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(57) ABSTRACT

Signal processing technology for assessing dynamic system
similarity for fault detection and other applications is based
on time- and frequency-domain time series analysis tech-
niques and compares the entire autocorrelation structure of a
test and reference signal series. The test and reference signals
are first subjected to similar pre-processing to help guarantee
signal stationarity. Pre-processing may include formation of
multivariate signal clusters, filtering and sampling. Multivari-
ate periodograms or autocovariance functions are then calcu-
lated for each signal series. Test statistics are computed and
assessed to determine the equality of the test and reference
signals. When the difference between sample autocovariance
functions or periodograms of such signals exceeds a prese-
lected threshold value, fault detection signals and/or related
diagnostic information are provided as output to a user.
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SYSTEM AND METHOD TO ASSESS SIGNAL
SIMILARITY WITH APPLICATIONS TO
DIAGNOSTICS AND PROGNOSTICS

PRIORITY CLAIM

This application claims the benefit of priority of previously
filed provisional application with the same title and inventors
as present, having U.S. Provisional Patent Application Ser.
No. 60/950,164, filed Jul. 17, 2007, which is incorporated
herein by reference for all purposes.

BACKGROUND OF THE INVENTION

Various engineering technologies have been developed for
use in a wide variety of scientific and other environments,
including but not limited to the fields of engineering, (geo)
physics, biology, astrophysics, medicine, econometrics, mili-
tary applications and analysis of economics and environmen-
tal and other sciences. The systems and technologies
developed in these fields and others are often quite complex,
thus requiring modeling techniques to monitor and analyze
system performance. In particular, diagnostics techniques for
detecting fault occurrence(s) by analyzing sensory informa-
tion are often beneficial approaches to system modeling.

Diagnostic strategies are generally designed to compare
parameters associated with an operational system to some
sort of theoretical reference of the same parameters. More
particularly, some diagnostic methods that assess signal
behavior typically analyze system residuals, or errors
between a system’s actual measured behavior and that of a
benchmark/reference condition quantifying normal or
expected behavior. Most diagnostic strategies can be broadly
characterized as either a Model-Based or Model-Free
approach. In model-based methods, an analytical model gen-
erates the reference system conditions. Exemplary model-
based implementations include parameter estimation (e.g.,
that provide equation and/or output error determinations),
observer-based methods (e.g., Kalman residuals and fault
filters), parity space equations, and transfer functions (e.g.,
frequency response). In contrast, model-free techniques pri-
marily rely on the actual operational system parameters for
referencing and diagnostics. Exemplary model-free imple-
mentations include heuristic and fuzzy methods (e.g., Baye-
sian and Decision Algorithms), vibrations analysis methods
or signal-based methods (e.g., frequency domain methods
such as Fast Fourier Transforms (FFTs) or wavelet transforms
and limit checking) and learning methods (e.g., neural net-
works and stochastic methods such as those involving time
series analysis).

Several specific distinctions can be drawn between model-
based and model-free diagnostics. With particular reference
to conventional model-based diagnostics, analytic redun-
dancy of different signals ensures that each signal can be
reproduced by an analytic model. The core aspect of model-
based diagnostic techniques is a comparison between the
model-generated signal and the actual signal.

With particular regard to conventional model-free diagnos-
tics, signals are directly processed in the time or frequency
domain to extract certain signal properties and subsequent
analysis of those properties is then performed. Anomaly cri-
teria are based on a static template of healthy system proper-
ties, thus disregarding the potential effects of actual system
dynamics. The absence of a redundant reference in model-
free diagnostic techniques can sometimes compromise the
robustness of such technology.
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2

Several issues have been identified as potential concerns
with presently existing model-free and model-based diagnos-
tic techniques. In general, some traditional models often fail
to accurately describe the system behavior due to measure-
ment uncertainties, nonlinear effects and oversimplified
assumptions. Other more particular concerns are based on
development limitations in conventional model-based diag-
nostics which focus on the introduction of signal-processing
concepts (e.g., wavelet decomposition, fuzzy logic and Kal-
man filtering) to classical modeling approaches. Conven-
tional analytical models were substituted by learning-based
models to decrease modeling uncertainties. Diagnostics did
not fully address the analogies between conventional
dynamic concepts (e.g., impulse response and stability) and
major stochastic properties such as autocovariance and sta-
tionarity. The only multivariate approach involves principle
component analysis which typically disregards the system
dynamic characteristics.

In light of existing techniques for analyzing system perfor-
mance, a need remains for a technique that addresses two
main fundamentals—whether or not system behavior has
changed over time and whether two signals obey the same
structure. These fundamentals are generally addressed in
accordance with the presently disclosed technology by prog-
nostics (describing and forecasting slow time drifts in system
behavior) and diagnostics (detecting and defining system
departures from normal or reference behavior). In one
embodiment of the present technology, a rigorous statistical
method and enhanced diagnostics tool minimizes misclassi-
fication errors and wrong conclusions and also applies mul-
tivariate time series techniques in assessing the intrinsic
dynamics of a certain system.

BRIEF SUMMARY OF THE INVENTION

Objects and advantages of the present invention will be
apparent to one of skill in the art upon careful review of the
disclosure and/or practice of the subject matter. The objects
and advantages include providing methods and systems for
assessing the dynamic similarity of two or more dynamic
systems. The diagnostic techniques enable system assess-
ment without the need for mathematical models. The meth-
odology also provides for customized error thresholds to
tailor different levels of signal equality and comparison. Still
further, the techniques may be applied to a wide spectrum of
potential applications, including system fault diagnosis and
similarity assessment of two time series arising in engineer-
ing and non-engineering applications (e.g., meteorological,
biological, geological, astrological, and others).

