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Structural Identi� cation Using Inverse System Dynamics

Daniel C. Kammer ¤ and Adam D. Steltzner†

University of Wisconsin–Madison, Madison, Wisconsin 53706

A time-domain technique is presented that uses inverse structural dynamics to identify physical characteristics
of a structure that can subsequently be used for damage detection. The term inverse refers to the roles of input
and output being reversed from the usual forward system structural dynamics problem. If sensors such as ac-
celerometers are placed at the external input locations, modal parameters corresponding to structural motion with
the sensor locations � xed can be identi� ed. One of the main advantages of this approach is that it only requires
measured response data. This characteristic makes the approach applicable in cases where the input forces cannot
be measured.

I. Introduction

T HE motivation for the development of the structural identi� -
cation technique presented in this paper is damage detection.

Currently, modal identi� cation is a very popular approach to de-
tecting structural damage. Usually, pre- and postdamage vibration
experiments are performed and damage is detected by the obser-
vation of changes in frequencies and mode shapes. Reference 1
presents a very comprehensive review of modal-based damage de-
tection techniques.

In many situations, however, typical vibration tests are not eas-
ily performed while the structure is in service. In such cases, the
structural characteristics may have to be extracted from response
due to unknown ambient excitation. A method, called the natu-
ral excitation technique (NExT), was developed at Sandia National
Laboratories2 speci� cally to handle such problems. The approach
is based on the computation of the cross-correlation function be-
tween each output channel and a set of reference outputs selected
analogously to the placement of actuators for a typical modal test.
The authors have shown that the cross-correlation function of two
responses can be expressed as a sum of decaying sinusoidswith the
same characteristics as the structure’s unit pulse response. There-
fore, the cross-correlation functions can be used as pulse response
functions in time-domain modal parameter estimation techniques
such as the eigensystem realization algorithm (ERA).3,4 The dif-
� culty associated with applying NExT in many cases is that the
technique assumes the input forces are random and stationary.

The identi� cation method presented here is based on inverse sys-
tem dynamics. This approach is new in that it does not attempt
to identify the usual mode shapes and frequencies of a structure.
Instead it identi� es the vibrational characteristicsof an inverse rep-
resentation of the structural system being considered. The inverse
representationof a systemdiffers from the usual forward representa-
tion in that the roles of the input and outputare reversed.The inverse
vibrationalcharacteristicsto be identi� ed consistof frequenciesand
mode shapes for the inverse system. In some cases, they represent
quantitiesas intimately related to the forward system as constrained
modal parameters. In this situation, inverse frequencies and mode
shapes can be easily related to structural parameters and character-
istics. Changes in the inverse modal parameters can then be related
to correspondingchanges in the structure.

The main advantages of the use of the inverse system identi� ca-
tion approach are that the force inputs to the structure do not have
to be known and there are no requirements for the input forces to
be random or stationary. An example of current interest is damage
detection in large space structures (LSS) such as Russia’s Mir space
station and the yet to be constructedInternationalSpace Station. An
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obvious source of excitation in these examples is the act of docking
with the shuttle. The unknown docking forces exciting the LSS are
neither random nor stationary.

II. Theory
The systems considered in this work can be represented by the

state-space equation

Çx = Ax + Bu (1)

in which x represents an n dimensional state vector, A is the n £ n
system matrix, B is the n £ na input in� uence matrix, and u is
the na dimensional force vector. The corresponding system output
equation is given by

ys = Cs x + Dsu (2)

where ys is an ns dimensional sensor output vector, Cs is an ns £ n
output in� uence matrix, and Ds is an ns £ na direct transmission
matrix.

It is assumed throughout this analysis that accelerometers are
used as sensors such that the direct transmissionmatrix is nonzero;
however, other types of sensors can be used by appropriately mod-
ifying the derivations using lagged systems. It is also assumed that
the structure being considered is free–free. For the case of a modal
representationgiven by

q̈ + 2 | x Çq + x 2q = u T
a u (3)

the matrices A and B have the form

A =
0 I

¡ x 2 ¡ 2 | x
B =

0

u T
a

(4)

whereas matrices Cs and Ds are given by

Cs = ¡ u s x
2 ¡ 2 u s | x Ds = u s u

T
a (5)

in which x is a diagonalmatrix of modal frequencies, | is a diagonal
matrix of modal damping coef� cients, and u s and u a are the mode
shapes partitioned to the sensor and input locations, respectively.

