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ABSTRACT

A basic study of the application of the Monte Carlo filter (MCF) to structural damage detection is reported. In
that method, each probability distribution is expressed by many of its realizations, called particles or samples.
The advantage of the MCF is that it deals with non-linear and non-Gaussian problems. In terms of damage detec-
tion, non-Gaussian noise may be preferable because the damage tends to be concentrated on a specific part of a
structure. Two kinds of numerical examples are shown. First, the stiffness of the experimental model for the
shaking table test is identified by the MCF and EKF (Extended Kalman Filter). Based on hypothetical data,
numerical simulations of damage detection with non-Gaussian process noise then are performed and discussed.
Because the MCF results are given by many particles (samples), the detailed probabilistic nature of the identified

parameters also can be discussed.

1. INTRODUCTION

After a large earthquake, rapid detection of damage to structures,
especially important ones such as hospitals, bridges, fire stations, is
needed to prevent secondary disasters. Extensive time and costs are
involved in estimating damage to such structures visually, if
inspected in detail, the conventional way. Recently, many impor-
tant structures are being monitored with sensors such as seismome-
ters. A practica method for rapid detection of damage to the struc-
tures that uses monitored data is desirable from the standpoint of
damage detection or health monitoring.

Linear/Nonlinear identification methodology has been well
studied. Of the various reported methods, the Kalman filter is one
of the best known and widely used algorithm owing to its beautiful,
sophisticated theory which requires only the first and second
moment of probabilistic nature because the filter is well established
on the basis of linear Gaussian assumptions. In thefield of structur-
al identification, the Kalman filter has been one of the most widely
used tools (Yun & Shinozuka 1980, Hoshiya & Saito 1984).
Although various nonlinear identification methods have been pro-
posed, most have the same limitation as the Kalman filter as they
are based on Gaussian noise, leading to the quadratic form of the
objective function.

Structural damage must be non-stationary phenomenon, there-
fore process noise has an important function because it works as a
forgetting factor (Koh & See 1994, Hoshiya & Y oshida 1998, Sato
& kaji 2001). Although Gaussian process noise is used in the
Kaman filter, other types of noise may be preferable for damage
detection when the nature of the damaged structure is considered.
Minor damage caused by seismic forces tends to be locdized; e.g.,
it tends to be concentrated on a specific part of a structure. When a

large destructive earthquake hits, damage will occur in many parts
of a structure simultaneously. Cautious inspections of structures
with such magjor damage is not required because the severity of the
damage is clear. In damage detection, the assessment of minor to
moderate damage is important. To detect such damage, Gaussian
process noise, which derives the quadratic form of objective func-
tion, may not be appropriate.

Non-Gaussian identification methods are being investigated
(Kitagawa 1996). Basicaly, the non-Gaussian approach requires
much computation but because of remarkable advancesin computer
performance, new approaches that use the Monte Carlo technique
have become practical; e.g., the Genetic Algorithm. The Monte
Carlo Filter proposed by Kitagawa (1996) is a Monte Carlo method
that deals with non-Gaussian noises. In it, probability distributions
are approximated by many of their realizations; i.e., the many parti-
cles or samples. The probabilistic nature of a state vector is
expressed by the many particles instead by the first and second
moment asin the Kalman filter. A method of damage detection that
uses the Monte Carlo filter is here proposed and demonstrated.
Formulation of identification by means of Monte Carlo filter first is
presented. It is the natural extension of the Kalman filter (linear
Gaussian) but essentially a different method in that it is not neces
sary to use Gaussian noise. Two kinds of numerical examples are
shown; identification of the stiffness of the experimental model for
the shaking table test as reported by Loh (2000), performed by
MCF and ordinary EKF (Extended Kaman filter), and numerical
simulation of damage detection by the MCF with Gaussian or non-
Gaussian process noise based on hypothetical data.
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2. METHODOLOGY

2.1 TheKalman and Monte Carlo Filters

The general form of the state space model, including the non-linear
state/observation equation and non-Gaussian noise, is described as
follows. The state equation is

Xe= F (Xiea , W)

@

where, X, is the state vector at the k-th step, and w, the process
noise. The observation equationis

2

where, y is the observation vector at the k-th step, and v, the obser-
vation noise. When the state and observation equations are linear,
and the noises Gaussian, the Kalman filter technique, simple, very
sophisticated filtering method, is applicable. The algorithm is pre-
sented in Fig. 1, where Q and R respectively represent the covari-
ance matrix of w, and vi. The probability distribution of a state
vector is described solely by the first and second moments. The
Kaman filter algorithm has two parts, a time-updating process and
an observation-updating process. The time-updating process is a
one-step ahead prediction based on the information at the (k-1)-th
step. The predicted state vector and its covariance matrix are
denoted as i1 and Py,,. The observation-updating process con-
sists of the estimation based on observation data y, at the k-th step
and information predicted by the time-updating process. The esti-
mated state vector and its covariance matrix are given as Xy, and
Pk/k~