Signal processing technology for assessing dynamic sys-
tem similarity for fault detection and other applications is
based on time- and frequency-domain time series analysis
techniques and compares the autocorrelation structure of a
test and reference signal series. The test and reference signals
may first be subjected to optional similar pre-processing to
help guarantee signal stationarity. Pre-processing, if applied,
may include formation of multivariate signal clusters, filter-
ing and sampling. If frequency-domain analysis is employed,
multivariate periodograms are then calculated for each signal
series. If time-domain analysis is employed, auto covariance
functions are calculated for each signal series. Time-domain
or frequency-domain test statistics are computed and
assessed to determine the equality of the test and reference
signals. When the difference between sample autocovariance
functions or periodograms of such signals exceeds a prese-
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lected threshold value, fault detection signals or other diag-
nostic outputs are provided to a user.

BRIEF DESCRIPTION OF THE DRAWINGS

A full and enabling disclosure of the present invention,
including the best mode thereof, to one of ordinary skill in the
art, is set forth more particularly in the remainder of the
specification, including reference to the accompanying fig-
ures, in which:

FIG. 1a is a flow diagram of exemplary steps associated
with frequency-domain signal processing techniques of the
present invention;

FIG. 15 is a flow diagram of exemplary steps associated
with time-domain signal processing techniques of the present
invention;

FIG. 2a is a flow diagram of additional exemplary steps
associated with frequency-domain signal processing tech-
niques of the present invention;

FIG. 2b is a flow diagram of additional exemplary steps
associated with time-domain signal processing techniques of
the present invention;

FIG. 3 is a schematic block diagram of exemplary hard-
ware components for implementing steps of the present sig-
nal processing methodology;

FIG. 41s a graphical representation of an exemplary system
output signal;

FIG. 5 is a graphical representation of an exemplary auto-
correlation function performed on the output signal of FIG. 4;

FIG. 6 is a graphical representation comparing an exem-
plary impulse response signal and autocorrelation signal;

FIG. 7 is a graphical representation of an experimental
fault application for oil cooler blockage performed using
diagnostics techniques of the present invention;

FIG. 8 is a graphical representation of an experimental
fault application for high frequency relief valve chattering
using diagnostics techniques of the present invention;

FIGS. 9a and 95 are respective graphical representations of
an experimental temperature correlation between two nearby
cities using diagnostic techniques of the present invention;
and

FIGS.10a and 105 are respective graphical representations
of an experimental precipitation correlation between two
nearby cities using diagnostic techniques of the present
invention.

Repeat use of reference characters in the present specifi-
cation and drawings is intended to represent the same or
analogous features or elements of the present invention.

DETAILED DESCRIPTION OF THE INVENTION

Reference will now be made in detail to various and alter-
native exemplary embodiments and to the accompanying
drawings, with like numerals representing substantially iden-
tical structural elements. Each example is provided by way of
explanation, and not as a limitation. In fact, it will be apparent
to those skilled in the art that modifications and variations can
be made without departing from the scope or spirit of the
disclosure. For instance, features illustrated or described as
part of one embodiment may be used on another embodiment
to yield a still further embodiment. Thus, it is intended that the
present disclosure includes modifications and variations as
will be appreciated by one of ordinary skill in the art.

The specification makes use of the following variables and
nomenclature, which are presented in a reference format for
convenience of the reader:
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TABLE 1

Nomenclature Reference List

AN Asymptotic normal variable

d Multivariate signal dimension

E(x) Expectation of quantity x

F Fault signal

F(w) Spectral density function at frequency ®
G Spectral Gram matrix

H Spectral block matrix
I(w) Periodogram of multivariate time
series, Identity matrix (R%*9)

J(w) Fourier transform at frequency ®

, Time lags
L Predetermined number of lag intervals
M Total number of signal samples
N Time series length, Normal distribution
P(A) Probability of event A
S Spectral decomposition matrix
t time
t, Time of high value of autocorrelation
TS Test Statistic

u System input

w Window length, Wishart distribution

{X,} Reference multivariate signal

X System state, Signal component

{Y,} Test multivariate signal

Y System output

Z Standard complex normal variable
(€

{Z()} White noise signal

[¢3 Error probability

T (h) Multivariate covariance function at lag h

y (h) Single variable covariance function at
lagh

K Sampling time buffer zone

) Summation

D Standard normal distribution

Y Euler digamma function

Wy Fourier frequency 2nk/N

In general, the disclosed technology provides a system and
related methodology for assessing the dynamic similarity of
two system signals. Although the disclosure makes reference
to comparison of signals associated with two systems (test
and reference), it should be appreciated that more systems
may be analyzed in accordance with the presently disclosed
techniques. Still further, any number of test parameters asso-
ciated with the selected systems may also be analyzed using
the disclosed technology. The specific number of systems and
signals as described herein is merely as an example and
should not be unnecessarily limiting to the disclosed technol-
ogy.

FIGS. 2a and 25 are now discussed—{irst, with reference
to the exemplary frequency-domain processing techniques of
FIG. 2a and second, with reference to the exemplary time-
domain processing techniques of FIG. 24.

