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Abstract

In recent years, fault detection and isolation (FDI) problem has been receiving a
great deal of attention in a wide variety of industries. State estimation through
design of proper observer is at the heart of many proposed FDI approaches and
poses many theoretical research challenges that exists in model based FDI. Estimation
and observer design problems are dual of controller design problems, and as such
they have been a subject of long study by the control community over the years.
However, just as controller design problem, there are variety of unresolved and research
problems dealing with state observation problems in a number of dynamical systems.
On the other hand, observer design for FDI purposes poses additional constraints and
challenges to this problem. As an example consider the problem of state observation
in an uncertain linear or nonlinear dynamical system. Generally for control purposes,
it is desired to design an observer that is robust to all uncertainties in the system-—
already a difficult problem depending on the system and the nature of uncertainties.
Now imagine that it is also desired to accomplish FDI using this observer. A robust
observer that is simply insensitive to all uncertainties will no longer be adequate
to accomplish the task. The reason is that such an observer could be robust to
faults as well, and as a result, FDI would not be possible. Therefore, ideally one
would like to design an specialized observer for FDI-one that is robust to system
uncertainties and certain external disturbances but at the same time would be highly
sensitive to failures. This makes the state estimation problem particularly difficult
and challenging. The overall area of nonlinear control/estimation is still in its infancy.
As a result, the FDI problem is even more challenging in such systems. This thesis is

an attempt to accomplish model based FDI in certain classes of linear and especially
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nonlinear systems using the unknown input observer framework.

Unknown Input Observer (UIO) is an estimator which is decoupled from the un-
known inputs (certain disturbances, or faults) that may be acting on the system and
the measurements. This particular class of observer has been the subject of study
by researchers in the FDI field, since it is particularly attractive for accomplishing
certain FDI tasks. However, most of the existing literature on this class of observers
deals with linear systems. In this thesis, we show how reliable FDI can be accom-
plished in a number of systems through the use of UIO methodology. One of the main
contribution of this thesis is generalization of the UIO from linear systems to other
classes of systems, namely the state retarded (time delay) systems, bilinear systems
(a special class of nonlinear systems), and affine nonlinear systems. For bilinear as
well as time-delay systems, we propose a reduced order observer, and illustrate how
FDI of actuators as well as sensors can be achieved in these systems. Conditions
for existence of the proposed observer, plus the stability and convergence proof of
the observer based on the Lyapunov Approach and Razumikhin Theorem are given.
For affine nonlinear systems, we give conditions under which the system can be dif-
feomorphically transformed into a particular form which observers with linear error
dynamics can be designed, and we apply the typical UIO as well as the fault diagnos-
tic algorithm to this type of nonlinear systems. Finally, the thesis investigates certain
connections between Unknown Input Observer (UIO) methodology and Sliding Mode
Observer (SMO) which through the discontinuous switching term in their structure
can compensate for certain unknown inputs or disturbances so long that they are
bounded, and the upper bound is known.

The applicability and effectiveness of our methods in estimation and FDI are

illustrated by numerical examples through out the thesis.
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Chapter 1

Introduction

System monitoring and timely fault detection capabilities are critical requirements
of many modern control systems. Traditionally these features have been of utmost
importance in safety critical systems such as civil and military aviation, or nuclear
power plants, etc. However, in recent years, other factors have been playing a major
role in recognizing the need for these capabilities in other technical systems. Broadly
speaking, by the term fault we mean failures, errors, malfunctions or disturbances in
the functional units that can lead to undesirable or intolerable behavior of the sys-
tem. Some of the contributing factors that have made the automatic fault detection,
isolation and accommodation (FDIA) problem to become an active area for research

in a wide variety of industries and systems are:

i. The increased level of sophistication of many industrial and consumer goods
due to the advances in electronics and computer technology, and at the same
time decrease in processor’s costs. Today’s automobiles are a good example

of this trend. The auto manufacturers have introduced a tremendous amount

1



Chapter 1. Introduction 2

of electronics in recent models. Many functions such as powertrain control,
anti-lock brake, chassis control, climate control, traction control, etc. are now

performed electrically and are available on many vehicles.

ii. Many manufacturing and process industries are highly interested in FDIA ca-
pabilities due to the fact that timely detection of early faults can result in
unexpected and total failure that can lead to plant shutdown and loss of rev-
enues. Therefore, economics is now an important factor in incorporation of

FDIA techniques in many industries.

iii. The environmental concern is now a new driving force for FDIA requirement.
An example of this is the new California Air Resource Board (CARB), and En-
vironmental Protection Agency (EPA) legislations which require that by 1998,
On Board Diagnostics II (OBD-II) to be rolled into all light duty vehicles sold
in North American fleet. Essentially, OBD-II requires fault detection capability
for all vehicle components whose failure can result in emission levels beyond a
certain level. It would not be surprising if similar tight restriction were to be
placed on control and fault diagnosis of other internal combustion engines such

as those of boats or lawn mowers.

In any of the systems that were discussed above, in order to have the efficient
operation of the process and to increase the reliability and safety, prompt detection
of anomalous situations (fault detection) and the fast identification (isolation) of the
most probable causes (faults) need to be addressed. As was discussed above, there

have been new incentives for requiring FDIA capabilities, but the fact remains that
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still the prime reason for it is safety. The 1979 accident in Three Mile Island-2 (TMI-
2) nuclear site which resulted in nearly total destruction of the reactor core, and the
1985 explosion of the space shuttle Challenger could have indeed been preventable by

proper system monitoring, and timely alarm, isolation, and accommodation.

In the past few years a great deal of effort has gone into providing the operators of
critical systems or processes with better graphics, user interface and displays, where
an operator (e.g. pilot of an aircraft) can get information regarding a particular
part of the plant by typing a few keys on the computer. However, with the increase
in complexity of systems, it is humanly impossible to carry the entire monitoring
and diagnosis. This is particularly true for low probability events, since detection
and diagnosis by human operators require cognitive skills, and efficient retrieval of
knowledge from long term memory depends on the frequency of use. In those systems
where a human operator is involved, such as flying an aircraft, automatic monitoring
could be more reliable than a human operator who is vulnerable to boredom, and
stress which can cause errors and impaired judgment. It is expected that more and
more systems will require higher degree of autonomous operation that allow for health

monitoring and fault tolerance over long periods of time without human intervention.

The Fault Detection and Isolation (FDI) can be achieved by using a replication
of hardware (e.g., computers, sensors, actuators, and other components) in what is
known as a hardware redundant system in which outputs from identical components
are compared for consistency. This approach may be costly, bulky, and the added
instruments and periphery hardware adds to the size of the system as well. One
example of hardware redundancy is multiple sensors measuring the same quantity.

Faults can simply be detected through a majority vote logic rule. Alternatively, FDI
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can be carried out using analytical or functional information about the system being
monitored, i.e., based on a mathematical model of the system. The latter approach
is known as analytical redundancy, which is also known invariably as model-based
or quantitative FDI. Model-based FDI is currently the subject of extensive research
and is being used in highly reliable control systems due to the fact that analytical
redundancy based techniques are more economical and at times more powerful. These
methods are also capable of detecting soft incipient faults even during the system’s

transient operation.

Research attention in recent years has been focused on robust methods for FDI,
which are able to detect incipient (soft or small) faults in a system before they are
manifested as problems requiring either operator or automatic system intervention
(accommodation or control reconfiguration). Since model-based FDI use the mathe-
matical knowledge of the system for their diagnostics purposes, the FDI system would
register numerous false alarms if the process model is not accurately represented, or
if some parameters in the system change due to aging, corrosion, etc. It is clear that
under such conditions robust control and FDI should be used. However, although
there is a wealth of research in the area of robust control, the problem of robust
FDI is different, and a lot more difficult. Basically, the problem is that we demand
precise answers in an imprecise system, that is, high sensitivity to instrument faults,
but robustness to the process uncertainties. In other words, robustness is the ability
to isolate the fault in the presence of modeling errors. This clearly is not an easy
task to accomplish, since there may be only very limited degrees of freedom in the
design. Another very difficult bottleneck in FDI is that although practically almost

all physical systems are nonlinear, there is very little work available in the literature
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on the subject of FDI for nonlinear systems. It should also be pointed out that the
general area of nonlinear control is still in its infancy, and thus it is not surprising
that work on FDI for nonlinear system is even more scarce.

The problem treated in this thesis is the use of analytical redundancy for fault
detection and isolation, i.e., the model-based FDI approach. The work here is mainly
on the problem of FDI in certain classes of nonlinear and time delay systems. In this
thesis a fault is considered as a defect in actuator, or sensor, or system structure,
which may cause problems or unwanted changes in system dynamics.

Application of analytical redundancy based FDI generally require a mathematical
model of the process under consideration without any faulty signal as well as certain
amount of information (measurement) from the actual (be it faulty or fault free) plant.
As long as the deviation (residual) between the system information (measurement)
and the information supplied from the fault free model is close to zero, then one can
probably claim that there is no fault in the system, i.e., the system operation is nor-
mal. The reason that a conclusion with certainty can not be reached in the previous
scenario is that in theory the faulty signal may be decoupled from the output, i.e., the
faulty signal may not have an effect on the system output. Based on this discussion
it is clear that the distinction between the uncertainties and the soft failure effects
is an important consideration in the process of designing an FDI system. The main
task here is to design an FDI approach which is robust to model uncertainties and

sensitive to faults that may occur within the system.

