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APPLYING THE LANL
STATISTICAL PATTERN RECOGNITION PARADIGM FOR
STRUCTURAL HEALTH MONITORING TO DATA FROM A
SURFACE-EFFECT FAST PATROL BOAT

Hoon Sohn, CharlesR. Farrar, Norman F. Hunter,
and Keith Worden

ABSTRACT

Thisreport summarizes the analysis of fiber-optic strain gauge data obtained from a

surface-effect fast patrol boat being studied by the staff at the Norwegian Defense Resear ch
Establishment (NDRE) in Norway and the Naval Research Laboratory (NRL) in Washington
D.C. Data from two different structural conditions were provided to the staff at L os Alamos
National Laboratory. Theproblem wasthen approached from a statistical pattern recognition
paradigm. Thisparadigm can bedescribed asafour-part process: (1.) oper ational evaluation,
(2.) dataacquisition & cleansing, (3.) featureextraction and datareduction, and (4.) statistical
model development for feature discrimination. Given that the first two portions of this
paradigm were mostly completed by the NDRE and NRL staff, this study focused on data
nor malization, feature extraction, and statistical modeling for feature discrimination. The
feature extraction process began by looking at relatively simple statistics of the signals and
progressed to using theresidual errorsfrom auto-regressive (AR) modelsfit to the measured
data asthe damage-sensitivefeatures. Data normalization proved to bethe most challenging
portion of thisinvestigation. A novel approach to data normalization, where the residual
errorsin the AR model are considered to be an unmeasured input and an auto-regressive
model with exogenous inputs (ARX) is then fit to portions of the data exhibiting similar
waveforms, was successfully applied to this problem. With this normalization procedure, a
clear distinction between thetwo different structural conditionswasobtained. A false-positive
study was also run, and the procedure developed herein did not yield any false-positive
indications of damage. Finally, the results must be qualified by the fact that this procedure
has only been applied to very limited data samples. A more complete analysis of additional
datataken under variousoper ational and environmental conditionsaswell asother structural
conditionsis necessary before one can definitively state that the procedureisrobust enough
to beused in practice.



1 INTRODUCTION

Thisreport summarized the analysis of test data obtained from the Naval Research Laboratory
(NRL), www.nrl.navy.mil. Based on conversations with the staff from NRL (Mike Todd,
miketodd@ccs.nrl.navy.mil) at the 2000 International Modal Analysis Conference, staff at Los
Alamos National Laboratory (LANL) volunteered to apply some of the LANL pattern recognition
techniques developed for structural health monitoring to data obtained from a surface-effect fast
patrol boat shown in Figure 1. The surface-effect ship is a pre-series fast patrol boat built by
Kvaerner Mandal in Norway. Together with aresearch team from the Norwegian Defense Research
Establishment (NDRE), the ship designers determined the optimal sensor placement. The sensor
installation and data acquisition during seatrials were performed jointly by NDRE and NRL. The
boat and the associated data acquisition are summarized in Johnson et al. (2000), Pran et a. (2000),
Jensen et al. (2000), and Wang et al. (2000).
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Figure 1. Surface-effect fast patrol boat.



As with all structural health monitoring activities, the LANL staff views this problem in
terms of a statistical pattern recognition paradigm. This paradigm can be described as a four-part
process: (1.) operational evaluation, (2.) dataacquisition & cleansing, (3.) feature extraction & data
reduction, and (4.) statistical model development for feature discrimination.

Operational evaluation answers four questions regarding the implementation of a structural
health monitoring system: (1.) How is damage defined for the system being monitored? (2.) What
are the conditions, both operational and environmental, under which the system to be monitored
functions? (3.) What are the limitations on acquiring datain the operational environment? and (4.)
What are the economic and/or life safety motives for performing the monitoring? Operational
evaluation beginsto define why the monitoring is to be done and beginsto tailor the monitoring to
unique aspects of the system and unique features of the damage that is to be detected.

Thedataacquisition portion of the structural health monitoring processinvolves selecting the
types of sensorsto be used, the locations where the sensors should be placed, the number of sensors
to be used, and the data acquisition/storage/transmittal hardware. Other considerationsthat must be
addressed include how often the data should be collected, how to normalize the data, and how to
guantify the variability in the measurement process. Data cleansing is the process of selectively
choosing datato accept for, or reject from, the feature sel ection process. Filtering and data decimation
are two of the most common methods for data cleansing.

The area of the structural health monitoring that receives the most attention in the technical
literature is feature extraction. Feature extraction is the process of identifying damage-sensitive
properties, derived from the measured vibration response, which allows one to distinguish between
the undamaged and damaged structure. Almost all feature extraction proceduresinherently perform
some form of data compression. Data compression into feature vectors of small dimension is
necessary if accurate estimates of the feature’s statistical distribution are to be obtained.

Statistical model development is concerned with the implementation of the algorithms that
analyze the distribution of extracted features in an effort to determine the damage state of the
structure. Thealgorithmsused in statistical model development fall into the three general categories.
1. Group Classification, 2. Regression Analysis, and 3. Outlier Detection. The appropriate algorithm
to use will depend on the ability to perform supervised or unsupervised learning. Here, supervised
learning refers to the case where examples of data from damaged and undamaged structures are
available. Unsupervised learning refersto the case where dataare only available from the undamaged
structure (Bishop, 1995).



The Norwegian Defense Research Establishment and NRL undertook this structural health
monitoring study. Therefore, it is assumed that they have addressed issues such as the economic
and/or life safety motivesfor performing the monitoring. At present, the LANL staff does not know
how damage isdefined for the boat. The dataare assumed to have been acquired in widely varying
operational conditions including varying sea states, varying ship speeds, and varying thermal
environments. The limitations, if any, on acquiring data in these operational environments are
unknown to the LANL staff.

Data acquisition was a so performed by the staff of NDRE and NRL. Therefore, the number,
type, and locations of sensors along with the dataacquisition/storage/transmittal hardware and data
sampling parameterswere all established by NDRE and NRL. Fiber optic strain gaugeswith Bragg
gratings were used to measure the dynamic response of the ship. A schematic diagram of the fiber
optic sensors is shown in Figure 2. The sensors were distributed through the ship as shown in
Figure 3. Three strain time-histories were received from NRL. It was explained that these time
histories were measured with the same sensor when the ship exhibited two different structural
conditions. However, the LANL staff was not told which sensor these data came from. The first
two signals, referred to as Signal 1 and Signal 2, hereafter, were measured when the ship was in
“Structural Condition 1” while Signal 3 was measured when the ship wasin * Structural Condition
2.” The LANL staff wasnot informed of any datacleansing or data normalization that was performed
before the transmission of thesesignalsto LANL. Itisassumed that these datawere acquired under
varying environmental and operational conditions. Changing environmental conditionscaninclude
varying sea states and thermal environments associated with the water and air. The variations of
operational conditions include ship speed and the corresponding changes in engine performance,
mass associated with varying ship cargo, ice buildup and fuel levels, and maneuvers that the ship
undergoes. No measures of these environmental or operational conditions were provided.

Given that the first two portions of the statistical pattern recognition paradigm have mostly
been completed, this study focused on datanormalization, feature extraction, and statistical modeling
for feature discrimination. The goal of this investigation was to normalize these data and extract
the appropriate features such that Signal 3 could be discriminated from Signals 1 and 2. Also, the
same procedure should not discriminate Signal 1 from Signal 2. This report will now summarize
the procedures used to obtain these goals.
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Figure 2: Fiber optic strain gauge with Bragg grating.

Figure 3: Location of fiber optic strain gauges.



2 DATAANALYSIS

2.1

Strain

Strain

Strain

The Raw Time Series

First, theraw time seriesare plotted in Figure 4 to get someintuitivefeeling for thesignals. A
few observations could be made based on this figure: (1) All the signals have “spiky” responses
with an occasiona large amplitude strain measurement, (2) the amplitude of one signal is not
consistent with the amplitude of the other signals indicating the need for data normalization, and
(3) significant “skewness’ isfound in Signal 2. To support some of these observations, the first
four statistical moments of the raw time series are summarized in Table 1.
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Figure 4: The raw strain time series.



Table 1: Basic statistics of the raw time series amplitudes.

Time Series Mean Amplitude | Amplitude STD Skewness Kurtosis
Signal 1 3.7809 37.7433 -0.4811 6.0854
Signal 2 -0.8207 107.8089 -2.2310 12.6311
Signal 3 -0.7559 74.1260 -0.8134 11.9437

A closelook at Table 1 further reveals important facts regarding the data. The sample mean
and standard deviation (STD) of one time series are quite different from those of the other signals.
Therefore, it seems necessary to conduct someform of datanormalization or standardization before
doing any statistical model development.

Skewness is a measure of the asymmetry of the data around the sample mean and is defined

_E(x-u)’ (1)
0.3

X

S

where_and o, are the mean and standard deviation of the random variable x, respectively. E(x) is
the expectation of random variable x. If the skewness is negative, the data are skewed toward the
negative direction of themean. If the skewnessispositive, the datahave heavier tailsto the positive
direction of the mean. The skewness of any perfectly symmetric distribution such as a normal
distribution iszero. Signal 2 has a skewness value of -2.2310, which is much larger than the other
two signals. The skewnessvaluefor Signal 2 indicates that there are more frequent negative strain
valuesthan positive ones as can be seenin Figure 4. Therefore, it is suspected that there must have
been additional operational and/or environmental effects during the acquisition of Signal 2, not
present during the acquisition of Signal 1.

Kurtosis quantifies the relative amount of data located in the tails of a distribution, and the
kurtosis of adistribution is defined as

E _ 4
s @
JX
The kurtosis of a theoretical normal distribution is always 3. Distributions with kurtosis greater
than 3 have more “mass’ in thetailsthan anormal distribution, and distributions with kurtosis less
than 3 have shorter tailsthan anormal distribution. Thelast column of Table 1 showsthat all three



signals have relatively large kurtosis values (larger than 6) indicating that they all have relatively
heavy tails. Therefore, it might be necessary to eliminate outliers corresponding to unusual

environmental and operational conditions a priori.

2.2 Principal Component Analysis of Moment Statistics

Principal component analysis is a classical method of multivariate statistics, and its theory
and use are documented in many textbooks from that field (e.g., Sharma, 1996). Only the briefest
description will be given here. Given N samples of data in p-dimensions (X1, X2, ..., Xp), the
principal components analysis (PCA) seeks to project the data into a new p-dimensiona set of

Cartesian coordinates (zi, z, ..., zp) by alinear transformation.

Calculation is as follows: given data xi=[xyi % X1, i= 1, ..., N, form the covariance
matrix 2.,

L=, =30 =X 3)
and decompose Z so
L=VAV'T | (4)

where A is a diagona matrix containing the ranked eigenvalues of %, and V is the matrix
containing the corresponding eigenvectors. (singular value decomposition can be used for this
step.) The transformation to principal componentsis then

z,=V'(x,-X) , (5

where X is amean vector of x;'s. The result of this transformation is that the coordinates z are
the projection of the origina x; onto the eigenvectors of 3. These eigenvectors are called the
principal components, and the z are called the scores.