Several methods have been proposed for general, non-linear,
and non-Gaussian problems, in which the probability function is
approximated by a group of step functions, linear segments, or
Gaussian distributions (Kitagawa 1996). These methods basically
are limited to low dimensiona problems because of the impracti-
cality of extensive computation time when the dimension is large.

Ye=H (X, Vi)

Initial Condition
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v
Time Updating Process
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Observation Updating Process
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In the Monte Carlo filter technique, probability functions are
approximated by many of their reaizations; i.e., particles or sam-
ples. The agorithm of MCF aso is shown in Fig. 1. Its genera
flow is similar to that of the Kalman filter, but in the MCF the
probabilistic nature of the state vector is described by many real-
izations instead of the first and second moments. The most impor-
tant point of the MCF is the resampling in the observation updating
process. The likelihood of each sample realization with respect to
observation noise first is calculated. Next, the samples are resam-
pled according to their likelihood ratios. Samples of large likeli-
hood may be resampled severa times, whereas samples of small
likelihood may not be resampled at all.

2.2 State Transfer and Observation Equations for Damage
Detection

The Monte Carlo filter algorithm is applied to structura damage
detection problems. The equation of motion is given by

M, + Cu, + Ku, = -Mhz (3)

where, M, C, and K represent the mass, damping, and stiffness
matrix respectively and ii,, @, and u, the relative acceleration,
velocity, and displacement to the input motion. The notation Z
represents input acceleration, and h is a vector whose components
areunity (h=(1,1,1,... ,.1)7).

Two types of formulation are introduced. The first, proposed
by Sato & Kagji (2000), is caled Type-1 in this paper. The state
vector, X, is composed simply of unknown parameters such as
stiffness and the damping ratio. The state equation is given by the
simple form.

X = X + Wi 4
The observation equation is
Y= HiXi+ Vi = -M "Cr iy -M Ky ur -hZ + v (5)

Initial Condition
~ 1 2 3
p.df. x()/o(_)rvlnfo( L xe?,

»

_v
Time Updating Process

k=1I1,n

Xt =F X @ wi )
v
Observation Updating Process
D P = Lxs . ) likelihood
2) x,, "= re-sampling of x,, |

according to p /X _ p,™
]

Y
End

(a)

v
End

(b)

Fig.1 Time-updating and observation-updating processes of the filtering algorithms.
(a) Kaman filter; (b) Monte Carlo filter
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In this formulation, the observation vector, yi, represents the
response accelerations of all the nodes. Velocity and displacement
of all the nodes also are necessary on the right side of Equation (5).
The equation of mation is considered in the observation equation,
in which the state vector x, contains C, and K,. As both Equations
(4)(5) are linear, the Kalman filter is applicable when the noises w,
and v, are Gaussian. The advantage of the Type-1 formulation is
that it is simple and practical, whereas the disadvantage is that it
needs motions of all degrees of freedom as observation data.

In the Type-2 formulation, the state vector x is composed of
the motions of all the nodes and unknown parameters;

0]

— (Xa I
=) ()
where X, represents unknown parameters. The state equation is

(78)

(6)

Xa k= F (Xa k1 Xo.x) + Wa

Xb,k = X, k1 T Wh,«

(7b)

where F(x) is the function that represents one-step prediction. The
equation of motion is considered in the function, F(x). In the fol-
lowing numerical examples, the linear acceleration method was
used for F(x). The observation equation iswritten simply;
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Y= HXi + Vi

8

where H is a constant simple matrix which indicates observation
point locations. In this formulation, identification with observed
data of part of the nodes can be performed theoretically. Only the
Type-2 formulation is discussed in the following numerical exam-
ples.

2.3 Typeof Noises
In the state space model, process noise has an important role. The
probability density functions of Pearson’s family are shown in Fig.
2. The Cauchy, Student’st, and Gausssian distributions are family
members. The Cauchy and Gausssian distributions have opposite
characteristics. The central part of the Gaussian distribution is the
thickest, whereas that of the Cauchy distribution is the thinnest,
indicative that the tail part of the Cauchy distribution is the heavi-
est. The distribution with heavier tail part than that of the Cauchy
distribution is proposed. It is a combination of the delta function
and uniform distribution. This distribution is illustrated in Fig.
2(b). Thisdistribution hereis called the U-D (Uniform-Delta) dis-
tribution.