Model based FDI approach is generally composed of two main tasks:

i. Residual Generation
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The residual generation amounts to generating signals or symptoms which reflect
the faults. The signal comes from the reconstruction of measurements of faulty
plant based on the mathematical model (which is robust to model uncertain-
ties). It should be noted that at times transformation of the measurements can
emphasize particular faults. This is a useful means for detection and isolation

tasks.

Generally speaking, there are three basic schemes that accomplish the task of

residual generation. These are:

(a) Parity Space Approach
This approach is based on checking (i.e., the parity check) the consistency
of the mathematical relations (parity equations—properly modified system
equation) between the outputs (or a subset of outputs) and inputs. These
relations may lead a direct redundancy, which gives the static algebraic
relations between sensor outputs, or temporal redundancy, which gives the
dynamic relations between inputs and outputs, in other words, from the
inconsistency of the parity equations we can detect the faults (see [7, 36]).
This approach has also been formulated in frequency domain [11, 15]. Par-
ity based approaches are commonly considered to be open loop approaches
since they essentially use the input and output of the system. Parity equa-
tions do not involve any comparison or feedback of information from the
plant. It has been shown by Massouminia [33, 34] that for linear systems
it is possible in theory to filter the residuals generated through the parity
equations so as to get the same residual dynamics as in the case of observer

based schemes discussed in the next class of approaches. However, this is
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in general not practical and the design is not systematic. Furthermore,
parity equations may represent totally meaningless quantities, and can be

of use only for FDI purposes.

Observer Based Approach

The idea is to reconstruct the outputs of the system from the measurements
or a subset of measurements by using either (Luenberger, sliding-mode, un-
known input, etc.) observers in a deterministic setting or Kalman Filters,
etc. in a stochastic setting. Then the output estimation error or inno-
vations in the stochastic case are used as a residual. In comparison to
parity based techniques, this class of residual generators use error feed-
back and thus can be more useful for robust FDI. In addition, estimators
provide useful and meaningful quantities, i.e. the state of the dynami-
cal systems which are often needed for control purposes as well. Finally,
observer/estimator design is a well established area in the systems and
control and there exists vast number of studies on the subject. The design
is systematic and the flexibility in selecting observer gains has been fully
exploited in the literature, yielding a rich variety of fault detection schemes

[5, 13, 14, 38, 40, 42, 55, 57].
Parameter Estimation and Identification Approach

In this approach, system parameters are estimated and identified on-line

to monitor the changes for fault detection and diagnostics purpose.
Component faults can be considered as deviation of physical parameters,

this method is simple and direct. Generally, in the approach fault de-

cision logic can employ the estimates of some physical parameters such
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as efficiency, fuel consumption, etc., which can effectively be used (see
[24, 25, 26)).

In this class of techniques, the system’s parameters are continuously mon-
itored as they are generated through some recursive identification scheme.
The FDI would conclude that there is a fault in the plant or a subsystem
within the plant when the corresponding identified parameter takes a sud-
den jump from its nominal value. The detection logic of course should be
intelligent enough to distinguish between a change in the dynamic model of
the system due to faults and other normal effects that may lead to changes

in the dynamics.

In this thesis, we will confine ourselves to observer based approaches. The
advantage of using observer over parity space was discussed above and it is the
author’s opinion that the observer based techniques are the most powerful of

techniques discussed above.

1i. Residual Evaluation

The alarm strategy (logical decision—making) is chosen based on the generated
residual and experiences on the fault occurrences. Generally the residuals are
further processed in either a deterministic or stochastic decision process for the

purpose of detection and more commonly isolation of failures.

From a historical perspective, the first comprehensive work in the area of analytical
redundancy based FDI appeared in the early 70’s. Notably, was the work of Beard
(1971) [2] and Jones (1973) [27] who reported an observer-based fault diagnosis in

linear systems. A survey and summary of various works in the field including those
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of the Beard and Jones was given by Willsky (1976) [54]. Many of the early works
were performed based on the basic assumption that the dynamics of the system under
gonsideration was precisely known. That is, no consideration was given to the effect
of always present uncertainties, disturbances, as well as the nonlinearities which were
ignored in the development of linear models. Later on, Clark (1978) [8] showed the
possibility of using inherent analytical redundancy of multiple observers to diagnose
instrument faults. The main question that was being addressed in that paper and
many subsequent studies was how to isolate faulty instrument(s) once a fault was
detected via the observer based approach. This requirement of the isolability of faults
led Clark and a number of other researchers to look at FDI using a bank of observers
driven by different and at times somewhat overlapping set of measurements. Again
the basic assumption of these works was that a sufficiently accurate model of the

system as well as independent number of measurements was available [13, 14, 49, 55].

Later results on perfect decoupling between the residuals and the unknown inputs
were given by many authors (Watanabe and Himmelblau [52], Ge and Fang [16], Guan
and Saif [18], White and Speyer [53]) under different conditions. For linear systems,
Massounmia [33, 34] gave a clear treatment of the FDI via geometric approach. His
results covered most of the existing works in linear systems. In addition, the connec-
tion between the parity based and observer based techniques were brought forward in

his work for the first time.

Other researchers such as Ding [11] and Kinnaert et al [30] gave some insight
and relationship between the observer based schemes and certain optimization based

techniques in frequency domain.

The contents of this thesis is organized as follows:
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In Chapter 2, we will give a problem formulation and a brief outline of the Fault

Detection and Isolation in linear systems by using Unknown Input Observer (UIO).

In Chapter 3, the FDI results in linear systems are generalized to bilinear systems
[57]. From practical point of view, for the bilinear systems considered, we assume
that the input is bounded. With some additional conditions, we present sufficient
conditions for the design of proper UIO suitable for FDI purpose. The main idea
there is to treat the faults as unknown inputs and design observer for state estimation
which is decoupled from the fault. Next an inverse transformation is performed to
calculate the estimates of the faults. The advantage of this method is that not only it
enables us to detect the fault, but it also provides an immediate means for isolation of
the fault. Furthermore, another by product of this approach is the exact knowledge
of the shape of the fault. This feature is an important piece of information that
many of the existing techniques do not provide, and it can be effectively used in the
accommodation phase, if necessary. Of course accommodation of the fault may not
be a requirement in certain applications, but where such requirement is present either
due to safety or other practical reasons, accommodation task can insure that the

system can function suboptimally until such times that repairs can be made.

Time delay is also a common phenomenon in many complicated industrial systems.
As a result, in Chapter 4 we apply the UIO theory to time-delay systems, which, to
our knowledge, has not been considered by other researchers to date. The results here
are generalization of the ones in bilinear systems. In the process of the proof of the
observer’s stability and convergence, we use the result of Razumikhin’s theorem - a
generalization of Lyapunov result in retarded differential equations. The remainder

of the FDI design procedure for this class of systems is similar to that in the case of
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the bilinear systems [59, 61].

In Chapter 5, we tackle the fault diagnosis in the systems with perhaps more
general forms of nonlinearities. We give an analysis on observer design and FDI for the
class of nonlinear systems discussed in that Chapter which uses state transformation
that can transform the nonlinear system into a special form. Once the system is
transformed into the desired canonical form, we apply some of the results for observer
design and FDI in linear systems. Also, certain types of uncertainties are dealt with
by using an adaptive observer that can not only estimate the relevant states but also
the unknown system’s parameters [58, 60].

In Chapter 6, an approach that perhaps could be applicable to a wider class of
nonlinear systems is presented. This approach uses ideas that come from the area of
Sliding Mode Observer (SMO) plus the UIO domain and combines them to arrive at
a more powerful means for FDI. Fault Diagnosis in both linear and nonlinear systems
through the use of this hybrid observer is discussed in this chapter.

Finally, the contribution of this thesis are summarized, conclusions are drawn and

future developments are discussed in Chapter 7.



Chapter 2

Fault Detection and Isolation in

Linear Systems

In this chapter, we will deal with the Fault Detection and Isolation problem in linear
systems. From historical point of view, fault diagnosis was first tried in linear systems.
This is logical due to the fact that the theory of control system design and estimation
are more mature for the class of linear systems than those of nonlinear systems.
Observer based approach was one of the several methods which have been popu-
larly used since seventies. Saif & Guan [41] applied Unknown Input Observer (UIO)
in fault diagnosis'process. The advantage of doing so is that UIO is insensitive to (or
decoupled from) unknown inputs, so that more accurate, robust (to disturbances, or
unknown inputs) estimation on state, or even on faulty signals, can be achieved [41].
As a matter of fact, the subject of designing Unknown Input Observer has attracted a
lot of attention from many different authors for many years [5, 4, 18, 22, 23, 39, 45, 49].
Due to the fact that the FDI requirements are becoming more and more stringent in

variety of systems, there is perhaps a stronger argument for proposing to use observer

12




2.1. Problem Formulation 13

based fault diagnosis in complex systems.

In this chapter, we will give the Unknown Input Observer design for linear time
invariant systems and also discuss the fault diagnosis approach based on UIO. As far
as the design and analysis of the UIO is concerned, we believe that all the existing
design methods in the literature are basically equivalent. They are only expressed
in different ways, or emphasized under different conditions. However, in general it
can be shown that mathematically one can be induced from one the other. Based on
the unifying idea, we explain UIO in a simple and clear way, and also compare some

different results in the next sections.