The new coordinates have the following properties: the z's are uncorrdaed, and the covariance
matrix of the z-coordinatesisdiag] o7, 05, ..., o;]. Hare {205 2 ...2 0, . Thus, z isthe linear
combination of the origind x;’s with maximum variance o, z is the linear combination thet explains
mogt of the remaining variance ¢, and so on. It should be clear that if the p-coordinates are
actudly a linear combination of g < p variables, the projections onto the first g principa components
will completely characterize the data, and the remaining p-qg projections or scores will be zero. In



practice, because of measurement uncertainty, the scores will al be non-zero, and the user should
select the number of significant components for retention.

Considered as a means of dimension reduction then, PCA works by discarding those linear
combinations of the datathat contribute |east to the overall variance. There are two main applications.
First, the technigue can provide an effective means of feature extraction, i.e., the salient information
in the data can be retained while passing to a representation of the data in a reduced dimension.
Second, the technique can provide an effective means of visualizing the data. If the reduced space
has a dimension of 3 or less, the reduced data can be plotted in aform that displays relationships
between the points. In the reduced-dimensional space, structure such as clusters may be visualized
reflecting the distribution of datain the original higher dimensions.

In order to illustrate the process, consider the features discussed in the last section—the first
four moments of the given time-series. The data for visualization were accumulated as follows.
First, the data were decimated (an anti-aliasing filter was applied), and three records of time series
of length 2698 were obtained. A time window of 1000 points was moved through the records with
astep of 8 points. For each window, the first four moments of the time series were evaluated: mean,
standard deviation, skewness, and kurtosis. For each signal this process gave 213 4-dimensional
feature-vectors, which were concatenated and decomposed using PCA. After the transformation in
Equation (5), the projections onto thefirst two principal componentswere extracted. Theresultsare
plotted in Figure 5.
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Figure 5: Moment statistics for Signals 1 to 3 projected onto the first two principal components.
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The visualization of the moment data shows two striking characteristics. First, the features
corresponding to the three signals are separabl e in the two-dimensional projection. Because PCA is
alinear orthogonal transformation, it preserves the distances between data points, and hence the
datamust be separable in the original four-dimensional space. Second, the featuresfor Signal 3 sit
between those for Signals 1 and 2, which correspond to Structural Condition 1. It is this second
observation that eliminates the moment statistics as useful features. Because Signals1 and 2 clearly
do not represent the full operational and environmental range of Structural Condition 1, the clusters
corresponding to Signals 1 and 2 are digointed. If data were collected spanning the full range of
normal operational and environmental conditions, the features from these data would be expected
to interpolate between the features of Signals1 and 2, and would overlap substantially with those of
Signal 3. This observation is not conclusive as the full normal condition data could avoid the
features from Signal 3 in the full four-dimensional space. However, PCA shows that because 90%
of the full data variance was encapsulated in the first two components, the three separated clusters
are nearly coplanar in the four-dimensional space.

This example illustrates the two possible uses of PCA. The two-dimensional visualization
showsthe existence of separable clusters. Inthe absence of further information, it would be possible
to design or train a classifier that would separate unambiguously Structural Condition 1 from
Structural Condition 2 in the two-dimensions—thus feature selection would appear to be possible.
Infact, asitisknown that the normal condition datahere (Signals 1 and 2) are not representative of
all environments, the disposition of the three clusters effectively eliminates the moment values as
features for novelty detection'. Note that these conclusions are only tenable because damage data
areavailable. If true unsupervised learning were required, it would not be possible to eliminate the
moments as candidate features.

2.3  Frequency Domain Analysis

Next, thefast Fourier transformation (FFT) of thetime signalsis computed. Before FFT, the
time signals are normalized such that
X— Hy

= (6)

where % isthenormalized signal, and |, and o, arethe mean and standard deviation of x, respectively.
This normalization procedure is used for all subsequent analyses presented in this report. The

1 Novelty detection isthe lowest level of damage identification, and seeks simply to identify if anew dataset is
consistent with data corresponding to the previously observed normal conditions.
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results of FFT are shown in Figure 6, Figure 7, and Figure 8. Note that because the frequency
amplitudes are negligible after 5 Hz, only the range of 0-5Hz is shown here although the Nyquist
frequency is 22.44Hz. While Figure 6 shows the FFT of the normalized raw time series without
applying any windowing, a Hanning window is applied to the time series before the computation of
FFT shown in Figure 7. For the FFT results shown in Figure 8, the time series are divided into 24
segments with 50% overlapping, a Hanning window is applied to each individual segment prior to
FFT, and theaveraging of 24 FFTsisconducted. There exist noticeable differencesamong the FFT
amplitudes of signals in the range of 0-0.5Hz. However, based on visual inspection of Figure 6,
Figure 7, and Figure 8, it is difficult to qualitatively discern any consistent difference between
Signals 1 and 2 (Structural Condition 1) and Signal 3 (Structural Condition 2).
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E 2000 No time window applied -
1000 f
0 " L
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Figure 6: Fourier transform of the raw time series.
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Figure 7: Fourier transform of the time series after applying a Hanning time window.
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Figure 8: Averaged Fourier transform of the time series.

13



2.4  Probability Density Estimation

The probability density function (PDF) of an individual time signal is estimated by a kernel
density estimation technique (Silverman, 1986). Kernel density estimation can be motivated by
observing that if X isarandom variable with density function f(x), then (2h) -f(x)=Pr(x-h<X<x+h) or
f(X)=(1/2h) Pr(x-h<X<x+h). Ash goesto 0 this approximation becomes equality. For agivenvalue
of h, the probability of being intheinterval (x-h,x+h) can be estimated asthe proportion of observed
datain theinterval. A natural estimate of the density is

(7)
Thisisreferred to as the naive estimator of f(x). By defining akernel function K(x) as
jK(x)dx=1 : )
the kernel estimator with kernel K is defined by
- 13 X=X,
fix)=—>» K Lo 9
)= ( - j ©)

The parameter histhe window width, aso called the smoothing parameter or the bandwidth.
Just as the naive estimator can be thought of as a sum of boxes placed over the observations, the
kernel estimator can be thought of asasum of “hills’ placed over the observations. Inthisstudy, a

Gaussian kernel isused. That is, K(x) =

Thequality of the estimate dependscritically ontwo factors. Thefirst isthesize of thetraining
set. Discussions can be found in Silverman, (1986) or Scott (1992). Following Silverman’s criteria
for a univariate density, there are no problems here with the amount of data. The other factor of
importanceisthe value of the smoothing parameter h. If histoo small, the PDF will contain alot of
spuriouslocal structure. If histoo large, the estimate will be over-smoothed, and its decay rate with
xwill be underestimated. Theimmediate effect of thelatter for structural health monitoring problems
is that the normal condition set will appear to be larger than it actually is, and any density-based
damage diagnostic may therefore suffer from false negatives. As one might expect, there is an
optimum value for h and there are a number of ways of estimating it.

14



The ssimplest method and the one adopted by the kernel density estimate is least-squares
cross-validation (Bowman, 1984). This method seeks to minimize the squared error between the
density estimate and the true density:

3[BT = [[P(¥) ~ O] ek (10)

Becausethetrue density p(x) isunknown, Equation (10) issomewhat limited in its usefulness.
However, it can be shown under certain conditions (Silverman, 1986) that the value h which
minimizes the following equation also minimizes the mean-squared error between p(x) and p (X):

lvll(h):n—%hiZ;K*()g ;Xj]+n—2r]K(0) , (12)

where K* (x) = K@(x) - 2K(x), K@(x) = j K(z-X)K(2)dz, and zis a dummy variable.

The minimization is carried out here using a simple quadratic-fit Newton-type method
(Leuenberger, 1989). Any minimization routine requires an initial estimate, and the quality of the
final result may depend critically on it. This study follows the guidelinesin Silverman (1986) and
uses the following procedure. An initial smoothing parameter is chosen, h*; for a univariate
distribution, this parameter is,

h'=0.9An% | (12)

where A = min [standard deviation, interquartile range/1.34]. (There are 4 quartiles, Q1, Q2, Q3,
and Q4. Twenty-five percent of the data are below Q1; 50% of the dataare below Q2, the median;
75% of the dataare below Q3; all the dataare below Q4. Theinterquartile rangeisarange between
Q1 and Q3 implying that 50% of the datawill be between Q1 and Q3.) The standard deviation and
the interquartile range are computed from the observations. At the least, this choice of h should
provide a good starting point.

This estimate depends on the assumption that the true distribution is univariate Gaussian. In
cases where the density is expected to be close to Gaussian, i.e., uni-modal and with light tails, the
estimate above will often be good enough. If there are major departures from normality, i.e., the
density isclearly multi-modal, full cross-validation is needed. There are many other approaches to
estimating the smoothing parameter, and a good survey is provided by Wand and Jones (1995).
Once h' is established, the program used here assumes a search interval [h'/4, 2 h'] and carries out

15



aminimization of M, (h) over thisinterval. The procedure continues by carrying out acoarse search
over amesh of 100 pointsin order to bracket the minimum, and then minimizes using the quadratic
fit procedure.

Figure 9 displays the PDF of the raw time series estimated by the kernel density technique.
Beforethe density isestimated, thetime signalsare normalized according to Equation (6). Therefore,
the median values (the peaks) of the PDFs are placed near zero value in the abscissa. (The mean
value of each PDFiszero.) Based on the observation of Figure 9, it is concluded that there existsa
noticeable difference between PDFs of Signal 1 and Signal 3. Furthermore, the PDF of Signal 2
seems closer to that of Signal 3 rather than to Signal 1. (Again, note that Signals 1 and 2 are
supposed to comefrom the same structural condition and Signal 3 from the other structural condition.)
This observation agrees with the results shown in Table 1. Signal 1 has smaller standard deviation
than the other two signals, and the significant skewness of Signal 2 is also spotted as shown in the
previous skewness value.
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Figure 9: Probability density estimation of signals.
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2.5 Statistical Process Control (SPC) Analysis

This section focuses on applying a statistical process control technique known as a control
chart to the strain measurements. A control chart provides a statistical framework for
monitoring future measurements and for identifying new data that are inconsistent with past data
(Montgomery, 1997). First, an auto-regressive (AR) model is fit to the strain measurement from
Signal 1. Theresidual error, which quantifies the difference between the prediction from the AR
model and the actual measured time history at each time interval, is selected as the damage-
sensitive feature for the subsequent control chart analysis. Next, and X-bar chart and an S
control chart are employed to monitor the mean and variance of the selected features,
respectively. The control limits for the control charts are constructed based on the features
obtained from Signal 1. The residual errors computed from the previous AR model and
subsequent new data (Signal 2 or Signal 3) are then monitored relative to the control limits. A
statistically significant number of features outside the control limits indicate a system transition
from Structural Condition 1 to Structural Condition 2.

2.5.1 Auto-Regressive (AR) Model
An AR model with p auto-regressive terms, AR(p), can be written as;

XO= 30 xt-]) +e) (13)

where x(t) is a strain measurement observed at discrete time index t, and e(t) is an unobservable
random error (or residual error). In this study the AR coefficients ¢' s are estimated by the Y ule-
Walker method (Brockwell and Davis, 1991).