Gaussian noise is interpreted as having L2-norm (Menke
1989) from its quadratic form of the objective function (penalty

deltadistribution

N

uniform distribution

Fig. 2

(b)

Probability Density Functions. (a) Pearson’s family probability density functions, Cauchy, Student’st

(f : degree of freedom), Gaussian distribution; (b) Uniform-Delta (U-D) distribution
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function, cost functions). This means that distance is defined asin
our physical world. Fig. 3 shows contour map shapes of three
types of probability density functions in two-dimensional space.
The Gaussian shape is a circle (ellipse), whereas that of the
Laplace distribution is a square, interpreted as having the L 1-norm.
The shape of the Cauchy contour depends on the part of the proba-
bility density function. The shape of the contour map is almost a
circle near the origin (mean), evidence that the normis closeto L2,
but at the tail part the norm seems to be lower. The shape of the
U-D distribution is very simple, having only three levels of height
in two dimensiona space. The highest part is at the mean point
(origin), the second highest on the axes, and the other parts are the
lowest. The shape of this probability density function also sug-
gestsavery low norm.

The type of probability density function determines the form
of the objective function for identification and has a significant
effect on the estimated parameters. |dentification made with low
norm noise tends to identify concentrated damage to a specific part
of a structure as compared with identification made with higher
norm noises. In fact, however, minor to moderate damage caused
by seismic forces tends to be localized, i.e., it tends to be concen-
trated. This suggests that lower norm noises are better for the pur-
pose of damage detection, although Gaussian noises are widely
used. In the following numerical examples, Gaussian and U-D
noises are compared.

3. NUMERICAL EXAMPLES

3.1 Identification with experimental data

The experimental data of Loh (2000) was used to identify the stiff-
ness of the model by two methods, Extended Kalman (EKF) and
Monte Carlo (MCF) filters described earlier. Fig. 4 shows a sketch
of the experimental model as well as the response accelerations on
the top floor and on the shaking table. A model of a five-story
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steel structure is installed on the shaking table. The height of the
model is 650cm. Many sensors, acceleration meters, velocity
meters, and strain gauges are attached to the model. Shaking tests
were carried out under various conditions to obtain a set of earth-
quake response data. In this numerical study, data observed under
the following excitation conditions were used.

@ Earthquake: Kobe (1995, meteorological observatory, vertical

to fault component)

@ Scalefor input motion: 48%

The type-2 formulation of the structural identification, given earli-
er was used for both the MCF and EKF methods. The formulation
for the EKF is essentially that proposed by Hoshiya & Saito
(1984). The purpose of the identification is for estimation of the
stiffness of the model, not for damage detection, therefore
Gaussian process noise also was used in the MCF. The particle
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(sample) number was 1000. In the EKF, no process noise was
considered. As no data on mass distribution was available, uni-
form mass distribution is assumed. Initial stiffness values were
determined based on the 1st predominant frequency of the Fourier
spectral ratio of response at the top floor to the motion of the shak-
ing table.

The observed data for al the floors were used for the identifi-
cation. The time histories of the identified stiffness are shown in
Fig. 5 as ratios to the initial value. Although the same stiffness
values are not identified by the two methods, the trend is the same.
The identified stiffness of the upper parts, especialy the top floor,
is smaller than that of lower parts.

Identifications based on observed data for a specific floor also
were tried, but no stable solutions were obtained. The identified
stiffness varied depending on the observation point. When the
EKF was used, solutions sometimes were not obtained due to
numerical explosion. When the MCF was used, numerical explo-
sions did not occur because the parameter ranges are defined, but
the solutions obtained also were not stable. Identifications made
with observation data for two specific floors also were tried. More
stable solutions were obtained, but solutions still sometimes
became unstable.

3.2 Damage detection with hypothetical data

In this numerical example, the hypothetical 5-DOF model, shown
in Fig. 6, was used. All the elements (floors) have the same
weight, initial stiffness, and initial damping ratio; respectively
9.8tf/m3, 400 tf/m2, and 0.02. Damage is assumed to occur at ele-
ment 3, where stiffness decreases from 400 to 360 tf/m2 and the
damping ratio increases from 0.02 to 0.04 during 6-7 seconds.
Due to this damage, the fundamental frequency of the model is
reduced, from 1.0 to 0.99Hz.