2.1 Problem Formulation

Consider a linear time invariant system of the following form,

z=Az+ Bu+ E\d, + F\f,
y=Cz+ Du+ Eydy + Fof

(2.1)

where state z € R™, output y € RR?, input v« € IR™, actuator fault f, € ]R"“",
sensor fault f, € R™, d,, d, are disturbances or uncertainties with dimensions r; and
ro respectively, and A, B,C,D, E,, Ey, F1, F; are the corresponding matrices with
proper dimensions.

In order to detect faults in linear system (2.1), we propose to design a residual

generator of following form

w = f(w,u,y) (2.2)

r= n(w7 u7 y)
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where r is the residual signal such that

r=0, if f,=0 and f;=0;

r#0, if f,#0 or f,#0.

Through exploitation of certain redundancies in linear systems more information
could be extracted in the above system. This can then assist us in isolating the faulty
component(s). This is generally done by making certain elements of the residual

vector r sensative to a certain group of faults and others decoupled from them.

Given the fact that in this work we propose to adopt the observer based approach
for FDI, the first equation in (2.2) can be designed as Luenberger Observer for the
linear system (2.1). The second equation in (2.2) can be set as the difference between
the output and its estimation, or just the estimate of the unknown input, by using
the estimate of the observer. Generally in observer based FDI approach, the diagnosis

procedure consists of two steps: (1) observer design; (2) residual design.

2.2 Unknown Input Observer

In this section, we discuss Unknown Input Observer.r By UIO, we mean that the
observer is designed in such a way that its estimate of the state is completely decoupled
from the unknown exogenous inputs. The results in Subsection 2.2.1 directly come
Afrom [18]. Results in Subsections 2.2.2 and 2.2.3 are also based on the similar idea in

[18], but they are derived for general cases.
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2.2.1 UIO for Linear Systems—Case 1

In this subsection, we consider a simplified form of system (2.1) with the following

two conditions:

1. No fault;

2. No disturbance acting on measurement.

In this situation, the original system (2.1) becomes,

y=Cz+ Du

Without any loss of generality, we assume C = [I, 0]. In this case, we can

partition the system (2.3) into the following form,

r -

A By En
g=| A, |2+ | By |u+| Epp, | &1

j AS B3 E13 (24)
I, 0 0
y = z.
0 I, 0

\ L.
where the matrices 4; € R™*", 4, € RP~)*" 4, ¢ R P*" B € R, B, €
RP-% By ¢ RVPXEy € R™*™, By, X RP-mx1 Bg ¢ RO s the

identity matrix with dimension p x p, and the state vector z is partitioned as

I n
T=1z2 | = | Y2 |>

I3 I3
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so that the estimation of state vector is reduced to be the estimation of certain part
of the state, i.e., z3, that means we need to design a reduced order observer for z3.

Assumption 2.2.1 RankCE; = Rank F; = r; and r; < p. a

Lemma 2.2.1 The rank condition,
Rank CE; = Rank E;

is equivalent to

KerC NIm E; = {0}.

Proof. For any vector v € KerC N Im E,, then v € KerC and v € Im E;. So that we

know there exists r; dimensional vector a, such that
v=Fa Cv=0.

We have

C'Ela = 0.

We know a has unique solution 0 is equivalent to C E; has full rank, i.e., Rank CE; =

Rank E;. This completes the proof. n

Equivalently, we have

Ex
Rank =r. (2.5)
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Since Ey; € R™*™ without loss of generality, can be assumed nonsingular, there-

fore the following transformation matrix can be defined

I 00
T=| <EpE;' 10 - (2.6)

—EsEZY 0 I

Premultiplying (2.4) with (2.6) results in

3}1 Al Bl Ell
Yo — BBl | = | Ay— EnERlA; |2+ | By— EnERB, |u+ | 0 | d{2.7)
&3 — EvsESlin As — EyzEL A, Bs — Ex3E;'B 0

Based on the above, it is clear that only the estimate of the z3 is required. The
reason being that z; and z, are the same as measurements y; and y, respectively.
Before designing an observer for z3, we shall introduce the following simpler notation

2

Z; A,‘ - Eh'El_llAl, Z - ].,2

B: = B; — E,EZ'B,, i=1,2.

As a result, the dynamics of z3 and the dynamics of y» which are not directly affected

by uncertainty d;, are described by the following equations,

Y2 — Ere By = Azz + Bau.

Partitioning A; as
A4 Az Aa) (2.10)
and substituting it into (2.9) yields,

i3 = Asszs + 7, (2.11)
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and
z = Aps7s, (2.12)
where
Y 2 Aay1 + Aseyz + EsEf'yr + Bsu, (2.13)
22 §s — EvES — Anys — Anye — Bou. (2.14)

Note that v and z are known because they are expressed by input and output
measurements (though the derivative of output is needed in (2.14), certain transfor-
mation (2.17) can eliminate the explicit expression of output’s derivatives). To design
an estimator for 3, consider taking (2.11) as the state equation, and (2.12) as the
output equation. Based on this system, then we propose a Luenberger olbserver of the

form
%3 = Agds +7 + K(z — Azats) (2.15)

where K is the observer’s gain matrix. Substituting (2.13) and (2.14) into (2.15), we

get

-’53 = (A_33 — KE)% -i"(X:; — KZ—Z;)yl + (A_az - K_A—zz)yz

+(Bs — KBa)u + [(E13 — KE12) Eqy g1 + Ko (2.16)

As was pointed out above, there are certain terms in the above involving the
derivative of the system’s output. Since these derivatives are not available and differ-
entiation can lead to noise problems, we shall introduce a coordinate transformation

which would lead to cancellation of the terms involving the output’s derivatives.
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Define

>

w = Ii'3 - [(E13 — I{Elg)El—llyl - Kyz], (217)

then we have

'Lb = (A_33 - KZ;;)’U) + [(A31 — KA21) + (A33 - KX;;)(El;g s I(Elg)El—ll]yl

+[(As; — KAz) — (Ass — KAz)Klyz + (Bs — KBy )u. (2.18)

Note now that besides the variable w, every terms in (2.18) are known or measurable.
Therefore equation (2.18) can be solved.
The following theorem will summarize the design of the Unknown Input Observer

(UIO) proposed in the above.

Theorem 2.1 [18] If the pair {Az3, Azs} is observable, then the state of the dynamical
system given in (2.4) can be estimated by using the UIO proposed in (2.18). The

estimation of the state is given by

] 0 I
25 I [~ (Exs — KE)EZ  — K]

also the eigenvalues of Ass — KAy (i.e., the convergent rate of error dynamics) can

be arbitrarily designed by choosing proper gain matriz K.
The proof is clear from the above discussion.

Proposition 2.2.2 For system (2.3), we have

M—-—A E; Ags
Rank = Rank +ri+p (2.20)

C 0 M — Az
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Proof. According to the transformation (2.6), we know

En
A—A 0
Al—-A E
Rank = Rank 0
C 0
L, 0 0
0
0 I, 0
M -4, A5, —A;z | En
~Ayn M —-Ayp| —Apn |0
= Rank —As —Asz; | M =45 0
I, 0 0 0
0 I, 0 0
—A=
= Rank i +p+m
Al — Ass
And this completes the proof.
|
Remark 2.2.1 The observability of the pair (Ass, Az3) is equivalent to
Ml -A F
Rank =n+r;. (2.21)
C 0
O

Remark 2.2.2 Based on the rank condition, we know that the derivative of y con-
tains all the information regarding E. Thus, we only need to estimate the part of
whose derivative is not directly affected by the unknown input. From the proof of

Proposition 2.2.2, we notice that the number of the transmission zeros are same as
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the dimensions of the unobservable space of (Ass, Ag3). Based on the above discus-
sion, Theorem 2.1 and Proposition 2.2.2, we know that the number of non-assignable
eigenvalues consist of r, i.e. the dimension of £ and the number of transmission
zeros. By considering the number of transmission zeros, we have an alternative way
to verify the condition described in Theorem 2.1. This is basically the same result as

that stated in Theorem 1 of {45]. o

2.2.2 UIO for Linear Systems—Case 2

In Subsection 2.2.1, we considered the case that there was no disturbance or un-
certainty in the output. In this subsection, we will consider system (2.1) with the

presence of dy under the following two conditions:

1. No fault.

2. Disturbances (uncertainties) d; and d, are independent.

Besides Condition 2, there is no special restriction on d;, that means d; may appear

in the measurable output. In this situation, system (2.1) becomes,

= Az + Bu + Eudy,
™ (2.22)

y = Cz + Du + E,d,.

The only difference between systems (2.22) and (2.3) is the presence of certain dis-
turbance on measurement. So in system (2.22), part of the output has been corrupted
by the disturbance (unknown input) signals, this may prevent us from using certain
part of the output to design a correct unknown input observer as long as the dynamic

disturbance (uncertainties) d; and measurement disturbance d; are independent. If d;
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and d; are not completely independent, i.e., there exist none zero matrices D;, D, with
proper dimensions, such that D;d; = D,d,, then we can still use certain “corrupted”
part of the output to design unknown input observer as long as the corrupted term in
measurement is cancelled out by the corresponding part of the dynamic disturbance

d; in the observer dynamics, and this will be discussed in the next subsection.

Theorem 2.2 The unknown input observer can be designed for system (2.22) if the

following conditions are satisfied,

Ker ((Ker (ET))TC) NIm (E,) = {0}; (2.23)

(4, [E 0], C, [0 E]) (2.24)
hGS no transmission zeros.

