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ABSTRACT

With the complexity and expense involved in industrial systems today, detecting
failures or faults in the system and identifying these faults has become an important
topic. Applying fault detection and identification (FDI) methods to complex systems
can be both a time and cost saving measure. Because of the importance of an accurate
system model for use in model-based FDI methods, system identification methocis
have also become an important aspect of the complete FDI system. This thesis
investigates two topics related to the effect of input excitation on system identification
for model-based fault detection. First, the topic of fault detection in the absence of
sufficient input excitation is considered. For the case considered here the input can
not be chosen arbitrarily during system identification. A method is introduced for
residual generation based on subspace identification. Secondly, the case where the
input can be chosen arbitrarily within system constraints is considered. This topic
introduces a method of input design for system identification focusing on parameter

identification and parameter variation fault detection.
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Chapter 1

INTRODUCTION

As industrial systems become more complex it is important to have accurate
methods for detecting and isolating failures or faults in these systems. Failures in any
system can create costs due to down time and defective products. In complex systems,
there are too many actions and sensors to be monitored manually. Therefore, it is
necessary to have an automated monitoring system to alert the operator when a failure
has occurred and to identify the location of this failure. Much of the Fault Detection
and Identification (FDI) literature for dynamic systems has dealt with methods that
require an analytical model, or “model-based” FDI. However in industrial systems it
is usually too expensive or too complicated to develop a first principles model. Thus,
System Identification (SI) is truly the first step in the FDI process.

When using model-based FDI methods, the accuracy of the SI method becomes
very important to the success of any FDI algorithm. Modeling errors introduced
by the SI method can appear as process faults to the FDI algorithm, leading to false
alarms. Thus the effectiveness of the FDI algorithm depends, in part, on the accuracy

of the SI method implemented. In many situations it may be more effective to treat



these separate actions as a combined effort of system monitoring to reap the most
benefit.

To this end, this thesis will focus on two aspects of system identification for
model-based FDI. Both concern the effect of input excitation on the fault detection
process. However they differ in their approach. First, a method will be presented for
handling fault detection in the absence of sufficient input excitation during the sys-
tem identification stage. When the input to the system can not be chosen arbitrarily,
system identification must be performed using production data. This data may not
include a complete picture of the dynamics of the system if the input was not suffi-
ciently exciting. It will be shown that when using a Dynamic Principal Component
Analysis approach to system identification, if the correlation structure of the system
identification input differs from that of the input during fault detection, the residual
will scale with the size of the input instead of the level of noise in the system. This
does not allow the expected noise level to be used as a bound on nominal residuals.
In this case the resulting residual will indicate a fault has occurred based on modeling
errors instead of actual failures in the system. However, this issue can be dealt with
by adjusting the residual generation methods during fault detection. This thesis sug-
gests a method of partial system identification during the residual generation process
where the error resulting from the unmodeled dynamics is filtered from the residual

resulting in a residual that scales with the level of noise in the system during nominal



operation. Thus the expect level of noise in the system can again be used as a bound
on the nominal residual and a residual which grown above this bound will indicate a
fault in the system. It is shown that this residual filtering allows for improved fault
detection in the case where the input excitation varies between the data used for
system identification and data monitored during the fault detection process.

In contrast, the second situation investigated occurs when the input can be
chosen arbitrarily, within some system constraints. In this case, methods will be
developed for an input design problem where the fault detection method utilizes
parameter identification and parameter variation to detect faults. Specifically, we will
propose a method for input design when nonlinear combinations of the parameters
(such as products or ratios) are of interest. This work was originally motivated by
the problem presented in Hilt et al. (2006) in which a thin film deposition process was
described for which proper operating conditions should be verified through the ratio
of certain parameters in a linear identification model. In Hilt et al. (2005), a simple
input design method was proposed for estimation of this ratio. The work in this thesis
extends this by considering other nonlinear combinations of parameters, allowing for
nonlinear parameter constraints, and considering the effect of time correlations in the
input sequence. In addition, the input is designed to allow maximize accuracy in
detecting faults when monitoring the variation in the ratio of these parameters.

In summary, the contributions of this thesis are:



o A residual generation method for achieving fault detection when the input ex-

citation during system identification is poor.

e A computable characterization of the variation of estimates for products and

ratios of signals and parameters.

e A design process for arbitrary input design for parameter ratio estimation with

ratio constraints that results in a convex optimization problem.

The remainder of this thesis is organized as follows. In Chapter 2, relevant prior
research in the areas of SI, FD, input excitation, and input design are discussed.
This chapter will give an overview of the important issues in these areas that are the
motivation behind and the building blocks for the work introduced in the following
chapters.

In Chapter 3, the situation of system modeling and fault detection in the absence
of sufficient input excitation is discussed. A residual generation method for isolating
system faults from the noise due to the lack of complete system identification is
introduced.

Chapter 4 investigates input design for parameter estimation and parameter
variation fault detection. A problem is presented in which the goal is to find the
optimal input design for estimating parameter combinations such as ratios or products
within system constraints. It is shown that this optimization can be formulated as a

convex optimization problem.



Conclusions drawn from the previous chapters along with some future directions

for research in the relevant areas are discussed in Chapter 5.



Chapter 2

SYSTEM IDENTIFICATION AND FAULT DETECTION

In this chapter a brief discussion of relevant information in the areas of SI, FDI,
input excitation, and input design are presented. This information will not only
give the foundation for the work done in the following chapters but will also allow a
discussion of the issues that make the research in this thesis important. First some

notation which will be used throughout this thesis is introduced.

2.1 Notation

z vector in R™ where z = [21 z2 ... ]
A matrix in R™*",

I, identity matrix of size n x n.

zT, AT transpose.

AelSh, A € R™ " is positive definite, i.e. 27 Az > 0 for all z # 0.
Aes} A is a positive semi-definite matrix.

||| VvV Tz for column vector, VzzT for row vector.



1]l 4
4l
AJ_

A=UxUT

A=UxVT

>
D=

T
N

Elz]
cov(x)
Bz
cov(z}, 7)
ratio(z)

prod(z)

VT Az, weighted norm of z.

Frobenius matrix norm for A € R™*", \/ Doim D=y lai

orthogonal complement such that ALA =0 and ||A*]|F = 1.
eigenvalue decomposition where U contains the eigenvectors and X
contains the eigenvalues on the diagonal.

singular value decomposition where U and V are unitary matrices and
Y is a non-negative diagonal matrix.

a matrix in S; such that given A € S;, A2A? = A.

It can be found through the eigenvalue decomposition of A as A = Us3UT.
square root of the inverse of A, if it exists.

[, zfs(z)dx, where f;(z) is the probability density function of z.
covariance F [(:c — E[z]) (z — E[ac])T}, where FE is expectation.

% Eszl Zr, sample mean for a vector sequence zx, kK =1,---,N.
LSV (zt — E[z}])(22 — E[22])T (biased) sample covariance.

2L, given z € R%. If x5 = 0, ratio(r) = co.

Z1To, given z € R?.



If the following is the singular value decomposition (Golub & Loan, 1989) of

matrix M, with X invertible

sol|vz

M= vy O | (2.1)

00 Vi
then let

o M™* :=VyXUZ, the Moore-Penrose pseudo inverse.

o I, := Vi, Vi = (M)* M, the projection on the row space of M (range(M7T)).

%, := Vi VL = I — I}, the projection on the right nullspace of M (null(M)).

o I1%, := Uy UL = M(M)*, the projection on the column space of M (range(M)).
o ¢, := Uy UYL, = I —TI%,, the projection on the left nullspace of M (null(MT)).

e g(M) = min(X), the smallest non-zero singular value.

2.2 Fault Detection and Identification

Fault Detection (FD) is the process of identifying when a system is operating
outside of its normal operating parameters, thus indicating that a fault or failure has
occurred in the system. Fault Identification (FI) involves isolating the location of the
fault and possibly estimating its magnitude. With the complexity of today’s industrial

systems it is important to be able to detect faults quickly and have some knowledge



of where in the system the fault occurred. Fault Detection and Identification (FDI)
can be both a time and cost saving measure. If a process fault is detected while a
production run is in progress, the operator can halt that run to avoid wasting time
and money by producing defective products. If a sensor fault is discovered, the system
may be able to rely on other sensors to continue a successful production run allowing
maintenance to be scheduled at a more convenient time.

In Gertler (1998), three important properties of an FDI method’s effectiveness
are described. These properties are sensitivity, reaction speed, and robustness. Sen-
sitivity refers to the minimum magnitude of a fault necessary for it to be detected
by the system. Reaction speed measures the length of time necessary to detect a
fault after it first occurs. Finally, the robustness of the system is the ability to detect
faults in the presence of noise and modeling errors. It is this last property, robustness,

which will be the focus of this thesis.

2.3 Model vs Non-Model

Fault Detection and Identification methods fall into two main categories: model-
based and non-model based. Non-model based methods are usually referred to as
expert systems. These methods rely on people who have firsthand knowledge of the
physical properties of a system to establish bounds for when the system is “in-control”.

Usually these bounds relate to a certain measurement. For example, if the operation
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of a particular engine is being monitored, an expert on the physical properties of that
engine may know the normal temperature readings. If that reading is too high then
there could be a fault in the engine’s cooling system. These limits are usually referred
to as “threshold limits.” Methods which employ this type of system to detect faults
are generally called “limit checking” methods.

Model-based FDI methods rely on analytical models of the system to determine
when a fault in the system has occurred. Several good references on model-based
FDI methods are Gertler (1988), Gertler (1998), Frank (1990), Iserman (1984), and
MacGregor (2003). When the model can not be developed from first principles, Sys-
tem Identification (SI) methods can be used. (See Ljung (1999) for a good overview
of system identification.) SI methods, which will be discussed in more detail later,
define a model of the system for “in-control” or fault free operation. In model-based
FDI, methods for determining when a fault has occurred fall into two main classes.
The first class compares the observed measurements of a system to predicted mea-
surements based on a model of the system to determine if the observed measurements
correspond to in-control operation. If not, a possible fault has occurred. These meth-
ods are called residual generation methods. Most of the model-based research has
been focused on residual generation methods. The method considered in Chapter 3
falls into this class. A less studied class of model-based FDI, uses models which are

parameterized. By checking the variations in the parameters based on newly observed
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data, a change or fault in the system can be observed. This class of methods will
be called parameter variation methods. The work in Chapter 4 falls into this class.
Both residual generation and parameter variation methods will be discussed in more
detail later in this chapter.

This thesis will be concerned with model-based fault detection in the case where
the system is too complex for a first principles model to be developed cheaply. Thus
system identification is an important part of the complete FDI system. A brief
introduction to system identification methods willbbe presented first, followed by a

look at how the model developed by the SI methods is used in FDI.

2.4 System Identification for Static Systems

Three popular methods of SI and model reduction are Principal Component
Analysis (PCA), Partial Least Squares (PLS), and Fisher Discriminant Analysis
(FDA). First, a typical static system which will be used to illustrate all three methods

is defined.

2.4.1 Static Systems

For use throughout this thesis we now define what is meant by a static system.
When the output of a system at any time, k, depends solely on the input at that
time (with corruption by some noise), the system is considered a static system. In

other words, the system has no memory. Measurements & = 1, ..., N of a linear static
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system can be described by

y(k) = Au(k) + e(k) (2.2)

where

k=1,..,N.

In this system, u(k) € R™ is the input and y(k) € R™ is the output. The model
of how the input is related to the output is represented as the matrix A € R**™
plus some error, e(k) € R™. For a graphical representation refer to Figure 2.1. The
dimension of y(k) and u(k) will determine the number of outputs and inputs of the
system, respectively. If both u(k) and y(k) are scalars then the system is called a
single input, single output (SISO) system. If u(k) and y(k) are vectors in R™ and
R™, respectively, with m,n > 1 then the system is termed a multiple input, multiple
output (MIMO) system. The systems considered in this thesis will be MIMO systems.

Data for a “window” of time can be captured into a matrix using the following

notation.

Y=1y1) 9@ - y(@) (2:3)

where the matrix contains N consecutive time steps. If the input, u(k), and the error,
e(k), are written similarly as U and E respectively, an equation for the system can

be written in the matrix form

Y = AU + E. (2.4)
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uk) — A y(K)

Figure 2.1. A static system with an input of u(k), a parameter model A, an error
term e(k), and output data y(k).

2.4.2 Least Squares

Now that the static system has been introduced, some methods for determining
the parameter matrix, A, in equation (2.4) which models a static system can be
discussed. While PCA, PLS, and FDA are three popular methods for determining
A, least squares will be introduced first as it is a basis for these basic methods of SI.
Least squares regression is the most common method for solving a system of equations.
Consider equation (2.4) where we wish to estimate A. The least squares method finds
the estimated parameter matrix, A, by minimizing the deviations between the output
data and the predicted output AU. This assumes that all the error occurs in the Y

direction because U is known. The least squares problem is to find the parameters,

HUR LAKES ngRARY
’ég{ORADO SCHOOL OF MINES

GOLDEN, CO 80401
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A, that best predict Y in a least squares sense:
A= argmjn |Y — AU|>. (2.5)

Then a prediction of Y is given by AU.
An alternate formulation for the relationship between inputs and outputs is

Y
=Cs+ E. (2.6)

U
Here both U and Y are considered to be measured variables and as such may contain
measurement errors. This is an extension of the least squares method called total
least squares. The problem now consists of finding the matrix C' which defines the
relationship between the input/output matrix and a set of independent variables, s.

This can be done using the method of Principal Component Analysis.

2.4.3 Principal Component Analysis

Principal Component Analysis (PCA) is a commonly used method for modeling
data because of its simplicity and reliability (Lin et al., 2000). Given a data set, X,

PCA strives to find a set of latent variables and latent vectors to describe the data
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matrix in terms of linear combinations. This is typically written as

X=PT (2.7)

where X is the data matrix (which may contain both input and output variables), T
represents the uncorrelated latent variables (or principal component scores), and P
is a matrix comprised of the latent vectors (or the principal component loadings).
In PCA, each latent variable accounts for the variation in the data in a particular
direction, with all the variation directions being orthogonal to one another. Consider
the data set shown in Figure 2.2. Using methods discussed below, two latent vectors,
represented in the figure as the two orthogonal lines, are found which represent the
variation in the data set. The first latent vector lies in the direction containing the
majority of the variation in the data set. The second latent vector describes the
smaller variation in a direction orthogonal to the first. An eigenvector approach is
commonly used to determine the latent variables. The eigenvectors and eigenvalues

of the sample covariance matrix, S = —=XTX, are found as

S=VAVT (2.8)

where A is a diagonal matrix containing the eigenvalues and V' is an orthogonal matrix

containing the eigenvectors. These eigenvalues and associated eigenvectors allow the
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Data Set with Latent Vectors

10

Latent Vector 2

Latent Vector 1

Figure 2.2. Data set with latent vectors found using Principal Component Analysis.
It can be seen that the first latent vector describes the majority of the variation within
the data set. The second latent vector describes the smaller variation in a direction
orthogonal to the first.
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directions which describe the variation in the data to be isolated. The eigenvector
associated with the largest eigenvalue determines the direction of the largest variation.

Assuming there is some noise associated with the data set, those directions re-
lated to the smallest variation or smallest eigenvalues are likely due to this noise in

the system and can be dropped from the model. Therefore, the model for the data is
X=PT+E

where P and T' are the latent variables and latent vectors associated with the most
significant eigenvalues and E is the residual due to noise. Methods for determining
the optimal number of latent variables to include in the model will be discussed later.
The PCA model can equivalently be found using a singular value decomposition of

the data matrix.

