the POD and optimal tracking methods yield virtually
identical trends. However, the underlying trend is more- pro
nounced in the optimal tracking calculation, which has ign
cantly lower local fluctuations and does not suffer from gjem
unrelated to damage evolution. Therefore, in further aialy
only these two OTMs are used.

The affine transformation relating the first two OTMs to
the actual damage variables was determined in the leaategju
sense. The result of this calculation is shown in Fig. 3. The
graphs in the right column of this figure show POMs after the
affine transformation and actual battery voltage plottecdsu®
time; the left column shows the corresponding calibratiomves,
where the OTM based tracking observers are plotted versus ac
tual battery voltages. The straight dashed line in thesedgu

Copyright © 2003 by ASME
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shows the corresponding linear fit to the data.

DISCUSSION

Our final hypothesis was that the identified POMs and OTMs
are within an affine transformation of the actual damagesstat
Both the first two POMs and OTMs showed strikingly similar
trends. However, the OTMs had significantly smaller locatflu
tuations and did not suffer from the drastic change in fimsét
system dynamics. Their linear transform provided an adeura
tracking observer for the actual damage variables as shown i
Fig. 3. In fact, these graphs are virtually identical to thepis
obtained using the affine projection 8fin Fig. 1. The differ-
ences are only noticeable for very large changes in the damag
variables. Therefore, identified OTMs provide accurate @ord
sistent multidimensional damage observers.

CONCLUSIONS

In this paper, a novel multi-mode damage diagnosis method
was presented. The multidimensional damage tracking enetri
was developed in the framework of a dynamical systems ap-
proach to damage evolution. This methodology does not @kpen
on knowledge of particular damage physics. Instead, itiges/
experimental means to determine practically observaldeoln
served facts of damage accumulation. The procedure irtiplici
uses the assumption that the system undergoing damage accu-
mulation possesses time-scale separation, where damege ac
mulation occurs on a much slower time scale than the obskervab
dynamics of a system.

A detailed description of the damage tracking algorithm was
given. Experimental procedures for estimating trackingcfu

The tracking results based on the simulated experiment show tions in a reconstructed phase space, calculation of thé&-mul

that the tracking algorithm accurately recovers (withinadfine
projection) the theoretical tracking curves for both sitané-
ously evolving damage variables, as shown in Fig. 1. This con
firms our conjecture that the tracking metccan be projected
onto the damage state varialbeusing Eq. (9). The local fluc-
tuations present in this tracking metric are the result eingfes

in the population of points from data record to data record an
the inaccuracy of the local linear models.
be further improved by incorporating probability densitné-
tion weighted averages as in [15], and using stochasticroite
gation [23] to maximize uniformity of point populations Wih

separate data records.

Another hypothesis was that the POD and optimal track-
ing analysis would yield a proper number of active damage
modes. The results conclusively confirmed that this is iddee
true for the identified OTMs and, to a lesser extent, for themid
tified POMs. The generalized eigenvalues calculated in piie o
mal tracking procedure clearly identified the two most damnin
modes that satisfiedptimality criteria, which were maximiza-
tion of smoothness and overall variation. However, theding
values obtained in POD analysis were not as clearly difteaen
ing. It was apparent that a significant amount of energy whs st
present in the higher POMs.

These results can

dimensional tracking metric, and appropriate damage obser
were given before describing an application to a simulaxgee
imental system. A mathematical model of a harmonicallyetriv
cantilever beam in a force field of two battery-powered etect
magnets was used in the simulation. Terminal voltages of the
discharging batteries were treated as the slow-time danvexiie
ables, and the angular displacement of the vibrating beas wa
considered to be the measurement of the fast-time dynaics.
empirical battery discharge model was used to describddhe s
time damage evolution.

The beam angular displacement data was used to reconstruct
the phase space of the fast-time dynamics using a delayieoord
nate embedding. Initial fast-time data was used to buildta-da
based reference model predicting short-time evolutiomajét-
tories in the reconstructed phase space. The PSW trackittg me
rics were evaluated in this reconstructed phase space byarem
ing the current fast-time trajectories to the predictiofithe ref-
erence model. As the damage grew, the system underwent many
bifurcations causing repeated periodic/chaotic tramssti Nev-
ertheless, the affine projection of the calculated damagkitrg
metric was shown to accurately track the two-dimensionai-da
age states corresponding to simultaneously dischargitigripa
voltages.

Copyright © 2003 by ASME



The practical applicability of the method was validated by [11]
two different methods of damage identification. Both thei-opt
mal tracking and proper orthogonal decomposition methoos p
vided similar trends. However, the optimal tracking methas
less susceptible to the effects of change in the directlgiable
dynamics and had a significantly better signal-to-noise.rdt
showed that only two optimal tracking modes satisfied thé opt
mality criterion. These identified modes were shown to baiwit
a linear transform from the actual two-dimensional damage v
able and provided accurate damage observers.

[12]

[13]
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