Proof. From dimension and rank of E, we know there exists a full rank matrix Tp €
R®")%?_ syuch that ToE, = 0 and TJ € Ker (ET). Based on Condition 1, it is easy
to see that no vector in the span-space of Ej that can be selected from kernal space
of ToC', so that

Rank ToC E; = Rank F;,

and also Condition 1 implies that r; < p — 1, 1.€.,

p=ri+rTa.
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Taking

~_ | BIE)E;
T ’

left-multiplying y by T, we get,
Ty =TCz +TE,d; + TDu,

correspondingly we have

51 C] I Dl
Y2 C2 0 D2

I
8
+
S~
+
e

Now the output y; can be used for the design of UIO. However, in order to apply
Theorem 2.1, we need Rank C,F; = Rank E;, but this turﬁs out to be Rank T,C F;, =

‘Rank E; which is guaranteed from Condition 1. Also,

M—A E 0
M—-—A E; 0
= Rank C, 0 I
C 0 E,
C, 0 0
- :
F)J—A E; 0

= Rank 0 0 I

C, 0 0
M—-A E, |0
M—-A E,
= Rank C, 0 |0 | =Rank +ry
C, 0
0 0|1
" From Condition 2, we know
M—-A E,
Rank =n+r.

C 0
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Then by combination of Theorem 2.1 and Proposition 2.1, the UIO can be de-

signed. This ends the proof.
|

Remark 2.2.3 If E; = 0, that means there is no uncertainty in the output, i.e.,
system (2.22) reduces to Case 1 described in Subsection 2.2.1. In such situation,
Condition 1 (equation (2.23)) becomes Ker (C) N Im (E;) = {0} which is equivalent
to Rank CE; = Rank F;. Theorem 2.2 is generalization of Theorem 2.1. ]

2.2.3 UIO for Linear Systems—Case 3

In this subsection, we consider the same kind of system as before, but without any

restriction on the independence of d; and d;. We have the following conditions,
1. no fault;

2. disturbance d; and d; are dependent in such a way that there exists do € R™,

d; e R"7, dy € R™™™, such that

do do

d, = , dy, = , dy, dyare independent.

4 da

System (2.1) becomes of the following form,

r = A B FEi0d E.d
T T+ Dbu+ Liyodo + L1 (2.25)

y=CI+DU+E20d0+&CLz_

where Ej, E;, are the partition of E; according to the dimension of ,1=1,2.

S
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By premultiplying by a nonsingular matrix, y can be transformed into

c D El | -
51 _ 1 -+ 1 wt 20 do + 2 ﬁ (2.26)

Y2 C. D, E%, 0
where y, is corrupted by independent signal ds, so for observer design we can only

use Yo.

Theorem 2.3 Unknown Input Observer can be designed for system (2.25), if the

following conditions hold,

1.
Rank [C2E;  E3) = ry; (2.27)
2.
Al— A ’ Eyw E
Rank — | =n+r. (2.28)
Cz ' E%O 0

z .
Proof. Set X = , do = dp, then (2.25) combining with (2.26) becomes

do
A Eqp B E, 0 d;
X = X + u+ | — -
0 o 0 0 I do
, - T (2.29)
C El D Lyyr,
y= ! 20 X + ! U + ﬁ.
C, E220 D, 0
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Applying Theorem 2.2 to the above system, UIO for (2.29) exists if the following

two equations hold,

El 0 E] 0
Rank[[C2 E2%) | — ] =Rank | — =ry; (2.30)

0 I 0 I,

A\ A Eyp E, 0
Rank 0 0 0 I, =n+rg+r. (2.31)
Gal [
Clearly
A A Ey E, 0
Rank | 0 0 0 I,
om] | o

M—-—A —Fp|E, O

= Rank 0 A |0 I,

C; EL |0 0

M—A Ey E
C, E% 0

= 7o+ Rank

so that we know equation (2.31) is same as Condition 2 described by equation (2.28).

Also

L | B0
Rank | [Co B3| —
0 I,

i
=

is equivalent to

Rank [CyEy El]l=m
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which is the Condition 1, i.e., the equation (2.27). This completes the proof.

2.3 Fault Diagnosis

We assume that the actuator fault term Fj f, in system (2.1) can be modeled in such
a way that it can be taken as part of the unknown input. So for system (2.1), as long
as the existence conditions of unknown input observer (UIO) are guaranteed, then
by using the Theorems 2.1-2.3 the actuator fault as well as the disturbance can be
estimated by using other information such as outputs and estimated states. This is
described in more details in the following.

From system (2.1), we have

d
[E, F]| | =4-Az- By, (2.32)
fa
so estimate of the unknown inputs/faults can be outlined through
-1

Jl EIT EIT 2 A

| = [Ey F] (2 — Az — Bu), (2.33)

Ja Fr F{

the estimate of # comes from UIO, and the derivative of  can be eliminated by

introducing a state transformation.

Similarly, under the presence of sensor fault term F3 f; in system (2.1), we can also
estimate the sensor fault as long as UIO exists taking f,, fs as unknown input. The

sensor fault can be approximated by the following information,
-1
d, ET ET
A " | [E: B
fs Ff Fy

(y —C& — Du) (2.34)

i
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In our case, the residual signal r (defined in equation (2.2)) is f, or £, itself. Due
to the unstructured disturbances, approximation during the calculations, the estimate
of sensor or actuator faults may not be very accurate. Therefore certain threshold
value § should be set in order to give reliable alarms. We claim that there exists
actuator fault if || f,]| > 6; sensor fault presents if || fs]| > é.

The advantages of the above fault diagnosis are,

e Simple and easy to implement;

® Accurate estimation of disturbance;

e Accurate estimation of actuator faults, so that the isolation is also achieved.

The disadvantage of the above discussed fault diagnosis is, that the unknown input
observer has to exist. If a single UIO that can account for all the sensor, and actu-
ator faults plus the disturbances does not exist, the situation may be remedied by
considering to use a bank of observers in order to give the diagnosis as well as certain

degree of isolation for the faults in the systems. This idea is illustrated in Figure 2.1.
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Figure 2.1: FDI Using a Bank of Observers
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Chapter 3

UIO Design and FDI in Bilinear

Systems

This chapter explores the design of a reduced order observer with unknown inputs
for the purpose of fault detection and isolation (FDI) in a class of bilinear systems.
An approach for sensor and actuator failure detection and isolation (FDI), based on
the proposed observer is presented. Finally, the applicability and effectiveness of the
proposed FDI scheme is illustrated on an electrohydraulic servovalve system. The

main results are also reported in [57].

3.1 Introduction

Model based approach to failure detection, isolation, and accommodation (FDIA) is
now recognized as an important area of research in system and controls. However, the
current state of the art mainly deals with FDIA problem in linear systems, although

a trend in extending these methodologies to nonlinear systems is currently under way

30
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[14].

Here we deal with the problem of FDI in a class of nonlinear systems, namely
bilinear systems. Bilinear systems are a special class of nonlinear systems in which
the control appears in both additive and multiplicative terms. The bilinearity is an
important phenomenon which arises in a variety of physical systems and even offer
advantages to linear systems [3]. As estimation plays a crucial role in many FDI
studies, it i1s not surprising that it is an important part of the development presented

in this chapter as well.

The minimal order observer designs for bilinear systems has been discussed by

Hara & Furuta [21], and Derese, Stevens & Noldus [10] and others.

In this chapter, we develop a minimal order observer with unknown inputs for the
bilinear systems. Later, the unknown input formulation is used to model the effects
of failures into the system. This work is a further extension of the work by Guan and
Saif [18] to bilinear case, and an alternative approach to the design of Saif [40]. The
observer design proposed here is more powerful than that of Hara & Furuta [21] since
it can cope with the presence of additional unknown disturbances. In addition, as
opposed to the observers proposed in [21], [40], [18], and [62], the estimator proposed
here is applicable to a wider class of bilinear systems. As a result, unlike those works,
the estimation error of the observer disussed here depends on the control input to the
system, i.e., we don’t need the complete cancellation of the input in error dynamics.
Thus we claim that the proposed observer is suitable for a wider class of bilinear
systems. The proposed approach provides a transparent means for verification of the

existence conditions for the estimator as well.

In the second part of this chapter, the proposed observer is used for the purpose
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of sensor and actuator failure detection and isolation in bilinear systems, also the
relations between the faulty input and faulty output channels is discussed. Fault
detection in bilinear systems was also considered in [62], however, as was mentioned
before the proposed approach in this chapter is applicable to a wider class of problems,
and also fault detection as well as isolation of both sensor and actuators are discussed
in this chapter. Finally, the proposed bilinear observer and the FDI strategy, are
tested in simulation on a bilinear model of an electrohydraulic drive which is of use

in applications where large forces with high force to weight ratio are required.

3.2 Reduced Order Observer for Bilinear Systems

In this section, we will study the observer design problem for bilinear systems. Hara
and Furuta [21], were the first to design a minimal order state observer for the bi-
linear systems with observation error dynamics independent of the control input. As
an extension, we outline an observer design for bilinear systems driven by completely
unknown disturbances or faults. In addition, unlike the observer of [21] the proposed
observer error convergence is dependent upon the control input. This will allow ob-
server design for a wider class of bilinear systems than considered in [21].