Theorem 1. Singular Value Decomposition: Every mxn matrix X can be decomposed

into its Singular Value Decomposition (SVD):

X =UxExVx
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where

Ux is m X m and unitary,
Vx is n x n and unitary, and

Yx is m X n and diagonal.

Algorithms for SVD are well established. Many software packages such as Matlab
use the LAPACK routines for SVD. For more information on LAPACK see Anderson
et al. (1999).

With the SVD of X available it can now be said that

X =PT
with
P = Uy, and
T = YxVx.

Similar to the eigenvalue approach, the smallest singular values, those that are zero

(or close to zero), are related to the noise in the system and can be discarded from



19

the system model. If we decompose the SVD of the data matrix as

assuming that ©x = 0 (or close to zero), then

X=UxXxVx+F

just as in the eigenvalue approach.

The number of latent vectors chosen for the model affects the accuracy of the
model and there is a delicate balance between overfitting and inaccuracy. Determining
the dimensions of a particular model will be discussed in a later section. If only
one principal component is chosen, it should be the latent vector associated with
the largest latent value, or singular value. It can be shown that the first principal
component is also what is commonly referred to as the “line of closest fit” as seen in
Figure 2.2 where the error is measured as the distance between each point and the

latent vector on a line perpendicular to the latent vector.

2.4.4 Partial Least Squares

Like PCA, Partial Least Squares (also referred to as Projection to Latent Struc-

tures) finds loading vectors that capture the correlation within the data. The major
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difference is that PLS splits the data into two sets. The predicted (dependent) set,
Y, usually contains product quality data or some other form of output data. The
predictor (independent) set, X, contains other process variables. The goal of PLS is
to maximize the covariance between these two sets in contrast to PCA which strives
to find the covariance structure of the data matrix. This method is not considered in
this thesis due to the necessity of defining predictor and predicted data sets. More

details on PLS can be found in Russell et al. (2000).

2.4.5 Fisher Discriminant Analysis

Fisher Discriminant Analysis (FDA) comes from the pattern classification com-
munity. In contrast to PCA or PLS it works by using data collected while a specific
fault or classes of faults occurred. FDA strives to maximize the separation among
the classes. This is done by determining projection vectors that maximize the scatter
between the classes and minimize the scatter within the classes. Due to focus on the
separation among fault classes, FDA is often used for fault isolation. However, we do
not consider it in this thesis because of the necessity of having diagnosed data for a

range of faults. For more information see Russell et al. (2000).

2.4.6 Determination of Model Order

All the above system identification techniques require a determination of the

ideal order of the model. One popular method is Akaike’s Information Criterion
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(AIC). This criterion tries to balance the misclassification rate against a penalty for

the size of the model. AIC finds the dimensionality, a, which minimizes

fm(a) +

TR

where fm(a) is a measure of the misclassification rate and 7 is the average number
of observations per class. The misclassification rate, fm(a), is a number between
0 and 1 indicating the percentage of misclassifications resulting from projecting the
data set onto a model of order a (Russell et al., 2000). Another common method to
determine the dimensionality is Prediction Residual Sum of Squares or PRESS. Also
known as the cross-validation methods, separate data sets (validation data) are used
to determine the accuracy of the model developed. The model which predicts the
validation data with the most accuracy is determined to have the ideal order.

One particular method of choosing the order of PCA models was developed in
Dunia & Qin (1998a). The authors have done work in developing system subspace
models for optimal fault detection. They proposed a method to determine the ideal
PCA subspace model for use with fault detection. Their algorithm for determining
the optimal set of sensors and size of the model uses a measure called the unrecon-
structed variance. This is a measure of the distance between a fault reconstruction
and the principal component subspace. Minimizing this variance leads to complete

reconstruction. This measure indicates the best PCA model for reconstruction. For
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a survey of different methods for determining ideal model order see Jackson (1991).

2.5 System Identification for Dynamic Systems

The previous section discussed several methods of system identification for static
systems, or systems that have no memory. However, most industrial systems fall into
the category of dynamic systems. With some slight modifications the same methods
of system identification previously introduced can be used for dynamic systems. First

consider the structure of a typical dynamic system.

2.5.1 Dynamic Systems

In dynamic systems, as opposed to static systems, the input of the system at
time k affects the future outputs of the system at times k+1, k+2, etc. A linear finite

dimensional discrete time system can be represented in state space form as follows:

z(k+1) = Az(k)+ Bu(k)

y(k) = Cz(k)+ Du(k)

where z(k) is the state vector, y(k) is the output vector, and u(k) is the input to the
system. A, B, C, and D are matrices defining the effects of the state vector and the
input on the output vector and the state at the next time. Therefore, the data at

time k has some serial correlation with the data at time k£ + n. See Figure 2.3.
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Figure 2.3. A dynamic system where the state, z, at any time, k, affects the future
state of the system at time k + 1, k + 2, etc. y(k) is the output data and u(k) is the
input data. The matrices A,B,C, and D describe the dynamics of the system.
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In order to format the dynamic system as a matrix equation similar to the format
of the static system shown in (2.4), data matrices are built where time lags are added
to each sample of the data. This method is often called the “time lag shift” method.

The data matrix for a measurement from a dynamic system is formed as follows:

y(1) y(2) y(N —d)
peo | YO E . (2.9)
| v(d) y(N) |

Here d is the number of time samples for which serial correlations should be modeled.
The matrices that model the relationship of the input and the state to the output are

then as follows:

C
CA
r = and (2.10)
CAd—l
D 0 0
CB D
H = . (2.11)
CAY2B CA3B ... D
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The matrix equation describing the system becomes

Y¢=TX!+ HU" (2.12)

Since a matrix equation is available to describe the dynamic system, methods such

as PCA can be used.

2.5.2 Dynamic Principal Component Analysis

Although the PCA method discussed previously was developed to model static
systems, it is the basis for an extended method called Dynamic Principal Component
Analysis (DPCA). Using the system equation (2.12), a combination of regression and
latent variable methods can be used to identify I' and H. Usually this involves mul-
tiplying Y by a correlation matrix to remove the U term. Then I' can be determined
using a system identiﬁcation. method such as those discussed above. This will be
discussed in more detail later. For more details see Chou & Verhaegan (1997) and

Ljung (1999).

2.5.3 Linear System Parameter Identification

While SI using DPCA assumes no a priori information, an alternative model of
the system can be used if there is some knowledge as to the structure of the system to

be identified. This model uses a known linear model structure with a set of parameters
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that are found through system identification. For example, the ARX-model of a linear

dynamic system is:

y@t) +ary(t —1) + ... + apy(t — n) = bu(t — 1) + ... + bpu(t — m). (2.13)

The coefficients, a; for ¢ = 1,..,n and b; for j = 1,..,m, are considered unknown

parameters for some known model structure and can be collected into the matrix

0=|a -+ a, b - by T. (2.14)
The system model (2.13) can now be written as:
A(g, 0)y(t) = B(g, O)u(t) (2.15)
where
A(g,0) =1+a1g” + ... + ang™", and (2.16)
B(g,0) =big™ ' + ... + bpg™ (2.17)

with ¢~* representing the delay operator. The equation for a measurement can be

stated as:

Y(t) = Lyu(0)u(t) + Lye(8)e(t) (2.18)
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where Ly, () = ﬁ—gg:—g% and Ly.(6) = 71—(%’9—) are linear operators parameterized by 0,
and e(k) represents measurement noise. By writing the measurement equation in this
way, we can take advantage of knowledge of the system structure even though the
exact parameters, 6, are unknown.

Using experimental data, an estimate of the parameters can be found through

a least squares regression similar to (2.5). The least squares problem for parameter

estimation is:

6= argmoin Y — 6T | (2.19)
where
¢ = [p1) ... p(N)] and
) = [ —yt—-1) -+ —ylt—-n) wt-1) - ult—m)]-

How this representation can be used for parameter variation fault detection will be

discussed in a later section.

2.6 Model-Based FDI for Dynamic Systems

Using system models created by the methods discussed in the previous sections,
model-based FDI can be performed. As discussed earlier there are two classes of

model-based FDI, residual generation and parameter variation. We begin by dis-
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cussing the main principles behind residual generation for dynamic systems.

2.6.1 Residual Generation for Dynamic Systems

Using models created by SI methods, residuals can be generated to monitor
for faults in the system. In Frank (1990), the author determines several categories
of residual generation methods. These categories are the parity space approach,
the dedicated observer approach, and the fault detection filter approach. Residuals
are normally generated from the difference between the observed measurements and
the predicted measurement based on the controlled inputs and the system model
determined through a system identification method.

Using the parity space approach as an example, assume I' and H are determined
by SI methods discussed Section 2.5. A new set of measurements, Y,,, are collected

for a new known input:

Y, =TX + HU,. (2.20)

The delay parameter, d, has been omitted for ease of notation. The degree to which
the new data fits with the system model can be determined by calculating the residual
for the new data. Since the residual is defined as the difference between the observed

measurements and the predicted measurements, we can generate the residuals using

R=Y,-TX - HU,. (2.21)
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However, this formula for the residuals depends on the unknown state variable X and
ideally the residuals should be decoupled from the state (Gertler, 1998). To solve this
problem a matrix, W, is chosen so that WT = 0. This decouples R from X, leaving

the residual equation as

R=W(Y, - HU,). (2.22)

One possible choice for W is ['- where ['“I" = 0 and ||| » = 1 (Spinhirne & Vincent,
2004). This will be discussed in more detail in Chapter 3.

If no fault has occurred and there is no measurement noise, model errors, or
disturbances then the residual should be zero. Since it is rarely the case that no noise
or disturbances exist and that the model has no errors, thresholds are set for the
allowable magnitude of the residual before a fault is detected. Commonly a x? test
is used for fault detection. It is assumed that the noise in the system is Gaussian
(Gertler, 1998). For this test a confidence region is determined in which a certain
percentage of all the nominal residuals fall. If a residual is outside this confidence
region, then a possible fault is detected.

The residuals generated above can also be used for the purpose of fault identifi-
cation. By examining the contribution certain variables make to any residuals which
fall outside the confidence region, the variables where a possible fault has occurred
can be isolated. This type of examination is usually presented in a contribution plot.

Another way of identifying the particular fault that has occurred is by using a bank
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of fault models. A model is developed for the system when it is operating under a
particular fault condition. The residuals are then generated for each fault model. The
fault model which produces the smallest residuals indicates the most probable fault.

An implementation of this method will be seen in Chapter 3.

2.6.2 Parameter Variation Method

Parameter variation is another class of methods for model-based FDI. In these
methods, estimates of the system parameters are found as discussed in Section 2.5.3.
Data collected in the presence of a fault would cause the SI method to derive different
parameter estimates than those calculated using nominal data sets. Therefore, faults
can be detected by comparing the parameter estimates found from nominal data and
those found from experimental data. Similar to residual generation we must assume
that some of the variation in the parameter estimates is due to noise in the system and
establish a confidence region for when the variation is normal and when it indicates

a possible fault.

2.7 System Identification for Optimal Fault Detection

Since model-based FDI is dependent on the quality of the system models, it is
important to look at how the system identification affects the accuracy of fault de-
tection. Traditionally SI and FDI have been treated as separate endeavors. However

it is important to consider how system identification should be done to accomplish
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optimal fault detection.

Consider the effect of input excitation on system identification and in turn on
fault detection. SI requires a data set from the process to be modeled. quever,
industry is reluctant to allow their systems to be run solely for the sake of data
collection because of the costs. Therefore, system identification must often be done
using production data. It may be the case that this data does not cover all modes
of the system. In this case the system models found during system identification
may not fully describe the system. For example, the I' and H found using regression
and DPCA may not fully represent all possible outcomes of the system. If additional
modes occur when doing FDI, this can cause accuracy problems for the fault detection
method. The FDI methods will interpret these modes to be faults or failures in the
system when in reality they may sirﬁply be normal operating conditions which were
not encountered when collecting the SI data. This is referred to as a variation in the
input excitation.

This thesis focuses on two methods of dealing with the problem of input excita-
tion variation and its effects on model-based FDI. The first method looks at how to
account for input excitation variation by filtering the residuals. The second method
looks at how to design an input for optimal parameter estimation while staying within

operating constraints.
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2.8 Systems of Interest

As discussed in the previous sections, this thesis is focused on model-based fault
detection and identification for dynamic MIMO systems. In this section two systems
are discussed which will be used in the following chapters to demonstrate how the
effect of input excitation on model-based FDI can de dealt with. The two systems
are the Tennessee Eastman Plant Simulation and a thin film deposition process. We

begin with a description of the Tennessee Eastman Plant Simulation.

2.8.1 Tennessee Eastman Plant Simulation

The Tennessee Eastman (TE) Plant Simulation was first proposed in Downs
& Vogel (1993). The authors created the simulation while working at the East-
man Chemical Company as a realistic industrial simulation for use in the control
and monitoring communities. Originally written in Fortran, the simulation produces
data representing a two product process. The plant contains four reactants and one
byproduct. There are a total of 41 measurements, 12 manipulated variables and 7
operating modes. All measurements include a Gaussian noise. While mainly used
in the process control community (see Lyman & Georgakis (1995), McAvoy & Ye
(1994), and Ricker (1996)) it has also been used for the testing of FDI methods.
In Russell et al. (2000), the TE plant simulation was used as a basis for comparing

different methods of fault detection and diagnosis. The simulation has 21 prepro-
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grammed faults ranging from process variable step changes, to variability increases

to slow drifts in reaction kinetics and sticking values.

2.8.2 Thin Film Deposition Process

The second system of interest is a thin film deposition process, as described in
Hilt et al. (2006). This is a multi-zone co-evaporation process, with the following
characteristics: a substrate is moved over multiple deposition zones, in which effusion
boats create a metal vapor plume by heating a sample to high temperature. See
Figure 2.4. The substrate is unrolled from one reel and taken up by another, and
processing can continue until the reels need to be changed. The total thickness
and relative composition of the deposited material is measured before final take-up.
In multi-source co-evaporation systems the same metal may be deposited in more
than one deposition zone, and different deposition rates may be desired. However,
when the final thickness and composition is measured, only the total amount of a
particular material deposited over all zones is reported. The exact amount deposited
in any particular zone is unknown. So, for example, if the composition measurement
indicates the total amount of indium deposited is lower than nominal, the set-point
estimator will raise the temperature set-points on all effusion cells that deposit indium.
If this decrease is due to only one particular effusion source, the relative amount of
material deposited in each zone will remain out of balance, so that the desired amount

of material deposited in a particular zone will not be achieved even if the sum over
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Figure 2.4. Thin Film Deposition Process in which a substrate is moved from roll to
roll over several effusion sources. Each deposition zone may contain multiple sources
and a particular material may be deposited in more than one zone. The total amount
of each material is measured before the completed product is collected on the final
roll.

all zones will be regulated correctly.

As discussed in Hilt et al. (2006), the relative deposition rates between two
zones in the deposition system can be estimated from the ratio of the DC gain of
a linearized model, identified using a system identification experiment. In order to
be compatible with a manufacturing environment, the perturbation sequence utilized
for the system identification process must satisfy some performance objectives. It
turns out that for photovoltaic manufacturing, those performance objectives are in
the form of ratios. For example, for photovoltaics based on Culn;_;Ga,Se, films,

the ratios Cu:(In+Ga) and Ga:(In+Ga) are considered important for achieving the
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desired electronic properties (Birkmire & Eser (1997)).

