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ABSTRACT: A method of time domain matrix reconfiguration and detecting damage in structure using the
ambient exciting information is presented in this paper. Unlike most methods found in the literatures, the
method of time domain reconfiguration matrix is prioritized according to their ability to trace the statistical
dynamic output of structure based on whole standard deviation between of measured stations. This is in line
with the requirements for structural damage localization. A fast algorithm for calculating matrix general
inverse in the process of extracting parameters is used based on second order residual technique, and the
finite-element of structure and updating model are instrumented to localization damage based on the
minimum perturbation residual force method. Results from number simulated and a scale mode of offshore

platform are investigated.

1. INTRODUCTION

Techniques of structural status identification have
received considerable attention in recent decades.
The ability to detect damage in all load-carrying
structures, such as aircraft, spacecraft, bridge, and
offshore platform, which continuously accumulate
damage during their service life, is becoming
increasingly important. Vibration-based inspection is
currently receiving increased attention, mainly due
to the possibility of detecting faults at unmeasured
locations by monitoring, during the lifetime, the
dynamic characteristics of the structure under test.
During the past several decades, many research
studies have been conducted in the area of damage
detection with different algorithms and useful
database.

Damage detection based on vibration usual
consists of direct system identification(DSI) which
is correlation with dynamic data modeling using the
input-ouput response from structure, and indirect
systems identification(ISI) which is known model
updating(Natke, 1982). Technique of model
updating must utility eigenvalue and or eigenvector
of structure identified by the various methods named
of direct DSI when the input can not measured. So
the first important step is to accurately obtain
parameters by system identification technique and
then modifying the analytical model to find the
damage exactly.

In the developing of DSI, Caravani(1977) was
among the first to carry out Sl study by means of a
recursive least-square algorithm. Carmichael(1979)
presented the two case studies of state estimate to
illustrate the use of Kalman filter and the extended
kalman filter(EKF). Yun and Shinozuka(1980)
presented two Sl algorithms, namely, the EKF and
the linear iterated filter-smoother, to identify the
hydrodynamic coefficient matrices for an offshore
platform structure damage detection. Brockett(1976),
Haggan and Ozaki(1981) used the autoregressive
(AR) or autoregressive moving average (ARMA)
using the response measurement model to extract the
structural parameters. Priestly(1980) time series
model through the measured history input and output,
known as the state-dependent models, to forecast
and identify the interest parameters of complex
structures. Hoshiya and Maruyama(1987) applied
the weighted EKF process global iteration method to
study of a running load on a beam. Yun(1988)
developed another filter-based Sl approach by
incorporating a memory fading function. Other
research works include Wang and Haldar(1994),
Ghanem and Shinozuka(1995), Shinozuka and
Ghanem(1995), Chen and Lee(1997), Cobb and
Liebst(1997), Herrmann and Pradlwarter(1998),
Quek(1999), Koh(2000). A compressive completely
summary of these methods can be found in Maia and
Siliva(1997).

The EKF has been used for the parameter
estimation of linear and nonlinear dynamic system



by many researchers. The merit of EKF is the
simplicity in the formulation of the state equation for
parameter estimation and the versatility in
application to nonlinear system. But there are
inherent difficulties such as bias of estimates and
possibility of divergence due to the nonlinear nature
of the algorithm In system identification, the
robustness as well as the convergence and stability
must be considered. Erroneous or highly noisy
measurement data and improper initial guesses for
unknown parameters may give wrong estimates.
Especially, the measurement noisy effect greatly the
result identified in the real-time identification, and
more the structure in operating of SI must use the
output-only(OO) identification technique. It is thus
necessary to develop a robust OO identification
technique.

A typical technique for OO is the random
decrement and Ibrahim time domain. The
performance of ITD depends on the virtual measured
station numbers and how to arrange information
from both real and extended virtual measured
positions. Especially the form of arraying the data,
which constitute the state matrix of structure, effects
on the precision of identification heavily. At now,
the method of averaging the virtual data following
the real measured position is mainly used. When
damage happens to structure this constitution will
introduced large error into results of estimated from
the state matrix for the damage changes the response
of structure. So a good data matrix forming method
should make the data from virtual and real stations
to reflect the change because of damage. A new time
domain matrix reconfiguration (TDMR) is present to
trace the change of state of health.