The idea of this observer design is similar as the one mentioned in Guan and Saif
[18], and Saif [40]. The underlying idea to the design of such an estimator is to separate
the state manifold as the output manifold and another decoupled manifold on which
the tangent vector fields will not be affected by the faulty signals, i.e. the dynamics
of the variable on that manifold will not be directly influenced by the faults. With
certain matching conditions, the states on that manifold can be observed by using the

information of output y and the input w.
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3.2.1 Single Input Case

Consider the single input bilinear system described as

z=Az+ Dzu+ Bu+ Ef,
(3.1)
y=Cz
where C, E have full rank p, m respectively, and p > m, also Rank £ = Rank CE = m.
Input u € R, states z € IR", actuator faults f, € R™, output y € R?.

Since the rank of E is preserved under left multiplication by C, one can always

C C
use row permutation for C in the form C = ! , such that CE = "1E=
Cz CZ
C\E ) )
, where C; € R™*",(C, € R®=™*" and C1E is an m x m nonsingular
C,E
matrix.

Now let us consider the derivative of y; and ys,,
Z)] = Cl$ = ClA$ + ClD:cu + ClBU + ClEfa,

y2 = Coz = CyAz + CyDzu + CoBu + CLEf,.

If we assume that y5 = y, — C2 E(Cy1 E)~'y1, then the derivative of y3 is not affected

by the faults f,, i.e.,
y; = (CZ_C2E(CIE)—lCl)AI+(CZ“C2E(C]E)_ICI)DIU+(C2"CgE(ClE)_lCI)Bu.

Based on the above analysis, one can easily construct a coordinate transformation

T,
&

T = Cg — CgE(ClE)—lcl (32)
N
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where N is selected such that NNT = I, NT belongs to the null space of
C1

Cz — CzE(ClE)—lcl
NT € Ker C and dim N = n — p(This is guaranteed by state transformation).

and also make the matrix T nonsingular, i.e., choose

Through the use of the transformation

¥
y; = TQZ,

z

the original system can be written as following,

Y1 f‘iu AIZ f‘i13 Y Du 1512 D13 Y1

y: | = Ay Ay Ao y; | T Dy, Dy Dis Yy | ¥

z A31 z‘isz I‘i33 z DBI 1532 D33 z (3. 3)
By C\E

+ B2 u+ 0 fa
B, 0
where A = TAT-',B=TB,D = TDT™.

Remark 3.2.1 Note from the above that if D23 = 0, then Agsz can be expressed by

y,u, and g. a

Express T~! as [T} T, T] such that T[Ty T, T5] = diag(I,I,I) (as a matter of fact

T3 = NT), so we know that
Dys = [C2 — C2E(CLE)™ 4] DT,

in order to have Dy; = 0, we need [C, — C2E(C1E)~1C1]DTs = 0.
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From TT~! = I, we know that NT3 = I,CT5 = 0, and also Rank C +Rank 75 = n.
So Dy3 = [Cy — CL,E(C1E)~1C1)DTs = 0 is equivalent to [Co — CL.E(CLE)ICY]D €
spanC, where spanC means the span space of rows of C, i.e.
ng =0 [Cz —_ CzE(ClE)—lcl]D c spanC.
Assumption 3.2.1 [Cy, — Co E(C1E)™1C4]D € spanC. O

Remark 3.2.2 [C; — C,E(C1E)™*C1]D € spanC is less restrictive than D € spanC.
If D € spanC, then there would exist matrix D, such that Dzu can be expressed as

DCzu = Dyu which gives not only Dys = 0, but also Dys = 0, Das = 0. O

Assumption 3.2.2 (A33, /‘i23) is detectable.

Given the above, we can design the reduced order observer for z as,
= /‘issé + /‘islyl + /‘iszy; + DSlylu + f?szy;‘u + D332u + Bsu + K(z‘i232 - /‘1235)- (3.4)
Then the dynamics of the error is governed by
% = (Ass + Ds3u)3, (3.5)

where Z = z — z and /‘133 = (x‘i33 - K/‘i23).
Consider now the following Lemma which would prove useful in establishing the
stability of the error dynamics and hence guaranteed convergence of the observer’s

estimates.

Lemma 3.2.3 [28] Assume A is Hurwitz, then for any positive definite matrix @,

there exists a unique solution P > 0 for

PA+ ATP = Q.
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Lemma 3.2.4 [29] Assume that the matrix A is Hurwitz, there exists @ > 0 such

that H (which may be time variant) satisfies

IH| < P (P)’

where P is the solution of PA + ATP = —(Q, then the system
z=(A+ H)z
is asymptotically stable. a

Proof. Consider a Lyapunov candidate V = zT Pz, V = 2T(PA+ATP)z+2:TPHz =
—27Qz + 22TPHz < (—Amin(Q) + 2||P)| - || H||)||z]|*>. In order to make V <0, we

need

Amin(@) _ Amin(Q)

M < <11 = PP

That completes the proof. [

Remark 3.2.5 If Q) is set as I (or even a matrix with same eigenvalues), then 5’;’::—58,))

becomes maximum. This will give a more relaxed (better) bound for perturbation

matrix H. a

Definition 3.2.6 For any vector z € R", ||zl = (37, 2?)%, i.e., Euclidean norm;

and for any vector A € R™*™ ||A]| £ /\r%nax(ATA). O

Theorem 3.1 If the Assumptions 3.2.1 and 3.2.2 are satisfied, and there is a sta-

blizing matriz K such that

1
D - u(t)| < ————,
Sup | DI| - [u(?)] 2Amax(Po)
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where Fy is a solution of

PoAss + AL Py = 1,
then the system (3.4) is a reduced order asymptotical observer.

Proof. From Assumption 3.2.2, we know that we can select matrix K to place the
eigenvalues of (Ag; — K Aj3) in the left-hand side of the complex plane. So that the
equation PpAss + /ig:SPo = —J has a unique solution F,.

By using Lemma 3.2.2, we know that as long as V¢,

1
2/\ma,x(-PO) ’

then (3.5) is asymptotically stable. But as a matter of fact,

”Daa” Ju(?)] <

INDTs|[ - Ju@®)] < [N]| - | T5] - [|1D]] - Ju(2)]
= |D|l- [u(®)l  (sinceNT; = NNT = L||N|| = || Ts|| = 1).

I Das]| - [u(?)]

So we conclude that the system # = (Ass + Dssu(t))7 is asymptotically stable. B
In the reduced order observer (3.4), we need information /1232 while z is not

measurable. But note that from (3.3) we get,
/1232 =y; — A21y1 — Ay, — b21y1u - b22y;U — Byu
this requires differentiation of y; since y; is not directly measurable. To alleviate this

problem a transformation should be introduced,
w=2%—Ky,=%2—K(y2 - C2E(C1E) 'y1)
in which case the reduced order observer (3.4) is transformed to
w = (/133 — KAy + D33u)w +

—I{B2U + Byu + (A31 + D31u —~ KA — KD21U)?J1+

[(/133 — KA+ f?ggu)l{ + (A32 + Daqu — KA, — Kbggu)]y;.
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The above equation can be solved on line (the underlined terms are contributed from

the output y;,y, and input u). From the solution of w and output y;,y2, we get
Z=w + I((yz - CzE(C]E)—lyl), (36)

thus the estimate Z for states z is constructed, and the estimates are asymptotically

convergent even under the presence of failure or disturbance f,.

3.2.2 Multiple Input Case

Assume the dimension of input u is m,,, then the original system (3.1) is modified as

t=Az+ 5™ DWzy,+ Bu+ Ef,
L5 J (3.7)

y=Czx

After using the same transformation 7 mentioned previously, we get the following

system
51 All A12 AIS 51 Dg’l) Dgg bg,a) U
ys | = | An Az A y; | + 2 by Df) DY yz | Wi
z Axn Az Az z D:(;l) bgz) bgs) z
[ B, | [ c.E |
+| B [ut]| 0 |fa
B; | 0

where A = TAT-'\, B =TB,D® = TDOT-1

Assumption 3.2.3 [C; — C,E(CLE)™1C1)D® € spanC, i=1,--+,m,. 0
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From Assumption 3.2.3, we know that D§2 = 0 and also Az3z can be expressed by

using the output y, § as well as u. Based on this, we build the observer,

i=A 32+A31y1+A32y2+Z (D) y1+ D) ys+ DS 2)ui+ Bsu+ K (Assz— Azsz) (3.9)

=1

Then the error dynamics becomes

Z = (A33 - A’Age, + Z D:(;a) ; (310)

=1

Theorem 3.2 If Assumptions 3.2.2 and 3.2.3 hold, and there ezists a stablizing ma-

triz K such that

<t (3.11)

1 DOT p&)
(DD A max( Fo)?

sup _max Iu,
>0 i=1

where Py is the solution of

Po!‘iss + 1‘1;{3130 = -1,

then the observer (3.9) is an asymptotically stable one.