A. Formulation of Remote Sensing System
Kammer5 previously developed a technique for measuring the

response of an operating structure at discrete locations and for pre-
dicting the response at other desired locations on the structure that
do not have sensors during operation. It was shown that an input–
output representationcalled a remote sensing system (RSS) can be
derived directly from vibration test data where the input is the mea-
sured response at the sensor locations and the output is the desired
response at remote locations.Note that to identify the RSS, the sys-
tem response at both the sensor locations and the desired locations
must be measured.
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An analyticalrepresentationof the RSS can be derivedby solving
Eq. (2) for the force input at time t

u(t ) = ¡ D+
s Csx(t ) + D+

s ys (t ) (6)

in which D+
s representsthegeneralizedinverse D+

s = (DT
s Ds ) ¡ 1 DT

s .
Note that the number of sensors ns must be greater than or equal
to the number of inputs na . Equation (6) is then substituted into the
state equation (1) producing

Çx = Âx + B̂ys (7)

where the new plant and input in� uence matrices are given by

Â = A ¡ BD+
s Cs B̂ = BD+

s (8)

Equations (6) and (7) represent an input–output system in which
the roles of input and output have been reversed with respect to the
usual forward system representedby Eqs. (1) and (2). Equations (6)
and (7), therefore, represent an inverse system.

The forward systemoutputequationfor the responseat thedesired
remote locations is analogous to Eq. (2)

yd = Cdx + Ddu (9)

where

Cd = ¡ u d x 2 ¡ 2 u d | x Dd = u d u T
a (10)

and u d are the mode shapes partitioned to the desired locations.
Finally, the equation for the input force (6) can be substituted into
Eq. (9) to produce

yd = Ĉx + D̂ys (11)

with

Ĉ = Cd ¡ Dd D+
s Cs D̂ = Dd D+

s (12)

Equations (7) and (11) represent the RSS in which measured re-
sponse is the input and desired response is the output. The input
force acting on the structure has been completely eliminated from
the system equations. Note that the state equations for both the in-
verse system and the RSS are identical.

All real systems operate in continuous time and are sampled dis-
cretely, which results in a discrete-time representation. In discrete
time, the RSS can be represented by the convolution equation

yd (k) =
k

i = 0

Pi ys(k ¡ i ) (13)

in which the nd £ ns weighting matrices Pi are the RSS Markov
parameters or unit pulse response, and k represents the appropriate
time step.The Markovparametersrepresentthe free-decayresponse
of the RSS. Thus, a modal identi� cation technique, such as ERA,
can be used to identify the corresponding RSS mode shapes and
frequencies.Equations(7), (8), (11), and (12) show that the RSS and
its modal parameters depend directly on the physical parameters of
theactualstructureandcanbeused to detectstructuraldamagebased
on changes in the RSS frequencies and mode shapes. However,
at this point, based on Eqs. (8) and (12), the desired relationship
appears to be very complicated for the general case. Speci� c cases
of interest will be addressed in the following section.

B. Inverse System Eigenvalues and Modes
It is importantto determinethephysicalsigni� canceof theRSS or

inversesystem eigenvaluessuch that they can be used in damage de-
tection.The physical interpretationis dependenton the relationship
between the numbers and locations of forward system inputs and
outputs. Many cases can be considered, but only a few signi� cant
to modal identi� cation are discussed in this paper.