This system is particularly relevant because of the interest in nonlinear combina-
tions of the model parameters, such as the ratio of the DC grain. As discussed earlier,
since this is an industry process, system identification must be done on production
data. Therefore it is of interest to design inputs that allow for accurate estimating
of the nonlinear combinations of the model parameters while still remaining within

production constraints.
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Chapter 3

FAULT DETECTION USING DPCA WITH VARYING INPUT

EXCITATION

3.1 Introduction

As discussed in the previous chapter, one approach to fault detection is residual
generation which involves testing system input/output data against assumed nominal
and/or faulty behavior models to determine which best explains the data. When ana-
lytical models are available, residual generators can be built to calculate the distance
from the input/output set to this model. As discussed in the previous chapter, it is
often the case that the system does not have a well defined, compact model, so that
information about the system must be derived from experimental data. In this case,
an identification procedure can be used to obtain a nominal model. In this chapter,
we examine the Dynamic Principal Component Analysis (DPCA) method for iden-
tification and analysis. For use with dynamic systems, DPCA extends traditional
Principal Component Analysis (PCA) by creating a data vector which consists of
values of the inputs and outputs over a window of time. This has been referred to as

the “time lag shift” method of allowing a PCA model account for dynamic systems
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(Ku et al., 1995). The use of DPCA fault detection and isolation is discussed in Ku
et al. (1995), Dunia & Qin (1998a), Li & Qin (2001), and Qin & Li (2001). The iden-
tification portion of DPCA is closely related to the family of subspace identification
methods (see Overschee & Moor (1996) and the references therein). In fact, DPCA
in essence simply stops at the identification of the extended observability matrix and
input/output Toeplitz matrix, rather than converting to state space form. Although
the PCA models give rise to windowed or dead-beat estimators which can be subject
to problems like noise sensitivity, the resulting validation tests are quite simple with
projection operators or least squares playing the central role.

The utilization of DPCA models for fault detection has some interesting features
when the input excitation can vary. It is the objective of this chapter to point out one
of those features and explore its effect on the fault detection process. In particular,
we focus on the case when the input excitation is “sufficiently exciting” from the
point of view of identifying a unique extended observability matrix but not to obtain
a unique Toeplitz matrix. On the face of it, this restricts the use of the model for
fault detection to conditions with the same (or less) degree of excitation. However, by
keeping track of the identification input excitation conditions in the fault detection
process, it is possible to still do fault detection and isolation without restricting the
form of the input, although one necessarily loses some power to find faults (because

some faults can become hidden.)
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The degree of input excitation is an important issue in fault detection. There is
usually opposition to performing dedicated identification experiments with arbitrarily
defined inputs in industrial processes. Thus the fault detection process that is based
on identified models must make the best use of available data.

A common theme throughout will be residual generation by on-line identifica-
tion of parameters in model structures that characterize what is completely unknown
about the model under consideration. For example, when the system model is not
uniquely defined by the identification data (because the input sequence is not suffi-
ciently exciting), the “unknown” part of the model is characterized by a particular

null space. This can be used to remove unwanted parts of the residual.

3.2 PCA and Dynamic PCA

In this section, we discuss Principal Component Analysis (PCA) and Dynamic
PCA (DPCA) in more detail. This material is standard, but is included for complete-
ness. Good references are Ku et al. (1995), Shi & MacGregor (2001), and Dunia &
Qin (1998a).

As discussed in the previous chapter although PCA does not necessarily relate
to an underlying model of the process, it is useful to consider the identification of the

system

y(k) = Cz(k) + e(k) (3.1)
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where y(k) € RP are measurements, z(k) € R" are free parameters defining the
current system state, and e(k) € RP is noise. To apply classical PCA, given a mea-
surement sequence y(k) k = 1,---, N, we can form the following equation using the

matrices related to each sequence:

Y!=TX'+E' (3.2)

with I' = C. The sequence y(k) can contain measurements of both inputs and out-
puts. Note, for our purposes, the state representation coordinates are unimportant.
With the coordinate transformation X! = QX!, where Q is an invertible matrix, an

equivalent model is

Y =TX'+E?

with I' = ’'Q~'. Thus, I' will be considered known if it is found within a coordinate
transformation.
Now, if the noise E* = 0, then from (3.2) the column space of I will be the same

as Y'!. A singular value decomposition of Y! will have the form

Y= Uy SV

where the terms that are zero have been left out so that X is full rank. Since Uy

is a matrix with full column rank that has the same column space as Y, appropri-
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ate estimates are I' = Uy1 and X! = EVYTI. Note, this step is typically stated as
eigenvalue/eigenvector analysis of Y (Y1)" | but the results are the same.

If the noise is small, then by setting the smallest singular values to zero, an ap-
proximate solution can be found as discussed in Section 2.4.6. The solution will have
the following properties: if I" is rank k, then so is X! and HY1 -TX IHF is minimum
over all other rank k choices for " and X!. In addition, the sample covariance of Xt
is diagonal, i.e. X! (X l)T = ¥2, so that the elements of Z(k) are uncorrelated (Golub
& Loan, 1989).

Dynamic systems have correlations between measurements at different sample
times, so a natural extension of PCA to dynamic systems can occur. Consider the

following linear dynamic system

z(k+1) = Ax(k)+ Bu(k) (3.3a)

y(k) = Cz(k)+ Du(k) + e(k) (3.3b)

where e(k) represents both noise and disturbances and v € R™ is a known input.
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Define
" = | ¢T (CA)T ... (CA*YT |, and
CB D o 0
H =
CA* 2B CA*3B ... D

so that, for sequences y(k), u(k), e(k), k =1---N, and z(k), k = 1---N — s, the

associated matrices are related by

Y¢=TX!+ HU? + E4. (3.4)

There is still a column space relationship between Y and T', but it is complicated

by the addition of H. Extraction of I' and H takes place using the following steps:

e Correlation: Let P = Y!Z. It is most useful for Z to be a matrix that is
correlated with T X', but for which E¢Z is small. (Z = I is the same as no

correlation step.)

e Regression: Choose regression vector ®, with assumption that X'Z = M® for
some M. (® = I is the same as no regression step.) For technical reasons, we

require ® and U'Z to be independent, in the sense that no row of U'Z can be
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written as a linear combination of rows of ®. Find
2
. _ ®

@,Hzarg%l’llgl P - [@ H]

Uz
F

Note that a weighted least squares, or other regression method such as total
least squares can be chosen, but for simplicity, we will use unweighted least

squares.

e Extract I' via a singular value decomposition of 6, that is, ' = Ug, the column
space of © associated with ”significant” singular values. Notice that an estimate

of H has already been obtained.

Subspace identification methods (see Overschee & Moor (1996), Ljung (1999) and
the references therein) which were apparently developed independently of dynamic
PCA, use a method equivalent to that described above to obtain I, but in this case it
is only an intermediate result toward identification of the matrices defining the state

space representation.

3.3 Fault detection and isolation in Dynamic PCA

As discussed previously, model-based fault detection occurs by determining if a
new data set is compatible with the nominal, no-fault model in an appropriate sense.

If a new data set is not compatible with this model, then a fault has been detected.
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For DPCA models, a parity space approach can be easily applied. In this case, we

find a matrix I'* such that T''T' = 0, and ||T't||, = 1, for example I'* = nﬁlTHUlT‘
r
A correlation matrix Z can be selected, if desired. Then a residual matrix R, is
calculated as
Uiz
R, =T"(Y)Z - HU;Z) = [—rlH PL] (3.5)
iz
where Y, and U¢ are matrices formed from new recorded data. The size of R, can
be monitored, with a large residual (mean or variance) indicating that the data is
incompatible with the model, and appropriate statistical and/or bound tests can be
applied to recognize this.

One approach to fault isolation utilizing PCA was discussed in Dunia & Qin

(1998b), where a fault model Z is assumed, with resulting model
Y¢=TX'4+ HU®+ E* + EF% (3.6)

Once a large residual indicates a fault, further tests are performed to determine what

fault models are compatible with the data. The residual for the fault model becomes
L 1 |UZ
R, = [— [I‘ 5] H [F E] ] (3.7)

which is small if there exists an F'¢ that can explain the data within the noise bound.
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When performing fault detection or isolation, there is the implicit assumption
that ' and H have been identified correctly, so that the parity checks (3.5) or (3.7) can
be calculated. However, in the case of DPCA the correlation structure of the input
can strongly influence the degree to which the complete model is identified. When
the model is incomplete, in a sense to be defined more explicitly later, fault detection
and isolation must be done with more care. This is the subject of the remainder of

this chapter.

3.4 Properties of Identified DPCA Models

In this section, the main result of this chapter is stated, which is a character-
ization of the DPCA model with general conditions on the input excitation. This
result will allow an explicit characterization of that part of the model which can be
identified uniquely using the identification data, and that part which is completely
unknown. It is assumed that the data is produced by a fixed linear system (3.3), or
equivalently (3.4). One condition for usefulness is that the system parameters should
be recovered as the noise goes to zero, or (with appropriate conditions on the noise
and on an input sequence generated in open loop) as the data goes to infinity. The
properties of the input, u, determine if the column space of I and H can be recov-
ered. When the input satisfies conditions to allow the column space of I' and H to

be determined uniquely then the input will be said to be “sufficiently exciting.” We
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are also interested in the case when this is not so.
Let’s examine in more detail the regression step when a unique solution is not

guaranteed. The assumptions on the DPCA identification process will be as follows:
A1l @ is full rank.

A2 X7 = M® for some matrix M of compatible size.

A3 No row of U?Z can be written as a linear combination of the rows of ®.

These assumptions are quite general. If A1 is not satisfied, we can simply remove
the dependent rows from ®. In practice, A2 will not hold exactly, but only at the cost
of a small extra noise term that is not included for simplicity. Finally A3 can also be
satisfied by a careful choice of ®, and loosely speaking, will allow the non-uniqueness
of the least squares problem to be divided between I' and H. Note that one choice
which automatically satisfies the first and third requirements is to choose the rows of

® to be the transpose of vectors in the right null space of U%Z.

Theorem 2. Given data y(k) and u(k) generated by the system (3.4), and assump-

tions A1, A2 and AS,

F



has minimum norm solution

T (x'7 (1- (Uizity)* Uiz) o)
= +0
77; (anjdz)T
where N
0]
O =E‘Z
Uiz

1s a matriz that scales with the noise.

Proof. The minimum norm solution is given by

+
J (6]
[771 772] = Y2
Uiz
+
()
= ("X%Z + HU'Z + EZ)
Uiz
Since X%¢Z = M® we can write
+
() 0]
o] =[rm #] +0

viz viz
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where
+

)
O=FZ
Uiz

Now, since ® has full row rank, and no row of U?Z can be written as a linear combi-

nation of the rows of ®, we have

+
®

= [ (I— (Uiziy)* Udz) o+ (Udzily)*
Uiz
(this can be verified by showing that the right hand side satisfies the properties of

the pseudo-inverse) and thus

o a]-[rw a]avo

where
. o (1-(Uizi) viz) ot o (Uizl)*
Uiz (1- (vizi) " viz) ot Utz (Uizly)"

But @ (U “lZfIZi,)Jr = 0 and if no row of U%Z can be written as a linear combination

of the rows of ®, U4Z (U4ZI13)" = I14,,. This further implies that

vz (1- (U'2,)* U'z) o+ =,
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so we arrive at

i X2 (I — (Udzit)* Udz) o7
= +0

77%1 (Hngdz)T

as claimed. O

Now, if X1Z (I - (U4Z ﬁg)* Uéz ) ®* has full row rank, then I' can be recovered
by singular value decomposition of n;. Also if Hf]d , = I, then 7, is an estimate of H.
The condition for X' Z (I — (Uizig) Uiz ) ®* to be full rank is mainly a condition
on the state sequence X' - that is, the input must be sufficiently exciting so that all
modes of the system are excited. However, this can be achieved without having
Hf}d , = I. Consider a two input system fully controllable from each input, with one
input white noise and the other input zero. The input is sufficiently exciting from the
standpoint of identifying I', but the impulse response from the second input to the
output is completely unknown. There are other, more interesting cases as well, when
some inputs are only weakly exciting, or when the window size d is chosen larger than
the degree of input excitation.

It is this intermediate case that will be of interest in the remainder of the chapter.
In particular, a method for performing fault detection and isolation will be presented

which accounts for the parts of the model that are completely unknown.

If we have some knowledge of the noise behavior, we can obtain bounds on the
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matrix O. One typical assumption is that the noise is bounded and uncorrelated with
the input and weighting matrix @, and that the magnitude of the input and ® is
bounded from below. We use the following, related assumptions that do not depend

on a stochastic model of the noise:

T2
(0]
B1 (|[E‘Z < EkN.
Uiz
F
d
B2 o > ¢V/N.
Uiz

Assumption B1 bounds the correlation between the noise and the regressors used
in the regression step. If F¢Z and the regressors were perfectly correlated, then this
term would grow as N?, rather than N. Assumption B2 ensures that the non-trivial
part of the input does not decay as time increases. With these assumptions, we can

show that the size of O decreases with V.

+
®
Theorem 3. Given O = E¢Z . Let r be the number of independent rows
Uiz
0]
of . If assumptions B1 and B2 hold, then ||O|% < L where | = 7%,
Uiz
0} r o] |VT
Proof. Let A = ,E = FE%Z, and let A = [U U] be the
vtz 0 o] |VT

singular value decomposition of A with ¥ invertible. Then ||EATH§ can be written



as
|EAT|% = tr (ETEVE?VT)
— tr (S2VTETEV)
> o? | BV
so that
| BAT[;
|EV|% < 2 E

and given assumptions B1 and B2, ||[EV|% < £. Now,

|EA*|S = |EVSUT || < BV =07

But since
- - T
=107 |5 = tr(=~2U7U) < i
we have
k r
541 < () ()
|EA*|]: < 5 where 1= =%

30
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3.5 Fault Detection when II{,, # I

What can be done when it is known I' is correct, but only A Héd , can be deter-

mined? There are two possibilities:

e Use knowledge of the underlying form of I' and H: Extract C and A from I’

and then identify B and D from a least squares fit to data.
e Modify the residuals.

In the first case, we follow the subspace system identification methods to their
conclusion. However, it is also possible to utilize the form of I' and H within the
DPCA framework, and we will be able to cover the case when even additional struc-
tural information does not yield a unique representation. With this motivation, we
will examine the problem without appealing to the underlying state space represen-
tation.

Because we are primarily concerned with the effect of input excitation, rather
than noise, we will assume that the correct I', and H Hfjd , are found from the PCA
step, and thus also I't.

First, we note that if the new input does not satisfy the same correlation structure
as the input used for identification, the residuals may be non-zero, even without noise.

Suppose Y,¢ and U4, are generated by system (3.4) with E¢ = 0. Then the primary
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residual becomes

I'\J_

Ry, = [ ~T+HIE,,

=T HIE. U

If 115, ,U2 # 0, then this residual may be non-zero! Clearly, in general, the residual
evaluation can cause false alarms since the residual may be large even if no fault
is present. This is due to possible changes in correlation structure of the new input
relative to the input used for identification, which will result in I1¢,, ,U# # 0. However,
with additional processing, it is possible to remove the effect of the new correlation
structure, while still retaining some capability to detect faults. This is done by
performing a partial system identification over the residual subspace which is known
to be deficient.