If the strain measurements are auto-correlated, constructing a control chart that ignores the
correlation can lead to charts that give many false alarms and charts that fail to signal when the
process being monitored has changed significantly. Because the strain measurements are heavily
correlated [see Figure 9 ()], the auto-correlation is first removed by fitting an AR model to the
original strain data. The auto-correlation )(7) for x(t) is defined as

UD=EXOx(E-7)] (14)
where risthetime lag and E[¢] denotes the expectation operation. The auto-correlation function
in Figure 9 is normalized as follows
(1)
¥(0)

which impliesthat o(0) = 1; o(7) is often called an auto-correlation coefficient function.

p(7) = , (15)
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Initially, the order of the auto-regressive process to fit the time series is unknown. This
problem is analogous to deciding on the number of independent variables to be used in amultiple
regression analysis. If theorder of the AR model isappropriately selected and if thetime seriescan
be cast as AR model, the residuals from the fit should be nearly uncorrelated with no systematic
pattern. Thereareavariety of techniquesfor choosing the model order, such asAkaike'sInformation
Criterion (AIC) and partial auto-correlation analysis (Box et a., 1994). In this study, the partial
auto-correlation analysisisconducted. AnAR(p) model shown in Equation (13) can berewritten as
follows

KO = Yo, xt-i) +e) (19)

where 0} denotesthejth coefficient in an auto-regressive representation of order p, so that (0 isthe
last coefficient of AR(p) with lag p. This quantity, (N regarded as afunction of lag p, is called the
partial auto-correlation function. For an AR process of order p, the partial auto-correlation function
will be zero for lags greater than p. However, since the theoretical correlation is unknown, the
partial auto-correlationisestimated fromthe data. Thisestimated correlation would differ somewhat
fromitstheoretical counterparts. Therefore, the partial auto-correlation of an actual AR(p) will not
be exactly zero even after lagsgreater than p, but they are considered effectively zero if the correlation
values are within the blue lines shown in Figure 11. Here, the blue lines represent 20(0 [imits of the
partial auto-correlations. Assuming that the processis aAR(p) model, the estimated partial auto-
correlations of order p+1 and higher, are approximately independent and normally distributed with
zero mean and standard deviation g, Itcan be shown that if n isthe number of observations used
in fitting, Jf, =1/n (Box et al., 1994). For Signal 1, the partial auto-correlation approaches zero
after lag 30. Therefore, AR(30) isselected for the subsequent analyses. Figure 10 (b) demonstrates
that after fitting the AR(30) model to Signal 1, theresulting residual errors, e(t), show practically no
correlation. The auto-power spectrum of the residual errors shown in Figure 12 provides further
evidence that the resulting residual errors are uncorrelated.

(a) Autocorrelation of signal 1 (b) Autocorrelation of residual errors
1 1 - -
C [
o) 9
® 05 ® 0.5
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8 8
o) 0 0g.
= 0 -.g 0 1] l.l L
< <
0 20 40 60 0 20 40 60
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Figure 10: Autocorrelation functions of Signal 1 and the corresponding residual errors.
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Figure 11: Partial autocorrelation function of Signal 1.

Residual Error 1
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Figure 12: Power spectrum of the residual errors of Signal 1 (Nyquist frequency=22.44Hz,
Af=0.001663Hz, no time window applied, number of data points=26980).
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2.5.2 PDF of Residual Errors

In the previous section, the AR model is constructed considering Signal 1 the“ baseline” data.
When new data become available (for instance, Signal 2 or Signal 3 in this example), the new
measurement is predicted using the AR model, whose parameters were estimated from the baseline
data. That is, using Equation (13), the current response x(t) of the new data is predicted from its
previous responses, and the AR coefficients estimated from the baseline data. If the underlying
system has changed, the AR model will no longer fit the new measurements as well, and the
probability distribution of the residual errorswill vary.

Figure 13 plotstheresidua errorsof Signals 1, 2, and 3. Notethat all signals are normalized
according to Equation (6) beforefitting the AR model to the signals and the AR model is estimated
from Signal 1. Comparison of Figure 4 and Figure 13 reveals that residual errors are closer to a
random process than the actual strain measurement, and most of the skewness is removed during
this process. Table 2 summarizes the basic statistics of the residual error time series. More
guantitative analysis can be performed by comparing Table 1 and Table 2. Again, the residual
errors eliminate most of the asymmetry. However, the kurtosis values of Signals 2 and 3 have
increased.

Signal 1
2
Data Point # = 26950
1k Time Period = 600.50 sec |
& At=0.02228 sec
p=}
2o |
[0}
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2 | | | | | |
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Residual
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|

0 100 200 300 400 500 600 700
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{
| | |

0 100 200 300 400 500 600 700
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Figure 13: Residual errors of individual signal after fitting an AR(30) model to the signal.
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Table 2: Basic statistics of theresidual errors

Time Series Mean STD Skewness Kurtosis
Residual 1 -1.2447e-005 0.1307 -0.0645 4.6419
Residual 2 5.1715e-005 0.0822 -0.3456 14.1446
Residual 3 2.4922e-005 0.0942 0.1050 16.1841

The standard deviations shown in Table 2 reveal that the residual errors of Signal 1 have a
larger standard deviation than those of the other two signals. A similar result can befound in Figure
14, where the PDFs of the residual errors have been estimated with the Kernel density procedure.
Because the AR model was constructed based on Signal 1, asmaller standard deviation is expected
for Signal 1thantheothers. Again, itisvery unlikely that theresidual errorsof thetraining datasets
arelarger than those of new datasets. This observation caused speculation that the AR model isnot
fitting the time serieswell. Thisissue will be discussed in more detail later in Section. 2.8.
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2.5.3 Control Chart Analysis of Residual Errors

Residual Error

Figure 14: Probability density estimation of residual errors.

In Section 2.5.1 AR coefficients arefirst estimated by fitting an AR model to the time series
of Signa 1 using the Yule-Walker method (Box et a. 1994). Then, an investigation is made to
determine how this AR model can predict or reproduce Signals 2 and 3. The residual error is
defined asthe difference between the newly obtained time series (in thisexample, either Signal 2 or
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Signal 3) and the prediction of these time series obtained from theAR model. Thisresidual erroris
used as the damage-sensitive feature for the subsequent control chart analysis. The basic premise
of thisapproach is, “If the system has been changed since the AR model was constructed, thisAR
model will no longer be able to predict or reproduce the newly measured time series, thus causing
changes in the probability distribution of the residual error.” That is, when the system of interest
experiences abnormal conditions, the mean and/or variance of the extracted features are expected
to change. To monitor these changes in the density function, a control chart analysis is employed
here. In this study, X-bar and S control charts are employed to monitor the mean and variation
changes of the selected feature and to identify data points that are inconsistent with the past data
sets. Several variations of the control chart analyses can be found in Montgomery, 1997.

Control limits are constructed using the baseline data (the residual errors from Signa 1).
Then, when anew data set becomes available, the new response data are predicted, and the residual
errors are computed. When the plotted mean or variation value of the residua error goes beyond
the control limits, it is concluded that something has changed with the structure. A brief description
of X-bar and S control charts are described below. A more detailed explanation regarding the
application of control chart analysisto damage diagnosis can be found in Sohn et al., 2000.

To monitor the mean variation of the features using the X-bar control chart, the features are
first arranged in subgroups. The elements of each subgroup are designated T (i=1,...,qandj=1,...,
p). Here, T Isthe extracted feature from the previous section, i.e., theresidual errors. Thevalueq
isthe number of subgroups, and p isthe size of individual subgroup. The subgroup size p is often
taken to be 4 or 5 (Montgomery, 1997). If p is chosen too large, a drift present in an individual
subgroup mean may be obscured, or averaged-out. An additional motivation for the usage of
subgroups, as opposed to individual observations, is that the distribution of the subgroup mean
values can be reasonably approximated by anormal distribution asaresult of central limit theorem

(Montgomery, 1997). Next, the subgroup mean X; and standard deviation S of the features are
computed for each subgroup (i = 1,..., Q):

X, = mean(r”.) and S =sd(r;) 17)
where the mean and standard deviation are computed with respect to p observationsin each subgroup.
An X-bar control chart is constructed by drawing a centerline (CL) at the subgroup mean and two
additional horizontal lines corresponding to the upper and lower control limits(UCL & LCL) versus
subgroup numbers (or with respect to time). The centerline and two control limits are defined as
follows:
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CL =mean(X,), UCL=CL + za/zi, and LCL =CL —za/zi (18)

Ja Ja

where the calculation of mean is with respect to all subgroups (i = 1.,..., g). ThevaueZ_,isthe
percentage point of the normal distribution with zero mean and unit variance such that
P[z=Z_,] = a/2. Thevariance $* is estimated by averaging the variance S’ of all subgroups:

S* =mean(S?) . (19)

Note that if K can be approximated by a normal distribution following the central limit
theorem, the control limits in Equation (18) correspond to a 100(1-a) % confidence interval. In
many practical situations, the distribution of features may not be exactly normal. However, it has
been shown that the control limits based on the normality assumption can often be successfully
used unlessthe population isextremely non-normal (Montgomery, 1997). If the system experienced
some change, thiswould likely be indicated by an unusual number of subgroup means outside the
control limits; acharted value outside the control limitsisreferred to asan outlier inthisstudy. The
monitoring of structural condition changes is performed by plotting X, values obtained from the
new data set along with the previously constructed control limits. In general, the observation of a
large number of outliers does not necessarily indicate that the structure is damaged but only that the
system hasvaried to cause statistically significant changesinitsvibration signatures. Thisvariability
can be caused by avariety of environmental and operational conditionsthat the systemissubject to.
If environmental and operational parameters are measured, a multivariate control chart can be
developed to account for the variability.

To monitor variability within each subgroup, an S control chart can be constructed inasimilar
fashion as an X-bar chart. For each subgroup the sample standard deviation of the residuas is
computed (S in Equation (17)). These sample standard deviations from each subgroup become the
charted values. The upper and lower control limits (UCL and LCL) of the S control chart are

UCL = §|A=9291 ang oL = g (A2t (20)
q-1 q-1

where )(;n denotes the pth quartile of a Chi-square random variable with n degrees of freedom,

and Sisdefined in Equation (19). Again, in the examples a was chosen to be 0.01.
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The diagnostic results of X-bar and S control chart analyses are plotted in Figure 15 and
Figure 16. Again, the X-bar and S control charts monitor the mean and variance changes of the
underlying process, respectively. The control chartsare constructed using theresidual errors obtained
from Signal 1 so that the control limits correspond to the 99% confidence interval of a normal
distribution. However, a large number of outliers are observed even for Signal 1. Although only
about 1% of residual errors are supposed to lie outside the confidence interval, about 2.45% (33
outliers out of 1347 sample points) and 9.13% (123 outliers out of 1347 sample points) of outliers
exist for the X-bar and S control chartsof Signal 1, respectively. Thisfalse-positive warning might
be attributed to several facts: (1) The signals are nonstationary and the AR linear prediction model
cannot capture the nonstationary nature of the underlying system. (2) Asshown Figure 10 (b), the
AR model did not completely removethe correlation between lags 1-8. Therefore, the observations
within one subgroup are still somewhat correlated, and this underestimates the subgroup standard
deviation possibly resulting in false-outliers. The bottom lineisthat the AR model employed here
and the subsequent analysis of the residual errors do not provide a good means of discrimination.
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2.6 Bispectrum and Bicoherence Analyses

2.6.1 Definition of Bispectrum and Bicoherence

The power spectrum is the decomposition of signal power in the frequency domain. When
this concept is extended to higher orders, theresult is called a polyspectrum. More specificaly, the
third-order polyspectrum is referred to as bispectrum. The bispectrum is defined as the frequency
decomposition of the skewness, or third-order covariance function, of a signal. The bispectrum
provides information regarding such signal features as phase coherence, which is absent in the
second-order power spectrum. Animportant use of the bispectrum isthe detection of nonlinearity.
Because of its sensitivity to nonlinearity, it is believed that the bispectrum has potential usesin the
area of structural health monitoring and damage detection. For example, the bispectrum has been
shown to be an indicator of fatigue cracks in cantilever beams (Rivola and White, 1998) and has
been applied to damage detection in rotating machinery (Li et al. 1991). Furthermore, higher order
measures such as the bi spectrum areinsensitive to Gaussi an noi se because the third-order cumul ant
of such a Gaussian process will yield a zero bispectrum across all frequencies.