For the special case where there are as many sensors as force in-
puts, ns = na , the inverse system eigenvaluescan be directly related
to the forward system transmission zeros, which are de� ned to be

the complex values w at which it is possible to apply a nonzero
input and get an identically zero output at the sensor locations for
suitable initial conditions x(0). Therefore, if the input is assumed in
the form u = l e w t , then w is said to be a transmission zero of the
forward system (1) and (2) if

A ¡ w I B

¡ Cs ¡ Ds

x(0)

µ
= Q

x(0)

µ
= 0 (14)

For a nontrivial solution to exist, the determinant of Q must vanish.
In the case where Ds is full rank, j Q j can be written as6

j Q j = j Ds j A ¡ BD ¡ 1
s Cs ¡ w I = j Ds j j Â ¡ w I j (15)

that produces the condition

j Â ¡ w I j = 0 (16)

corresponding to the characteristic equation of the inverse system,
which implies that w is also an eigenvalue of the inverse system.
Reference7 can be consultedfor more details on transmissionzeros
and structures.

1. Noncollocated Inputs and Outputs
Within the particularcase of equal numbers of inputsand outputs,

two of the many possible subcases are considered.The � rst subcase
is where the inputs and outputs are totally noncollocated, which
means that there are no sensors at any of the input locations. In this
situation, the forward system is in general nonminimum phase.8,9

This means that some of the transmission zeros of the continuous
time forward system are in the right half-plane, or for the discrete-
time system, outside the unit circle. This implies that the inverse
system has unstable poles. The RSS Markov parameters in Eq. (13)
grow without bound. The remaining stable inverse system eigenval-
ues occur in complex conjugate pairs. It will be shown by example
in a later section that the proposed RSS identi� cation technique
estimates the minimum phase portion of the RSS pulse response
that correspondsto the stable transmissionzeros and relatedshapes.
These inverse system frequencies, or forward system transmission
zeros, and their correspondingshapes can be identi� ed from the es-
timatedpulse responseby the use of ERA. Researchersare currently
developing techniques that use the forward system transmissionze-
ros in damage detection and � nite element model updating.10

2. Collocated Inputs and Outputs
Although the physical interpretationof inverse system eigenval-

ues as transmission zeros may be very natural to control engineers
and the researchers mentioned, it has had less physical meaning to
the average structural dynamicist trying to perform damage detec-
tion. This subsection describes yet another physical interpretation
that is useful. The special case of collocated sensors and inputs is
considered in which every force input location and direction has
a corresponding sensor. In addition, it is assumed that the sensors
are just suf� cient in number and location to remove all rigid-body
modes from the structure if constrained.

The structural dynamics community has long used the Craig–

Bampton substructurerepresentationin component mode synthesis
and subsequent loads analysis.11 A Craig–Bampton (CB) represen-
tation can be generated for the free–free forward structure with re-
spect to the sensor locations.The usual continuous forward system
structuralequationof motion can be partitionedaccordingto sensor
and unmeasured degrees of freedom (DOF) as

Muu Mus

Msu Mss

z̈u

z̈s

+
Guu Gus

G su G ss

Çzu

Çzs

+
Kuu Kus

Ksu Kss

zu

zs
=

0

u
(17)

in which zu is the displacement vector at the unmeasured locations
and zs is the displacement vector at the sensor locations. Note that
the forces u are only applied at the sensor locations.
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Equation (17) can be transformed to CB coordinate space by the
use of the relation

z = T zCB =
u w

0 I

q

zs
(18)

where u are the mode shapesof the system with the sensor locations
� xed, q are the corresponding modal coordinates, w = ¡ K ¡ 1

uu Kus ,
and I is an ns dimensional identity matrix. Note that for the present
case [ w T I ]T = u r , the rigid-body modes of the structure. The CB
displacement vector zCB consists of � xed sensor location modal
coordinatesand the physical displacement at the sensors. Applying
the transformation to Eq. (17) and then premultiplying by T T , the
CB representationproduces

I Mqs

Msq Mr

q̈u

z̈s

+
Gq 0

0 0

Çq

Çzs

+
k 0

0 0

q

zs
=

0

u
(19)

in which Mqs = u T Muu w + u T Mus , Mr is the structure’s rigid-body
mass matrix, Gq is the modal damping matrix, and k is a diagonal
matrix of � xed mode frequencies squared.