Referring now to FIG. 24, a first set of signals 10a corre-
sponds to the test signals and a second set of signals 106
corresponds to reference signals. The required data forming
these two signal sets 10a and 105 can be gathered from a
variety of sources, including but not limited to real time
monitoring of the system, historical inventories of similar
systems, simulated data generated from analytical models
and the like. Embodiments of the invention are based on time-
and frequency-domain time series analysis techniques and
differ from principal component discrimination techniques in
that the entire autocorrelation structure of the target and ref-
erence series are compared, as opposed to just the variance.
Also, direct assessment of the dynamic system conditions is
achieved with the same level of redundancy and without the
need for analytical models.
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Referring still to FIG. 2a, additional exemplary steps asso-
ciated with a dynamic system assessment method will now be
discussed. Both sets of system signals, test signals 10a and
reference signals 105, may optionally be subjected to respec-
tive pre-processing steps 12a and 1254 respectively. In one
embodiment, preprocessing steps 12a and 125 are the same
for both signal sets 10a and 105 to help guarantee statistical
stationarity. In some other embodiments, pre-processing
techniques that are similar yet not identical could be utilized.
Inone embodiment, pre-processing steps 12a and 125 involve
forming multivariate signal clusters that are selected accord-
ing to the dynamic system aspect to be assessed. In subse-
quent respective steps 14a and 145, the periodogram (a spec-
tral density estimate such as but not limited to a Fast Fourier
Transform (FFT)) is calculated for each pre-processed signal
set. If the signals are multivariate, then a multivariate peri-
odogram is calculated for each set of signals. Dynamic prop-
erties of the test and reference signals are then compared in
step 16 by testing the similarity of the autocovariance func-
tions of the two system signals. With more particular refer-
ence to step 16, frequency-domain signal discrimination test
statistics are computed and assessed. Equality of the test and
reference signals is rejected when the multivariate peri-
odograms are too dissimilar. This signal assessment involves
rigorous statistical quantification and is based on asymptotic
chi-squared statistical properties of the sample autocovari-
ance functions. Additional aspects of these signal properties
and calculations will be presented later in further detail.

With reference to FIG. 2b, additional aspects of the dis-
closed signal processing techniques as may be performed
using time-domain signal analysis are now discussed. It
should be appreciated that some aspects illustrated or
described in FIG. 24 are similar to aspects illustrated in FIG.
2a, and either process may include or exclude some of the
features or steps that are shown in one figure and not the other.

In FIG. 25, a first multivariate signal cluster A corresponds
to a set of reference signals 11a and a second multivariate
signal cluster B corresponds to a set of test signals 115. These
signal groupings are similar to signal sets 10a and 105
depicted in FIG. 2a, yet are already provided in multivariate
cluster form. Although not illustrated in FIG. 24, both sets of
system signals, reference signals 11a and test signals 115,
may optionally be subjected to respective pre-processing
steps, such as steps 12a and 124 described relative to FIG. 2a.
In subsequent respective steps 13a and 135, the sample auto-
covariance {\A(l S}, led is calculated for each optionally pre-
processed reference signal set {X,} and test signal set {Y,}.
The autocovariances from steps 13a and 135 are calculated
for the time lags h from h=0, 1, ..., L, where L is a value that
can be predefined by a system user, depending on the desired
length of signal comparison testing. For the reference signal
set, the covariance of the multivariate auto covariance is also
calculated in step 15. Dynamic properties of the test and
reference signals are then compared in step 17 by generating
the test statistics for the respective test and reference signals
and testing the similarity of the autocovariance functions of
the two system signals. With more particular reference to step
17, time-domain signal discrimination test statistics are com-
puted and assessed. Equality of the test and reference signals
is rejected when the sample autocovariance of the two signals
differs greatly. If rejection occurs in step 19, then diagnostic
outputs might indicate in step 21 that the two systems do not
have similar dynamics. If rejection does not occur in step 19,
then diagnostic outputs might indicate in step 23 that the two
systems do have similar dynamics. As with FIG. 2a, more
particular aspects of the rigorous statistical quantification
involved in FIG. 25 will now be presented in greater detail.
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In accordance with exemplary aspects of the disclosed
signal processing techniques, relevant second order statistical
properties such as the second order moments of the test and
reference time series are calculated. When the test and refer-
ence signals are Gaussian, signal equality is implied in a
distributional sense when the autocovariance functions coin-
cide. It should be appreciated that other second-order statis-
tical modeling variations are within the spirit and scope of the
presently disclosed techniques.

Exploiting these second order statistical properties for fault
diagnosis purposes and others can facilitate understanding of
the system’s intrinsic dynamics without reliance on any ana-
Iytical representation of the system’s physical phenomena.
The autocovariance is defined as v,(k)=Cov(X,, X,, ), where
k is the time lag. The autocovariance is an even function (i.e.,
vx(K)=yx(-k)) and independent of t for stationary systems.
The variance is v,(0)=E[X 2] for zero mean signals, and the
autocorrelation function is expressed as

yx (k)
k)=
=0

= Cor(X;, X))

A graphical illustration of an exemplary autocorrelation func-
tion is provided in FIG. 5 for the exemplary output signal
represented in the graphical illustration of FIG. 4.

Additional insights are attained by comparing the relation
between the impulse response and the covariance function.
This relationship can be defined as

= M
yar =Y wyxth= ),

J=0

where {X,} is the input, {Y,} is the output and y,,(h) is the
cross-covariance of the input and the output at lag h. This
relation demonstrates a strong link between dynamic proper-
ties and second order statistical properties, aspects of which
can be appreciated graphically in FIG. 6. FIG. 6 shows the
closeness of both impulse response and autocorrelation for an
AR(1) system expressed as X,=aX, |+Z,.