First, the third-order covariance (cumulant) function is defined as follows:
Cy(k, D =E[x(t) x(t+k)x(t+1)] , (21)

where E[ ]denotes the expectation operator. For a discrete time series, the discrete bispectrum is
defined asthe double Fourier transform of thethird-order covariance function and can be expressed
as.

B(f,, f,)= Z ZC3(k,I)exp(—iflk) exp(-if,l) . (22)
k=-00 | =—0c0
Thebispectrumisafunction of two different frequencies f, and f,, and only those bifrequencies(f
f,) that fall within the following domain need be computed:

f,<fy,and2f +f,<f. (23)

where f_isthe sampling frequency. Thistriangular region isreferred to as the Principal Domain,
and all bifrequencies outside of thisdomain are redundant as aresult of the symmetric properties of
the bispectrum. A peak in the bispectrum at the bifrequency (f, f,) indicates a coupling between
the three frequencies f, f, and f,(=f,+ f,) and their corresponding phases ¢, ¢, and ¢,. This
frequency and phase coupling istheresult of aquadratic type of nonlinearity withinthesignal. (The
phase coupling will be demonstrated later using numerical examples.)
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In practice, a normalization of the bispectrum, referred to as the bicoherence, is commonly
used. To normalize the bispectrum, the final estimate is divided by the product of the spectral
components:

(24)

whereb(f, f,) isthebicoherence, and C(f) isthe Fourier transformation of thefollowing covariance
function:

C(K=E[xO)x(t+k)] . (25)

Thisnormalization measuresthe percentage of power at frequency f(=f,+f,) caused by wave
coupling. The bicoherence removesthe dependency on amplitude, or in other words, it iscompl etely
independent of the power of thethree waves. The bicoherence measuresthe percentage of power at
frequency f,+f, caused by signal coupling of componentsat f, and f,. The bicoherence takes on an
amplitude value between 0 and 1. A value of one indicatesthat all the energy at f,+f, isfrom the
coupling of componentsat f, and f,. Therefore, thisfunction can be used to detect the presence of
harmonics.

2.6.2 An Example Using a Synthetic Signal

In order to understand the properties of the bispectrum, asynthetic signal consisting of several
cosine components was generated. Specifically, sixty-four independent realizations of the signal
were generated, each one containing 64 samples:

p 3

YO =3 @, cos@mAt +g,) + > B, cos2At + @) | (26)

k=1 i=1

The sample rate was chosen to be 400Hz. One phase coupled triplet (p=1) was chosen at the
frequencies (A,,) of 40Hz, 80Hz, and 120Hz, with amplitudes (a,) of one. Notice that 40Hz and
80Hz add to 120Hz, and for this reason are said to be frequency coupled. In order to be phase
coupled, the phases of the sinusoids must also have the same additive relationship, with ¢, and ¢,
summing to ¢,.. Anadditional harmonic for the uncoupled case (termswith an overbar) was chosen
at the frequency 160Hz. This frequency of 160Hz was chosen intentionally to form a frequency
coupled relationship between 40Hz and 120Hz. However, the corresponding phase of the 160Hz
component was chosen randomly, and thus does not exhibit the phase coupling. The bispectrum
should only pick up on the terms that are frequency and phase coupled. Note that, while the
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bispectrum of alinear time-invariant system isidentical to zero, the bispectrum of y(t) in Equation
(26) will not vanish because of the presence of a quadratic nonlinearity (quadratic phase coupling)
in the system.

In Figure 17, it can be seen that both the bispectrum and the bicoherence reveal the phase and
frequency coupling between 40Hz and 80Hz . The bispectrum does not show a peak at 40Hz and
120Hz because of the lack of phase coupling between these two frequency components with the
sum component of 160Hz.

L sl e L] A arw A

(a) Bispectrum (b) Bicoherence

Figure 17: (a) Bispectrum of synthetic signal, max peak at (40Hz, 80Hz) (b) Bicoherence of
synthetic signal, broad peaks centered at (40Hz, 80Hz).

2.6.3 Application to the Strain Measurements

Figure 18 and Figure 19 show the bicoherence analyses of theraw time series. For all signals,
some sort of frequency coupling is observed indicating the system nonlinearity. However, the
coupling patterns, as shown in Figure 19, significantly vary from one signal to another. Based on
the comparison of Figure 18, Figure 19, and Figure 6, the bicoherence produces more distinctions
between the signalsthan the FFTs. However, it isstill difficult to group Signals 1 and 2 together in
aquantitative manner. Particularly, it isnoted that the nonlinearity of Signal 2 is more severe than
that of the other two signals. Therefore, given that thereisno damagefor Signalsland 2, itisagain
doubted that Signal 1 and Signal 2 were recorded under the same operational condition.
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Signal 1 Signal 2 Signal 3

f1 +f2

Figure 18: Mesh plots of the bicoherence of the raw time series.

Signal 1 Signal 2

Figure 19: Contour plots of the bicoherence of the raw time series.

Instead of employing the raw time series, similar bicoherence analyses are repeated using the
residual errors obtained in Section 2.5.1 The analysis results are reported in Figure 20 and Figure
21. Although resultswere obtained that are similar to those obtained from the biocoherence analysis
of the original time series, the peaks of frequency coupling seem more distributed when the raw
time series are analyzed and compared to the biocoherence analysis of the residual errors. Itis
speculated that because the residual errorsare closer to Gaussian noise than the raw time series, the
nonlinearity becomes more prominent when the residual errors are employed for the bicoherence
analysis. (Again, notethat the bicoherence analysis suppresses Gaussi an noise processes and detects
nonlinearitiesin signals.)
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Figure 20: Mesh plots of the bicoherence of the residua errors.

Residual 1 Residual 2 Residual 3

Figure 21: Contour plots of the bicoherence of the residual errors.

2.7 Spectrogram (Time-Frequency) Analysis

2.7.1 Definition of Spectrogram

Spectrogram computes the time-dependent Fourier transform of a signal using a sliding
window. Thisform of Fourier transform is also known as the short-time Fourier transform and it
has numerous applications in speech, sonar, and radar processing. The spectrogram first splitsthe
original signal into overlapping segments and applies atime window such asaHanning window to
each segment. Then, it computes the discrete-time Fourier transform of each segment to produce
an estimate of the short-term frequency content of the signal over the given time period. Note that
for asigna from atime-invariant system, the frequency content should not change with respect to
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thetime axis. That is, for alinear time-invariant system, it is expected to observe horizontal lines
across all time values. For example, consider asimple linear system consisting of four masses and
four springs. The response at an arbitrary degree of freedom (DOF) can be represented as

y(t):iAi sn2rft+q@) . (27)

i=1

If f, (I=1,...,4) are set to be 5.1Hz, 10.9Hz, 20.6Hz, 40.8Hz, respectively, the spectrogram of
y(t) displaysfour distinct horizontal lines as shown in Figure 22. Here, the phase @ is determined
by the damping of the physical system, and theamplitudeA, isafunction of the mode shape properties.
In this example ¢ and A, are, however, randomly chosen between (-7 +77) and (-1, +1) to simplify
the problem.
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Figure 22: A typical spectrogram of alinear time-invariant (LTI) system response.

2.7.2 A Numerical Example of Time-Frequency Analysis

To better understand the time-frequency anaysis using aspectrogram, the spectrogram analysis
is applied to a simulated signal with multi-frequency components. A 10-second time signal with
frequency components, 0.5Hz, 4Hz, 8Hz, and 30Hz, is generated from the following equation.

y(t)=0.5sin(272 x 0.5t) +1.1sin(272 x 4t) +1.1sin(27 x 8t) +0.2sin(272 x 30t) . (28)

where the time duration of the frequency components are 1-9 seconds, 0-5 seconds, 5-10 seconds,
and 2.2-2.5 seconds for 0.5Hz, 4Hz, 8Hz, and 30Hz frequency components, respectively. For
example, the first frequency component,0.5sin(27<0.5t), lasts from 1 to 9 seconds. One thousand



twenty-four points are sampled for the 10-second period resulting in Nyquist frequency of 51.2Hz.
Figure 23 shows the synthesized signal. Note that a sudden frequency changeis noticed around 5
seconds because of atransient from 1.1sin(27mx4t) to 1.1sin(27x8t) in Equation (28). However the
signal components corresponding to frequency value 30Hz are difficult to visually detect.

Synthesized multifrequency component signal
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Figure 23: A synthesized signal with multi-frequency components. (Number of data
points=1024; y(t)= 0.5sin(277x0.5t)+1.1sin(27x4t)+1.1sin(27%8t) +2.0sin(27m<30t). The
time durations of each frequency component are 1-9 sec, 0-5 sec, 5-10 sec, and 2.2—
2.5 sec for 0.5Hz, 4Hz, 8Hz, and 30Hz frequency components, respectively.)

A time-frequency analysis of the synthesized signal is shown in Figure 24. Here, atime-
frequency distribution of the signal is plotted using a short-term Fourier transform (spectrogram).
Thesignal isdivided into segmentswith 256 time points, and a Hanning window is applied to each
segment before conducting the Fourier transform. A 50% overlapping between time windows is
used. Four peak amplitudes are clearly shown around 0.5Hz, 4Hz, 8Hz, and 30Hz in the frequency
axis. The starting and ending time points of each frequency component are also shown in thetime
axis. Thetimeduration of each frequency component seemsto smear inthetimeaxis. For example,
the fourth signal component 0.2sin(27<30t) in Equation (28) starts at 2.2 seconds and ends at 2.5
seconds. However, the peak amplitude associated with this signal component smeared into alarger
areathan it should have. The time resolution of this time-frequency analysis can be improved by
employing awavelet analysis.
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Figure 24: Short-term Fourier transform analysis of the synthesized signal shown in Equation
(28) (Time window size=256 points, 50% overlapping, Hanning window applied).