Matrix Eq. (19) can be expandedto producethe two subequations

q̈ + Gq Çq + k q = ¡ Mqsys (20)

Mr z̈s + Msq q̈ = u (21)

where acceleration has been assumed for sensor output, ys = z̈s .
Solving Eq. (20) for q̈ and substituting into Eq. (21) produces

u = ¡ Msq Gq Çq ¡ Msq k q + (Mr ¡ Msq Mqs )ys (22)

Equation (20) can be written in state-space form as

Çq

q̈
=

0 I

¡ k ¡ Gq

q

Çq
+

0

¡ Mqs
ys (23)

with Eq. (22) becoming the output equation

u = [ ¡ Msq k ¡ Msq Gq ]
q

Çq
+ (Mr ¡ Msq Mqs )ys (24)

Equations (23) and (24) show that the CB representation of the
structure is equivalent to an inverse structural system in which the
accelerationat the sensor locations is the input to a � xed mode state
equation and the output is the force applied at the sensor locations.

The RSS output equation can be formed by using Eq. (18) to
recover the acceleration at the desired response locations

z̈d = u d q̈ + w d z̈s (25)

where the subscript d indicates a partitioning of the associatedma-
trix to the appropriate rows. Our substituting for q̈ from the state
equation yields the RSS output equation as

yd = [ ¡ u d k ¡ u d Gq ]
q

Çq
+ ( w d ¡ u d Mqs )ys (26)

Equations (23) and (25) give a continuous time state-space repre-
sentation of the RSS that is analogous to Eqs. (7) and (11). This
derivation illustrates that for the rigid-body suf� cient collocated
case, the RSS eigenvalues and mode shapes correspond to the fre-
quencies and mode shapes of the structurewith the sensor locations
� xed.

This relationship has been discussed previously by the control
dynamics community,12 but only for single input/single output sys-
tems in which the transmissionzeros correspond to the zeros of the
transfer function. In general, they are not the same quantities. In the
structural dynamics community, Yun Li and Craig13 suggested that
the equality between transmission zeros and inverse system eigen-
values was valid for multi-input/multi-output systems. They used

a simple beam example to prove their point. This paper proves the
validityof the relationshipby the use of the familiarCB substructure
representationand its identi� cation as an inverse system. The result
that inverse system modal parameters correspond to � xed interface
modes is very important in that many techniquesexist for detecting
damage or changes in structuresbased on correspondingchanges in
the structure’s modal parameters.

C. Identi� cation of RSS Modal Parameters
To identify the RSS modal parameters, the RSS pulse response

must � rst be estimatedby theuse of experimentaldata.The available
experimental data are split into the two sets discussed earlier, the
sensor locations numbering ns and the desired locations numbering
nd . If there are ne experiments, the RSS convolution equation (13)
can be expanded into the matrix equation

PYs = Yd (27)

in which

P = P0 P1 ¢ ¢ ¢ PNR ¡ 1 Yd = yd0 yd1 ¢ ¢ ¢ ydn t ¡ 1

Ys =

ys0 ys1 ¢ ¢ ¢ ¢ ¢ ¢ ysnt ¡ 1

0 ys0 ¢ ¢ ¢ ¢ ¢ ¢ ysnt ¡ 1

0 0
... ¢ ¢ ¢

...
...

...
... ¢ ¢ ¢

...

0 ¢ ¢ ¢ ys0 ¢ ¢ ¢ ysn t ¡ NR

where ysi is an ns £ ne matrix in which the j th column represents
the measured sensor response at time step i for experiment j , ydi

is the corresponding response at the desired locations, and n t is
the number of experimental data points. In an application, the data
matrices in Ys and Yd are truncated to NC block columns. Two cases
important to RSS modal identi� cation are considered.