Proof. Similar to the proof of Theorem 3.1, as long as

Z D33 Ui

i=1

1
< —_
= 2Amax(Po)’

then the error dynamics (3.10) is asymptotically stable.
On the other hand,

Mu

P9,
> Du

=1

ZDsssgn s

DY) sgn(u)/Tua

IA

-]

| DG sgn (um)V/Tuml |
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= _max |uz |Dg3)TD
=1,y

= . max (Vu)) HND‘”T\/Iu - DT\, |]

=1,
r
NTN D(l)\/ |’U1I
NTJE
NTN D‘"‘“)\/lumul
1
< orpoll < 1y,
< max ( V) E;lu | DWSDW < e (Fo) (by (3.11))
therefore (3.9) is an asymptotically stable observer under the given condition. |
While A23Z can be expressed as,
Assz = y; — Anyr — Anay; — Z(Dg1 y1 + DRy ui — Bau
=1

with transformation (3.6), the observer of z can be reformulated as |

w = (ASS_KA23+ZD33uz +

=1

_KBgu + B3u + A31 + Z Dgl)u, KA21 - K Z D21 U; y1+

=1 =1 |

[(Ass - K/izs + Z ﬁggu;)K + (.;132 + Z Dé’z)u, — K/izz - ZKD%)U:)]ZI; ’

=1 i=1 =1

where the underlined terms are contributed from the output y1,y2 and input u. The
solution w can be calculated from the above equation, so Z can be estimated again

from (3.6).

To summarize the steps involved in designing the unknown input bilinear observer,

we shall state the following algorithm.

The Algorithm for Reduced Order Observer’s Construction:
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1. Find the null space of C, and construct N with full rank n — p.
2. Construct the matrix T as described in (3.2).
3. Calculate A= TAT-!, B =TB, D = TDOT-.

4. Verify that Assumptions 3.2.1-3.2.3 and the conditions stated in Theorems 3.1-

3.2 hold.

5. If the assumptions and conditions are satisfied, then construct the reduced order
observer as (3.9) via introducing the variable w and using the transformation
(3.6). Then the state z can be asymptotically estimated as Z even with the
presence of faulty signal f,. If the assumptions and conditions are not satisfied,

such an observer can not be constructed.

3.3 Fault Diagnosis via UIO for Bilinear Systems

3.3.1 Actuator Faults Diagnosis

In order to consider the actuator fault detection problem, we assume that the actuator
failures can be modeled by the term Ef, in (3.1). It can be shown that variety of
actuator failure models can be realized with this type of formulation, see Saif and
Guan [41]. Therefore, given actuator failure as described in (3.1), a simple approach
to detect and isolate the actuator faults would be to try to estimate the magnitude of
the actuator failure vector f,. If an actuator failure is present, then this vector would
have a nonzero norm, otherwise, its estimate should have a zero (or very small) norm.

Additionally, the failure can be isolated by checking the orientation of the actuator
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fault vector estimate. An estimate of the actuator fault can easily be obtained after

discretization of system (3.8),

8CIEfo(k) = wyi(k+1) —y1(k) — 8[Auyi (k) + Arays (k) + Arsz(k)

+ fj(bi?yl(k) + DY ys (k) + DY) 2(k))ui(k) + Biu(k)] (3.12)

=1
where k represents the kth time step, and § is the sampling period.
Assuming that no failure takes place during the initial short transient of the ob-
server, and using the estimate £(k) for z(k), actuator fault can be approximately

estimated as

fa(k) = (CIE)—I yl(k * lg - yl(k) - (CIE)_I[Allyl(k) + A12y;(k) + A132(k)

+ 3" (DWyi (k) + DYys (k) + DY 2(k))ui(k) + Bru(k)]. (3.13)

=1

As a result, actuator fault detection and isolation is easily accomplished.

3.3.2 Actuator and Sensor Fault Diagnosis

Consider the bilinear system with the effect of both sensor and actuator failures

modeled as

i=Az+ Y. DYzu; + Bu+ Ef,
y= C~’~'L' + Esfs

(3.14)

where the sensor fault f, € R™, and Rank CE = Rank E = m, E, is a matrix with

only m; nonzero rows and also Rank £, = m,.
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Without loss of generality, we may renumber the outputs such that y = Cz+ E, £,

and
_Cl - . -
C=|c |, E=]o
Cs _Ef’

and E3 is an mg X m, nonsingular matrix. Cy : mxn,Cy : (p—m—m,)xn,Cs: m,xn.

Remark 3.3.1 Note that through appropriate selection of E,, faults in different sen-
sors can be modeled. If the sensor faults are independent then generally E3 can be
set as an identity matrix. This allows the isolation of the sensor faults in the last m;

outputs. O

As long as the following relation holds,
P—ms—mZ 17 (3.15)

then we can design a diagnostic strategy so that m actuator, and m; sensor faults can

be detected and isolated.

Remark 3.3.2 Notice that the total number of instruments (sensor and actuators)
that can be detected with the proposed approach is closely related. Under the pro-
posed scheme with a single observer, the lower the number of actuators m, the larger

the number of sensor faults m; that could be detected and visa versa. O

C
Theorem 3.3 If Rank "' | E = RankE = m, then the system in (3.14) can be
C2
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transformed to the following form,

n An A Ass n Dlil) Dgzz) Dgla) )1
vi | = | An As A y; | T Yo | DY by Df) Y | Wi
2| | An Aw Aw | | - | DY) DY) DY || -
5] [aE
+ | B |u+] 0 |Jfe
B, 0
! Cy 0
Y=y |=1C |+ 0 fs
Y3 Cs E3
(3.16)
W
where E2 is m; X ms nonsingular matriz, | yi | =Tz, with T given in (3.2).
z
Proof. Since Rank ' E = Rank E = m,, without loss of generality, we assume
C
Rank C1 E = Rank F. 'Iz‘he proof is obvious by using the transformation T' defined in
(3.2). [
Assuming C 2 ¢ , and as long as Assumptions 3.2.1-3.2.3 and conditions in
Cs

Theorem 3.1-3.2 are still valid, then the actuator faults can be diagnosed by (3.13).
Note that as in actuator FDI, sensor FDI would easily be possible if we could

obtain an estimate of the sensor fault vector fs. In the above case this is simply
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achieved by using (3.16) to get

fi(8) = (B3)™ | ya(t) — CsT71 | y3(2) (3.17)

which as in the actuator FDI case, provides a simple means for sensor FDI. When the
norm of f;(t) is greater than certain threshold value, the alarm will be switched on,
and isolation is accomplished by using the orientation of the fault vector.

Assume now that the condition in (3.15) does not hold. In such a case, it would
not be possible to detect and isolate sensor failures using a single unknown input
bilinear observer as described previously. However, when p — m — m, = 0, sensor
faults can be detected if we assume that simultaneous failure of sensors and actuators
is an unlikely event.

Different from the output described in (3.16), we may have the output equation

in the following form

Cy 0
y=|¢c, |z+ | E2 | fs (3.18)
Cs E?
E?
where C, Cy are assumed to satisfy the Assumptions 3.2.1-3.2.3, and = is an

ms X m, matrix. The implication of the above case is that there would be a steady
state error in the estimate of the observer due to the presence of the sensor faults. It
is possible to distinguish the sensor faults from actuator faults by using the Z instead
of z in (3.16) to get an estimate of the y3, as follows
My . .
. ~ PR A A (i AE) A« L A 5y,
U3 = Anyr + A2y + AzaZ + Z(Dg1)y1 + DQ4; + DY 2)u: + Bu. (3.19)

=1
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After discretization of (3.19), we get

Ga(k+1) = (I+64n+6S Dui(k)isk) + (3.20)

=1

§[Any1 (k) + Ansi(k) + ff(bé?yl(k) + DS)5(k))ui(k)).

=1

Next, a residual can be generated for the purpose of sensor fault detection as
rs(k) = g5 (k +1) — vz (k+ 1. (3.21)

If the residue r (k) is greater than a certain threshold value d, then it would be

indication of a sensor fault and an alarm can be issued.

The following will summarize the FDI approach.

The Actuator and Sensor FDI Algorithm:

1. Check if (3.14) can be written as the form of (3.16),
If yes, go to 2; If not, go to 6.
2. Use y;,y2 to construct observer (3.9),
If output equation is in form of (3.16), then calculate fs via (3.17), and go to 5.

If output equation is in form of (3.18), then go to 3.
3. Construct (3.20) to estimate §3(k). Go to 4.

4. Use (3.21) to generate residue r (k).
If r4(k) > d, then there is a sensor failure. Go to 6.

If 7;(k) < d, then no sensor fault in y3. Go to 5.
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5. Verify (3.13) to find f,(k).

6. Stop.

3.4 Illustrative Examples

To illustrate the bilinear observer and FDI capability of our proposed approach, we

consider the following two examples.

Example 3.4.1 Consider the bilinear model of an electrohydraulic drive given in

[43]. For this bilinear system, the matrices in (3.1) are given by

000 —-18x10"° —46.5 37.7 —130.3 483.8
1 00 —1.33x10°? 0 0 0 0 .
A= , D= x 1077,
0 1 0 —5.95x1071 0 0 0 0
[0 0 1 —3.88 |0 0 0 0 |
1.6 [ 1 - . - -
1000 0 0
0 0
B = x 1072, E = , C=10001]|, E=|0 or| 1
0 0
0100 1 1 |
| 0 0 ] ‘ ' ‘ o |
i ) |

where it is assumed that two of the sensors are highly reliable, whereas one of them

is subject to failures. Also in this system, the actuator is subject to failures. Using
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the transformation

00 1

o o o

01 0

0 010

the above system can be transformed to the following form,

0 —-1.8x107% 0 O —46.5 483.8 37.7 —130.3
R 0 —3.88 01 . 0 0 0 0
A= , D= x 1073,
1 —-1.33x107%2 0 0 0 0 0 0
0 —595x107' 1 0 | 0 0 0 0
1.6 1
1 000 0 0
R 0 R 0 . R
B= x 1073, E = , C=lo1001|, E=1|0 or | 1
0 0
0 010 1 1
0 i 0

In this system, we need to diagnosis the actuator fault f, and sensor fault f.
Note that all the assumptions in the proposed observer design are satisfied. Thus,

we can construct the following observer

. 0 -K, 1 —K; K, —0.0133 + 3.88K;
W = w + 1 + y2  (3.22)
1 —-K, 0 K, — K2 —0.595 + 3.88K,

where the estimate of z = [z3,24)7 is 2 = w + [K; K;]% 3, and the estimation error

is Z = Z — z. Thus, the error dynamics is given by

0 —K,

N
I
N

(3.23)
1 —K,
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where 7 is independent of the actuator fault f, i.e., the estimate of z will be always
accurate, even in presence of actuator faults f,. The parameters K;, K; have to be
chosen such that the error dynamics is asymptotically stable. For simulation, we

assume that the output measurement is corrupted by white noise.