More particular discussion of the appropriate multivariate
signal properties and resultant test statistics will now be pro-
vided. It should be appreciated that the relation between the
multivariate signal properties constitutes the major concept in
deriving the appropriate test statistic for the hypothesis test to
assess the similarity between the multivariate autocovariance
functions. With particular reference to the multivariate auto-
covariance function, the multivariate reference system signal
{X,} " and the multivariate test system signal {Y,},_,”¥ both
have dimension d. A test is developed to assess the equality of
their autocovariance matrix functions {I'y(k)},—,™ and {T',
(k)} =0, which is expressed in the component by component
form

yxuk) ..o yxia(k) 2
[y (k) = :
Yxark) ... Yxaa(k)
yruk) ... yyalk)
and [y (k) = :
yrark) ... Yyaa(k)



US 8,378,816 B2

7

For one signal, the multivariate spectral density is
expressed as:

fxu(wy) 3

e fxig(w;))

frlw) = %kz T(ke i =

=—co

fxal(w;) o fxaa(w;)

where (), 1=k=d is the individual component spectral
density and f; () is the cross spectrum of components k and
j at frequency o. The parameter i=V=T and w is the frequency
over the range we[0, wt] since f, (w) is conjugate even and
fi,(w)=1; (-w)*, where * denotes complex conjugate trans-
pose. The values of w; can be calculated from w;=2mj/N,
where 0=j=N/2. The periodogram may then be expressed as
Ly(,)=T ()] *(m,), which is the outer product of the spec-
tral vector. The spectral vector can be defined in terms of the
discrete Fourier transform of the multivariate signal as

v @
Ix(w) =NT2Y X,
t=1

where J (o)) has a multivariate complex normal distribution
with mean 0 and variance 27wtf(w,).

To determine the similarity of the autocovariance function
of'two different series, a hypothesis is set forth which estab-
lishes the statistical framework. Under the null hypothesis,
reference signal {X,},_,” and test signal {Y,},_,”¥ have equal
autocovariance functions {Iy(k)},—"={T'Wk)},—~, and
also equal spectral density for each frequency over the range
0=w=mn. Further, since both f{w) and f}{w) are Hermitian
non-negative definite matrices, they can be rewritten as:

£l @)=s (@)s:(@)* and fy{@)=sp{(@)s5(®)*.

The spectral vectors for both signals can be expressed as

®

T w)=55(0,)z (®;) and T{m)=s {0)z (), (6)

where z,(®;) and 7,(w)) are standard complex normal multi-
variate random variables.

At each Fourier frequency wj, and for M independent
samples of equal length W from each signal with M=d, a
block matrix of the corresponding spectral vector can be
expressed as

HX(wj):[JXl(wj)JXz(wj)a cee >JXM((Dj)] (72)

Hy( @)=, (@) T3y (0), - - ., Ty, (@))]

Multiplying by the conjugate transpose and applying the
decomposition defined in equation (6) to the block matrices
Hy(w)) and Hy(w)) yields

(7b)

Hx(mj)HX(mj)*:sx(mj)(zXl(mj), e I ;)
Cxy (@), - - 2 (0)) 55 (@))% (82)
Hy(opHp(0)*=s{0))(zy,(@)), . . ., 25, (@)
Er ), -+ - 5 Zry (0;)*s ()" (8b)
The Gram matrices Gy(m)=(zy(0), . . ) 2y, (w))
(ZXI((Dj)s cees ZXM((U]'))* and GY(U‘)j):(ZYI((Dj)s cees ZYM(UU]))(ZY1
(), ..., zy, (0)))* have a central complex Wishart distribu-

tion expressed as G(w)~W (M, 1) and G{w)~W (M, D).
Considering the natural logarithm of the determinants, one
has

log {det [Hy(w)Hy(w;)*]}-log {det [Hy(w)Hy

(@,)*1}=log {det[ Gx())]}-log {det[Gy(w)]} ©
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and hence a test statistic (T'S) can be expressed as

TS=log {det[Hy(;)Hx(;)*]}-log {det[H{w,)
Hyw)*1},
which has a zero mean and a variance equal to the Euler
Trigamma function with parameter M. For large N, the
asymptotic normality

(10)

d-1
TS~AN[O, zz WM - 1)]

=0

can be applied to obtain appropriate false alarm confidence
limits. For a level of significance a, the probability of reject-
ing the null hypothesis is

an

d-1
|75| / 23 UM =D > Bap =0,
=0

where ®@,__, , is the standard normal quantile corresponding
to a cumulative probability of 1-0.5a.

The test statistic and signal similarity comparisons derived
above in equations (10) and (11) can be used when it is desired
to implement the subject signal processing techniques in the
frequency domain. However, it should be appreciated that the
analysis can also be done in the time domain. The following
discussion now describes how to develop a time domain test
statistic to assess multivariate signal equality. The test is
based on Bartlett’s asymptotic formula for multivariate sta-
tionary series. Specifically, let

T(h) = EXenX,] = i) 12
and
A | Nk 13
) = WZJ Ko = X)X, = X =y 0

denote the theoretical and sample autocovariances,

respectively, of a d-dimensional multivariate series {X,} at
lag h. Here, X=N"'X_ X where N is the series length.
Bartlett’s result states that the collection of sample autocova-
riances v, ,(h) are jointly asymptotically normal with

i nCov(d; (), 9i,(q) = 14

Z {E[Xr,iXHp'jXHr'k X,HW,,] =%/ PYel(@).
Pl

The technical assumptions needed here are that {X,} has the
linear process representation

> 1s)
X = Z Ve Z,
k=—oc0

where {Z,} is independent and identically distributed zero
mean noise with a finite fourth moment and 2,___ *W¥,l<w
(in a component by component sense). These assumptions
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ensure that {X,} is fourth order stationary (in fact {X,}
is strictly stationary), which implies that E[Xt,l.XHP P
X 4req] does not depend on t.