In the � rst case, there are equal numbers of sensors and exper-
iments, and the data blocks ysi are assumed to be square and full
rank. The correspondingdata matrix Ys theoreticallyshould then be
full row rank. If equal numbers of block rows and block columns
are used, that is, if NR = NC , Ys is square and the � rst NR RSS
Markov parameters can be determined uniquely by inverting Ys in
Eq. (27). In practice, the data matrix Ys becomes very large and ill
conditioned.The usualmatrix inversemust be replacedby a Moore–

Penrose pseudoinverse based on singular value decomposition.4 In
addition,for computationalstability, the problemis made to beover-
constrained by the addition of block columns such that NC > NR .
The solution for the RSS pulse response is then given by

P = Yd Y T
s Ys Y

T
s

+
(28)

where the superscript + denotesthepseudoinverse.The normal form
of the least-squaressolutionwas used during this work at the risk of
inaccuracyto minimize the memory requirementsfor the pseudoin-
versionof the data matrix.Alternativesolutiontechniques,both new
and existing, will be explored for improved ef� ciency and accuracy
in future research. However, the least-squares approach used here
is the standard technique used in modal identi� cation.4 Once the
RSS pulse response is identi� ed, ERA can be used to identify the
corresponding discrete system modal parameters, which can then
be transofrmed back to continuous time.

In the original development and application of the RSS tech-
nique,5 the identi� cationof the RSS model was basedon the forward
system pulse response measured during a vibration experiment. In
this case, the numberof experimentsis equal to thenumberof inputs,
ne = na . The idea was to compress the system informationcontained
in the RSS Markov parameters in the pulse response sequence into
a much smaller number of equivalent terms or weighting matrices
Wi . This was accomplished by using several more sensors than
experiments and many more block columns than block rows. It is
believed that this compression is analogous to that produced by
the observer formulation approach introduced in Refs. 14 and 15.
The only requirement is that the product NR £ ns must be greater
than the numberof observable-controllable modes respondingin the
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data.Because of the relativelysmall numberof block rows used, the
computationof the systemequivalentRSS weightingmatricesusing
Eq. (28) was found to be very robust to data errors and noise.

Unfortunately,when there are more sensors than experiments,the
estimated weighting sequence representation of the system cannot
be directly used as free-decay data in ERA to estimate the RSS
modal parameters. The weighting sequence must be uncompressed
into the RSS pulse response analogous to the technique used by
Juang et al.,14 who employed observer Markov parameters. The
observer formulation was applied to the RSS problem during this
project,but the recoveryof theRSS pulse responsefromtheobserver
Markov parameters was found to be unstable for inverse systems.

D. Step-by-Step Procedure for RSS Identi� cation
The RSS identi� cation procedure can by summarized by the fol-

lowing steps:
1) Measure acceleration response at selected locations on struc-

ture during excitation.
2) Split sensor measurements into the desired (d) and sensed (s)

location sets.
3) Form data matrices Ys and Yd in Eq. (27). The number of

block columns NC in Ys should be greater than the number of block
rows NR . Several identi� cation analyses should be performed using
varying values of NC until convergence is achieved.

4) Compute the RSS unit pulse response P using Eq. (28).
5) Use pulse response in ERA to estimate discrete time inverse

systemmodalparameters.The parametersare then transformedback
to continuoustime by the use of w continuous = log( w discrete )/ D t where
D t is the data sampling time.

III. Numerical Examples
Two numerical examples will be presented to illustrate the use of

RSS to identify an inverse system and its modal parameters, which
can subsequentlybe used to detect changes in a structure that may
indicate damage.

A. Docking Simulation
The � rst example, pictured in Fig. 1, simulates the docking be-

tween two simple elastic structures. DOF 1–7 represent a structure
such as the Mir space station,whereasDOF 8 and 9 would represent
the space shuttle.The physicalparametersof the systemare givenby
m1 = 25, m2 = 50, m t = 200, k1 = 106 , k2 = 2 £ 106 , kt = 6 £ 105,
c1 = 500, and c2 = 300. To approximate the nonlinear interaction
between the shuttle and Mir, the docking mechanism is represented
by a cubic nonlinear spring with stiffness coef� cient kr = 10,000
and linearviscousdampingcoef� cientcr = 500. The system consid-
ered thereforecomprises two linear subsystems that are nonlinearly
coupled. For reference, the coupled system undamped natural fre-
quencies where the docking spring has been made linear are listed
in Table 1.