Define:

R=R,-I*A,,U?

where

H = argmin [|R, - T*HITu, UL (3.8)

Essentially, we are determinihg if there is a H I:I’Ud  (the part of H which is unknown)

that could explain the residual within the noise bound. Note that this formulation
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for the new residual is equivalent to:

R=RIL . (3.9)

vdz

We can show that the size of this residual is bounded by the size of the noise sequence.
With a statistical assumption on the noise, a bound on the expected residual size in

the no fault case can also be easily calculated.

Theorem 4. Given a new input/output sequence Y,¢, U2, and noise sequence E2 for a
system satisfying (3.4), and residual generation equation (3.9) with ”FLHZ =1, then
L IR < || Bl

2. If e(k) is an independent, identically distributed random sequence with zero

mean and covariance o2l,, then
E [|IRI7] < dpo*(N ~ d+1) — [Ty, Uy).
Proof. Using the definition of the residuals

— 7 _ 1l pdyr
R= anﬁf}dzug =T E"Hﬁf,dzUv‘f'
Clearly

_ 2
IRl = ||r4Boe , ol| < (B2
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If, in addition, the noise sequence is white with covariance ol,, then with M =

1! d
HUdZUm

IRIZ < || BT, |

< tr((Bp)T EAlly).
Since E [(E$)TEZ] = dpo®Iin—at1),

E [”EﬁﬁrM”fw] = tr(dpo*I(n-a+1)Thy)

= dpo’tr(I1},).
Since tr(I15,) = (N —d + 1) — rank(M),
E [HE,‘fl:IS\,.,”fr] = dpo*((N — d + 1) — rank(M)).

Therefore

E [|R||%] < dpo*((N — d + 1) — rank(M)).
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3.6 Fault Isolation

When a large residual cannot be explained by a change in the input correlation,
a fault is called. Fault isolation can take place for a certain class of faults.
Assuming the data is generated by a system that satisfies (3.6), the primary
residual becomes
U

R, = | _rtHIY, Tt
Y

= DHIE., UL+ T1EF: + THEL

We will attempt to eliminate the effect of changes in the input correlation, while
attempting to determine if a fault sequence F¢ exists that can explain the data. In this
case, there are unknown matrices which may be manipulated to determine if the data
set is compatible with the fault model (3.6), namely HII?,, and F}. Instead of using
projection operators, we will utilize a particular least squares problem which takes

advantage of the known shift structure of F2. Let f(k) be the sequence associated
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with F¢, and let f,;, be the ith column of F2. Let

0o I - 0 0
0 0 . 0 0
S = ,and T =
0 I
0 0 O I

be matrices of appropriate structure such that f,; can be formed by

fni = an(i—l) + Tf(Z +d-— 1)

ur,
with appropriate initial conditions. Let H = { H, H, ] vtz Therefore
T
Upaz

HIL,, = Hlffgd - Let u; be the ith column of T4, ,U¢, and let r; be the ith column

of R,. Then, we solve the following constrained least squares problem:

in,, Xl = T v

such that f; = Sfi_1 + Te(q)

where e(i) = f(i + d — 1). The solution is straightforward. See, e.g. (Golub & Loan,
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1989, 12.1.4). The residual is then formed via

R=R,-TtATE, U —TLEF (3.10)

where H and F' are the estimates obtained from the constrained least squares problem.
When this residual is small, there exists a fault sequence (and an unmodeled portion
of H) that can explain the data, and the modeled fault is included as a possible fault.

Using techniques from recursive least squares filtering a recursive solution to this
optimization problem can be found. With the appropriate substitutions the problem
can be written as:

min Z |rs — Cf; — Dywec(H)|” (3.11)

H’fla"'ny

such that f; = Sfi_1 + Te(i)

where C = I''= and D; = u; ® I't. The symbol ® represents the Kronecker product.

Theorem 5. A recursive solution to the optimization problem 3.11 can be found using
the following algorithm
1 Initialize M to
0 0 —C —D1 T

=S -T 1 0 0



. Ry1 Ry
2 Using a QR decomposition find matrices such that M = Q

0 Ry
Q@ orthogonal.

3 Using the singular value decomposition find Ryy = ULVT. Set

Gi =—1x (EVT)_I (UTng)n, and

- a2

i
. (UTRIZ)z
€; = min h
Rao
1

58

with

(3.12)

where (UT Ry3)y, are the rows of UT Ryy associated with the nonzero singular val-

ues and (UTRy,), are the rows of UT Ry, that correspond with the zero singular

values, rows k+ 1 to N.

4 Let

(UTR12)z
= [Pli [y Ty ] , and
Ry,

'y 0 0 Ty I
M=) 90 o0 -Cc -D; n;

=S =T 1 0 0

5 If k < N go to step 2.
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6 Let i -
fn
h, fN = al'gif,lflll\;l FlN FZN F3N h
1
Find fi,i =0...N —1 by using
i fi
fic1 X
€;
1
Proof. See Appendix A O

3.7 Hidden Faults

Although the filtering described above can help eliminate the effect of a change in
the input excitation, it may be possible for a fault sequence to exist without increasing
the size of the residual beyond that expected by the noise. To examine this possibility,
we assume that data is generated by a system that satisfies (3.6). Using the residual
sequence defined by (3.9), we clearly have

R=TEFIf , ys+ T E;Tl;

HUdZU’g.
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. A fault will be called if the first term causes R to become larger than expected by

the second term alone. However, if
FLEF,‘fﬁ%UdZUg =0, (3.13)

then a fault will not be called regardless of the size of F4. These types of faults,
for which the size of the residual is independent of the size of F¢ will be called
hidden faults. All possible hidden fault sequence F¢ are given by solutions of (3.13).

Equivalently, F? is a hidden fault sequence if and only if it satisfies
M=F¢ = T+ HIL, UL (3.14)

Thus, a hidden fault is one whose contribution to the residual is equivalent to un-
modeled dynamics.

Because of the possibility of hidden faults, some care must be taken when per-
forming fault detection. However, due to the connection given by equation (3.14)
there is some information that is known about the magnitude of a possible hidden
fault. Using the estimate of H found from solving t3.8) the size of H is known. A

bound on the magnitude of a possible hidden fault is given by

[ H Tz Un|

o(T+E)

1 <
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which follows directly from (3.14).

3.8 Simple Example

As an example, consider the following system:

0 1 1 05
zk+1) = z(k) + u(k)
—0.891 1.89 0 0.5
10
y(k) = z(k) + e(k)
01

where e(k) is a white noise sequence with variance 0.01. An identification experiment
is performed, for kK = 1,---,1000 with input

(k) sin(0.47k)

n(k)
where n(k) is a simulation of a white Gaussian random sequence with unit variance.
Dynamic PCA is applied with d = 5 to determine I' and HII,, with Z = I and
" = II7,,. Note that because of the sinusoid input, II¢,, has only rank 7, rather

than 10, which is what is required for Hf]d , = 1. However, since the system is only

2™ order, I" can be identified uniquely.
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A new input is applied, £k =1,---,1000

wn(h) = sin(0.87k)

n(k)
where, because of the change in frequency, the associated matrix ITf,,, U2 # UZ. In

addition, we add the sensor fault

where

0 k < 500
fk) =
sin(0.47k) k& > 500.

The primary and filtered residuals are shown in Figure 3.1. Given the noise
variance, the expected bounds on the residuals are shown in both cases. Note that
the primary residual is much greater than expected for noise alone, even before the
fault is applied, thus a fault would be called incorrectly at time 0. Therefore the
identification input, u(k), was not sufficiently exciting to determine H completely.
This has caused false alarms to occur. In order to eliminate the false alarms and

correctly detect the fault, the residual is filtered using (3.9). It can clearly be seen

in the graph of the filtered residual in Figure 3.1 that the additional filtering has the
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Figure 3.1. Primary residuals from input/output data with the input ‘more’ exciting
than the input used in the identification data set (top) and the residuals after filtering
(bottom). Note that the primary residual is always above the noise bound in contrast
with the filtered residual which falls above the noise bound only when a fault has

occurred.
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desired behavior. The filtered residual corresponds with the expected noise bound
until time 500 when the fault occurs. This indicates that the filtering has not only
eliminated false alarms but also allowed the fault to be detected correctly.

For fault isolation, we determine if a fault model is compatible with the data, by
using the fault isolation method described in section 3.6. Using the solution to the
minimization problem, the error is tracked for each time step. The results are shown
in Figure 3.2. In this case, the fact that the residual stays small for fault model 1
indicates that this fault model is compatible with the data, which is correct. However,
the residual for fault model 2 still indicates a fault occurring, meaning that a system

model indicating a fault in sensor 2 is not correct.

3.9 Fault Detection for the Tennessee Eastman Plant Simulation

Now consider the more complex example of the Tennessee Eastman Plant Simu-
lation described in Section 2.8.1. A simulink model of the control strategy described
in Ricker (1996) was used to generate nominal and fault data for the plant with differ-
ent input excitation. The system identification step was done using the nominal case
where the set points are constant through time. The process was run for a simulated
time of 72 hours with no disturbances occurring during the simulation. Measure-
ments where taken every 3 minutes. Using the data produced by the simulation and

the Dynamic PCA methods discussed earlier with window parameter d = 5, I and
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Figure 3.2. Residuals for two fault models capturing faults in outputs 1 and 2 respec-
tively. Fault Model 1 stays below the noise bound indicating that this is the correct
model for the fault that occurred in the system.
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HIL,,, were found using Z = I and ®®' =II},,.

New data was then collected with a different level of input excitation and a
fault occurring. The different level of input excitation was caused by the using a
sinusoidal input for the production set point instead of a constant value. In addition,
disturbance 14 which is a sticking value disturbance was introduced to the system
around hour 30. A predicted noise bound was calculated using residuals as derived
in (3.5) for known nominal data in which the input excitation matched that of the
system identification data.

The primary and filtered residuals are shown in Figure 3.3. As in the previous
example, the difference in input excitation causes the primary residual to be above
the noise even in the absence of a fault. Therefore, it would be concluded that a
fault is present for the entire process time. In contrast, the bottom graph shows the
filtered residual which is clearly below the noise bound until the fault occurs midway
through the process run time. This shows that the filtered residuals have removed
the effect of differing input excitation between the system identification data and the
fault detection data.

Fault Isolation can also be performed for this example. Due to the unknown
structure of the fault occurring in the system, fault isolation can not be performed

as in section 3.7. Instead, a bank of fault models are used to isolate the model which

describes the new data correctly. Two models were produced using the method dis-
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Figure 3.3. Primary and Filtered Residuals with the system identification data col-
lected using constant set points and fault detection performed on data with a sinu-
soidal production set point, this causing a difference in the input excitation.
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cussed in section 3.5 and system data collected during the occurrence of disturbances
14 and 15 separately. Residuals comparing the fault detection data with these two
models were calculated using (3.9).

The results are shown in Figure 3.4. The residual produced using fault model
14 stays below the noise bound for the length of the simulation. This indicates that
the new data matches fault model 14. In contrast, the residual for fault model 15
increases above the noise bound after sample 500, indicating that this model does
not match the new data. Therefore we have correctly identified fault model 14 as the

appropriate model for the new data.

3.10 Conclusion

In this chapter, a fault detection process was described for dynamic PCA with
independent inputs where the input satisfied only a partial excitation condition, and
no restrictions were placed on the new data to be tested for faults. It was shown
that although the identified model only partially described the input/output Toeplitz
matrix, fault detection and isolation could still occur, although at the cost of the
possibility of some hidden faults.

Although an alternative formulation could have used a state space representation,
the fault detection filter remains in a very simple form, retaining the advantage of

the DPCA /Parity space system identification/fault detection procedure. The fault
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Figure 3.4. Residuals for two fault models capturing disturbance 14 and 15 respec-
tively. Fault Model 14 stays below the noise bound indicating that this is the correct
model for the fault that occurred in the system.
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identification process requires solving a constrained least squares problem. Standard
fast, recursive algorithms are available to solve these kinds of problems, but it remains
to be seen if the specific structure of the shift equations could yield particulary efficient
algorithms.

In contrast to this method, the next chapter looks at the case where the operator
has some control over the input excitation. In this case we would like to choose the
optimal input excitation for model parameter estimation and parameter variation

fault detection.
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Chapter 4

EXPERIMENT DESIGN FOR PARAMETER VARIATION FAULT

DETECTION OF RATIO ESTIMATES

4.1 Introduction

In this chapter, we discuss methods to perform an open-loop experiment on a
linear system for parameter identification and parameter variation fault detection.
This system, as illustrated in Figure 4.1, has available an input for manipulation
and measured output subject to noise. There are additional signals, that may or
may not be actual measurements, that represent variables that must meet certain
constraints. The results of this experiment will be applied to a linear estimator which
produces parameter estimates. However, our true interest will be in combinations of
the parameter estimates and performance variables, rather than their absolute values.
Specifically, we will be interested in ratios or products of parameter estimates and
performance variables. Our goal is to design an experiment which delivers the best
ratio or product estimates for parameter variation fault detection, while minimizing
the impact on constraint variables, which may also be expressed as ratios.

For this chapter we wish to focus on the thin film deposition system described
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Figure 4.1. Input Optimization Problem. The linear system has an input for ma-
nipulation and a measured output. It is desired to have a linear estimator that,
given the input and measured output, gives an estimate of a nonlinear combination
of parameters, specifically either a ratio or product of the parameters.

in Section 2.8.2. In Hilt et al. (2006), the optimization of the system identification
experiment for ratio estimates was discussed, but without considering ratios for the
performance constraints. In this chapter, we will generalize the performance variables
to ratios and products, as well as extend both the class of applicable systems and
complexity of the input sequence generation.

Experiment design for parameter estimation of dynamic systems has been of
interest for some time, in particular see Goodwin & Payne (1977) and Gevers (2005)
and the references therein. In the standard case, the input is assumed to be small
and operates over a long period of time, which allows asymptotic results on estimate
distributions to be applied. The formulation is then in terms of minimizing the

parameter estimate covariance. More recently, in Campbell & Nikoukhah (2004), the
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problem was formulated as a multi-model trajectory separation problem. The smallest
input is found that can guarantee separation of output trajectories over a finite set
of possible models, subject to (indefinite) quadratic constraints on disturbances.
The problem considered here falls into the standard case, as a very small input
(operating over a long period of time) fits the manufacturing environment well. The
difference from previous work is the optimization with respect to nonlinear functions
of the system parameters, although for a very specific case. However, as will be shown,
the restriction to ratios allows solutions to be found using a convex optimization

problem.

4.2 Problem Description

The problem considered here is to design or find an “optimal” input for parameter
based fault detection when the fault condition is determined by a ratio or product of
the parameters. The design problem will be solved by finding suitable metrics for both
estimate quality and process upset, such that with an appropriate parametrization of
the input, optimization of the estimate quality can occur while respecting constraints
of the process variables. While it is possible to set up an optimization problem in
which the input at each time ¢ is a separate optimization variable, this approach does
not lead to convex optimization problems, and it may be difficult to obtain an optimal

solution. Therefore, an alternative method is used.
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4.2.1 Spectral Factorization

The input will be described in terms of its autocorrelation. Given a random

sequence ug, the autocorrelation is defined to be

R,(T) = Elugu}_,]. (4.1)

Since R(7) = R(—7), only autocorrelations for 7 > 0 are needed to completely
characterize the random sequence. In practice, R,(7) — 0 as 7 — oo. Therefore, the
autocorrelation can be restricted to R, for 0 < 7 < n — 1 where n is an appropriate

number. The vector

®.=[ R,(0) R,(1) ... Ru(n—1)] (4.2)

is used as the parametrization of the input. This is similar to the approach taken
in Wu et al. (1999) in the design of an input, however our design problem is quite
different. Once the optimal @, is obtained, the input sequence is produced to have
this autocorrelation. One way to do this is to use an appropriate filter with a white
noise input as show in Figure 4.2. Because R,(7) = 0 for 7 > n, a Finite Impulse
Response, or FIR, filter is used.