In the case where {X,} is Gaussian, equation (14) simpli-
fies to

t+r.k

lim nCov(F, /(p), 9,,(9) = 16

Z ia Myjulr—p+g) +yisr + @y u(r = p)l

The test statistic (T'S) assessing multivariate signal equality
is simply

AT ~ -1 ~

TS = gAF W AT, an

Here, ir is an Ld*+d(d-1)/2 dimensional vector whose
elements are aggregated from sample autocovariances at lags
0,1,...,L as follows. Specifically, define

N5

for h=0 and 1=i,j=d. The first d(d-1)/2 elements of AT are
obtained by stacking the lag h=0 components of 1} in the order
MO 15 - - -:M0) 5 MO); 5, - - - M(0); 5 M(0,,, The next d?
elements of AT are simply the lag h=1 components of
stacked in the usual ‘row first column second order’ of
N sMDyg - D gy - - - M)z The remaining
components of AT are the lag 2, . . . , L components of 1)
stacked in a row first column second order (there are d*
components for each lag. As ¥, =].(O)Z\A(j,i(O), we cannot use
entries from ‘both above and below the main diagonal’ for lag
h=0 as this would make the covariance matrix of AT singular.
The quantity W is simply the covariance matrix of AT, , com-
puted via estimating quantities in equation (14). Fourth
moments are estimated as

E[XO,iXp,jXr,k Xr+q,l] = Nilz Xr,in+p,jXr+r,k Xr+r+q,l, (1 8)

tes

where the set S contains all indices t such that t, t+p, t+r, and
t+r+qallliein {1, ..., N}. The infinite sum in equations (14)
or (16) is truncated at £N'/3. Specifically,

Cov(; (P)s Ve s(@) = 19
NS 07— p+ @+ 95+ 97 140 = )]
|H=nL/3

can be used as an estimator of the components in W. In
equation (19),

1
vi,j(h) = 5[5’)(;;,1'(}!) + Py (]

is used as the estimate of y, ;(h) under the null hypothesis of
signal equality. Here, the subscripts of X andY merely refer to
sample covariances computed from the reference signal {X,}
and the target signal {Y,} respectively.
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In conclusion, the multivariate time domain test rejects
signal equality when TS is too large to be explained by chance
variation. Specifically, the distribution of TS under the null
hypothesis of signal equality is chi-squared with d(d-1)/2+
d’L degrees of freedom.

More particular aspects of how the subject dynamic system
assessment methodology can be implemented will now be
discussed with reference to FIGS. 1a, 15 and 3. With refer-
ence to FIG. 3, the system signals to be monitored (generally
including both test and reference signals 10) are provided to
a computer 20 or other general-purpose or customized com-
puting or processing device having any suitable form ofhard-
ware architecture or configuration that can be adapted to
implement digital signal processing techniques. Although
FIG. 3 only illustrates a single computer or processing device
20, it should be appreciated that multiple processors operat-
ing independently or in a collaborative series, parallel or
distributed fashion may be utilized to implement the subject
technology.

Embodiments of the methods and systems set forth herein
may be implemented by one or more of such computers 20
that access software instructions rendered in a computer-
readable form, which thus configure the computing device(s)
to function as special purpose machine(s) adapted to perform
designated algorithmic steps. Software instructions may be
stored in one or more portions of computer-readable media as
computer-readable instructions which, when executed by at
least one computer 20, cause the at least one computer to
implement one or more embodiments of the methods dis-
closed herein. Any suitable computer-readable medium or
media may be used to implement or practice the presently-
disclosed subject matter, including diskettes, drives, and
other magnetic-based storage media, optical storage media,
including disks (including CD-ROMS, DVD-ROMS, and
variants thereof), flash, RAM, ROM, and other memory
devices, and the like. Further, any suitable programming,
scripting, or other type of language or combinations of lan-
guages may be used to implement the teachings contained
herein. Embodiments of the methods and systems set forth
herein may alternatively be implemented by hard-wired logic
or other circuitry, including, but not limited to application-
specific circuits. Of course, combinations of computer-ex-
ecuted software and hard-wired logic may be suitable, as
well.

In one embodiment, the computer-readable media is
embodied by data storage element 25 depicted in F1G. 3. Data
storage 25 may be coupled to computer/signal processor 20
such that the processor 20 can have direct access to executable
instructions or to system data which may be stored therein.
Additional data that may be stored in data storage 25 may
include one or more of the system signals (i.e., test and
reference signals provided at element 10), threshold levels
customizably selected by a user via input device 24, and
processing outputs generated by the processor 20, including
but not limited to data indicating the failure instances and
corresponding probabilities associated with signal similarity
comparisons of the present technology.

Referring still to FIG. 3, system signals 10 may in some
embodiments be relayed through a signal converter 22 before
being received at computer 20. Signal converter 22 may be
employed to render system signals 10 in a format that is
compatible with the computer 20. In one example, signal
converter 22 corresponds to an analog-to-digital (A/D) con-
verter or the like. One or more input device 24 may also be
coupled to computer 22. Input device may correspond, for
example, to such devices as a keyboard, mouse, touch-screen,
scanner, microphone or other device with which a user may
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provide input to computer 22. Input device 24 may be
employed by a user to set customizable threshold limits and
other parameters associated with the subject system diagnos-
tics. Output device 26 may correspond, for example, to one or
more of such devices as a display, monitor, printer, speaker or
the like for providing output to a user. A visual, audio or other
output preferably relays in a user-accessible form the results
of the system analysis conducted by computer 20. In one
embodiment, numeric and/or graphical illustrations of the
comparisons may be provided. In another embodiment, out-
puts indicate the occurrence or detection of a fault (such as by
a triggered visual or audible alarm output). Variations to the
exemplary input and output devices should be appreciated by
one of skill in the art and is not intended to limit the scope of
the present technology. It should be appreciated that in some
embodiments, a single device can serve as an integrated input
and output (1/0) device as opposed to having separate devices
24 and 26 as illustrated in FIG. 3.