The objective of this paper is to propose a new
data came from virtual measured stations
reconfiguring method which makes up of time
domain output state matrix in time domain based on
the standard deviation among the measured points
and identify parameters based on the reconfiguration
of time domain.

The layout of the paper is as follows: Section Two
will describe the theory of time domain data
reconfiguration and Section three will introduce the
fast computation of generalized inverse matrix based
on second order residual. Section Four gives the
localization of damage based on model updating.
The results of experiment validation are presented in
Section Seven and Section Eight a discussion
concerning work and some conclusions.

2. THEORY OF TIME DOMAIN DATA
RECONFIGURATION

Free vibration of MDOF(Multi-Degree-of-Freedom)
obtained by Random Decrement technique can be
assumed that it is composed of a linear sum of free

response of each mode. Ibrahim time domain
method can extract the modal parameters in effect.

The Equation of Moving can be written as
follows:

MX+CX+KX=F (1)

Where, M,C,K are nxn matrices, X,X,X,F are
nx1 acceleration, velocity, displacement, and force
vector, respectively.

Translate Eq.(1) into state equation, we can obtain
the alternative form:

Y=AY+G (2)

where Y= [X X]T is state vector,

G= [0 M“F]T is input matrix,
0 I

A= . .. | is coefficient matrix of
-MK -MC

state, T denotes the transposition.
By odd solution of Eq.(1), the simplifying
equation form can be written as this:

[o][A]= Alo] (3)

The Eigenvalue of A is the eigenvalue of
system and the upper half or lower half of
eigenvector of A is the eigenvector of system. The
mainly process of identification is to determinate the
equivalent or similar matrix of A.

The common method is assumed that there are
N measured points can be chose to represent N
generalization DOF modal. The displacement signal
of free response from N measured points can
constitute a data matrix  Assumed that
x(t), x(t+T,), x(t +T,), x(t+ T, +T,) are displacement
signals, T,,T,are time constant. The discrete form of
the four displacement signals can compose of two
data matrices as below:

z]-= |:X(X(tl) x(t,)

t "'Ts) X(tz +T3)

()
Kt +T3>} @

[ ]_ X(tl +T1) X(t2 +T1) X(tZN +T1)
_[x(tl+T1+T3) X(t, +T,+T,) X(t, +T,+T,)
©)

According to Eg.(2), One can obtain the solution of
odd equation lagged time of T and take Eq.(3) into
Egs.(4) and (5), One can has the following express:

[7]E] (6)
[P]A]E] (7)
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When all the modals are excited in the free
vibration and T, =0, [@]is full rank. So there has a

matrix, A, , must exist and meet the following
relationship:

A,[z]=|z] (8)

Take Eq.(8) into Egs.(7) and (6), one finds
following equation:

A, [oIE]=[p]A]E] ©)

Considered that [E]#0, so we can obtain the

equivalent state coefficient matrix in Eq.(3) as
below:

A, =|z[z]" (10)

Matrix of A, contains all the modal information
of the system. The dynamic parameters such as
frequency and mode and damping ratio can be
identified from the characteristic data matrix of A,.
The precision of identification depends upon the
numbers of measured points and how to arrange the
discrete. However, the fact measured points are less
than the analytical points. Usually, we only get a few
measured stations in the operational structures. The
virtual measured point technique is a good way to
settle the discrepancy between the analytical number
of DOF and the experimental points number. The
detail of virtual measured point technique can be
found in the following section. For the clarity of
context, the simple procedure of virtual technique
will be described as below.

Assumed that the real measured number is p.
Take (p>q) number of signals out of p, such
as xl(& X,(t)++ %, (t), and delay time of T, back.
We can obtain new q number signals as following:

Xp () || % (D)

%20 || %0 w

Xpiq () Xq'(t)

From Eq.(11),0ne can obtain ( p +q) signals. The
signal lagged T, is called virtual measure points.
The p signal is named with real signal. If there is
at least one modal of the 2N modal in the p
signals and subject to T, =0, the data matrix made
from the disretized signal of (p +q) can retain the
rank of 2N. So the parameters of system can be
identified from the data matrix composed of (p +q)
signal. If the number of (p+q) is less than the
necessary measured points, the virtual process above
can be repeated until the designated point number is
achieved. But it must not appear two equal signals in
the virtual time series.