2.7.3 Application to Strain Measurement

Now, the spectrogram analysis is applied to the strain measurement obtained from the fast
patrol boat. For the spectrogram analysis, each signal isfirst split into overlapping segments with
asize of 256 points, and a Hanning window is applied to each segment. Fifty percent overlapping
is set between two subsequent segments.

Figure 25 shows the spectrogram of Signals 1, 2, and 3, respectively. As stated before, the
majority of the response energy is concentrated on the frequency range of 0-5Hz. Particularly, two
distinct frequency peaks are observed near 0.5Hz and 3Hz, and there is an energy transmission
between these two frequencies. Some fluctuation of the frequency contents with respect to timeis
also observed. Thisis an evidence of nonstationarity, and Signal 2 seems to exhibit more severe
nonstationarity than the other two signals.
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Figure 25: Time-frequency analysis of the normalized time signals.

Next, the spectrogram is computed after all three signals are concatenated together (Signal
1+Signal 2+Signal 3). The spectrogram of the concatenated signal is shown in Figure 26. The
distinct transitions of the frequency contents are shown at around 600 seconds and 1200 seconds.
Note that these time points (600 and 1200 seconds) correspond to the transition points either from
Signal 1to Signal 2 or from Signal 2to Signal 3. Again, based on the visual inspection of Figure 25
and Figure 26, Signals 1 and 3 show more similarity than Signals 1 and 2, and the nonstationary
nature of Signals 1, 2, and 3 are revealed. Although the visual inspection provided a qualitative
means of discriminating signals, it was difficult to draw any useful conclusion based on the visua
inspection.

Frequency

0 200 400 600 800 1000 1200 1400 1600
Time

Figure 26: Spectrogram analysis of the concatenated signal.
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2.8 AR(Auto-Regressive)-ARX (Auto-Regressive Model with Exogenous Inputs)
Analysis

Asshown in the previous examples, thereis a noticeabl e difference between Signals 1 and 2.
It seems extremely difficult to group Signals 1 and 2 together, and at the same time separate Signal
3fromthem. Therefore, adifferent approachistried. Here, the additional information that Signals
1 and 2 are obtained from the same structural condition of the system is utilized.

First, each signal is divided into two parts. The first halves of Signal 1 and Signal 2 are
employed to generate the “ reference database.” The second halvesof Signal 1 and Signal 2 arelater
employed for false-positive studies. In thisexample, signal “blocks’ in the reference database are
generated by further dividing thefirst halves of Signal 1 and Signal 2 into smaller segments. These
reference signals are considered to be “the pool” of signals acquired from the various operational
conditions, but from a known structural condition of the system. (In this example, Signals 1 and 2
are assumed to have been measured under different operational conditions of the surface-effect fast
patrol boat. However, it is also known that these two signals correspond to the same structural
condition of the system.) When anew signal isrecorded (for example, when Signal 3 is measured
in this example), this signal is divided into smaller segments, as was done for the blocks in the
reference database. Then, the signals in the reference database are examined to find asignal block
“closest” to the new signal block. Here, the metric, which isdefined as the distance measure of two
separate signal segments, is subjective. The detailed formulation of the metric used in this study
and the definition of the “closeness’ will be described later on.

This approach is based on the premise that if the new signal block is obtained from the same
operational condition as one of the reference signal segments and there has been no structural
deterioration or damage to the system, the dynamic characteristics of the new signal should be
similar to those of the reference signal based on some measure of “similarity.” That is, if atime
prediction model, such as AR, auto-regressive and moving-average (ARMA), or auto-regressive
models with exogenous inputs (ARX), is constructed from the selected reference waveform, this
prediction model also should work for the new signal if the signal is “close” to the original. For
example, if the second half of Signal 1 is assumed to be a new blind-test signal, the prediction
model obtained from the first half of Signal 1 should reproduce the new signal (the second half of
Signal 1) reasonably well. On the other hand, if the new signal is recorded under a structural
condition different from the conditions where reference signals are obtained, the prediction model
estimated from even the “closest” waveform in the reference database should not predict the new
signa well. For instance, because Signal 3 is measured under the different structural condition of
the system, the prediction model obtained from either Signal 1 or Signal 2 would not predict Signal
3 well even if “similar” waveforms are analyzed. Therefore, the residua errors of the “similar”
signals are defined as the damage-sensitive features, and the change of the probability distribution
of these residual errorsis monitored to detect system anomaly.
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In general, a linear time-prediction model cannot capture the dynamic characteristics of

nonlinear time serieswell. To overcome this problem, a*“local” modeling approach is employed.
Instead of fitting alinear model to the entiretime series, thetime seriesisdivided into small segments,
and alinear model isfitinto eachlocal region of thetimeseries. That is, although thelocal prediction
model islinear, the parameters of the linear model adapt to the datain each region of thetime series.
The procedure is described below in detail.

2.8.1 Procedure

1. All three signals are decimated by a factor of four. This decimation reduces the original
sampling rate of thesignal, 44.88Hz, to alower rate, 11.22Hz. The decimation processfirst
filtersthe signal with an eighth-order lowpass Chebyshev typel filter for better anti-aliasing
performance. (The cutoff frequency is set to be (0.8/R)"(F/2). Here, F_ isthe original
sampling rate, 44.88Hz, and R isthe decimation rate, 4.) Then, the decimation process re-
samples the resulting filtered signal at the lower rate of 11.22Hz (Oppenheim and Willsky,
1996). Each signal consists of 26980 points with the duration of 601.1667 seconds and
resultsin asampling rate of 44.88Hz (=26980/601.1667Hz). Thissampling rate corresponds
to the Nyquist frequency of 22.44Hz. Because the response is mainly observed in the
frequency range of 0-5Hz, the signal is re-sampled at every fourth point resulting in the
Nyquist frequency of 5.61Hz.

Next, an individual signal isdivided into two parts. Thefirst halvesof Signal 1 and Signal
2 are employed to generate the reference database. Because each signal consists of 6745
(=26980/4) points after decimation, the first half of the signal is now composed of 3372
points. This 3372 point signal is further divided into smaller overlapping segments. The
length of asingle segment isset to be 1148. (The selection of thissegment length isdescribed
later.) Therefore, 2225 (=3372-1148+1) overlapping segments are generated from the first
half of Signal 1 using a moving time window with 1148 time points. In asimilar manner,
2225 segmentsare obtained from thefirst half of Signal 2. Therefore, the reference database
consists of atotal of 4450 signal blocks.

. Signal 3isdivided into two partsin the same fashion asin Step 2 and assume either the first
or second half of Signal 3 as a new data set. In this example, the whole procedure is
demonstrated using the second half of Signal 3. The second half of Signal 3isfurther divided
into three segments. Note that each segment has the same length of 1148 time points asall
the reference signal blocks?.

2 This calculation of a segment length is rather complicated. Asarule of thumb, the length of a segment is approximately 3372/3=1148. To be
more precise, each segment length is set to be the closest integer to (3372—q)/3+q. Here, g=max(a,b)+p+1. Values a, b, and p are defined in
Equations (32) and (29), respectively. (In this example, a=b=5 and p=30. Therefore, g=36.) Furthermore, between two consecutive segments, g
numbers of points are overlapped. That is, when the second half of Signal 3 is divided into 3 segments, each segment has 1148 time points, and
al three segments add to 3372 (=3x1148-2x36) points.

35



4.

5.

For each segment of the new data, the reference signalsarelooked up, and the signal segment
that is“closest” to the newly obtained oneisfound. This procedure can beinterpreted asa
normalization procedure that finds a reference signal segment recorded under a similar
“operational” or “environmental” condition as the newly measured one. The “closeness”
between two blocks is measured in the following manner.

4.1. For each segment x(t) from the reference database, construct an AR model with p
auto-regressive terms. In thisexample, an AR(30) is constructed, and an AR(p) model
can be written as

X(t) = i% X(t—j) +e.t) . (29)

This step isrepeated for all 4450 segments in the reference database.

4.2. Employing anew segment y(t) obtained from the second half of Signal 3, repeat Step
4.1 (Again, segment y(t) has the same length as segment x(t):

YO = D vt-i) + e (30)

Then, the signal segment x(t) closest to the new signal block y(t) is defined asthe one
that minimizes the difference of AR coefficients:

p
Difference= Y (¢, - 9,;)* . (31)
=1

It was assumed that the strain measurements are significantly affected by varying sea states.
Therefore, it is necessary to separate the changes in the system response caused by the
varying structural conditions from changes caused by varying sea states. It is assumed that
the error between the measurement and the prediction obtained by the AR model e (t) in
Equation (29) ismainly caused by the unknown external input. Based on this assumption,
an ARX model (auto-regressive model with exogenous inputs) is employed to reconstruct
theinput/output relationship between e (t) and x(t). (An ARX model isbasically identical to
an ARMA (Auto-Regressive and Moving-Average) model expect that the input to the ARX
model isaknown external input rather than white noise.) That is, considering the error term
g (t) an exogenous input to the system, an ARX(a,b) model isfit to the data to capture the
input/output relationship between e (t) and x(t). The ARX model is defined as
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W= Sa xt-) +3 B elt-)+e . (32

where € (t) is the residua error after fitting the ARX(a,b) model to the e (t) and x(t) pair.
The feature for the classification of damage status will later be related to this quantity, € (t).
ARX(5,5) isusedinthisexample. Here, thea and b values of the ARX model are set rather
arbitrarily. However, similar results are obtained for different a and b values aslong asthe
sum of aand b is kept smaller than p (a+b<p).

6. Next, an investigation is made to determine how well the ARX(a,b) model estimated in
Equation (32) reproduces the input/output relationship of ey(t) and y(t):

£, 0=y - Ya yit-) -Y 5 et ), 3

where ey(t) isconsidered to be an approximation of the system input estimated from Equation
(30). Again, note that the a, and [3,» coefficients are associated with x(t) and obtained from
Equation (32). Therefore, if the ARX model obtained from the reference signal block x(t)
was not agood representative of the newly obtained signal segment y(t) and ey(t) pair, there
would be a significant change in the probability distribution of the residual error, ey(t).

7. Findly theratio of o(ey)/o(sx) Is defined as the damage-sensitive feature in this particular
example. Here, o(sy) and o(e) are the estimated standard deviations of sy(t) and g(t),
respectively. If theratio of o(ey)/o(sx) becomes larger than some threshold value h (>1),

o(e,)
o(&,)

> h, (34)

the system is considered to have undergone some structural system changes. However, in
order to establish the threshold val ue, test data need to be acquired under different opera-
tional conditions, and the probability distribution of o(sy)/ o(¢,) first needsto be estimated.
Because the data sets provided are limited, the construction of the threshold val ue based
on arigorous statistical analysisis not achieved in this study.

The proposed AR-ARX approach is summarized below (see Figures 27-33) showing the training
guantities in blue and testing quantities in red:

Step 1: Filter all three signals using a low-pass Chebyshev type | filter and resample at a lower
sampling rate, R=4.

37



26980 time points 6745 (=26980/4) time points
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e

Figure 27: Decimation of all three signals using alow-pass Chebyshev Type | filter and
resampling rate, R=4.

Step 2: Divide Signals 1 and 2 into two halves. (Thefirst halves of the signals are used to generate
areference database, and the second halves are used for false-positive studies.)