The computer of FIG. 3 functions to implement various
algorithmic steps as set forthin FIGS. 1a, 15, 2a and 26. More
particular aspects of such steps will now be discussed with
reference to FIGS. 1a and 15. FIGS. 14 and 15 include many
of the same steps, and discussion of a step with reference to
one figure should equally apply where appropriate to the
same step in the other figure.

A first step 30 involves providing incoming system signals.
In one embodiment, at least one test signal and at least one
reference signal are provided. In preferred embodiments, the
test and reference signals are multivariate signals. Steps 32,
34,36 and 38 may all be part of what are generally referred to
as pre-processing steps 12a and 126 in FIG. 2a. Step 32
involves forming multivariate clusters of d signals. Provision
of a signal cluster helps achieve improved diagnostic results
by considering information included in the inter-correlation
between different signals, as opposed to mere single signal
analysis. Such inter-correlation directly contributes to the
depiction of system dynamics and raises the information base
for system analysis from d to d*, where d is the number of
signals in the multivariate cluster.

Signals are then analyzed in step 34 to determine ifthey are
stationary (statistically time invariant) with zero mean. If
signals are determined to be stationary in step 34, then the
algorithm proceeds to a partitioning step 38. If not, the signals
may first be filtered in step 36 to help guarantee test condi-
tions. In one embodiment, filtering step 36 involves applica-
tion of a linear filter so that signal mapping will correspond to
the same probability space mapping. In another embodiment,
filters of the “ARIMA (p,d,q)” type are applied to shorten the
signal memory component, remove periodicities, and guar-
antee a zero-mean condition. In this expression of an ARIMA
model, p represents the auto regressive order, d the time shift
value, and q the moving average order.

Referring still to FIGS. 1a and 15, pre-processing step 38
involves partitioning the test and reference signals into M
samples, where M=d. Independence of the M samples may
be achieved by separating samples by a buffer period, k, that
satisfies

S
lim — =0.

N—oo

The buffer period may be chosen such that the time correla-
tion of the signal at lag Ikl is statistically insignificant. In one
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embodiment, the buffer period ¥ may be selected to be greater
than t_, which is the time lag value of the highest existing time
correlation in the data.

Signal partitioning of test and reference signals as
described above in step 38 may be utilized as part of a prog-
nostics application in one embodiment of the present tech-
nology, which generally helps to describe and forecast slow
time drifts and other aspects of system behavior. For example,
a sliding subseries of test and reference signals may be
obtained by using a variety of time-shifted samples, such as
described above. The test statistic formula(s) disclosed herein
can be applied to selected subseries of the signal samples to
create and analyze a sequence of test statistics which can be
analyzed for trends. From the collection of sequenced infor-
mation obtained from testing various signal samples, it is
possible for a user to determine the likelihood of violating a
prescribed threshold value at some time in the future. In this
manner, test statistics can provide not only information about
what is happening in a test system at the past or present time,
but also a forecast of likely system performance in the future.

At step 40, signals may be separately routed depending on
whether training is needed or desired for the signals. In one
embodiment as illustrated in FIG. 1a, Y (1), which is the set of
multivariate test signals, is provided directly to processing
step 44. At step 42, pre-processed reference signals may be
stored in one or more dynamic conditions library. Reference
and test signals are ultimately both provided to processing
step 44, where the dynamic system comparison is effected as
aprocess of multiple substeps. Step 44 in FIG. 1a is generally
directed to processing in the frequency domain, and step 44'
of FIG. 15 is generally directed to processing in the time
domain. Additional discussion of both steps 44 and 44' will
now be presented in order.

In step/process 44, Fast Fourier Transforms (FFTs) are
used to speed up computations and make the algorithm more
suitable for real-time applications. Thus, for each frequency
and each sample, the spectral vectors Jy,(w,) and Jy(w)) are
calculated, where 1=i=M. For each frequency, the block
matrices Hy(m,)'Hy(w,)) of the spectral vectors are formed
corresponding to the different samples. A threshold variable
o is established as

M-1
Ol-a/2) | 3 IM =D,
=0

and the test statistic defined by equation (10) is calculated for
each frequency (or some selected subset of frequencies). In
accordance with customizable aspects of the present technol-
ogy, the threshold can be adjusted to accommodate for small
deviations and thus develop a more robust methodology. A
calculation is then performed that determines the percentage
of the test statistic that is less than or equal to the threshold
value a.. The results of the algorithmic analysis and signal
comparison may be provided as output to auser in a variety of
forms as previously mentioned. In the exemplary embodi-
ment of FIG. 1a, if the test statistic percentage is less than the
threshold value, then no system failure is indicated at step 48.
A fault will be signaled at step 50 if the test statistic percent-
age is less than the defined threshold.

In step/process 44' of FIG. 15, sample auto covariance
functions are calculated for each dimension {i,j=1 . ..d} of
each of the multivariate test and reference series signals. The
sample auto covariance functions are calculated for a plural-
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ity of time lags, specifically for time lags h=0, 1, ..., L for
some predetermined value of L. The covariance of the mul-
tivariate reference series autocovariance is also calculated in
step 44'. These various calculated quantities are used to gen-
erate the test statistic defined in equation (17). A threshold
variable a. is also established as

M-1
Ol —a/2) Z (M =1
=0

In accordance with customizable aspects of the present tech-
nology, the threshold can be adjusted to accommodate for
small deviations and thus develop a more robust methodol-
ogy. A calculation is then performed that determines the per-
centage of the test statistic that is less than or equal to the
threshold value c.. The results of the algorithmic analysis and
signal comparison may be provided as output to a user in a
variety of forms as previously mentioned. In the exemplary
embodiment of FIG. 15, if the test statistic percentage is less
than the threshold value, then no system failure is indicated at
step 48. A fault will be signaled at step 50 if the test statistic
percentage is less than the defined threshold.