Figure 3.1 shows the response of the system along with that of the observer when
there are no faults in the system. In this case, the control input was selected to be 0.5,
and the estimator’s gain was set at K; = 1, K2 = 0.5. The first two sub-plots in Figure
3.1 show the outputs of the valve, and the noise is noticable in both outputs. The next
two subplots show the estimates (dotted) and actual (solid) values of the third and
fourth states which are assumed to be not available for measurements. Clearly, the
observer estimates these two states with good accuracy and the estimates converge to
their actual values in a very short time. Finally, the last two sub-plots illustrate the
estimation’s errors which again are shown to converge to zero in a very short amount

of time.

Next, we investigated the capability of the algorithm to detect simultaneous sensor
and actuator failures.
Figure 3.2, illustrates the simulation result where soft actuator and sensor failures

were introduced into the system described by the following (where E; = [0,0, 1]7),

/

0 for 0 <t <20
0.3+ 0.17and  for 20 <t < 30;
fa

§ =04+ 0.1rand for 30 <t < 40;
0 for 40 < t < 45;

0.45 + 0.1rand for 45 <t < 60.
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‘ ‘0 ' 40 5‘0 60 °o 10 20 30 40
x(3) (solid) and its observation (dotted) x(4) (solid) and its observation (dotted)
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-1F

-2F

s 1 2 L i

K ? ' ' ' 50 & o 10 20 ) 20 %0 0

[} 10 20 30 40

error estimation of x(3) error estimation of x(4)

Figure 3.1: Hydraulic Drive Observer Design without any Faults
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f 0 for 0 <t <40;
14 0.2rand + 0.1sin(t) for 40 <t < 60.

The first six sub-plots in Figure 3.2 correspond to the same plots in Figure 3.1.
Again it is clear that the bilinear observer successfully estimates the correct value of
the states that are not measurable, even when there are faults in the system. The last
two additional sub-plots in Figure 3.2 show the estimates of the actuator and sensor
faults. Examining the plot that is labeled as “actuator fault” clearly illustrates how
and when the actuator fault is detected. Ordinarily, the value of this estimate would
be monitored against a threshold and once it passes the threshold, actuator fault is
decalred. Based on this, it is clear that the actuator fault first occurs at ¢ = 20
seconds. Similarly, the figure labeled “sensor fault” reveals that the sensor failure

occurs at ¢t = 40 seconds.

Figure 3.3 shows the result of simulation when the faults occur at different times

and are described as (where E, = [0, 1, 1]7),

( 0 for 0 <t < 20;
f J 0.3+ 0.1rand for 20 <t < 305
o —0.4+ 0.1rand for 30 <t < 40;
0 for 40 <t < 80.
0 for 0<t<50;

fs=
1+ 0.5rand + 0.1sin(t) for 50 <t < 80.

Again, Figure 3.3 indicates that the observer is successfully estimating the states
and the faults can be detected based on monitoring their estimates. In summary then,
it can be seen from Figures 3.2 and 3.3, that the algorithm successfully detects and

identifies the failures and their shapes.
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Figure 3.2: Hydraulic Drive Observer Design with Actuator and Sensor Faults (3rd
output)

Example 3.4.2 Consider a bilinear system as described in (3.1) with the numerical

value of the matrices given in the following,
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0.5 T — ™ T T T T 0.5 T —

10 20 30 40 50 60 70 80 0 10 20 30 40 50
actuator fault residue for sensor fault (2nd output)

Figure 3.3: Hydraulic Drive Observer Design with Actuator and Sensor Faults (2nd
output)

01 0 0 0 00 1.2 0 10
0 02 0 0 00 0 o 0 1
0 0 01 0 00 3 1 00
D® = , B= , E= :
0 0 0 0500 0 -2 00
0 0 0 0 10 0.5 —0.5 00
0 0 0 0 00 1 -15 00 |
(100000 ol [ [o])
010000 0 0
C: ,Es= or
001000 0 1
000100 1\ [o])

It is easy to verify that the Assumptions 3.2.2-3.2.3 are satisfied. Also, it can
be verified that with the observer gain given as K = [6,13,10]7, the solution P,

of Lyapunov equation AgaPo + PyAss = —I has maximum eigenvalue 2.9123, i.e.,
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Amax(Po) = 2.9123. Furthermore, given the inputs

u; = 0.5sin(1.5¢), uy = 0.5 cos(1.5t),

it can be verified that condition (3.11) is also satisfied. It is therefore possible to
detect and isolate both actuators as well as some sensor faults in this system.

Following the procedures introduced before, we can estimate states z4, zs, s, and
the faults as well.

Figure 3.4 illustrates the state variables along with their estimates as well as the
estimation errors. It can also be seen that the estimation errors converge to zero in a
fairly short time.

Figure 3.5 illustrates the results for the case where the actuators as well as the
fourth sensor fail. Although uncommon in practice, for the purpose of illustration
in this case, the actuator and sensor failures happen simultaneously. The faults that
were simulated for the purpose of this test are given as

{ 4

0 for 0<t<3; 0 for 0<t<3.5;
f 14 + 0.1rand for 3 <t <4; f J —13 + 0.1rand for 3.5 <t < 4.5
al = 4 a2 =
0 for 4<t<5; 0 for 4.5 <t <5;
\ 13 4+0.1rand for 5<t <6. \ 14 4+ 0.1rand for 5 <t <6.
5 0 for 0<t<4.2;

8 + 0.2rand + 2sin(100¢) x rand for 4.2 <t <6.

Next we considered the possibility of both actuator as well as the third sensor
failure. As opposed to the previous case, here fault detection and isolation is possible

as long as the actuator and sensor faults do not happen simultaneously. In Figure 3.6,
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Figure 3.5: Bilinear System Observer Design with Actuator and Sensor (4th output)
Faults

fault detection and isolation result is illustrated. It can be seen that we can detect

this sensor fault as well as other actuator faults.

Once again the faults that were used in the simulation are given by,

0 for 0<t<3; 0 for 0<t<3.5;
fa={ 14+01rand for 3<t<4; fa=1{ —13+0.lrand for 3.5<t<4.5;
0 for 4<t<6. 0 for 4.5<t<6. |
0 for 0<t<A4.5;
fs =< 124 0.5rand + sin(10t x rand) for 4.5 <t < 5.5;
0 for 5.5<t<6.
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Figure 3.6: Bilinear System Observer Design with Actuator and Sensor (3rd output)
Faults

3.5 Summary

A simple approach for designing unknown input bilinear observers was presented in
this chapter. The observer design was then extended for fault diagnostic purposes
in bilinear systems. The fault diagnostic approach that was proposed in this chapter
uses a single observer to detect and identify sensor and actuator faults. As a result,
some rather stringent conditions need to be satisfied for the possible use of single
observer in FDI. However, generally detection and isolation of all instrument faults
with a single estimator is not possible. In such cases, the requirements could perhaps
be relaxed if multiple observers were to be used rather than a single observer that is

used in the current scheme.



Chapter 4

Robust Estimation and Fault

Diagnostics in Time Delay Systems

In this chapter, we propose a reduced order observer, for state estimation in a class
of state delayed dynamical systems driven by known as well as unknown inputs.
Conditions for the existence of the proposed observer, along with the stability and
convergence proof for the observer based on the Razumikhin Theorem are given.
Additionally, the proposed observer is utilized in an analytical redundancy based
approach for sensor and actuator failure detection problem. Finally, the applicability

and effectiveness of the proposed FDI scheme is illustrated by numerical examples.

4.1 Introduction

Time delay is an inherent property of many physical systems—rolling mills, chemical
processes, water resources, biological, economic and traffic control systems to name a

few. Time delays whether inherently present or as a result of feedback are troublesome

62
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in that they could cause oscillations or instability in the system. As a result, a great
deal of studies have been performed on the subject of stability, control, and state

estimation for time delay systems over the years.

In recent years, due to the increased complexity of the industrial systems, as well
as the need for reliability, safety, and efficient operation of industrial systems, a great
deal of attentions have been focused on the subject of fault detection and isolation
(FDI) in dynamical systems. In general, most of these studies have concentrated on
linear systems [14], [41], some considering bilinear and nonlinear systems [57, 62]. One
of the objectives of this chapter is to address the FDI problem in time delay systems

which to our knowledge has not been considered before.