Training Testing

»le
pre

Signal 1

Signal 2

l¢
[«

3372 points ! 3372 points

Figure 28: Division of Signals 1 and 2 into training and testing data sets.

Step3: To generate areference database, further dividethefirst half of Signal 1into 2225 overlapping
segmentswith 1148 time points. Thefirst half of Signal 2 isdivided inthe sameway resulting
in atotal of 4450 segments for the reference database.

Either the first half of Signal 1 or Signal 2 (3372 points)
| A A A A A A A Keyp)
Segment 1
1 1148
Segment 2
2 1149

Segment 3
3 QLA A A H 1150

Segment 2225

Generate 2225 segments
P 2225 QLA 9 3372

Figure 29: Construction of the reference database from the first halves of Signals 1 and 2.

38



Step 4: Divide either the first or second half of Signal 3 into three segments with 1148 points.

Either the first or second half of Signal 3 (3372 points)

Overlap between two segments 1148points

= 36 points = max(a,b)+p+1
Figure 30: Division of Signal 3 into three segments.

Step 5: Fit AR(30) modelsto all segments x(t) in the reference database and each segment y(t) inthe
test data.

Step 6: For a given test segment y(t), find a segment x(t) in the reference database such that the
difference in AR coefficients is minimized.

| x(1)’s in Reference Database | | (1) from Signal 3 (test data)

Eaiii]
[ A ]
°

S|

{

| Fit AR(30) to x(2)’s and y(?) |

|
' v

X()= Y@, x(t-j) te () W= Y@, ¥ )) Te, )

| |
!

Find the segment x(?) closest to y(?)

p
h that min = - 0.)
such that nir ;((0\, @)

Figure 31: Data Normalization Procedure.
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Step 7: Fit an ARX model to theinput/output relationship of the e (t) and x(t) pair from the segment
closest to y(t).

Step 8: Using theARX coefficientsestimated in Step 7, calculateresidual errorsfor the given segment
y(.

Fit ARX(5,5) to the x(?) and e, (7) pair and estimate (1)

v

x(t) = ia" x(t- 1) +/Z)B,~ e (t- j)TE()

!

Compute the residual error €,(¢) using @, and j3,

v

E,(0= (1) - Y0, vt 1) - Y B, et ))

Figure 32: The computation of the residual errors, € (t) and ey(t).

Step 9: Develop the standard deviation ratio of the residual errors, o(sy)/ o(e).

Thefirst 10 random tests The second 10 random tests

W : for each random selection, 2225 reference signal blocks are generated from thistraining set.

| : for each random selection, 10 testing segments are randomly selected from this testing set.

Figure 33: Data generation procedure for 20 random tests.
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2.8.2 Application to the Data of Surface-Effect Fast Patrol Boat

Thefirst exampleisconducted using thefirst half segmentsof Signals1 and 2 asthereference
database. Here, the first half of Signal 3 and the second half segments of Signals 1, 2, and 3 are
employed as four testing segments with 3372 time points. Figure 34 shows the measured time
series of the four testing segments and the corresponding prediction estimated using the ARX (5,5)
models as prescribed in Section 2.8.1. In Figure 35, the responsesin the range of 100-120 seconds
are enlarged for better comparison. Figure 36 displays the corresponding residual errors sy(t) as
defined in Equation (33). If the system has experienced achangein structural condition, the standard
deviation of new data, o(ey) defined in Equation (34), is expected to increase compared to the
standard deviation of thereference signal, o(¢,). For example, as showninthefirst row of Table 3,
o(sy) of the second half of Signal 1 increased about 57% from that of the selected reference signal
blocks. (Asmentioned earlier, each testing time series consist of 3372 points, and they are further
divided into 3 segments with 1148 points. Values o(ey) and o(¢,) are computed based on all the
residuals obtained from these three segments.) A smaller increase in standard deviation, 26%, is
observed for the second half of Signal 2. However, as expected, the standard deviations of thefirst
or second halves of Signal 3 significantly differ from those of the selected reference signals. The
standard deviations of the residual errors increased by 126% and 128%, for the first and second
halvesof Signal 3, respectively. A similar analysis, using the second half segmentsof Signals1 and
2 asthe reference signals, is presented in the second row of Table 3. In this second example, the
first half segments of Signals 1, 2, and 3, and the second half of Signal 3 are employed as testing
datasets. Again, alarger valueinthe o(ey)/o(sx) ratio isfound for theresiduals from Signal 3 than
those from either Signal 1 or Signal 2.

Third, similar tests are repeated 20 times by randomly drawing testing signal blocks from
Signals 1, 2, and 3 (see Figure 33). For thefirst 10 random tests, thefirst halves of Signals1 and 2
are used asthereference signals, and 10 testing signal blocks are sampled from each of thefirst half
of Signal 3 and the second half segmentsof Signals1, 2and 3. That is, 4 signal blocks are sampled
from Signals 1, 2, and 3 for an individual test. Each signal block consists with 1148 time points as
done in the previous examples. Testing blocks for the next 10 tests are collected from the first
halves of Signals 1, 2, and 3, and the second half of Signal 3 because the second halves of Signals
1 and 2 are used asthereference signals. To summarize, 20 blocks are sampled from either thefirst
or second half of Signal 1 depending on which portion of Signal 1 is used as part of the reference
database. Inasimilar way, 20 blocksaredrawn from Signal 2. An additional 40 blocksare collected
from Signal 3 (20 from thefirst half and another 20 from the second half). The o(ay)/ o(e) ratiosfor
these testing blocks are summarized in Table 4. On average, the 20 testing blocks sampled from
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Figure 34: Comparison of the measured vs. predicted signals.
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Figure 35: Comparison of the measured vs. predicted signals (zoomed).
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Figure 36: Comparison of residual errors of testing and reference signals.
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Table 3: Extracted feature: standard deviation ratio of the residual errors.

Signal 1 Signal 2 Signal 3
Extracted
Feature First half Second half First half Second half First half Second half
o) reference’ 1.5667 reference’ 1.2609 2.2625 2.2811
Ve T T
1.5045 reference 1.3995 reference 2.6209 2.5827

T Signal segments with the “reference” notation are used as part of the reference database.

Table 4: The standard deviation ratios for randomly selected signal blocks

a(e)lale)
Test # Sampled from Sampled from |Sampled fromthe | Sampled from the
Signal 1 Signal 2 st half of Signal 3 |2nd half of Signal 3
1t 1.6915 1.1345 2.2173 1.9195
27 1.2367 1.4677 1.9042 2.0268
3t 1.6073 1.1104 1.9582 2.6095
4t 1.4323 1.5986 2.2655 1.8834
5t 2.0823 1.1347 2.9996 21371
67 1.2297 1.3441 2.3015 2.0779
L4 1.6005 1.1093 2.3700 2.6070
87 1.8383 1.1276 1.9411 2.5943
of 1.4310 1.1927 1.7665 2.7302
10t 1.4383 1.6307 1.9356 1.8852
11% 1.2366 1.1643 2.1586 21232
12% 1.7118 1.6917 2.0868 2.4621
13% 1.3295 1.4766 2.0961 2.9358
14% 1.7655 1.7076 25354 2.1655
15% 1.2981 1.8125 2.6723 1.6629
16% 1.7632 1.7002 1.6828 2.5209
17% 1.3062 1.2913 2.7374 2.9335
18% 1.2767 1.8002 2.0038 2.9185
19% 1.7426 1.6811 1.9682 2.9864
20t 1.3568 1.4662 2.2023 2.2465
Average 1.5187 1.4321 2.1902 2.3713
T Thefirst halves of Signals 1 and 2 are used as the training database, and the testing blocks are sampled from the

second halves of Signals1 and 2.
¥ The second halves of Signals 1 and 2 are used as the training database, and the testing blocks are sampled from the
first halves of Signals 1 and 2.
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Signa 1 have o(ey)/o(sx) value of 1.5187. The average value for the 20 signals from Signal 2 is
1.4321. On the other hand, the 40 blocks sampled from Signal 3 have much larger increases in
standard deviation. The average valueis about 2.2808 (= (2.1902+2.3713)/2).

In Figure 37, separation of Signal 3 from Signals 1 and 2 is attempted by setting the threshold
valuein Equation (34) to be 1.85. Thisthreshold value (h=1.85) resultsin only 4 misclassifications
out of 80 tested cases. That is, 95% of the tested blocks are correctly assigned to their structural
conditions. Note that the threshold value employed here is established in rather an ad hoc manner.
When more test data become available, the threshold value should be established based on amore
rigorous statistical approach. However, it was shown that Signal 3 is somehow different from
either Signal 1 or Signal 2 employing the additional information that Signals 1 and 2 are obtained
from the same structural condition. The same procedure also showsthat Signals1 and 2 aresimilar.
The additional studies with randomly selected testing signals showed no false-positive indication
of damage, and discriminate Signal 3 from Signals 1 and 2 with a 95% success rate. It should be
noted that the separation of the two structural conditions is conducted in a supervised learning
mode because the construction of the threshold value requires the acquisition of data from both of
structural conditions.
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Figure 37: Separation of Signal 3 from Signals 1 and 2 using the ARX residual errors.
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2.9 Principal Component Analysis of AR Coefficients

The statistical process control approach in Section 2.5.1 uses the AR model as a means of
computing residual errors, which can be considered aunivariate feature. However, theAR parameters
themselvesin Equation (13) can be considered as a multivariate feature that characterizes a given
signal.

In order to investigate the AR parameters as a feature, the same decimation and windowing
strategy used to generate the moment statistics in Section 2.2 was adopted. A 1000 point window
was moved through the time series for each signal, and the parameters for an AR(30) model were
extracted. As before, 213 feature vectors were obtained for each signal. The features were
concatenated, and a PCA was performed as done before in Section 2.2. For visualization purposes,
the projections onto the first two principal components were computed, and the results are plotted
in Figure 38. It can be seen that the Signal 3 distribution is distinct from those of Signals 1 and 2.
More significantly, the features for one and two show some overlap. Unlike the situation for the
moment data, any datainterpolating between Signals 1 and 2 would remain distinct from the Signal
3 cluster, so it appearsthat agood initial feature vector has been found (the AR parameters), and an
effective feature extraction process (PCA) has presented itself.
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Figure 38: AR parametersfor Signals 1 to 3 projected on to the first two principal components.
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It is clear from the visualization that the projection onto the first principal component is
sufficient to separate Structural Condition 1 (Signals 1 and 2) from Structural Condition 2 (Signal
3). Infact, thefirst principal component contains 85% of the variance of theinitial 30-dimensional
set. Figure 39 shows density estimates for the one-dimensional projection for all three signals. A
threshold at about —2 is an effective delineator. PCA has provided asingle dimensional feature that
unambiguously separates Structural Condition 2 from Condition 1.
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Figure 39: Kernel density estimates of PDFs for signals projected onto the first principal
component.

2.10 Outlier Analysis Using AR Coefficients

2.10.1 Outlier Analysis

Outlier analysis and removal has long been a concern of statisticians, and the subject has a
large literature. The standard reference, though, is Barnett and Lewis (1994). A study of direct
relevance to structural health and condition monitoring can be found in Worden, et al. (2000). As
before, only the briefest survey is given here for the sake of completeness.