Docking is simulated by giving the shuttle masses 8 and 9 initial
velocities of 40 in the negative direction. The system response is
simulatedusing a time step of 0.002 s and the accelerationresponse
is measured at DOF 6 and 7 on the Mir structure. The measured ac-
celerationdata is divided into the two earlier described sets for RSS
identi� cation. DOF 7 is assumed to be the sensor location, whereas
DOF 6 is the desired response location.DOF 7 is also the locationat
which the nonlineardockingforce is applied to the Mir substructure.
Relative to the Mir, the system is totally collocatedand the number
of experimentsne and number of sensorsns are equal. According to

Fig. 1 Spring-mass-damper docking simulation model.

Table 1 Natural frequencies
for simple docking example

Coupled system Fixed Mir
Mode frequency, Hz frequency, Hz

1 0.00 7.16
2 1.20 21.48
3 12.35 33.59
4 16.15 43.49
5 28.77 53.63
6 37.10 61.02
7 45.03 ——
8 54.11 ——
9 61.11 ——

the theory presented, the corresponding RSS should comprise Mir
substructuremodes with the sensor location � xed. The correspond-
ing Mir undamped sensor � xed modal frequencies were computed
by the use of the analytical model and are also listed in Table 1.
Note that, except for the last mode, the � xed interface frequencies
are quite distinct from the linear coupled system frequencies.

The techniquediscussedin Sec. II.C was used to estimate the RSS
pulse response. A sensor location response data matrix was gener-
ated using 1000 rows and 2000 columns. The RSS pulse response
was then estimated using Eq. (28) and is illustrated in Fig. 2. The
correspondingfrequency response function is shown in Fig. 3 with
peaks representing the � rst � ve sensor � xed mode shapes clearly
visible. Application of ERA to the estimated pulse response pro-
duced estimates of the � xed mode frequenciesgiven by 7.13, 21.05,
33.46, 43.38, and 54.05 Hz, which correspond very well with the
values listed in Table 1. Note that the mode at 61.02 Hz is not iden-
ti� ed because it is not observable from the sensor at the desired
location DOF 6. This example illustrates that the proposed RSS
technique properly identi� es the � xed sensor dynamics of the Mir
substructure based only on the response of the nonlinearly coupled
system.

B. Two Noncollocated Inputs and Outputs
The second example consists of a uniform free–free beam that is

3.7 m in length with a mass of 1.6 kg. The cross section is square
with area 1.61 £ 10 ¡ 4 m2, moment of inertia 2.17 £ 10 ¡ 9 m4, elas-
tic modulus 6.90 £ 1010 N/m2 , and Poisson ratio 0.33. There is a
concentrated mass of 1.2 kg at the center of the beam. A � nite
element representation of the beam containing 22 grid points is il-
lustrated in Fig. 4. The beam is constrained to planar motion such
that each grid point possessesa single transversedisplacementand a
single in-plane rotation.The � nite element method (FEM) was stat-
ically reduced to the 22 transverse displacement DOF. Two rigid-
body modes and the � rst � ve elastic modes with frequencies up to
60.0 Hz were retained for the simulation.A 5% modal damping was
assumed, and a time step of 0.002 s was employed.

In this example, only the acceleration response of the beam due
to a set of theoretically unknown forces was simulated. Two force
inputs were located at DOF 10 and 22. Two sensor locations were
used at DOF 8 and 19, and the desired location for response pre-
diction was chosen as DOF 1. Two independent experiments were
simulated with input forces, each consisting of � ve sinusoids with
randomly selected frequencies between 0.0 and 60.0 Hz. In this
example, the inputs and sensors are totally noncollocated, but the
numbers of sensors and inputs are equal. Therefore, although the
inverse system eigenvalues, listed in Table 2, do not correspond to
� xed sensor mode shapes as in the collocated case, they do corre-
spond to the forward system transmission zeros. Note that four of
the eigenvalues correspond to the two rigid-body modes and eight
of the eigenvaluesoccur in stablecomplexconjugatepairs.The � nal
two eigenvaluesare real, with one appearing in the right half-plane,
which indicates that the forward system is nonminimum phase and
the corresponding inverse system is unstable. The undamped fre-
quencies correspondingto the stable eigenvaluepairs are also listed
in Table 2.