For this FIR filter, the desired input is u; and wy is a white noise sequence with
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Wy —» FIR IR, 1/

Figure 4.2. Finite Impulse Response Filter where wy is a white noise sequence and wuy
is the desired input produced by a FIR filter with the appropriate filter coeflicients.

Elwg] = 0 and cov(wg) = AI. The result of the FIR filter is written as

n
U = Z Fiwk_i (43)
i=1
where F;, for i = 1,...,n, are called the filter coefficients. The process of determining

these filter coefficients, F;, to produce the desired autocorrelation is called spectral

factorization.
Now, the autocorrelation of the input sequence can be parameterized by the filter

coeflicients

Ry(7) = Eluguy,_] = E

(i Fi'wk—i) (z": Fiwk—r—i) ] =A "2'5 FF.. (44)
i=1 =1 =1

As long as there exists a way of decomposing the optimization variable ®, into the
appropriate filter coeflicients, F;, an input sequence with the optimal autocorrelation

can be determined.
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One way to decompose the optimization variable into filter coefficients is to
perform a Cholesky Decomposition on a block Toeplitz matrix containing the auto-

correlation coefficients R, (7). This matrix is formed such that

R(0) - Ru(l—n) 0

TN(@u) = Ru(n — 1)

0

where N determines the size of the matrix. The following is the well known Cholesky

Decomposition Theorem.

Theorem 6. (Cholesky Decomposition) If A € R™" is symmetric positive definite,
then there exists a unique lower triangular G € R™" with positive diagonal entries

such that A = GGT (Golub & Loan, 1989).

The symmetric positive definite constraint placed on T (®,) in order to use the
Cholesky Decomposition ensures that there exists a set of filter coefficients that will
produce an input with the autocorrelation represented by ®,. If this is the case, then
it has been shown that the Cholesky Decomposition may be used to recover the filter

coefficients (Wu et al., 1999).

Theorem 7. Given Ty(®,), a block Toeplitz matriz containing the autocorrelation
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coefficients R, (7). If UUT is the Cholesky decomposition of T (®,) then the nonzero

elements of the rows of U converge to the filter coefficients F; as N — oo.

To Summarize: The input is parameterized by an autocorrelation vector, ®,, and
is used as the optimization variable with a constraint on the block Toeplitz matrix,
Tn(®,). Then a Cholesky decomposition can be used on the optimal autocorrelation

vector to determine the filter coefficients that will produce the optimal input sequence.

4.2.2 System Identification ‘

The input to be designed is assumed to be applied to a linear system, resulting
in a measured output y, subject to measurement noise e. In addition, we assume that
a linear model is available of a signal z that characterizes the constraints that must

be satisfied for the process to result in an acceptable product. Thus, we have

Yk = Ly (O)ur + ek, 2k = Lyyux

where L, and L,, are linear operators with L,, parameterized by §. This is the same
as (2.18) with A(q,0) = I. After an experiment is performed, parameter estimates
f of a linear model are obtained using least squares regression as in (2.19). Let
Py =cov(f) and P, = cov(z;). Because we have assumed both a linear system and a

linear estimate, P, is an affine function of ®, and Po_l is an affine function of ®,. We
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represent these mappings as P;! = f(®,) and P, = g(®,) where

R.(1)T R,(0) Ry(1)| and

>|=

R,(2)T R,(1)T. Ru(O)J

with A, containing the system impulse response. Therefore, we have an explicit
relationship between the optimization variables, ®,, which contain the autocorrelation

of the input and the covariance of the parameter estimates.

4.2.3 Quality Measures of Important Parameters and Signals

For the thin film process of interest, we have identified parameter and signal
ratios as important for our application. The true performance of our experiment will
thus be measured in terms of the distribution of ratio(Cyf + dy) and ratio(C,z +d,),
where C, and () are matrices mapping from the appropriate dimension to a length
2 vector, and dp, d, € R2.

For some applications polynomial combinations of parameters and signals may

be important. In particular we will look at products of parameters and signals. For
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this case, the distribution of prod(Cyf + dy) and prod(C,z + d,), where Cy, C,, dy,
and d, have the above definitions, will be a measure of the true performance of our
experiment. In order to define either optimization problem, we need to establish

metrics that measure the “spread” or width of distributions that are made up of

these ratios or products. This is the subject of this section.

Ratios Throughout this chapter, we will explore measures of the width of the
distribution for the ratio of two random variables, first introduced in Hilt et al. (2006).
Let the joint probability distribution of the variables z = [581 xz]T be fi(z1,z2).
If r =ratio(z) := 2% , then the probability density function of r will follow the ratio

distribution given by

fr(r) = /_oo | 2| fo(r2a, T2) dizs. (4.5)

o

We would like to choose input excitations that result in the distribution given by
(4.5) being narrow. A method to evaluate the narrowness of these distributions must
be established first. Normally the variance of a distribution would be used to gauge
it’s width. However, when z is jointly Gaussian, because the tail of this distribution
decreases slowly, second moments of this distribution do not exist, and the variance
is infinite. We propose an alternate characterization of distribution width based on
an ellipsoidal bound.

For convehience, we define the set of points satisfying an ellipsoidal constraint
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as follows

Definition 8. Let

£(S,3,0) = {s|(s — 5)TS(s —5) < 6%}.

If § > 0and S € S%, then £(S, 5,6) is an ellipse (Ros et al., 2002). Suppose that

it is known that the parameters, s, lie inside an ellipse, that is, satisfy
(s —35)7 S(s —35) < 4° (4.6)

for some 6 > 0 and S € S7%. Such a hard constraint can be derived using an a-
priori bound on the measurement noise, or it can be given a stochastic interpretation.
For example, in the latter case, if n = 2 and s is a Gaussian random vector, with
covariance P = S~! and mean 3, then s satisfies this constraint with probability
1—exp (—%3) (Van Trees, 1968, p. 77). Thus ¢ defines the level of confidence in the
estimate that is desired. If ¢ is chosen to be 2, then the probability that s satisfies
the constraint and therefore lies inside the ellipse is 0.86. We will assume that a
particular choice of § > 0 has been made, and it will be fixed for the remainder of
the chapter.

We will be interested in characterizing the distribution for ratios of the form
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ratio(z) where z = Cs + d, C € R?*", and d € R?. In order for the ratio to be well

defined, we require that the denominator be positive. We define the set in which all

ratios have a positive denominators as D¢ 4.

Definition 9. Let D¢y be the set of (S,5,0) such that [Cs+d], > 0 for all s €

£(S,5,0), where [z], is the second element of the vector x.

The following well known result is a useful characterization of points inside an

ellipse.

Lemma 10. If S is invertible, s € £(S,35,6) if and only if s = §S~%v + § for some

lo]l < 1.

Proof. If s € £(S, 5,0), by definition

(s —5)TS(s —3) < & (47)

Let s = 6S~/2y + 5 for some ||v|| < 1, then s € £(S, 5, 6) if and only if

65~V +5—5)TS(6S V2w +5-35) < &2 (4.8)
(68~ H2p)TS(8S~ V) < 67 (4.9)
VT (S7VATTSES 2y < 62 (4.10)

S~1/2 is symmetric and ¢ is scalar so S~1/2 = (S~1/2)T and § = 67. So we can simplify
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(4.10) as:

vITS™Y26868 Y2y < 42

62UTs—1/235—1/2U < 62

It can be seen that S~Y/255-1/2 = J. Therefore

2Ty < 42

UTU

IN
—

ol < 1

d

Using the ellipsoidal bounds on the parameters s, as in Definition 8, the following

measures for the width of the distribution of ratio(C's + d) can be defined as:

Definition 11. For (S,35,0) € Dggq Let

max  ratio(Cs + d)
o(8,5,8) = 9 (4.11)
subject to s € £(S, 3, 0)

\
4

min ratio(Cs + d)

$orn(S,5,0) = 1 (4.12)
x subject to s € £(S,5,0)
$94(5,5,0) = ¢ra(S,5,6) — $5a(5,5,6) (4.13)
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Let us consider an example of an ellipsoidal representation of the width of a
probability density function of ratio(Cs+d) with the following properties. Let C = I,

and d = 0. Assume the covariance matrix of the parameters is

-1

o2 poioe
P = (4.14)

2
PO102 gy

and the parameter used to describe the shape of the ellipse, S, is equal to P~1. Let
the mean be 5 = [1 1]T. The maximum and minimum points are illustrated in
Figure 4.3 for 07 = 0.1,09 = 0.15 and p = 0 and in Figure 4.4 for o; = 0.1,05 = 0.15
and p = 0.5. The top graph in each figure shows the ellipse £ for § = 2 (probability of
0.86) along with the locations of the minimizer and maximizer of ratio(s), indicated
by Smax and Smin. The dashed lines denote values of s which also share the same ratio
as the maximum or minimum ratio in £. The bottom graph in each figure shows
the corresponding ratio distribution if the random variables were jointly Gaussian,
along with the value of ¢, and the locations of ratio(spax) and ratio(smi). Note how
the bounds from the elliptical representation in the top graph reasonably reflect the
relative breadth of the ratio distributions as shown in the second graph. It is also
interesting to note how the correlation of the two parameters effect the width of the
distribution. While both Figure 4.3 and Figure 4.4 have the same variances o; and

02, Figure 4.4 represents a correlation between the two parameter estimates causing
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Figure 4.3. Ratio distribution with uncorrelated variables. The top figure shows the
ellipse for § = 2, the mean § = [1 1], and P as in equation 4.14, with oy = 0.1,02 =
0.15 and p = 0. The bottom graph shows the ratio distribution if the random variables
are jointly Gaussian with the bounds from the elliptical representation marked.



85

2 T T T
15} PPk ~ ratio(s) = ratio(s ., ) .
s . = -
min _ -
N - - - ’. .
“ ' P - ratio(s) = rat/o(smax)
0.5 /z’/’,"" Smax g
oz - -7 . | l
0 0.5 1 1.5 2
51
3 | 1 1 T T T T ]
2r J
—_
b& . )
4~ al ratio(s_. ) ratio(s..) |
o— .
0.6 0.8 1 1.2 1.4 1.6

Figure 4.4. Ratio distribution with correlated variables. The top figure shows
the ellipse for 6 = 2, the mean 5 = [I 1]7, and P as in equation 4.14, with
o1 = 0.1,09 = 0.15 and p = 0.5. The bottom graph shows the ratio distribution
if the random variables are jointly Gaussian with the bounds from the elliptical rep-
resentation marked.
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the distribution to be narrower than the distribution in Figure 4.3. Now that we
have defined an alternative characterization of the width of a ratio distribution based
on an ellipsoidal bound, we would like to take a corresponding approach for product

distributions.

Products When looking at products of parameters a similar approach to defin-
ing an alternate characterization of the distribution width can be used. As in the
previous section, let the joint probability of the variables x = [z; z5]T be fy(z1,T2).
If p = prod(z) := z1x9, then the probability density function of p will follow the
product distribution given by

f»(p) =/_°° L s, (x%,xz) ds. (4.15)

00 |$2|

Again we will use ellipsoidal bounds on the parameter s, to derive the measures for
the width of the distribution of the prod(Cs + d). These measures are defined as

follows:
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Definition 12. For (S,5,0) € Doy Let

(S5 5, 0) max  prod(Cs+ d)
C,d (S,5,8) = ﬁ (4.16)

max
subject to s € £(S,5,0)

min prod(Cs +d
Yo (S,5,6) = < ( ) (4.17)

subject to s € £(S,5,9)

\

$%4(S,5,6) = ¢SL(S,5,8) — vSa(S,5,9) (4.18)

As in the previous section, consider an example of an ellipsoidal representation of
the width of a probability density function of prod(C's + d) with the same properties
as before including the covariance matrix of the parameters (4.14). The maximum
and minimum points are illustrated in Figure 4.5 for oy = 0.1, 0o = 0.15, and p =0
and in Figure 4.6 for o7 = 0.1, 05 = 0.15, and p = 0.5. It is important to that note
that the bounds from the ellipsoidal representation are a reasonable measure of the

width of the product distributions shown in the bottom graph of each figure.

4.3 Analysis

The measures for the width of the distribution of ratio(Cz +d) and prod(Cs+d)
established in the previous section have very nice properties that will be important
in the optimization process. In particular, it will be shown in this section that these

measures have properties which allow them to be easily computable.
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Figure 4.5. Product distribution with uncorrelated variables. The top figure shows
the ellipse for § = 2, the mean § = [I  1]7, and P as in equation 4.14, with
o1 = 0.1,00 = 0.15 and p = 0. The bottom graph shows the product distribu-
tion if the random variables are jointly Gaussian with the bounds from the elliptical
representation marked.
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Figure 4.6. Product distribution with correlated variables. The top figure shows
the ellipse for § = 2, the mean § = [1 1]7, and P as in equation 4.14, with
oy = 0.1,09 = 0.15 and p = 0.5. The bottom graph shows the product distribu-
tion if the random variables are jointly Gaussian with the bounds from the elliptical
representation marked.
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4.3.1 Ratios

In this section we will establish the following results related to the width measures

for ratios:

¢ Elements of an ellipse can be mapped to a half-space using a general affine

function.
e Combining ellipse parameters can result in an ellipse in the same halfspace.
e The set of ellipses in a halfspace with the same center is convex.

We begin with a general lemma that gives a necessary and sufficient condition for
the elements of £(S, 5,6) to be mapped by a general affine function into a particular
half-space in R™. We will later specialize to m = 2, but these results are true in

general.

Lemma 13. Given S € S, 5 € R*, § > 0, C € R™",d € R™, and halfspace H
in R™ defined by H = {x eR™: 'z > a}. If C5 +d € H, then the following are

equivalent:
1. Cs+deHVse&(S,50)

2. (F(C5+d) — a)® > 82TCS~1CTc



Proof. 1= 2: Given that ¢'(Cs +d) > a and s = 6S~/2v + 5 for ||v]| < 1, then

Cs = C6S V2% +Cs
Cs+d = C6S™V2y+Cs5+d

F(Cs+d) = FC8S8™ Y%+ cT'C5+ Fd.
From ¢T'(Cs +d) > a,

cF'CsS V2 +c7Cs5+cTd > a
6cTCS 2+ cT(Cs+d) > a

T(Cs+d)—a > —6cFCS Y

for ||lv|| < 1. Let v = ”jsgs_—;}gz%éﬁ, so that

—55-1/20%)

T = _ > _ T -—1/2
c(Cs+d)—a > —6c'CS <—_—|]6S—1/20Tc||

2crCS-1C%¢
T S — > —
c(Cs+d)—a > 35-172CTq]

By definition ||§S~/2CT¢|| = V/§2cTCS-1C7c, therefore

T(Cs+d)—a > V&2TCS-1CTc

(cT(C5+d) —a)?® > 827CS™'C%c

91
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2 = 1: By contradiction. If we assume that

(fF(C5+d)—a)® > 62TCS'C%c

c'(Cs+d)—a > 6VTCS-1CTc (4.19)

but ¢I'(Cs + d) ¢ HVs € E(S,35,6), implying that ¢’ (Cs + d) < a for some s =

6512y + 5 with ||v]] < 1. Then

cF(CsS™ v+ C5+d) < a

F(C5+d)—a < —cTC6S V2% (4.20)
Combining (4.19) and (4.20) we get

6VTCS-1CTc < F(C5+d) —a < —cFC6S™?y

cTCS-10T¢c < —cTCS /2y

— =857Y2CTe oo
for ||’U|| < 1. Choose v = m giving:

—S‘I/ZCTC)

VeITOS-10T _Jog v 2~ ~
cI'CS-1CTc < —c'CS (||S_1/2CTC||

cICS-1CTc

T Q1T - 0 > ©

cI'CS-1CTc < 517207
VICS-1CTe < VICS-1CT¢
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which is a contradiction. J

The result of this lemma, is that we now have a way to test whether an ellipse lies
within a given halfspace. This result has some interesting corollaries. For example,
the following result shows that when the parameters of multiple ellipses are combined
via a convex sum to create a new ellipse, this new ellipse remains in a half space
common to the primary ellipses, as long as the change in the ellipse centers is parallel

to the hyperplane defining the half space.