The present invention may be better understood with ref-
erence to the following examples.

EXAMPLE 1

The disclosed system diagnostics technology was applied
to monitor the fuel flow rate signals for a Mercury® brand
stationary gas turbine, such as manufactured and sold by
Solar Turbines Incorporated, a company owned by Caterpil-
lar, which is typically used to supply peak load shaving power
to a facility during periods of high demand. Operation of this
exemplary turbine has an average of six hours continuous
rating per run, with a maximum rating of 4.5 MW. The Mer-
cury 50 turbine is a stand-alone turbine which has an exten-
sive array of sensors that may be monitored in real-time. A
communication interface was established between the turbine
controller and a data acquisition station.

Two experimental faults were introduced to the Mercury
50 turbine. A first fault was a partial blockage of the oil cooler
air passage that mimics possible blockage caused by slug
formation. The partial blockage began after approximately
two hours of normal operation and continued for another
seventy-five (75) minutes before the oil header temperature
sensor reading triggered a red-line alarm and initiated a tur-
bine shut down for high oil temperature. During this period,
the oil header temperature rose 37.5% from forty-eight
degrees Celsius (48° C.) to sixty-six degrees Celsius (66° C.).
The second experimental fault represents a situation during
normal operation in which the compressor relief valve par-
tially opens with no control command causing a compressor
pressure leak and affecting the turbine power rating. To rep-
licate this situation experimentally, the calculation block of
the turbine controller was given a false feedback value indi-
cating that the relief valve was fully closed while it was
manually kept open at about a 2.0% rate. The true feedback
signal of the valve position was overridden to mimic the
actual leak situation. Based on these two faults, different fault
scenarios were implemented to investigate the robustness and
sensitivity of the proposed strategy.

For all fault scenarios, a bi-variate signal cluster composed
of the pressure at the compressor delivery (PCD) and the
generated power (power in MW) was selected. This cluster
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represents both the thermo-fluidic and the electrical proper-
ties of the gas turbine. Another signal that may be monitored
is the turbine rotor inlet temperature (TRIT). For this cluster,
two sample segments of width W, with 750 data points and a
single buffer zone k of 15 data points were chosen to make a
total sample length of 1515 seconds based on a sample rate of
one second. This sample length was appropriate to accom-
modate both the data volume and the fault detection resolu-
tion. A sliding sampling procedure was applied with a varying
step ranging from five to forty seconds according to the total
duration observation. All test and reference signals were pre-
processed with an ARIMA(0,1,0) filter. For each sample, the
test statistic was calculated for each Fourier frequency and the
probability, P, was calculated, as expressed in equation (11),
based on a confidence limit of ten percent (10%). A graphical
representation of the threshold percentage comparison versus
time is provided in FIG. 7. The portion 60 of the signal output
that exceeded the 90% confidence threshold (i.e., when varia-
tion in temperature reaches 10%) indicated a failure condi-
tion. It should be appreciated that in some embodiments,
additional processing could be implemented to account for
signal spikes, noise or other signal occurrences that may
affect false fault detection. FIG. 8 provides a graphical illus-
tration of the second exemplary experimental fault, which
simulated a compressor relief valve leak. The selected signal
cluster again included PCD and generated power, and a simi-
lar 10% false alarm threshold was utilized. Fault detection
existed during the time period 70 illustrated in FIG. 8.

EXAMPLE 2

The above time-domain processing techniques as most
particularly described with reference to FIGS. 15 and 256 were
used to study monthly weather patterns of two nearby cities,
namely Athens and Atlanta, Ga., in the United States. Athens
and Atlanta both lie in the Piedmont region of North Georgia,
approximately seventy-five miles apart. Local folklore states
that the two towns enjoy similar weather. Actual operational
similarity of the weather patterns can be analyzed using the
disclosed techniques, which were particularly applied to tem-
perature and precipitation analysis for the two cities.

FIGS. 9a and 95 display monthly average temperatures for
Athens and Atlanta, respectively. The temperatures are aver-
aged over all days in each month for both stations during a
time period inclusive of January 1950 until December 2003.
There are N=648 observations for each series. FIGS. 10a4 and
105 respectively display the total monthly precipitation at the
Athens and Atlanta stations over the same period of record as
the temperatures of FIGS. 94 and 95. Here, the number of
dimensions d=2 for the analyzed signals.

As seasonality is clearly present in the temperatures (win-
ter temperatures are colder and more variable than summer
temperatures), some preprocessing of the individual series is
helpful. Although rainfall has a “weaker” seasonal cycle than
temperatures, a seasonal mean is still present. (NOTE: Fall
months are driest and Spring months are wettest.) To make
zero mean stationary series, preprocessing may simply adjust
these series by subtracting a monthly sample mean and then
dividing by a monthly sample standard deviation.

The time domain statistic TS for multivariate signal equal-
ity of the seasonally adjusted series, as calculated from the
formula set forth in equation (17) is TS=14.773 with L=5 and
a corresponding p-value (i.e., probability of accurate signal
similarity comparison) of approximately 0.9206. With .=10,
the test statistic TS=22.5796 with a corresponding p-value of
0.9956. Because both calculations enjoy a relatively high
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p-value, conclusions can be made with a large degree of
confidence that Athens and Atlanta do indeed enjoy similar
weather.