An RSS representation was computed by the use of a data ma-
trix with 400 block rows and 1500 block columns resulting in an
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Table 2 Inverse system eigenvalues and undamped
frequencies for beam example

Inverse system eigenvalue Stable undamped
Number Real Imaginary frequency, Hz

1 0 —— 2.99
2 0 —— 8.59
3 0 —— 25.94
4 0 —— 32.63
5 4.6456e+02 —— ——
6 ¡ 4.0130e+02 —— ——
7 ¡ 7.3587e+00 +2.0486e+02i ——
8 ¡ 7.3587e+00 ¡ 2.0486e+02i ——
9 ¡ 9.7186e+00 +1.6271e+02i ——
10 ¡ 9.7186e+00 ¡ 1.6271e+02i ——
11 ¡ 1.5708e+00 +5.3963e+01i ——
12 ¡ 1.5708e+00 ¡ 5.3963e+01i ——
13 ¡ 7.4635e ¡ 01 +1.8774e+01i ——
14 ¡ 7.4635e ¡ 01 ¡ 1.8774e+01i ——

Fig. 2 RSS unit pulse response for simulated docking example from DOF 7 to DOF 6.

Fig. 3 Frequency response function for simulated docking example from DOF 7 to DOF 6.

800 by 3000 matrix. The proposed computation method produced
an RSS pulse response that included high-frequencycomputational
noise at approximately150.0 Hz. The computedpulse responsewas
then low-pass � ltered with a cutoff frequency of 70.0 Hz. Figure 5
illustrates the resulting � ltered RSS pulse response from DOF 8
to DOF 1 and the corresponding frequency response is presented
in Fig. 6. Peaks associated with three of the stable inverse system
eigenvalue pairs are clearly visible. Modal parameters were then
extracted from the � ltered pulse response data using ERA, which
producesthe undamped frequencies2.97, 8.57, 25.57, and 32.95 Hz
that closely approximatethe frequenciescorrespondingto the stable
inverse system eigenvalue pairs.

The identi� ed RSS frequencies and corresponding shapes can
then be used to detect changesor damage in the structure.However,
their relation to the physical parameters of the system is not as
straightforward as the totally collocated case where the identi� ed
frequenciesand shapes correspond to sensor � xed structural modal
parameters.
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Fig. 4 Beam example FEM.

Fig. 5 Filtered beam RSS pulse response from DOF 8 to DOF 1.

Fig. 6 RSS frequency response from DOF 8 to DOF 1.

IV. Conclusion
A time-domain technique has been presented that uses inverse

structuraldynamics to identifyphysicalcharacteristicsof a structure
that can subsequentlybe used for damagedetectionor � nite element
model updating. The term inverse refers to the roles of input and
output being reversed from the usual forward system structural dy-
namics problem. If sensors such as accelerometersare placed at the
external input locations, modal parameters corresponding to struc-
tural motion with the sensor locations � xed can be identi� ed. The
same approachcan be used to identify� xed interfacemodesof a sub-
structure in which sensorsare placed at the interface to the complete
system. If sensors are not collocated with the inputs, other impor-
tant structuralcharacteristicscan be identi� ed, such as transmission
zeros and their corresponding shapes. One of the main advantages
of this approach is that it only requiresmeasured responsedata.The
applied external forces or internal interface forces are not required
for modal identi� cation. Another important advantage of RSS is
that the technique does not assume the inputs are random and sta-
tionary.These characteristicsmake the RSS approach applicable in
cases where the deterministicand nonstationaryinput forces cannot
be measured, such as International Space Station/shuttle docking
events. It is believed that RSS provides a valuable new method to
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identifyingcharacteristicsof structures from measured data without
the need for measuring the input.
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