Corollary 14. Given ellipses £;(S;, 8;,0) t = 1,--+ ,k and half space H. If
o &£(Si,5,0) CH Vi
o 'C(5~5)=0Vi,j

then if S(y) = ¥, %Si and 5(y) = o8, Vs with S5, v = 1, the ellipse

gz(S(7)7 g(’y): 5) CH.

Proof. First, note that ¢T'C5; is constant for all ellipses and equal to cTC3(7). Then,

since S; > 0, by Schur complements the condition

(7 (C5; +d) — a)” > 8%7CS;C c
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from Lemma 13 is equivalent to

Si 6CTC
>0

5cTC (F(C5i+d) — a)’
(see Boyd et al. (1994)) and clearly is also satisfied by S(7), 5(y) whenever ¢cT'C(S(y)—
5;) = 0. a
Remarkably, the same is true even if the ellipses are parameterized using P = S~}

instead.
Corollary 15. Given ellipses &(P;,3;,6) i =1,--+ ,k and half space H. If

° gi(P~_1,§i,(5) CHW

o cI'C(s5;—$;) =0Vi,j

then if P(y) = Zle vP;, and §(y) = Ele Yi8i, with ¥~y = 1, the ellipse

E(P(y)™1,5(7),0) C H.

Proof. First, note that ¢ C5; is constant for all ellipses and equal to ¢! C3(7y). Then,

k
§2cTCP(7)CTc = 62Z%~CTCI%CTC

i=1

k
S Z’)’z (CTC§1; +d— a)2

i=1

= ('Cs(y)+d - a)2
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Convex Set of Ellipse Parameters
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Figure 4.7. The set of convex combinations of ellipses remains on the same side of a
common half-space, therefore the set of all ellipse parameters for which the ellipses
remain inside a particular half-space forms a convex set.

Thus, P(y)™1, 5(7) satisfy the conditions of Lemma 13, and the ellipse & (P(v)™!, 5(7), 9)

is contained in 7. O

Now, with 3 fixed, since “convex combinations” of ellipses remain on the same
side of a common half-space, the set of all ellipse parameters for which the ellipses

remain inside a particular half-space forms a convex set as shown in Figure 4.7.
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Corollary 16. Given halfspace H and fixred § with C5 + d € H, the set of S such
that Cs +d € H for all s € £(S,5,0) is convex. Furthermore, the set of P such that

Cs+d e H for all s € E(P71,5,0) is conver.
Proof. Follows from Corollaries 14 and 15. a

We are now in a position to establish the main results concerning the ¢ measures
of the ratio distribution. Note that for these results, we are specializing to C' € R?*"

and d € R2.

Theorem 17. For (S,3,8) € Dcga, let Q = (C’S‘l(}'T)_1 and v = HQ%(C@*‘d)H-

Then
¢$2(S,5,0) = ratio(6Q'wy + C5 + d) (4.21)
6C4(8,5,0) = ratio6Q 'w_ + C5 + d) (4.22)

where

J TV -] Qi(cs
wy = —Q?2 Q(—C‘Zii) (4.23)
+y/72 = 52 5 K
Furthermore,

o ¢S4 (8,5,8), —¢2(S,5,6), and $°4(S, 5,8) are convez functions of S.

max min

o ¢04 (P15 6) and ¢ (P~ 5,6) are quasi-linear functions of P.

min

Proof. See Appendix B. O
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4.3.2 Products

As in the case of ratios, the measures for the width of the distribution of the
prod(C's + d), Ymaz, Ymin, and ¥ have nice properties. Due to the polynomial prop-
erties of prod(Cs + d), we can find ¥, and 1y, using a sequence of convex linear
matrix inequality (LMI) problems as presented in Lasserre (2001). The following is
an overview of this method.

We state the problem addressed in Lasserre (2001) as this: Given a real-valued
polynomial, p(z), we wish to find the global minimum and corresponding minimizer.
In Lasserre (2001) it was shown that advantage can be taken of convex optimization
methods by representing the minimization problem as a sequence of convex LMI

optimization problems. We will start by introducing some notation.

Notation Define p(z) : R® — R to be a real-valued polynomial mapping a
vector of length n to a scalar. The order of the polynomial is m. The polynomial can

also be represented as a sum of terms such that

p(z) = Zpix‘” (4.24)

with the following definitions. The exponent «; is a vector [ai , Qg - ajn|such
that 2% = z7*'z5" ... 22" and Y 7_ o < m. The vector p = p; is the coefficient

vector of p(xz). The vector y = y,,, is called the moment vector where, for the two
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dimensional case, y; ; is the (i + j)-order moment [ z*y?u(d(z,y)). The first element

Yao = Yo,..0 = 1. Mp(y) is the block moment matrix M; ;(y), <ij<m defined by

Yi+io  Yirj—11 - Yi,j

Yitj—11 Yi+j—2,2 " .
M;;(y) = : (4.25)

Yji s o Yoy

Mpm(y) can also be represented as (3_,) YaBa) + B, where B, and By are the ap-

propriate basis matrices.

Unconstrained Sum of Squares As shown in Lasserre (2001), the optimiza-

tion problem

P p* = ;Iel]igr}z p(z) (4.26)

can be written as the LMI problem

Qe iy 2aPabe (4.27)
My (y) =0
or
Q iy 2apove (4.28)

Eg;ﬁo YoBa = —By
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Given a global minimum, p* = minp(z), if p(z) — p* is a sum of squares of
polynomials, then min P is equivalent to the convex LMI problem Q. Therefore, by

solving Q the global minimum of the polynomial p(z) can be found.

Constrained General Polynomial Case An appropriate LMI problem can

also be found to solve a constrained minimization problem such as
Pk — p) = jrpellr%p(x) (4.29)

where the following definitions apply. The function p(z) is a real-valued polynomial
mapping R™ — R with an order of m. K is a set of constraint inequalities of the form
gi(z) > 0 where g;(z) : R® — R is a real-valued polynomial. The degree of g;(z) is
w;. For each constraint define the matrix

g(.’II) * Mm(y)(17 1) e g(x) * Mm(y)(l?n)
(4.30)

Mpn(9:y) = 9i(x) M (y)

9(z) x Mm(y)(n,1)

ARTHUR LAKES Ligha
RARY
COLORADO SCHOOL OF Mg INES

[eIN3Y4 Y NN -roe-guaru |



For example, in the two dimensional case where m = 2 and n = 2,

M,(y) =

1,0

Yo,1

Y2,0

Y11

Yo,2

Y1,0 Yo

Y20 Y11

Y1,1 Yo,2

Y30 Y21

Y21 Y12

Y1,2 Yo,3

Y2,0

Ys3,0

Ya2,1

Ya0

Ys,1

Y2,2

Y11

Y21

Y1,2

Y31

Ya,2

Y1,3

Yo,2

U1,2

Yo,3

Y2,2

U1,3

Yo,4

Given the constraint polynomial g(z) = az; + bz, then

M (9(2)y)

= (fwl + bxy). M (y)

g9(z) x 1

-

ayi,o + byo 1

ayz,0 + byi1

9(55) * Y10

g(z) * Y1,0 g(z) * Y2,0

aya20 + byi1

ayspo + bya1

100

(4.31)

(4.32)

(4.33)

(4.34)
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Now write the LMI problem

infy Za PoYa,

X 3 M,(y) > 0, (4.35)

MN—ﬁii(giy) t O)Z = 1> A
\
where @; := [w;/2], N > max; @;, and N > [m/2].

Using a Convex LMI problem for products We can use the above LMI
problem Q¥ to find our measures of distribution width for products, ¥mi, and ¥may
with the following deﬁnitions. We choose our polynomial function as p(z) = prod(Cs+
d). There is only one constraint, s € E(S,3,0), which we represent, using equation
(4.6), as g1(z) = (s — 3)TS(s — 5) — 62. Solving Q¥ with these definitions will give
us Y2 (S,5,6). Likewise, solving Q¥ with p(z) = —1 % prod(C's + d) and the same
constraint will give the measure %52 (S, 3, 6).

While this formulation allows for calculation of wﬁ’i‘fl and 92, it lacks the convex-
ity properties in ®, that are found when calculating the distribution width measures
for parameter ratio estimates. Since the parameter ratios are relevant to our thin film

deposition system and are the more interesting case due to the convexity properties,

we will focus on parameter ratios for the remainder of the chapter.
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4.4 Input Optimization for Ratios

We are now in a position to define the input optimization problem. The following

are given:
e Parameter ratio to be estimated: ratio(Cyf + dy).
e Performance signal ratio to be constrained: ratio(C,z + d,).

e Affine mappings for the parameter and performance signal covariances

PG_I = f(@u), P, = g(2y).

e Expected values for the parameters and performance signals: 6, Z.

Based on the discussion in the previous section, the width of the parameter ratio
distribution will then be given by, ¢%% (f(®,),,8) where ¢ is chosen depending on
the certainty to which the constraint is expected to be met.

The constraint on the performance signal is one that should be met at all time

points. In order to have a well defined problem, we must assume that the input
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satisfies a uniformity property. In particular, we assume that for all k,

—u(k + 1)- — u(k+1) “
u(k +2) - u(k + 2) <5 (4.36)
_u(k + E)_ _u(k +n—1)

Then the objective m; < ratio(C,zx + d,) < 7y will be met if

¢C==(g(®,), 2, 8) < My, and

¢%:% (g(@,), 7, B) > my.

In addition, it is easy to add constraints on the variance of the performance signals.
For example, if it is desired to achieve cov (C2z) < b, we can utilize the constraint

C29(3,) (C?)T < b
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We then arrive at the following optimization problem whose solution gives the

correlation coeflicients of the optimal input.

ming, ¢Codo (f(Dy),0,0)
¢r€12a’)‘(iz (g(q)u)7 2) :8) S ml
—pe(9(2u), 7, 8) < —my (4.37)

subject to <
C2g(®,) (CH)" < b

TN(q)u) >0

This optimization problem is convex, as the convexity or quasi-convexity of each
function is preserved through the linear mappings f and g, so the objective function

is convex, as are the constraints.

4.5 Experiment Design for a Thin Film Deposition System

In this section we describe how the input design problem developed in the previ-
ous sections can be used in a thin film deposition system such as the one described in
Section 2.8.2. The following example was presented in Spinhirne & Vincent (2006).

As an example of a simple deposition system, consider a two-zone, two-material
process, with nominal system model

ve| | w4 +d?] e
= - +] 7], (4.38)

yl% ylzl + y’?:? d21 + d22 6%
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where yfcj + d¥ is the amount of material i deposited in zone j at time k, y! is

the measured amount of deposited material, €% is a zero mean measurement noise

T
cov ([ellc ez] ) = Al.

satisfying

In addition,

¢ = Gy )y,

where

Gu(g™') = 04+32¢7" +04¢72,
Ga(g') = 0.8+6.4¢7"+0.8¢72
G -1 _ -1 -2

Ga(g™h) = 1.5+12¢7'+1.5¢72, and
dit g 180 100

a2 d* 100 30

The objective is the estimation of the ratio gi; 8;, that is, the ratio of DC gain between

zone 1 and zone 2 for material 1. The process constraints will bound the variance of
y* as well as the ratio of y** to the sum of y'* and % in each zone, as shown in Table

4.1. We took N = 500 and A = 20%. The problem data is as follows:
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Variable

Desired Bound

y!* variance in each zone
y? variance in each zone

in Zone 1 and 2

y12+y21

252
252
+0.1

Table 4.1. Performance Constraints.

00

10

]
0 00O

0111

o = L911 bha O 922]’
-
11100

Cy =
00011
- T

dg = |4 8] ;

Z = 180 100 100
11100

c! =
11100
- T

d: = |180 280] ;
-
11100
0 0011

Cc? =
00000
00000

§ = 2, andf=1.

After finding the optimal correlation parameters ®,, an input sequence was cre-

ated by finding FIR filter parameters as discussed in Section 4.2.1, and then applying
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independent pseudo-random-binary-sequences (PRBS) (Séderstrém & Stoica, 1989)
as inputs to this filter. The resulting nominal performance signals are found by ap-
plying the input sequence to system (4.38). The sample covariance for y* was found

to be

cov(y*t) = 24.3% cov(y'?) = 23.1%,

cov(y?!) = 16.8%, cov(y*?) = 5.8,

yli

Wfﬁ{ are shown in Figure 4.8, along

meeting the desired constraints. The ratios
with the desired upper and lower limits. Note that the constraints are met at the
majority of sample times. The constraints are violated whenever the PRBS input
does not satisfy the input uniformity requirement (4.36), but clearly this is a good
approximation.

"To simulate the estimation process, 100 different noise sequences were added to
the nominal response, and parameter estimates were found using least squares. The
resulting distribution of estimate for g—ié—% is shown in Figure 4.9. Note that ¢ is a

very reasonable estimate for the width of this distribution.

4.6 Experiment Design for Detecting Ratio Faults

In this section we describe how the input optimization problem we have intro-

duced can be reformulated to design inputs for optimal detection of faults occurring
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Ratio constraint variable in zone 1
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Ratio constraint variable in zone 2
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el (T e
2 0.7t ﬂ .
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> 0.6 : : : :
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sample

Figure 4.8. Time response of constraint signals. Desired limits are shown as solid
lines. Note that in general the signals stay within the designated constraints.
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Histogram of ratio estimates ¢=0.1085

T T T T T T T

0-25¢ (I)min q)max i

.o
N
T

relative frequency
o
,o —_
- [$,]

0.05f 1
93 035 065 07
Figure 4.9. Histogram of estimates for g—i;—g—; with @,in and ¢pe, based on the optimal

" input shown. Note that with optimal input, ¢, and ¢,,., designate reasonable
bounds on the distribution of the estimate of the ratio of interest.
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in the form of parameter ratios.

4.6.1 Optimization Problem

Given some fault line ¢’z = a, defining a fault space from a non-fault space as
in Figure 4.10, it can be said that a fault has occurred if the parameters, s, satisfy
cI's > a. Likewise no fault has occurred if ¢’'s < a.