From the Eq.(10) we can find that [E] plays no
role in the process of constituting data matrix of A, .
The only effect of discretized signal
t,,t,,---,tco. (the subscript of COL denotes the
number of A,) is to make the A, full rank.
However, the most important part to the
identification is the correlation information among
of interval T, time. The data matrix of A, made
of real and virtual stations should contain the fast or
slow change state for the damage of structure. From
this view of point, the data matrix of A, must
make most use of the correlation of history time
series.

For improving the correlation of items of data
matrix, we use the concept of whole standard
deviation (WSD) of signal to calculate the delay
time based on the average distributing virtual point
method. We define the WSD as below:

(12)

WSD, =J(un—1>g[(ni>— £(H,)]

In which H, is the concept of ith Average Dynamic
Information (ADI). ADI is defined as mean of
relative output from reference measured points. It
can be written as following:

H,, =mean(x' —x’) (13)
I<i<p
i+1<j<p

Where i denotes reference measured point,

mean denotes algebraic mean, pis real measured
number, x' is a set of signal chosen from ith
measured point that the amplitude of signal greater
than the standard deviation of the all output signal of
ith response. It can be written as below:

X' ={x | A >std(M}),
1<i< p,n=Ilength of sampling}
In which, A denotes the Amplitude of response

of ith measures point, M! is the record of time
series of ith measured point, p is the measured

(14)



number, std denotes standard deviation.

So we can add the WSD into the unit of virtual
extend time of T,,T,,T, to make initial information
in data matrix varying with change of state because
of the damage or any others. What is more, the time
domain data matrix contains more useful
information by considering the WSD than other data
matrix constituted command methods. The process
of time domain data matrix reconfiguration is can be
carried out as following steps:

Supposed that the real measured point number is
p, the length of sampling is L, and the sample

interval is At. Assumed that the needed number of
identified DOF is NDOF , the column of data
matrix is NCOL, the interval time of from data

matrix [Z] to data  matrix [Z] is
T, =(N, +WSD,)At . So, using the initial values, one

can continue the following steps to determine the
left parameters which reconfigure the data matrix.

1) Calculate N, the number of converting from
one real measured point to virtual measured point.

N, =int[(NDOF + p-1)/ p] (15)
In which int means get round.

2) The delay time of virtual measured point, T,, is
defined as below:

T, = (N, +WSD,)At =[(2N, -1) +WSD, JAt  (16)

3) The time interval from the upper of data matrix
to the lower of data matrix can be defined as this:

T, = (N, +WSD, JAt = (N, + WSD, )At (17)

4) Divide the every row of data matrix into equal
N, segments. The column number of last segment

is not more than N,. The columns of remainder
segments is N, . So we have:

N, =int[(NCOL-1)/N, ]+1 (18)

5) The columns of last segment is

Ng* = NCOL—(N, —1)x N, (19)

6) Divide the real measured point into equal N,

segments. The interval length of from the first of one
segment to the first of the next segment is N, .

Every row is divided into N, segments. The item

in every segment is arrayed according to the
sequence of the real measured time series. Because
one real measured point is corresponding to N,
virtual measured points, when all the N rows are

filled full, the distribution length of chosen data in
their initial signal is N, as written below:

N, =(N, ~1)x N, + NCOL—(N, ~1)x N, (20)

7) Adding the time interval of from upper of data
matrix to lower of data matrix and the time of T,
from data matrix [Z] to data matrix [ZJ into the
time of N, , if the last segment of one row

responding to one real measured point in the data
matrix is filled full, the distribution length of chosen
data in original time series is N, and can be

obtained as below:

N, =(N,-1)xN, +NCOL— (N, -1)x N, +2N,
=(N, -1)x N, + NCOL— (N, -3)x N,
(21)
8) The number of N, data filled full the last

segment is the last segment of real measured point
time series. The interval of between first item of left
segments is equal length of N, , we can have the

value of N, as below:

N, =int[(L—N,)/(N, -1)] (22)

9) If the value of N, is greater than the value of
(N, xN,), the part series of original signal will not
be used to fill in the data matrix. In order to making
most use of the information and utilizing the high
SNR information data and preventing the lower SNR
of data in the original signal into the constituted
matrix, The value of N, should replaced as below:

N, =N, xN, (23)

The above discussion completes the process of
time domain data matrix reconfiguration. Using the
above steps of from, we can obtain the matrices of

[z] and [Z] in Eq.(6) and identify the parameters



of structure by the matrix of A,. However, the row

number are often not equal the column number in
data matrix, so we have to the compute the
time-consuming general inverse of matrix of [Z] or

[Z] . In order to advancing the performance of

TDMR technique a fast algorithm for calculating
matrix general inverse in the process of extracting
parameters is used based on second order residual
technique. The technique will describe in the
following.

3. FAST COMPUTATION THEORY OF SECOND
ORDER RESIDUAL

When solving the Eq.(6) or (7), [Z] or [Z] usual
have the state of rectangle matrix, so the most
burden of computation is the time-consuming
general inverse of matrix. In order to increase the
efficiency, the fast algorithm is necessary and make
it cater the need of online identifying parameters. In
this paper, the second order residual criterion is used
to translate the multiplying of matrix into adding
matrix.

In general sense, one can consider the data matrix
belongs to real matrix, the iteration guide of second
order residual can be written as follows

Ryca] < IR, [ (24)

Where, |lo is the norm of matrix, R,;+ R, isthe
two adjacent residual matrices, respectively. C is
the parameter matrix, k=01,---.

Under the guideline of EQq.(24), the iteration
formation is

X,y =X, ([+Zy +Z7 +--20) (25)
Z, =1-DX, (26)

Where, X is the data matrix of TDMR
Take m=2, the second order iteration rule is

X,,=X,(0+2Z,), Z =1-DX, (27)

When the row number is not equal to the column
number caused by the virtual measured points, the
general inverse of matrix can be calculated promptly
use the EQ.(27) through the conversion of from
multiplication to addition.

4. DAMAGE LOCATION

Minimum rank perturbation damage location theory
was first presented by Zimmerman and Kaouk. This

way was derived from the modal residual force and
through the residual angle computation to locating
the damage parameters.

Defining the ith modal residual force,d, ,as
below

d, =4 AM y + 04 AD, + AK , o, (28)
In which,

M, =M, —AM,,D, =D, —AD, K, =K, —AK,

, 1s the perturbation matrix in the damaged structure.

The non-zero items in d, imply the location of
damage of structure. The location of the non-zero
items of d, reflects location of damage.

As known the influence of the noise, in fact, the
non-zero items in the residual force matrix do not
exist almost. We can not find the damage location if
the d, is used directly. For improving the capacity
of localizing damage and anti-noise of the damage
location, a way of reciprocal angle mapping is
present. Assumed that:

Z, =\o;’AM, + 0, AD, +AKd) is the total
information of damaged structure, define residual
reciprocal angle of the damage index is d; as
below

d} =67(180°/)-90° (29)

). a, isthe jth

Where, 61 =ar COS(”ddiju”%
residual modal force vector.

5 EXAMPLES

Two example problems are presented to illustrate the
characteristics of some of the developed theories.
The first problem is a computer simulated example.
In this example, a proportionally damped model of a
three storied steel frame structure, two-dimensional
truss is used to illustrate the problem of parameters
identification based on the TDMR technique. The
second problem involves the determination of the
stiffness of loss in a scaled model of offshore
platform using the actual experimental data.

5.1 simulated Example: Two-Dimensional
Three-Story Frame.