A discordant outlier in adata set is an observation that is surprisingly different from the rest
of the dataand thereforeis believed to be generated by an aternative mechanism. The discordance
of the candidate outlier isameasure, which may be compared against some objective criterion. This
measure allows the outlier to be judged to be statistically likely or unlikely to have come from an
assumed generating model. For damage detection purposes, the generating model is simply the
normal condition features of the machine or structure.

The case of outlier detection in univariate data is relatively straightforward in that outliers
must “stick out” from one end or the other of the data set distribution. There are numerousdiscordance
tests but one of the most common, and the one whose extension to multivariate datawill be employed
later, is based on deviation statistics and given by
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Z = X , (35)

where x. is the potential outlier, and Xand s are the sample mean and standard deviation,
respectively. The latter two values may be calculated with or without the potential outlier in the
sample depending upon whether inclusive or exclusive measures are preferred. This discordance
valueis then compared to some threshold value and to determine if the observation is an outliers.

In general, a multivariate data set consisting of n observations in p variables may be
represented as n points in p-dimensional object space. It becomes clear that detection of outliers
in multivariate data is more difficult than in the univariate case due to the potential outlier having
more “room to hide.”

The discordance test, which is the multivariate equivaent of Equation (35), is the
Mahalanobis squared distance measure given by

D, =(x; =X)"s™(x; =X) , (36)

where X isthe potential outlier vector, X isthe mean vector of the sample observations, and s
is the sample covariance matrix.

As with the univariate discordance test, the mean and covariance may be inclusive or
exclusive measures. In many practical situations the outlier is not known beforehand, and so the
test would necessarily be conducted inclusively. In the case of on-line damage detection, the
potential outlier is, however, aways known beforehand. (It is simply the most recently sampled
point). Therefore, it is more sensible to calculate a value for the Mahalanobis squared distance
without this observation “contaminating” the statistics of the normal data. Whichever method is
used, the Mahalanobis squared distance of the potential outlier is checked against a threshold
value, asin the univariate case, and its status determined.

Determination of the rgection threshold is critical. This value is dependent on both the number of
observations and the dimension of feature space being selected. A Monte Carlo method was used hereto
arive a the threshold vaue. The procedure for this method was to construct a p xn (dimension of
feature space x number of observations) matrix with each element being a randomly generated
number from a normal distribution with zero mean and a unit variance. The Mahalanobis squared

3Here outlier detection is used synonymously with novelty detection. The ideais to associate a new state of the
system with the outliers. This use is distinguished from other uses of the outlier analysis in statistics, where the
outlier may simply result from afault in the data capture and be removed in order that it not bias any statistics
estimated on the other data.
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distances were calculated for all the p-vector components, using Equation (36) where X and s
are inclusive measures, and the largest value stored. This process was repeated for at least 1000
trials whereupon the array containing al the largest Mahalanobis squared distances was then
ordered in terms of magnitude. The critical values for the 5% and 1% tests of discordance are
given by the Mahalanobis squared distances in the array above which 5% and 1% of the trials
occur. This process is rather time-consuming and even more so if an exclusive threshold is
required; fortunately a simple formulais available that converts inclusive to exclusive thresholds
and vice-versa (Barnett and Lewis, 1994).

Note that there is an implicit assumption throughout that the normal condition set has a
Gaussian distribution. This assumption will not generally be true. However, if the deviations
from the normality are small, i.e., the true distribution is unimoda and has appropriately
weighted tails, the outlier analysis may work very well. Considering the data shown in Figure 5,
the features from Structural Condition 1 (Signa 1 and 2) would clearly have a bimodal density.
It would be possible to use outlier analysis here, but it would give an extremely conservative
diagnostic, as a Gaussian with high variance would be needed to adequately cover both clusters.
In the case of Figure 5, the fitted Gaussian distribution would almost certainly encompass the
features from Signal 3 and would be incapable of showing them to be novel. If the normal
condition set is multimodal or deviates significantly from a Gaussian distribution, other methods
would be generally used. Possible dternatives include density estimates (Bishop, 1995 and
Tarassenko, 1995) or auto-associative networks (Pomerleau, 1993, Worden, 1997).

2.10.2 Application to the Data of Surface-Effect Fast Patrol Boat

The 30-dimensional AR parameters used in Section 2.5.1 were used again for an outlier
anaysis. The training data were composed of half of Signal 1 and Signa 2. In order to
compensate for the nonstationarity of the AR parameter sequence, the training data and testing
data were taken alternately from the relevant feature sets. This sampling procedure means that
the training data are sampled from the whole time range of the record. The testing data
comprised the remaining features from Signals 1 and 2 together with al the features from Signal
3. The resulting outlier statistic is shown in Figure 35. The threshold is the 99.99% confidence
threshold; any values above this threshold have a less than 0.01% probability of arising as a
random fluctuation on the normal condition set. There is an extremely clear separation between
Structural Condition 1 and Structural Condition 2, also note that all points in the testing set from
Signals 1 and 2 are well below threshold implying no false-positive indication of change in the
structural condition.
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Figure 40: Outlier statistic for Signals 1 to 3.
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3 SUMMARY

Staff at NRL provided data corresponding to three time histories measured on a Norwegian
surface-effectsfast patrol boat with fiber-optic strain gages. They specified that Signal 3 wasobtained
when the boat was in a different structural condition than when Signals 1 and 2 were obtained.
Also, thestructural condition wasthe samewhen Signals 1 and 2 wereobtained. Following LANL's
statistical pattern recognition paradigm for structural health monitoring and noting that the operational
evaluation and data acquisition portions of this paradigm had been completed by NDRE and NRL,
this study tried to identify features from the strain time histories that will distinguish Signal 3 from
Signals 1 and 2. These same features must also show that Signals 1 and 2 are not significantly
different.

The process of feature extraction began by first looking at statistics of the strain time histories
such as mean amplitude, standard deviation, skewness, and kurtosis. Also, probability density
estimations were plotted along with Fourier spectraof the signals. Observations of these values or
plots showed no consistent trend that could be used to distinguish Signal 3from Signalsland 2. In
many cases, features such as the mean value, standard deviation, and kurtosis made it appear that
Signal 2 was more similar to Signal 3 than to Signal 1. The plots of the Fourier spectra and the
probability density estimates are consistent with the observation that Signal 2 appears more similar
to Signal 3. The conclusion from this portion of the analysis was that environmental conditions
such as seastates or operational conditions such asthe boat speed were making it extremely difficult
to distinguish between the two structural states. Finally, the assumption was made that the large
number of negative peaks observed in the Signal 2 time history are the result of the boat’s hull
repeatedly impacting waves. However, there is no way to verify that this assumption is accurate
based on the information provided by NRL. Note that the negative peaks observed in Signal 2
manifest themselves in the form of alarger skewness value when compared with the other signals
and a corresponding distorted probability density estimation.

An additional analysis of the first four statistical moments was performed using principal
component analysis. Two hundred thirteen estimates of these moments were obtained from
overlapping windows of the time series data, which were concatenated and decomposed using
PCA.. The projections onto the first two principal components were then extracted. The moment
data showed that the features corresponding to the three signals are separabl e in the two-dimensional
projection. Because PCA is alinear orthogonal transformation, the data must be separable in the
original four-dimensional space as well. However, the features for Signal 3 sit between those for
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Signals 1 and 2. This observation eliminates the moment statistics as useful features for structural
condition assessment. Because Signals 1 and 2 clearly do not represent afull range of the operational
and environmental conditions for Structural Condition 1, the clusters corresponding to Signals 1
and 2 are digointed. For the full range of normal operational and environmental conditions, the
features from these data would be expected to interpol ate between the features of Signals 1 and 2.
Thisfull range of features would overlap substantially with those of Signal 3 making it difficult to
classify Signal 3 as novel from those data collected when the boat was in Structural Condition 1.

Next, residua errors between AR models that were fit to the measured strain data and the
actual datawere used as damage-sensitivefeatures. An auto-correlation analysiswasfirst performed
in an effort to estimate the appropriate AR model order so that correlation in the residual errors
would be minimized. The AR model was first estimated from a fit to the Signal 1 strain time
history. This same model was then used to predict each of the measured strain time-histories and
calculate the respective residua errors. Aswith the analysis of the strain time histories, the basic
statistics of the residual errors (mean, standard deviation and kurtosis) showed that the Signal 2
appears to be more closely related to Signal 3 than to Signal 1. A statistical procedure commonly
referred to asacontrol chart was used to further analyze the similarities and differences between the
threeresidual error time-histories. Thetwo control chartsthat were employed, X-bar and S control
charts, examine change in the mean value and standard deviation of theresidual errors. Again, the
results of this statistical analysis show that Signal 2 appears to be more closely related to Signal 3
thanto Signal 1.

The bicoherence and spectrogram were used to qualitatively identify damage-sensitivefeatures.
The bicoherence was applied to the strain time histories and the residual error time historiesin an
effort to identify coupling between frequencies that may be indicative of damage. No consistent
trendsrelated to the two structural states could beidentified through the qualitative visual inspection
of the bicoherence. The spectrogram, which computes a moving-time-window Fourier spectrum,
can be used to identify nonstationary system response. Similarly, this analysis did not show any
gualitative trends that could be used to distinguish the two different structural conditions.

In an effort to normalize the data and remove operational and/or environmental effects, the
residual errorsfrom the AR model were assumed to be primarily related to the unmeasured system
input. These residual errors were considered as the input and an auto-regressive model with
exogenous inputs (ARX) wasfit to the measured strain time-histories. Theresidual errorsfrom the
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ARX model were then used to generate damage-sensitive features. The actual damage-sensitive
feature wastheratio of the standard deviations of the residual errorsfrom the similar portions of the
two signalsbeing analyzed. A key aspect of thisanalysiswasthat the damage-sensitive feature was
generated from portions of the various strain time histories that were “similar.” Here the similar
portion isdefined as portions of the signalswherethe differencein the AR coefficientsfrom thetwo
signals was minimized. This search of a similar signal could be interpreted as a normalization
procedure to find a signal portion, which is recorded under a similar operation condition as the
newly obtained signal, from the existing database. The feature employed in this study, the standard
deviation ratio, showed a clear distinction between Signal 3 and Signals 1 and 2. Also, Signals 1
and 2 appeared to be similar when compared through thisfeature. To validate the proposed approach,
80 signal segmentswererandomly sampled for damage classification. Out of 80 tested cases, there
were only 4 misclassifications. That is, 95% of the tested signal blocks are correctly assigned to
their actual structural conditions. Finally, out of 40 segments obtained from Signals 1 and 2, there
was only one false-positive indication of damage, and the rest of 39 cases are correctly assigned to
“Structural Condition 1.”

The final analysis shown here makes use of outlier analysis in order to separate the two
structural conditions. In contrast to the previous analysisin which AR modelswere used to generate
residual errors (univariate features), this procedure used the AR coefficients themselves as
multivariate features. The analysisproved very successful in separating Signal 3from Signals1 and
2 despite the underlying assumption that the distribution of Structural Condition 1 datawas Gaussian.
Note that the process of feature extraction also required anumber of assumptions. A moving window
was passed over the data, and the AR parameters were extracted from each window. The window
sizeand thewindow overlap are parametersthat need to be specified a priori, and these specifications
should be justified. The window size affects the accuracy to which the AR parameters can be
measured, and the window overlap controlsthe degree of correlation between estimates from adjacent
windows in the sequence.