However, because we can only estimate the parameters, s, within a confidence
region (represented by an ellipse, £(5, §,9)) we have the possibility of misclassifying
a parameter estimate as a fault or not a fault. Given a nominal parameter in the
no-fault region, s,, it is possible that part of the ellipse defining the estimate region
may fall below the fault line, or in the fault space. If our estimate of s, falls in this
region, a fault would be detected where none exists. This is referred to as a false
positive and is illustrated as the lower ellipse in Figure 4.11. The opposite case can
also occur. Given a parameter in the fault region, s¢, the estimate may fall in the
non-fault region and no fault is detected when one has occurred. This case is called
a false negative and is represented in figure 4.11 by the upper ellipse.

If the system is such that production must be halted when a fault has occurred,
a false positive causes unnecessary stops in production and lost time. Likewise, false
negatives may result in defective products which also causes increased cost due to
lost time and materials. Thus it is important to reduce the occurrence of both false

positives and false negatives.
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Fault Line
p- 4

S5 Non-Fault Space _.p"Ff

Figure 4.10. Fault Space for the ratio(s). Any ratio falling above the line is considered
nominal while a ratio falling below indicates a fault in the system.
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Fault Line

False negatives

False positives

S

Figure 4.11. False positives and False negatives. Estimates of §,, falling below the
fault line will incorrectly be classified as faults resulting in a false positive. Estimates
of 5 falling above the fault line will be misclassified as nominal behavior resulting in
a false negative.
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Call Line

Fault Line

sf,min

S

Figure 4.12. Fault call line based on $¢mn will reduce the number of false negatives
for a given confidence region.

To reduce the number of false negatives, one approach is to establish a call line
at which a possible fault is detected that includes all estimates of 5; within a certain
confidence interval. See Figure 4.12. This line is based on the ¢min(S, 55,0). While
the nominal parameter value, 5, is known from the system data, we must choose a
fault parameter value, 5¢, to use in the input design problem. The worst case scenario
for false negatives is when the faulty parameters 5; fall on the fault line as this puts
the largest portion of the uncertainty ellipse in the no fault region, resulting in the

largest number of false negatives. Therefore we want to design for when the faulty
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parameters lie on the fault line. We choose 3¢ to be the point on the fault line such
that the line between 3, and 5 is perpendicular to the fault line. This minimizes
the distance between the nominal parameters and the fault parameters. This point
is found via the following:

Given 3, =[ 5,, 3,, " and a fault line 'z = a:
y ¥

T

e The distance from 3,, to the line ¢! z = a can be found as

g= |G8n1t Colna—a) '8, —a (4.39)
A /c% -+ C% ”C”

e Now 3; can be found. Let | = /||5,]|> — d®. We know that ||3¢|| = [ and the

slope of the fault line is Z% = mti;(gf). This gives:
_ l
O — (4.40)
1+(-%)
_ —C18
B2 = — (4.41)

We now have the situation depicted in Figure 4.13. If a call line is based on the
ellipse £(S, 57, 0) where 5y is chosen as in Figure 4.13, any ellipse £(S, 5¢2,6), where
5y falls on the fault line but further away from the origin than 3¢, will be below the
call line. See Figure 4.14. Thus, by choosing 5 as a design parameter, we are ensured

to also eliminate any false negatives with in our confidence level should the actual
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Fault Line

[

S

Figure 4.13. Choosing a fault parameter, 5y, to lie on the fault line represents the
worst case for estimates of 5; resulting in false negatives.

parameters lie further away from the origin than 5.

While this eliminates the number of false negatives, it can increase the number
of false positives. Therefore, we wish to bring the call line as close to the fault
line as possible. Thus, we will design an input such that s, is maximized and

the call line is based on @min(S, 37,8). This gives the fault test as c5s = ay where

T _

cy=| — 1
cl ¢7nin (Sigf 76)

-1
However, we do not want to design an input that allows the confidence ellipse for

a non-fault set of parameters to grow such that it falls below the call line, increasing

ARTHUR LAKES LIBRARY
COLORADO SCHOOL OF MINES
GOLDEN, CO 80401
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Call Line

Fault Line

Possible Fault

Locations

Fault Location Used
for Design

S

Figure 4.14. Alternate Fault Locations. Other possibilities for 5; further away from
the origin along the fault line will still have estimate regions that fall under the call
line, thus making the choice of 37 an appropriate one.
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Call Line

Fault Line

| A

\ 4

S1

Figure 4.15. Depiction of the call line optimization problem where the goal is to
maximize @pmin (S, §¢,9) with the constraint that ¢maes (.S, 5,, ) must lie above the call
line thereby minimizing both false positives and false negatives.

the occurrence of false positives. Therefore we add a constraint to prevent this. Given
0 and §,, this gives the optimization problem:

maxs Pmin(S, 5¢,0) (4.42)

subject t0  cLSnmazr < A

where 5; and ¢ are found as discussed above.

Refer to Figure 4.15. While this will not eliminate false positives and false
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negatives, it will help to greatly reduce them within the specified confidence regions.

4.6.2 Ratio Fault Example

Consider the two-zone, two-material process introduced in section 4.5.1. Using
the same problem data, we wish to find the optimal correlation parameters ®, that
Gu(1)

give an optimal call line for detecting faults of the ratio & Gia(D) within the same process

constraints discussed above. In the previous example we saw that a nominal value

for the ratio “8;, Sn, is 0.5. A fault will be called if this ratio exceeds 0.65. We
choose 3¢ to lie on the line which represents a ratio of 0.65 at a point where the
line between 5, and 3¢ is perpendicular to the fault line. Now, the optimal input
correlation parameters, and thereby the optimal call line, is found by solving the

optimization problem (4.42) with the process constraints discussed previously. The

input design problem becomes:

ming, —p® (f(@ uw)s 8f,0)
Czy‘b(g(@ ) ) < 7’77,

—4%:% (9(Du), 2, 8) < —my

subject to < - C2(®,) (C2)F

(4.43)

Tn(®y) > 0

T
cclsn,ma.x S el
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Repeating the procedure discussed in 4.5.1, the optimal correlation parameters, ®,,
were found and an input sequence was created by finding the FIR filter parameters
and then applying independent pseudo-random-binary sequences (PRBS) as inputs
to this filter. As in the previous example, the performance signals can be shown to
meet the desired constraints. The sample covariances for the individual metals in

each zone are as follows:

cov(y't) = 22.3%, cov(y'?) = 24.87,

cov(y?!) = 18.4%, cov(y*?) = 8.3%

By looking at Figure 4.16 it can be seen that the process constraints on ratios
also were met. This figure shows the constraint ratios produced from applying the
input sequence to the system. The estimation process was simulated by adding 100
different noise sequences to the nominal response, and parameter estimates were found
using least squares. Figure 4.17 shows the optimal call line for the ratio fault along
with the estimates of the nominal parameters. It can be seen that all the nominal
parameter estimates fall above the call line therefore giving no false positives. At the
same time all faulty parameter estimates within the given confidence region will fall
under the call line thus reducing the possibility of false negatives. Figure 4.18 shows
the resulting distribution of the parameter ratio estimate. We note that ¢ is still a

very reasonable estimate for the width of the distribution.
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Ratio constraint variable in zone 1
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Ratio constraint variable in zone 2
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Figure 4.16. Time response of constraint signals for ratio fault optimization problem.
Desired limits are shown as solid lines. Note that in general the signals stay within
the designated constraints.
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Figure 4.17. Results from the ratio fault optimization. Note that the estimates of the
nominal ratio lie above the call line resulting in no false positives while the confidence
region for the faulty ratio is oriented along the fault line reducing the number of false
negatives.
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Histogram of ratio estimates ¢=0.1112
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Figure 4.18. Histogram of estimates for gggg with ¢min and ¢, based on the

optimal input from the ratio fault optimization problem shown.

Note that with

optimal input, ¢min and @me. designate reasonable bounds on the distribution of the

estimate of the ratio of interest.
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Chapter 5

CONCLUSIONS

Fault Detection and Identification is becoming more crucial in today’s complex
industrial systems. Due to the need for accurate system models for model-based FDI,
system identification methods and their effects on the fault detection process become
important components of system monitoring. One important consideration in system
identification for fault detection is the input condition which existed during system
identification. Two contrasting cases related to the input during system identification
have been presented.

The first case considers a situation where the input during system identification
can not be chosen arbitrarily. As this is a common case in industry, it is important for
fault detection methods to take into account the situations that can result from using
production data for system identification. If the input did not excite all modes of the
system, the model produced by the system identification will not be complete. This is
a case of the input not be sufficiently exciting. This thesis has developed a method for
filtering residuals to remove the error due to incomplete system identification. This

allows for increased accuracy in the fault detection process even though the system
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identification data may have had a different level of input excitation than the data
during system monitoring.

While the method of filtering residuals shown in this thesis greatly increases the
accuracy of fault detection, there are still some limitations to this approach. It was
shown that the filtering of the residual can lead to hidden faults, although a bound
on the magnitude of these faults can be determined. Therefore, while the majority of
the faults will be detected, there is a class of faults that will be obscured by choosing
to filter the residuals. Another limitation is in the fault identification process. If there
exists a model of how a sensor fault affects the output, then a minimization problem
can be solved to determine the fault sequence that may have occurred. If the fault is
not a sensor fault or can not be modeled so easily, then fault identification requires
diagnosed data taken in the presence of known faults. In addition, this method is
focused on a linear system model.

Future work in this area could include investigating the properties of hidden
faults resulting from residual filtering to determine the effect these faults would have
on the system. There is also a need for improved fault modeling to allow fault isolation
with out the need for diagnosed production data which may not be available. Another
area with interesting possibilities is to extend this method to nonlinear system models.
Due to the nonlinearity of most industrial systems, this would allow for improved

accuracy in fault detection.
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The second case considered in this thesis assumes that the input can be chosen
within some system constraints. Here the problem of input design for parameter
estimation and parameter variation fault detection was investigated. It was shown
that this problem could be formed as a convex optimization problem. An alternative
characterization for the estimate quality based on ellipsoidal bounds was established
which led to the convex properties of the optimization problem.

While the ability to form the input design problem as a convex optimization
problem has definite advantages over a nonlinear problem, it still has some limitations
due to the complexity of the problem. Even though the example problem considered
in this thesis was fairly low in complexity, it was reaching a limit of what a gradient
method can solve. In order to improve the computational cost and allow for increased
complexity, alternative methods for solving convex problems such as interior-point
methods or ellipsoidal methods should be investigated. The application of these
methods to the design problem formulated in this thesis would allow application to
a greater class of industrial problems.

An additional area of continued research could focus on the case where the op-
timization problem is infeasible due to the manufacturing constraints placed on the
input. In these cases it may be necessary to modify some of the parameters that were
held constant in this thesis such as the confidence level, §, which defines the size of the

estimate ellipse. Another possibility is to include the number of samples considered
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when doing parameter estimation as a variable in the design problem. The larger
the number of samples, the better the estimate of the parameter ratio that can be
achieved. However, this number should be balanced with the need to do timely fault
detection. If it is necessary to collect a large number of data samples before doing pa-
rameter variation fault detection, then faults will not be detected in a manner which
saves time and money. It may be possible to determine some metric for balancing
the increase in accuracy of the parameter estimation with timely fault detection that
would allow for more flexibility in the input design problem. All of these issues would

be interesting topics for future work.



127

REFERENCES

Anderson, E., Bai, Z., Bischof, C., Blackford, S., Demmel, J., Dongarra, F., Du
Croz, J., Greenbaum, A., Hammarling, S., McKenney, A., & Sorensen, D. 1999.
LAPACK User’s Guide. 3 edn. STAM.

Birkmire, Robert W., & Eser, Erten. 1997. Polycristalline Thin Film Solar Cells:
Present Status and Future Potential. Annu. Rev. Mater. Sci., 27, 625-53.

Boyd, Stephen, El Ghaoui, Laurent, Feron, Eric, & Balakrishnan, Venkataramanan.
1994. Linear Matriz Inequalities in System and Control Theory. Philadelphia: SIAM.

Campbell, Stephen L., & Nikoukhah, Ramine. 2004. Auziliary Signal Design for
Failure Detection. Princeston NJ: Princeston University Press.

Chou, C.T., & Verhaegan, M. 1997. Subspace Algorithms for the Identification of
Multivariable Dynamic Errors-in-Variables Model. Automatica, 33(10), 1857-1869.

Downs, J.J., & Vogel, E.F. 1993. A plant-wide industrial process control problem.
Computers and Chemical Engineering, 17(3), 245-255.

Dunia, R., & Qin, S. J. 1998a. A subspace approach to multidimensional fault
identification and reconstruction. AIChE Journal, 44(8), 1813-1831.

Dunia, R., & Qin, S. J. 1998b. A unified geometric approach to process and sensor
fault identification and reconstruction: The unidimensional fault case. Computers
and Chemical Engineering, 22(7-8), 927-943.

Frank, P. 1990. Fault Diagnosis in Dynamic Systems Using Analytical and
Knowledge-based Redundancy - A Survey and Some New Results. Automatica,
26(3), 459-474.

Gertler, J. 1988. Survey of Model-Based Failure Detection and Isolation in Complex
Plants. IEEE Control Systems, 8(6), 3-11.

Gertler, J. 1998. Fault Detection and Diagnosis in Engineering Systems. New York:
Marcel Dekker, Inc.

Gevers, Michel. 2005. Identification for Control: From the Early Achievements to
the Revival of Experiment Design. Furopean Journal of Control, 11, 335-352.



128

Golub, G.H., & Loan, C.F.V. 1989. Matriz Computations. 2 edn. Baltimore: Johns
Hopkins University Press.

Goodwin, G. C., & Payne, R. L. 1977. Dynamic System Identification: Ezperiment
Design and Data Analysis. New York: Academic Press.

Hilt, Matthew J., Vincent, Tyrone L., Joshi, Bharat S., & Simpson, Lin J. 2005.
Estimating Relative Deposition in a Multi-Zone Process Using a Single Composi-
tion Sensor. Pages 4525-4530 of: Proc. American Control Conference June 8-10.
Portland, OR, USA. Green Valley, AZ: AACC.

Hilt, Matthew J., Vincent, Tyrone L., Joshi, Bharat S., & Simpson, Lin J. 2006.
Estimating Relative Deposition in a Multi-Zone Process Using a Single Composition
Sensor. IEEE Transactions on Control Systems Technology, 14(2), 247-259.

Iserman, R. 1984. Process Fault Detection Based on Modeling and Estimation
Methods - A Survey. Automatica, 20(4), 387-404.

Jackson, J.E. 1991. A User’s Guide to Principle Components. New York: Wiley-
Interscience.

Ku, W., Storer, R.H., & Georgakis, C. 1995. Disturbance detection and isolation
by dynamic principal component analysis. Chemometrics and Intelligent Laboratory
Systems, 30, 179-196.

Lasserre, Jean B. 2001. Global Optimizafion with Polynomials and the Problem of
Moments. SIAM Journal of Optimization, 11(3), 796-817.

Li, W., & Qin, S.J. 2001. Consistent Dynamic PCA Based on Errors-in-Variables
Subspace Identification. Journal of Process Control, 11(6), 661-678.

Lin, W., Qian, Y., & Li, X. 2000. Nonlinear dynamic principal component analysis
for on-line process monitoring and diagnosis. Computers and chemical Engineering,
24, 423-429.

Ljung, L. 1999. System Identification: Theory for the User. 2 edn. New Jersey:
Prentice Hall.

Lyman, P.R., & Georgakis, C. 1995. Plant-wide control of the Tennessee Eastman
problem. Computers and Chemical Engineering, 19(3), 321-331.