The lumped mass model, three-story steel frame is
shown in Fig. 1. The geometric and material
properties of the frame are shown in the figure. The
unit of mass is ton and the unit of stiffness is mega
newton per. meter(mnpm). The damping ratio is
¢, =¢,=0.05and ¢, =0.067 , respectively. Three



accelerometers are installed in the every floor. The
input signal is made of band-limit white noise and
saw-tooth wave and the position of acting lies in the
base. The output signal is filtered by 5 orders

Butterworth filters and cut off the signal over 100Hz.

The simulation process is shown in Fig.(2). The
band-limit white noise is shown in Fig.(3), Fig.(4) is
the saw-tooth wave, and the composition signal is
shown in Fig.(5). The output of the measured point
1,2,3 is shown in Figs.(6)~(8), respectively.
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Fig. 2 Signal flow of simulation process

Fig. 3 Input band-limit signal

Fig. 4 Input saw-tooth wave

Fig. 5 Composition of input signal
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Fig. 6 The output of measured point 1
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Fig. 8 The output of measured point 3

The extracted free vibration of measured point 1,
2, 3 based on random decrement method is shown in
Figs.9~11. The straight-line in the extracted free
vibration is the std of the response signal. The
parameters of ADI matrix H;; and WSD are given
in Table 1 according of Egs.(13) and(14) and (15),
and the parameters of TDMR according of from

Egs.(15) to (23) are list in Table 2. The constituted
data matrices are shown in Fig.12.
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Fig. 9 Extracted free vibration from point 1
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Fig. 10 Extracted free vibration from point 2
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Fig. 11 Extracted free vibration from point 3

The defined ADI information matrix is below:
0 1.7067 1.7383

H,;; =]1.7967 0 0.8850
1.7383 0.8850 0

Table 1 Values of WSD

WSD,
0.9946

WSD,
0.8535

WSD3
0.8692

Table 2 Parameters of TDMD

P L DOF COL N, N, N T,

1 120 3 20 3 5 3 007

T, Ts N, Ng Ns N N Ng™
008 007 3 7 12 18 15 2

The data matrices of [Z] [2] are reconfigured

with the first real measured point as the referenced
point (the masured pint 1 in Fig. 1), that is virtual
extend time is first column of H;;. The almost all

elements in real measured point are used to form the
data matrix. The information is made the most use.
Hence, data matrix contains the most modal
information and could traces the change of structure
based on the ability of WSD. The estimation of
parameters can be improved greatly under the
TDMR. For demonstrating the performance, the
TDMR is compared with the common ITD and
average techniques. For checking the methods’
sensitivity to noise the per cent 5, 15,and 20 noise

are added in real measured point. The identified
modeshapes are list in Figs. From 12 to 23 which
compared the modeshapes estimated by three
different methods.
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From the identified modeshapes, we can find that
TDMR is much better than the other two methods of
command ITD or average method whether in
precision or the sensitivity to noise. Especially to
ambient exciting, TDMR has more accurate and
stable capability.

5.2. Experimental Example: Stiffness of Loss in a
scaled model of offshore platform.

This experiment was designed to illustrate the
accuracy of estimating parameters and improving
locating damage response character in the scenario
of damage in move the inclined brace in offshore
platform. The schematic of offshore platform is
shown in Fig.24. The dimensions and properties of
the structure are summarized in Table 3.
Table 3 Material Properties

Type of Steel: A3 Circle Steel
Young’s Modulus: 2.05E+2GP,
Poisson’s ratio:0.3
Density:7.85E+3kg/m®

o,
e

Fig. 24 Loss brace offshore platform

An undamped FEM of the offshore platform was
constructed using BEAM188 element in conjunction
with  MASS21 element (ANSYS SoftWare).
BEAM188 is a linear (2-node) beam element in 3-D.
BEAM188 has six degrees of freedom at each node.
A 3854-DOF undamped FEM was generated. A
23-position was chosen to install accelerometer and



displacement sensors. A 22-acceleromwter and
displacement measured point and one rotation
measured point among the 23-poision. The letter of a
denotes accelerometer and the letter of d denotes the
displacement. In Fig.24, the measured point of 6a
indicates the rotation measured position. For
reducing the vibration, six dissipator braces are
installed in the offshore platform as shown in Fig.24.
The damage case is remove one of brace marked
shown in Fig. 24.