As shown here, there have been a lot of “design parameters’ or “knobs’ assigned rather
arbitrarily throughout this study. Other examples of design parameters include the time window
size for spectrogram analysis, the order of AR or ARX models for residual error calculation, the
type and order of filtering for decimation, and the choice of a kernel function and a smoothing
parameter for kernel density estimation, the subgroup size in control chart analysis, and so on.
These design parameters undoubtedly affect the analysis results that were presented in this study,
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and the optimum valuesfor these parameters should be sought. However, instead of fully addressing
thisissue, the design parameters were mainly determined based on previous experience of similar
problems and trial-and-errors.

The conclusion from thisstudy isthat if the signalsare properly normalized, thetwo different
structural conditions can be identified. However, the ability to accomplish this discrimination was
highly dependent on a priori knowledge that Signal 3 corresponded to a different structural state
than that of Signals1 and 2. Also, theknowledgethat Signals 1 and 2 came from the same structural
state was necessary to develop the normalization procedure. That is, the discrimination procedure
was developed in a supervised learning mode. However, the normalization procedure does not
require the measure of environmental or operational variations of a system. No need for such
measurement becomes a significant advantage for a variety of structures including the fast patrol
boat presented here. For example, the ability to measure sea statesin the case of the fast patrol boat
can be extremely difficult.

It should be pointed out that the procedure developed has only been verified on a limited
amount of data. Ideally, it would be necessary to examine many time records corresponding to a
wide range of operational and environmental cases as well as different damage scenarios before
one could state with confidence that the proposed method is robust enough to be used in practice.
Finally, the analyses performed in this study only identify that the structural condition has changed.
Analysisof asensor array isnecessary if oneisto locate the changing structural condition and, most
likely, poses other challenges that have not been encountered in this study.

55



ACKNOWLEDGEMENT

All members of the Los Alamos Structural Health Monitoring Team contributed to this the
study reported herein. The team membersinclude George Papcum and Michael L. Fugate from the
Computer, Information, and Communication Group; and Scott Doebling from the Engineering
Analysis Group. Funding for this investigation came primarily through Los Alamos National
Laboratory’s Director’s Funded Postdoctoral Fellows Program.

56



APPENDIX

In this appendix, the theory behind the AR-ARX model presented in the report is briefly
summarized, and the advantage of the AR-ARX model over the ARMA modd is illustrated
using synthetic data.

A.1 ARMA MODEL

A general ARMA model can be represented by the following equation:

X0 = Sa xt-i) +3 B, &t 1) +e). (A1)

Here a and b are the orders of auto-regressive and moving-average terms, respectively. The value
&(t) is aunknown white noise process. To estimate the ARMA model, a;, 4, and &t) in Equation
(A1) need to be estimated simultaneously. This approach generally requires an iterative
procedure to solve a genera nonlinear optimization. Alternatively, the parameters of the ARMA
model can be estimated by a two-stage linear identification process described hereafter (Mayne
and Firoozan, 1982).

Hannan and Kavalieris (1984) show that a high-order AR model is able to approximate any
ARMA models arbitrarily well. Then, by fitting a high-order AR model to x(t) in Equation (A1),
the estimate of the unknown white noise input, €(t), can be obtained:

o) =E0 =X - Y, xt-1) . #2)

where e(t)(=£€ (t)) isthe estimate of £t) in Equation (A1). ¢; isthe auto-regressive term, and p is
the order of the AR model. Note that the order of this AR model needs to be larger than the sum
of the ARMA ordersin Equation (Al). That is, p=atb.

Next, an ARX mode isformed to estimate the input/output relationship between e(t) and x(t):
a b
(1) = D a x(t=i) +) B e(t-j)+e(t) (A3)
i=1 j=1

Now, a, A, can be obtained by an instrumental variable method (Ljung, 1987). (This
instrumental variable method is basically similar to solving simple least squares equations.) For
example, if an instrumental variable vector is introduced,

#(t) = [X(t 1) ... x(t-a) e(t-1) ... e(t—D)] ". (Ad)
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Equation (A3) becomes

M) =x(t)-¢(t)' &, (AS)
where &[ay...aa B ... BT .

The least square estimate of &, which minimizes &(t), can be shown to be

8=R(n)*f(n) , (A6)

where

R(D=1¢(0) #07 and F(m) ==Y $(0) x(1) (A7)

Therefore, by using a two-step linear approximation procedure (AR-ARX modeling: AR fitting
in the first step and ARX estimation in the second step), the parameters of the original ARMA
model in Equation (Al) is estimated without solving a complicated nonlinear optimization
problem. The ARMA parameters estimated in this two-step approximation can be also used as an
initial guess for the following nonlinear optimization. Note that arbitrary initial parameter

estimate can converge to alocal minimum.

When the ARMA parameters o, 3, and &t) are estimated simultaneously, &t) also
becomes a function of the ARMA parameter 8. Then, Equation (A1) can be represented in a
similar fashion to Equation (A5)

£(t,0) = x(t)-¢(t,0)" 6, (A8)
where d(t, & = [x(t-1) ... x(t-a) &t-1, 9 ... t-b, §]".

The objective is to minimize the following quadratic norm of &t, € with respect to &

11 11
0(9) :—Z —g(t,e)zz—z—[x(t)—¢(t,€)T€]2. (A9)
N 2 ni= 2
Note that because ¢(t,6) is now a function of &, this object function cannot be minimized by

analytical methods. Therefore, the solution is usually sought by the following iterative technique:
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6..=6-cG'0'@) , (A10)

where 67' denotes the estimate of & at the ith iteration. The value ¢; is a positive constant to
control an appropriate decrease in the values of O(6H). O’(é) is the gradient vector of O(6)
obtained at él . The value G; is a directional matrix that modifies the search direction.
Depending on the choice of G;, severa minimization methods are available. The ssmplest choice
of Gj isto take it as the identity matrix, G;=I. This choice makes Equation (A10) the gradient or
steepest-decent method. Choosing Gi=O"(é) makes Equation (A10) a Newton method.

A.2 AR-ARX MODEL

As shown in the previous section, an AR-ARX model is basically a linear approximation
of an ARMA model. However, the way this AR-ARX mode is implemented for damage
diagnosis problems makes the proposed AR-ARX approach unique. First, AR models are
constructed for areference signal x(t) and anew signal y(t):

KO = Y xt-1) +e ) ady) =Yg, vit- i) +e,. (A1)

Then, an ARX model is formed with x(t) as output and e(t), which is the residual error estimated
from the previous AR model, as input:

K= T xt-i) 4B, et )+, (A1)

Finally, the a; and [3; parameters estimated from the x(t) and e(t) pair are used to reproduce
the output and input relationship between y(t) and g(t):

£, 0=y - Ya yit-) -Y 5 ,t-) (A13)

Note that the a; and (3 coefficients are associated with the reference signal x(t) and are obtained
from Equation (A12). Therefore, if the ARX model, obtained from x(t) and g(t), were not a good
representative of the y(t) and e,(t) pair, there would be a significant change in the probability
distribution of the residual error &(t) associated with the new signal y(t).

A similar procedure can be gpplied to the origind ARMA modd. For example, the o; and f3;
coefficients of an ARMA modd can be estimated from the reference signa x(t), and the estimated

59



ARMA model can be used to predict the new signal y(t). The next section, however, demonstrates
that the proposed AR-ARX model is more sensitive to dynamic characteristic changes of a system
than the equivalent ARMA model, justifying the use of the AR-ARX model in damage detection
problems.

A.3 Comparison of ARMA and AR-ARX Models

To compare the damage diagnosi s performance of theAR-ARX and ARMA models, synthetic
data sets are generated in this example. First, a reference signal is generated from the following
ARMA(2, 2) process:

X(t) = L5xX(t-1)-0.7X(t—2) +&,(t) +1.5¢,(t -1) +0.9¢, (t - 2) (A14)

AnAR-ARX model isthen estimated by following the linear approximation procedure described in
SectionA.1. AnARMA model isalso estimated by using theAR-ARX model asaninitial guessand
solving the nonlinear optimization problem. Figure A1 shows how well the AR-ARX and ARMA
models reproduce the reference signal, which is used to construct the model. The white noise input
€ (t) is generated from a Gaussian distribution with zero mean and unit standard deviation. Figure
A1(a) shows that both AR-ARX and ARMA models successfully reproduce the reference signal.
The estimated standard deviation of the prediction error is 1.12 and 1.04 for the AR-ARX and
ARMA models, respectively.

Next, these AR-ARX and ARMA models are employed to predict the response of a new
signal y(t), which is ssmulated from the following equation:

y(t) = 14y(t-1)-0.7y(t-2) + £, (t) + 15¢, (t-1+ 1.0¢, (t-2) . (A15)

Becausetheinitial ARMA (2, 2) process has changed from Equation (A 14) to Equation (A15)
(the coefficient of the first auto-regressive term changed from 1.5 to 1.4, and the third moving-
average term varied from 0.9 to 1.0), the AR-ARX and ARMA models estimated previously are
expected to indicate the system change by increasing the prediction errors. When the AR-ARX
model isemployed, the standard deviation of the prediction errors, o(€), increasesfrom the previous
value 1.12 t0 25.99 clearly revealing the system change. On the other hand, the of(€) values obtained
from the ARMA model barely change from 1.04 to 1.10 failing to discover the system change (see
FigureA1(b)).
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(a) Reproduction of the training signal, x(t)

50 T T T T T T T T T
—— Actual signal, o(e )— 1.0000
. — — AR ARX model, 0( )=1.1244
= _ ARMA model, o(e_)=1.0433
5
S o
®©
>
S
[}
[}
o
50 | | | | | | | | |
2 2.2 2.4 2.6 2.8 3 3.2 34 3.6 3.8 4
Time (sec)
(b) Prediction of a new signal y(t) after the system changed
100 T T T T T T T T T
—— Actual signal, o(e )= 1.0000
. — — AR ARX model, O'(Ey)=25.9888 f\
= 501 _  ARMA model, o(e )=1.0968 ! A ]
@ y P\ \
é / A I\J\ 1 T 1 ™1 | | \ [\ N
5] 0 »
El , \ \ !
C | /A
2 N \ YARUAE NN RRVERY
Dq:) 50 I~ \/ - | - \ | I \ /o
\ | \
v
100 | | | | | | | | |
2 22 24 2.6 2.8 3 3.2 3.4 3.6 3.8 4
Time (sec)

Figure A1l: Damage sensitivity comparison of AR-ARX and ARMA models.

While the AR-ARX model tries to predict the input ey(t) and output y(t) relationship of the
new signal using the a; and B, coefficients, theARMA model attemptsto reproduce only the output
y(t) giventhe a, and B, coefficients. That is, the ARMA has additional flexibilitieswith the arbitrary
input ey(t) making the ARMA model less sensitive to system changes. Therefore, this example
illustrates the effectiveness of using the AR-ARX model for damage detection problems.
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