MacGregor, J.F. 2003. Multivariate Statistical Approaches to Fault Detection and
Isolation. Pages 579-58/4 of: Safeprocess 2003. IFAC Symposium on Fault Detection,
Supervision, and Safety of Technical Processes.



129

McAvoy, T. J., & Ye, N. 1994. Base control for the Tennessee eastman problem.
Computers and Chemical Engineering, 18, 383-413.

Overschee, P.V., & Moor, B.D. 1996. Subspace Identification for Linear Systems:
Theory, Implementation, Applications. Boston: Klumer Academic Publishers.

Qin, S.J., & Li, W. 2001. Detection and Identification of Faulty Sensors in Dynamic
Processes with Maximized Sensitivity. AIChE Journal, 47, 1581-1593.

Ricker, N.L. 1996. Decentralized Control of the Tennessee Eastman Challenge Pro-
cess. Journal of Process Control, 6, 205-221.

Ros, L., Sabater, A., & Thomas, F. 2002. An Ellipsoidal Calculus Based on Propa-
gation and Fusion. IEEE Transactions on Systems, Man, and Cybernetics-Part B:
Cybernetics, 32(4), 430-442.

Russell, E.L., Chiang, L.H., & Braatz, R.D. 2000. Data-Driven Techniques for Fault
Detection and Diagnosis in Chemical Processes. London: Springer-Verlag.

Shi, R., & MacGregor, J.F. 2001. A framework for subspace identification methods.
Pages 3678-8683 of: Proceedings of the American Control Conference. AACC, Green
Valley, AZ.

Soderstrom, Torsten, & Stoica, Petre. 1989. System Identification. New York: Pren-
tice Hall.

Spinhirne, RM, & Vincent, TL. 2004 (November). On Fault Detection Using Dy-
namic PCA with Varying Input Excitation. Pages 281-286 of: Proceedings of the
IAR Advanced Control and Diagnostic Workshop.

Spinhirne, RM, & Vincent, TL. 2006. Experiment Design for Ratio Estimates. Pages
5165-5170 of: Proceedings of the 2006 American Controls Conference.

Van Trees, Harry L. 1968. Detection, Estimation, and Modulation Theory. New
York: Wiley.

Wu, Shao-Po, Boyd, Stephen, & Vandenberghe, Lieven. 1999. FIR Filter Design Via
Spectral Factorization and Convex Optimization. Chap. I of: Datta, Biswa N. (ed),
Applied and Computational Control, Signals, and Circuits. Birkhauser.



APPENDIX A
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The optimization problem 3.11 can be rewritten to include the constraint as

N 0 0 —C —Di T

! =S =T 1 0 0

The first iteration can be separated so that
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where

0 0 '—C -D]_ ™1
=S -T I 0 0

Focusing on the first term, a QR decomposition can be used to find matrices such

Ry Ry
that M = Q with @) orthogonal. The first term can now be written as
0 Ry
- 2 - T 112
fo fo
(4] (S]
Ryy Ry F ]
M\ 75 = fi
0 Ry
h h
1 1
B dllF L L 4 1IlF

Using the singular value decomposition find R;; = ULV 7T so that

SRIE - — 12
fo T fo
€1 PN 0 (UTRlz)n €1
M| 7 = 0 0 (UTRu). h
h 0 R h
1 1
L dllF L L 1 1ir
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where (UT Ry3), are the rows of UT R, associated with the nonzero singular values
and (UTRy,), are the rows of UTR;, that correspond with the zero singular values,

rows kK +1 to N. Now

~ - n2 - T 112
f f
0 T 0 o
€1 €1 fl
T (UTRy2). .
M| f = [2 (UTR12)n] fi + h
Ry
h h 1
A
1 1
L 1lIF L L1 Jlig

Since ¥ is invertible, given f; and h, values for f; and e; can be found such that the

first term is zero. Therefore the new minimization problem is reduced to

fi-1
- a2
fl €;
N 0 0 '—C —D,; r;
, nin [Fu T rgl] DY ;i
=2\l - -T I 0 0
1 h
L " 1ip
1
where
(UTR12)Z

= [ I'n T Iy ]
Ry
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Now separate another iteration so that the problem is

- - - 112 - -
fi fiz1
€2 €;
N 0 0 —C —Di T
Jmin M|+ ;
o =2 || -8 -T I 0 0
h h
1 1
L L . F L . .

where

-S T I 0 0

This process can be repeated until [ Tiv Doy Tay ] is found. Then estimates of

the fault can be found via

h, N:argﬁlfiﬁl [FlN Ton FgN] h
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Find f;,5=0...N —1 by using

A fi
fiz1 X

é;
1

where

Gi = —1% (ZVT)"HUT Ryy)n.
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APPENDIX B

PROOF OF THEOREM 17

First, we note that D¢ 4 is convex in both § and P by Corollary 16.

The formulas for @4z and @.,in, and the convexity of @,,q, and ¢, with respect
to S can be established using results similar to that in Hilt et al. (2006). The proof
is repeated here for completeness.

Re-parameterize the ellipsoid £&. Let w = S~2y for some |v|| < 1. Then
s € £(S,35,0) if and only if s = 6S~'w + 5 for ||w||s-» < 1. This gives an equivalent

optimization problem

max,  ratio(6S™'w + 3)

ﬁ’adx(s’ S, 6) = (Bl)
subject to |lw|ls-1 <1
min,  ratio(6S7'w + 3)
$on(S,5,6) = (B.2)

subject to ||w]s-1 <1

Some additional lemmas which will help in this proof need to be established.

Lemma 18. If w is a solution to (B.1) or (B.2), then |lw||s-1 = 1 and wT's = —¢

are satisfied.
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Proof. Consider the first equation. If w is a solution to (B.1) or (B.2) then the
derivative must be equal to zero. However the derivative of ratio(6S~'w + 5) does
not equal 0 for ||w||s-: < 1, therefore the solution must be on the boundary of
the ellipse, giving ||w||s-» = 1. Now for the second equation. If ||w|ls-: = 1 and
w = SY2y, then ||v|| = 1 as well. Choosing v = [ sin(6) cos() ]T, s can be written
as:

s(6) = 6571/2 [ sin(6) cos(6) ]T + 5.

At values of @ corresponding the maximum or minimum solution, Qﬂ%@) = 0. This

can also be written as

os1t
T —_—
s(9) [80]
where [%]l satisfies (%)T [%]l =0
ds _ T
5 = 6571/ [ cos(#) —Sin(ﬂ)J
95T+ T
5 = 5" [ sin(d) cos(6) ]

(%)Tr%f = (55‘1/2[(;05(9) _sin(e)]T>TS”2[sin(a) cos(ﬁ)]T

(S—Z)T:g%f = [cos(ﬂ) —sin(H)J(5_1/2)T551/2[sin(9) cos(H)]T
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The matrix S~%/2 is symmetric so (S~1/2)T = §~1/2 and S-1/281/2 =],

(

9s
o0

) |

Os
00

| -

cos(f)

— sin(6)

cos(6)

—sin(6)

5_1/251/2

sin(6)

cos(f)

sin(6)

cos(6)

§(sin(8) cos(8) — sin(6) cos(8))

5(0)

0
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If s is a maximum or minimum solution, then there exist some 6 such that

L
s(0) [%J =
- T
59-1/2 sin(8) i ~

S = 0
cos(f) cos(6)

([ sin(6) cos(f) (5‘1/2)T6+§T) S/? =0

sin (@ in(6
6 [ sin(f) cos(f) } © + 57512 win(f) =0
cos(8) cos(6)

&(sin?(8) + cos()) + 37 .SY/2 =0

5+ 5782 =0

5T g1/2 - _5
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Lemma 19. The equations

allow two solutions, wy and w_, with wy; >0, wyo <0 and w_; <0, w_ > 0.

Furthermore, wy solves the maz problem (B.1) with ¢max(S) = 5—%, and w_
solves the min problem (B.2) with ¢uin(S) = ‘Hx—“l’sff‘—.
Proof. The line wT's = —¢ intersects the ellipse described by ||w||s-1 = 1 at zero, one

or two points. If there is a point on the ellipse such that w’5 < —§ then there are
two points of intersection. Choose w = “S;I/Sf?” which can be shown to be a point on

the ellipse.

lwlls-: = \/(ﬁ%)TS’l(,Iéii;;)

\/ (=37 ST)5-1(—S3)
(I1S/25]))*

= (qzeap) VETESTESD

I
-t
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Now show that wT5 < -4,

-85 \T
T_. _ —
ve= (nsvzgn) ?

—378s
1S5l

—3578s
\/§T(51/2)T51/2§
-357Ss

o

=9

Therefore, there are two points of intersection, One solution, w,, to (B.1) and one

solution, w_, to (B.2). These two solutions satisfy:

Smax = 08w, +3 (B.3)

Smin = 08 'w_+3 (B.4)

From above, it is known that wls = —¢ and ||w||s-1 = 1. Therefore, wy is orthog-
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onal to spax as can be shown by:

Wsmax = wL(6S 'wy +3)
= wiéS'wy +wis
= dwlSw, -6
= Oflwylls-1 -4

= 0-96

If it is known that w, is orthogonal to sy and w_ is orthogonal to spmi,, then

-1 — W42

t1 = = B.5
ratio(smax) ratio(w,) Wy (B5)
and
. - 1 —w+ 2
) = = d B.6
ratio(smin) ratio(w-) Wi (B.6)

Since Spmax and Sy, are in the first quadrant, w, and w_ must be in the second or

fourth quadrant. It is known from the definition of ratio that:

Tatio(Smin) < ratio(§) < ratio(Smax) (B.7)

1
< ratio(3) < ;
—ratio(w, )

—ratio(w_)
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Therefore w_ must be in quadrant two and w., must be in quadrant four. It can also

be said that

wl's = -6 (B.9)
Wy 181+ Wy = —6 (B.10)
1 +2 -0
— + : = - <0 (B.ll)
S2 W4 S2W41

In order for (B.7) and (B.10) to be true, wy; > 0 and w4 3 < 0. Furthermore, from

(B.10):

W48+ Wy28 = —0
w+,2§2 = —0— w+,1§1
- -6 — ’Ll)+,1§1
Wyo = —————
S2

and Pmax(S) = ratio(Smax). From (B.3):

Smax — 55_110_,_ + 3

From (B.5) it is known that

—Wy4,2 . ) + w+,1§1

ratio(Smax) = (B.12)

Wi,1 W4,1852
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The process is similar to show that @min(S) = %ﬁ O
Lemma 20. ¢y,ax(S) = f(S) where
( min,, Stwis,
w182
such that wTs= —§
f(S) =5 wlls-1 < 1 (B.13)
wy Z 0
Wo S 0
\

Proof. The feasible points along hyperplane w?3 = —¢ in the fourth quadrant start
with w = [ 0 _% ]T where ratio(w) = 0. Then ratio(w) will increase mono-
tonically along w's = —§ to a boundary of the ellipse described by ||w||s-1 < 1.
Therefore the solution must satisfy ||w||s-1 = 1, which describes the ellipse boundary.

By Lemma 19, the solution, (B.12), satisfies w’5 = —§, ||w|]ls-» = 1, w; > 0, and

wy <0, 50 the minimizing w must be w; and f(S) = Z25LE = g, (S). O

Lemma 21. ¢y, (S) is convexr and @min(S) is concave in S.

Proof. By Lemma 20 ¢may(S) is convex if f(S) is convex. Let g(w) = &twad [t

w182

is known that g(w) is convex in w for w; > 0. This can be proved by looking at

the second derivative. If g(w) is twice differentiable, g(w) is convex if and only if
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g"(w) > 0. This can be shown with the following sequence:

1) w18,
g(w) = —@_Fwﬁz
9 51
T Wi 2
dgw) (9 -1
2o~ (5) )
O?glw) (26 1
ouf (E;) (w_)
g(w) 26
ow?  Suwp®

Since § and §, are greater than zero, if w; > 0 then %’%ﬂ > 0 and therefore g(w) is
convex for 51, wy; > 0. If f(S') = g(w’) and f(S”) = g(w") then a feasible solution

for f(aS' + (1 — a)S") is aw’ + (1 — a)w” where a € [0,1]. Due to Lemma 20,
f(aS"+ (1 —-a)s") < glaw' + (1 — a)uw").
Since g(w) is convex, g(aw' + (1 — @)w”) < ag(w') + (1 — a)g(w"), and therefore

flaS'+(1-0a)S") < ag(w)+(1-a)g(w’)

flaS"+ (1 -a)S") < af(S)+(1-a)f(5")

Therefore ¢max(S) is convex in S. O

Using Lemmas 18 - 21 established above, we can now proceed to the proof of
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Theorem 17. By Lemma 19: two solutions satisfy w?'3 = —¢ and |Jw||g-1 = 1. Thus
w7255 = || S/ 2uw|||| SV/?5]| cos(6)
where 6 is the angle between S~Y/?w and S/25 or cos(d) = TI_SI—/L%H Therefore,

WSS = |S535 cos(0)
= (\/wT(s-l/z)Ts—l/zw) (\/5’1“(51/2)7"51/25) cos(8)
= (VuTsTw) (V5755) cos(6)
= Jhwlls-+ (V3755) cos(0)
— (\/ﬁ;) cos(6)

= (V755 ||s:/§§||

= -6

A solution to S™'/2w can be found by rotating a unit vector in the S/25 direction

by . There are two solutions for @ in [—m, 7]: w, in the counterclockwise (positive)

cos(d) sin(6)
direction and w_ in the clockwise direction. The matrix rotates

—sin(f) cos(6)

a two element vector by #. Therefore S'/?w, can be found using the following where
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v = ||8Y/25]| so that cos(d) = ‘7‘5 and sin(f) = _ 8.

Ve o

_ &2 ) v
2 ¥

5—1/21U+ =

wy = S§1/2 ' -
- /,},2 52 -5 v
1/2 —VY =0t | 5l
Wy = -S

2
JE-® 3§ !

Now all that is left is to prove the quasi-linearity of Gmax(P~1,5,6) in P. (Cs+
s) < t defines a half-space T' in s. @max(P71,5,8) < tif and only if £(P71,5,6) € T.
Second, note that ¢S (P~1,35,68) < t if and only if the ellipse defined by (P71, 5, d)
is contained in the half space defined by ratio(Cs + d) < t. By Corollary 16,
¢S4 (P~1,5,6) <t defines a convex set in P, and so ¢S is quasi-convex.

It can also be shown that ¢$¢ (P~1,5,d) is quasi-concave in P: First, note
that ratioc4(s) is a quasi-concave function of s when [C's + d]; > 0. Consider the
optimization problem (4.11) that defines ¢ . Let s; be the maximizer achieved for

(Py, 5) and s, the maximizer achieved for P,. Since the constraints (s—3)TP~!(s—35) <

§ are convex in s and P, the vector sy = 0s;+(1—6)s is feasible for Py = P, +(1—6) P,
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where 6 € [0,1]. Thus

maD((Pe"l, 5,0) > ratioca(fs1 + (1 —0)s3)
> min (ratioc,q(s1), ratiocq(sz))

> min(¢h (P 5,9), $rac(Ps 1, 5,6))

Where the second line follows by the quasi-concavity of ratioc4(s). Thus ¢3¢ is both

can be

quasi-convex and quasi-concave (i.e. quasi-linear). The quasi-linearity of ¢<:2

established similarly.