The input and response motions for nodes 1 and 3 are shown
inFig. 7. The observation data obtained for damage detection add
3% (rms ratio) Gaussian white noises to the response data. The
number of particles is 1000. Identification for up to 10000 parti-
cles was tried, but the performance was almost the same. For
fewer than 1000 particles, however, the performance was bad.
When the SODF simulation was tried, good results were obtained
even for a particle number of 100.
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Damage detection by the MCF can be done under various
conditions. Results of the cases shown in Table 1 are here dis-
cussed. In al of them, the Cauchy distribution was used for the
observation noise. First, cases 1 and 2 results are discussed, in
which the U-D distribution was used as the process noise. The
particle distributions of the estimated stiffness and damping ratio
of element 3 are shown respectively in Figs. 8 and 9. These fig-
ures are considered to show the non-stationary probability density
function of the identified parameters. When data for all the nodes
was used, the stiffness distribution peak was clear as shown (Fig.
8). When the observation data was limited to nodes 1 and 3, the
distribution peak was not as clear (Fig. 9), but the trend for the
stiffness distribution peak to moves after about 6 seconds is still
clear. The trend of the damping ratio is observable, but generaly
is not clear. Although many simulations under various conditions
were tried, identification of the change in the damping ratio was
very difficult. Because the identified damping ratios are very
unstable, the discussion hereafter concentrates on stiffness.

Estimator needs to be determined from the particle distribu-
tions for practical damage detection. The most popular estimator
is the mean, which sometimes is inadequate. The histograms in
Fig. 10 represent the identified stiffness distributions of element 3
at 6 and 9 seconds in case 2, which corresponds to the time sec-
tionsin Fig. 9. A single distribution peak is presented at 6 sec-
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Fig. 7 Acceleration time histories of input motion and responses

Tablel. Numerical calculation cases

case observation process noise
1 all U-D*
2 nodes | & 3 U-D*
3 all Gaussian
4 nodes 1 & 3 Gaussian

U-D* : uniform and delta distribution
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onds, and the mean, median, and mode of distribution appear to be
almost the same. At 9 seconds, however, there are three peaks,
and the distribution shape is not symmetric. The mean value there-
fore may not be an appropriate estimator. Interestingly, the highest
peak is close to the true damage stiffness, and the second highest
oneis close to the initia value. In this study, we used the highest
distribution peak, the mode of particles as the estimator.

The identified stiffnesses (highest distribution peak, mode) of
elements 2, 3, and 4 are shown in Fig. 11. When observation data
for al the nodes were used, damage was detected properly despite
the type of process noise. The identified stiffnesses of 2 and 4 are
amost constant, but the stiffness of 3 decreases after 6 seconds.
When the observed data were limited to nodes 1 and 3, U-D
process noise seemed to be better than Gaussian process noise in
this numerical simulation. These results suggest that the MCF
with non-Gaussian process noise is appropriate to use for damage
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detection. The advantage using the U-D process noise could not
be definitively shown because the identified parameters are sensi-
tive to numerical conditions. Further studies on the modeling/tun-
ing of process noise and a more stable algorithm are needed.

4. CONCLUSIONS

Formulation of damage detection by means of the Monte Carlo fil-
ter was introduced and the validity of that method demonstrated
for two types of numerical simulations. The conclusions are as
follows;

1) Formulation of damage detection by the Monte Carlo filter
(MCF) is possible. The U-D distribution for which the norm
isvery low, aso can be used for damage detection.

2) Parameter identification in the experimental model can be
maded by the MCF and ordinary Extended Kalman filter
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Fig. 9 Distribution of stiffness particles and the damping ratio of
element 3
(case-2 observation data for nodes 1 and 3, U-D process
noise)
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Fig. 10 Estimator of element 3 stiffness based on the particle distribution
(case-2 observation data for nodes 1 and 3, U-D process noise)
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Observation Data
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Fig. 11 Identified stiffnesses of elements 2, 3, and 4. (a) U-D process noise; (b) Gaussian process noise

(EKF) methods. Similar parameter trends are identified by
both methods.

3) Damage detection by the MCF is done with Gaussian or U-D
noise which has a very low norm in the objective function of
identification. Numerical simulations findings suggest that
the use of low norm process noise is suitable for damage
detection problems.

In the MCF, the parameters identified sometimes vary depending

on numerical conditions such as particle number, seed of random

number, and noise parameters. Further improvements such as

adaptive tuning, use of the proper type of process noise, and a

more stable algorithm are needed for a practical tool. The MCF

appears to be a prospective tool to detect damage done to a struc-
ture, because it is applicable to a broad range of non-linear and
non-Gaussian problems.
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