There are four kinds of excitation signals in the
experiment. They are as following:(1) El Centro
wave (1940,SN); (2)Taft wave (1952,N21E);
(3)Tianjing wave (1976,EW); (4)Sinusoidal wave,
respectively. The identified frequencies using
TDMR under four excitations are shown in Figs.25.
The danping ratio estimated under El Centro input is
shown in 26. The used parameters of TDMR to
offshore platform are shown in Table 4.
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Table 4 TDMR parameters of platform

P L DOF coL
7 600 50 120
N, N, N T,
14 27 14 0.014
T, T Ny N,

0028 0014 8 9
N, N N, quast

165 211 46 22

In the process of computing the modal parameters
in Eq.(14), because the data matrices of [Z],[i] is
rectangle, the Eq.(30) is used to calculate the general

inverse of [Z],[Z] . Fig.25 illustrates that the

estimated frequencies based the TDMR of offshore
platform which input excitation can not been
measured have very stable and this ability is very

important to updating the FEM model. In damage
localization of large structure, the number of
measured eigenvalue components (23) is less than
the number of DOFs in FEM (3854). In fact, only
the bending DOFs of the platform were measured
experimentally. Two approaches are available to
correlate these dimensions: expansion of the
measured eigenvectors or reduction of the FEM. It
was found that a FEM reduction is better suited for
this application. Thus, the FEM was reduced to 1670
DOFs, which are effective participating DOFs, using
the improved reduction system (IRS) method.

We found that there is different between the
identified frequencies and the analytical of platform.
The original reduction reduced FEM does not
accurately predict the dynamic behavior of the
healthy platform. The first step of damage location
in this study was to refine the original FEM. For the
refinement process, it was assumed that the original
FEM mass matrix and the identified frequencies are
accurate representation of the structure’s dynamic
property. The inaccuracy of the original FEM was
believed to be due solely to modeling errors in the
stiffness properties. The algorithm discussed in
Sec.4 was used to correct the original reduced
stiffness matrix. To satisfy the updated matrix
symmetric, the measured mode shapes were mass
orthogonalized using the optimum weighted
orthogonalization technique.

The next step of this analysis is to determine the
find of the structural damage response or
characteristic. Using the updated FEM, the modal
parameters based on in EQ.(8) were utilized to
compute a brace removed damage vector. Since the
value of d;, as defined in Eq.(28), are of different
orders of magnitude the brace removed damage
location vector should be computed using Eq.(29).
The plot shown in Fig.(27) displays the damage
characristic vector of the unit normalized brace
removed damage vector as calculated by Eq.(29).

Damage character

0.2
o

) DOF
Fig. 27 Damage characteristic response

Form Fig.27, it is clear that DOF 713 has been
affected by damage. This is exactly the bending
DOF of the structure element. The small numerical
elements at all other DOFs can be attributed to the
experimental measured noise. Another damage



indication method is to use 3 dimension view plot of
the stiffness matrix perturbation. Mode 713’s d,
was determined to provide the best insight into the
state of damage. The perturbation of stiffness matrix
damage based the residual reciprocal angle of the
damage index vectord,' associated with mode 713’s
change is shown in Fig.28. It is clear that the extent
calculation has concentrated the major changes of

the DOF affected by the damage.
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Fig. 28 Platform aamage character

6 CONCLUSIONS

In this work, the concept of the time domain
data reconfiguration (TDMR) is extend to identify
parameters of the large structure whose serving
environmental makes the excitation input can not
been measured. Using the WSD to trace the change
of state of structure due to the damage as to form the
data matrix of structural can make the best use of the
real measured information to compose the virtual
measured point information, and at the same time
the process of identification have the sensitivity
ability to affected with the damage but not the noise.
The technique based fast computation theory of
second order residual can settle the main
consumable computation is the inverse of rectangle
of data matrix. So the TDMR can be utilized in the
on-line estimation of parameters. The accuracy and
stabilization are demonstrated using both numerical
and experimental data. The TDMR s also shown to
be applicable for model updating problems for the
tracing the change of the structure of TDMR. The
performance of the technique still needs to be
evaluated on more computed structures.
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