It is appreciated by persons skilled in the art that what has
been particularly shown and described above is not meant to
be limiting, but instead serves to show and teach various
exemplary implementations of the present subject matter. The
scope of the present invention includes both combinations
and sub-combinations of various features discussed herein,
along with such variations and modifications as would occur
to a person of skill in the art. Although only a few exemplary
embodiments of this invention have been described in detail
above, those skilled in the art will readily appreciate that
many modifications are possible in the exemplary embodi-
ments without materially departing from the novel teachings
and advantages of this invention. Accordingly, all such modi-
fications are intended to be included within the scope of this
invention. Further, it is recognized that many embodiments
may be conceived that do not achieve all of the advantages of
some embodiments, yet the absence of a particular advantage
shall not be construed to necessarily mean that such an
embodiment is outside the scope of the present invention.

What is claimed is:

1. A method for assessing dynamic system similarity, said
method comprising the following steps:

providing at least one multivariate test signal associated

with an operational system;

providing at least one multivariate reference signal associ-

ated with the operational system;

comparing the signal similarity of the second-order

moment of the at least one multivariate test signal with
the second-order moment of the at least one multivariate
reference signal;

establishing a selected threshold level defining a maximum

allowable deviation for the signal similarity of the sec-
ond-order moments of the at least one multivariate test
and reference signals;

determining when the signal similarity of the second-order

moments of the at least one multivariate test and refer-
ence signals fails to remain within the selected threshold
level; and

providing output to a user indicating instances when the

selected threshold level is exceeded;

wherein said step of comparing the signal similarity is

performed using time-domain processing techniques

and more particularly comprises the steps of:

calculating the auto-covariance matrix functions for the
at least one respective multivariate test and reference
signals;

calculating the covariance of the auto-covariance of the
at least one multivariate reference signal;

generating a test statistic using in part the calculated
auto-covariance matrix functions for the at least one
respective multivariate test and reference signals and
the covariance of the auto-covariance of the at least
one multivariate reference signal;

determining when the test statistic crosses the selected
threshold level.

2. The method of claim 1, wherein elements of each auto-
covariance matrix function are calculated for different time
lags from time 0, 1, 2, . . ., L, for a predetermined value L.

3. The method of claim 1, further comprising a step imple-
mented before said comparing step of pre-processing the at
least one multivariate test and reference signals, wherein the
same pre-processing techniques are applied to both of the at
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least one multivariate test and reference signals, and wherein
the pre-processing techniques are configured to increase sig-
nal stationarity.

4. The method of claim 3, wherein said step of pre-process-
ing comprises one or more of filtering and sampling the at
least one multivariate test and reference signals.

5. The method of claim 1, wherein said step of providing
output to a user comprises providing a probability calculation
for each instance when the selected threshold is exceeded to
indicate to the user the probability that the detection of signal
dissimilarity is accurate.

6. The method of claim 1, wherein said comparing and
determining steps are performed for a series of time-shifted
samples of the at least one respective multivariate test and
reference signals.

7. The method of claim 6, further comprising a step of
providing output to the user indicating the likelihood that the
selected threshold level will be violated by the operational
system at a future time based on the comparing and determin-
ing steps performed for the selected time-shifted samples of
the at least one respective multivariate test and reference
signals.

8. A system for assessing dynamic system similarity, com-
prising:

a signal processor adapted to:

(i) receive at least one multivariate test signal and at least
one multivariate reference signal associated with an
operational system;

(i1) compare the signal similarity of the second-order
moment of the at least one multivariate test signal
with the second-order moment of the at least one
multivariate reference signal; and

(iii) determine when the signal similarity of the second-
order moments of the at least one multivariate test and
reference signals fails to remain within a preselected
threshold of signal similarity;

an output device coupled to said signal processor, said

output device configured to provide visual or audio out-

put to a user indicating instances when the selected
threshold level of signal similarity is not met; and
wherein said signal processor is further adapted to:
calculate the auto-covariance matrix functions for the at
least one respective multivariate test and reference
signals;

calculate the covariance of the auto-covariance of the at
least one multivariate reference signal;

generate a test statistic using in part the calculated auto-
covariance matrix functions for the at least one
respective multivariate test and reference signals and
the covariance of the auto-covariance of the at least
one multivariate reference signal; and

determine when the test statistic fails to remain within
the preselected threshold of signal similarity.

9. The system of claim 8, further comprising an input
device adapted for providing user selection of the threshold
used to determine signal similarity.

10. The system of claim 8, further comprising a data stor-
age element coupled to said signal processor for storing
executable instructions, selected ones of the at least one mul-
tivariate test and reference signals, and selected outputs cal-
culated by said signal processor.

11. The system of claim 8, wherein said signal processor is
adapted to calculate elements of each auto-covariance matrix
function for different time lags from time 0, 1,2, .. ., L, for
a predetermined value L.

12. The system of claim 8, wherein said signal processor is
further adapted to implement similar pre-processing tech-
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niques to the at least one multivariate test and reference sig-
nals to increase signal stationarity.

13. The system of claim 12, wherein the pre-processing
techniques implemented by said signal processor comprise
one or more of filtering and sampling the at least one multi-
variate test and reference signals.

14. The system of claim 8, wherein said signal processor is
further adapted to compare the signal similarity of the sec-
ond-order moment of the at least one multivariate test signal
with the second-order moment of the at least one multivariate

18

reference signal for a series of time-shifted samples of the at
least one respective multivariate test and reference signals.
15. The system of claim 14, wherein said output device is
further configured to provide output to the user indicating the
likelihood that the selected threshold level of signal similarity
will be met at a future time based on the sequence of com-
parisons made for the selected time-shifted samples of the at
least one respective multivariate test and reference signals.

#* #* #* #* #*
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