The proposed FDI approach belongs to the class of analytical redundancy based
schemes, where the mathematical model of the system along with the input and output
information are used to generate redundant information about the system. This
redundant information is then used for FDI purposes. Under the general umbrella
of analytical redundancy based schemes there are two main approaches to FDI: 1)
parity based schemes, and 2) observer based schemes [14]. The proposed approach
of this chapter belongs to the second class. As a result, in this chapter we design an
observer for time delay system driven by known as well as unknown inputs. Next,
we will present an approach that utilizes the input, output, and the state estimate to

detect and isolate sensor and actuator faults.

There exist limited results on designing observers for time delay systems, and
almost no results for time delay systems with unknown inputs [35], [46], and [20]. Some
of the existing results require certain conditions which may not be easily satisfied [35].

In this chapter, we have taken a similar approach as in [18], [40], [57] for designing an
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unknown input observer (UIO) for the retarded system. The observer will provide an
asymptotically converging estimate of the state of the time delay system under the
presence of completely unknown inputs, which can include actuator faults as well as
other effects such as disturbances and higher order nonlinearities.

This chapter is arranged as follows: Section 4.2 gives the preliminary assumptions
and unknown input observer design. Section 4.3 presents the observer-based fault
detection and isolation approach. In section 4.4, illustrative examples are given and

finally, the conclusion is included in section 4.5.

4.2 Mathematical Preliminaries

In this section we shall present a brief overview of the stability analysis of re-
tarded functional differential equations (RFDE). The treatment is based upon the

Razumikhin-type theorems [19].
Consider the RFDE described by

#(t) = f(t,2) (4.1)
with the initial condition
z(t) = ¢(t); t €[-r,0],r>0

and

z, 2 z(t+0); 6¢€[-r,0]

where f : R x € — IR" is continuous, and € = C([—r,0],IR") is the Banach space

of all the continuous functions mapping from [—r,0] — R". For ¢ € C, |4 =
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SUP_,<g<o ||#(0)]], () € R™, where || - || on the right hand side of the definition
equation is the norm || - || in R™.

IfV:R x R* > R is a continuous function, then V (¢, $(0)), the derivative of V

along the solution of a RFDE is defined to be

V(t,6(0)) = Tm £1V(t+ ho2(t,8)(t + h) = V£, 6(0))] 2)

-0

where z(t, ¢)(-) is the solution of the RFDE(f) through (¢, ¢).
Razumikhin Theorem [19]: Suppose that f takes R x (bounded sets of C) into
bounded sets of R" and consider the RFDE(f). Suppose u,v,w,p : R* — R™* are
continuous, nondecreasing functions with u(s),v(s),w(s) >0, and p(s) > s for s >0,
additionally, u(0) = v(0) = 0. If there is a continuous function V : R x R" - R
such that

u(lzl) < V(t,2) < o(lzl)), t€ R,z € R" (43)

and
V(t,(0)) < —w(l|l¢(O)]) i V(t+86,4(6)) <p(V(t40)),0 € [-r0], (44)

then the solution z = 0 of the RFDE(f) is uniformly asymptotically stable. Ifu(s) —

00 as s — oo, then the solution z = 0 is also a global attractor for the RFDE(f). DO

Remark 4.2.1 If u,v are monotonous increasing, then the condition in (4.4) can be
changed. Assume there is a constant 7 > 1, and ||z(¢ + 8)|| < P||z(¢)]|. Using (4.3),
we obtain v} (V(t + 8,z(¢ + 0))) < |lz(t + )|l < Pllz(®)]| < Pu~'(V(2,2(t))), and
V(t+0,z(t + 8)) < (vpu~Y(V(¢t,z(t))). Taking p = v(pu~')(-) (from the definitions
of u,v,P, p(s) > s for s > 0). So we have V(t + 6, $(8)) < p(V(t, $(0))).

Similarly, from V(t + 6,4(8)) < p(V(t,¢(0))) and (3), we get [[z(t + 8)| <

w~Y(p(v(||z(2)|))), since u,v,p are nondecreasing, p(s) > s, so u”'(p(v(s))) >
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u~!(v(s)) > s. Then 3p > 1, such that ||z(t + 6)|| < p||z(t)|. The condition in
(3.4), can be changed to 3p > 1, ||z(¢t + 0)|| < P||z(¢)||, and the Razumikhin Theorem
will still hold. m]

In the remainder of this section, we will present necessary state transformation
required for the design of the estimator. Additionally, we shall present existence
conditions that need to be satisfied for the observer design.

Consider a linear time delay system described

F=Ai+Y% AF(t+0)+ Bu+ Ef
y = Ci

(4.5)

where input u € R?, state z € R", unknown input f € R™, output y € R?,p >
m,8; € [—r,0],r is a certain positive number, £ and C are of full rank (i.e.,

Rank (C) = p and Rank (E) = m). Also, it is assumed that Rank (CE) = Rank (E).

Lemma 4.2.2 There exist an equivalence transformation z = T'Z, where T is a

nonsingular matrix that transforms the system (4.5) into

t=Az+ 3% Aix(t+6,)4 Bu+ Ef

(4.6)
y=Cx

given that Rank (CE) = Rank (E). In this case, the transformed system matrices can

be written in the following forms.

e A is in the form of

_ An A12 A13
Ann Arz Ass
Ay A2 [A§3 0]
Ay Ay A | =
AL 0
A31 A32 A33 A31 A32

L 21 22
A33 A33
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where All € Rmxm,A2l € ]R(p—m)xm,A3l € R(H—P)Xm’Al2 € ]1{m><(1’1—m)’1413 €
]Rm><(n—p)’l422 € ]R(p—m)x(p--M),A32 € R(""’)x(””""),A§3 € ]R(p—m)XT’A% €
R™", A2 € R(P~1xr A2 ¢ R(-P=1)X(n=P=1) a4 also (AL}, Al,) is complete

observable, and r is dimension of the observable space.

o F is of the form
E,

O(n-—m) xm

where F; € R™*™ is nonsingular.
o Cis of the form C = [C; 0], C1 is a p X p orthogonal matrix.

O

Proof. Without loss of generality, we assume C = [l,x, 0], and partition E =

~

E . .
" |, where E; € R”*™, E, € R®™*™_ From Rank (CE) = Rank (E), we know

~

E,

Rank (E;) = m. So the generalized pseudo-inverse of E; given by E} exist, and |
E} 2 (ETE))'ET. Furthermore, there exists an orthogonal p x p matrix C, such

. E,
that CTE, = , where F; is m X m nonsingular matrix.
O(p—m)xm

Then through the use of the following transformation,

ctr o
T = . ’
—-EEF T
. . E, .
the last two conditions are satisfied, 1.e., E is of the form , C is of the

O(n—m) xm
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form [C; 0]. Additionally, A = Ty AT]* can be partitioned as

Al 1 A12 A13
A21 A22 A23 ’
A31 A32 A33

Agz € R-m)x(n=n) 4., ¢ R(r-P)x(n-7),
If (Ass, Ay3) is partially observable and the observable space is of dimension r,
then it can be partitioned by (n — p) x (n — p) coordinate transformation matrix 7z

to the following Kalman Decomposition form,
Al 0
’ [A%S’ 0] ’
AR A%

AL 0

21 22
A33 A33

=

Le., ToAssT; ! = , ATyt = [A}s,0], where (Al3, A3;) is completely

observable, with dimension r.

I« ) . oa s
By taking transformation 7' = PP T, we change the matrices A, E,C

0 T
in system (4.6) to the form described in the Lemma. This completes the proof. |

Based on the Lemma 4.2.2, we may assume that the time-delay system (4.7) has

the following structure,

o T z1(t + 6;)

22 | =A| oy |+ T Ai | 2a(t+6) | +ButEfe
I3 T3 $3(t + 0,) (47)
I
y=Cz=0C

T2
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where
[ Ay An Au 0w
AY AT AY
A dn [ 4t 0] ) o
A= N ’ Ai= | Ay Az Axp |
A33 0 7 7 i
Ay As A A5 Al
A% A%

B] El
B = B2 ’ E= 0 3 C = [Cl 0]
B3 0

where the dimensions of the sub-blocks of A; are same as the corresponding ones of
A, By € R™ B, ¢ RP™X4 B; ¢ R(?%¢ E ¢ R™™ is nonsingular, C; is a
P X p orthogonal matrix, r,,z, and z3 are the corresponding dimensional vectors.

I

Since y = Cz = () , and C) is a p x p nonsingular orthogonal matrix,
)

z
so that the states " | can be calculated as C7'y. In order to observe the states
I3
of the system (4.7), we only need to design observer for estimating r3. Generally
: z3
speaking z3 may not be completely observable, assume z3 = ,23 € R™,z% €
3

IR"7P7", 24 is completely observable, z% is unobservable. Correspondingly, we de-

A3 1 oy A '
31 1 t 1
fine A31 = ,A32 = ) A31) = (i)u ’ :(32) = () ’ A312 =

Agl AgZ A31 A32

11 912
AZ A
)21 22 | |
AR AY) |
|

Before we propose an approach for designing an estimator for the time delay
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system, consider the following results which give some insight into the observability

of the time delay system, as well as conditions for existence of the observer.

C
CA
Theorem 4.1 Consider system (4.7), assume O(A,C) = , then the fol-
L CAn-—l
lowing are true:
A1z
1. Rank (O(4,C)) = Rank | O(Aas, )| +p.
Ass
M—-A E ,
2. Rank decreases at A € eig(AZ3).
C 0
Proof. 1) We know
[ Cy 0
cy An Ar cy A1s
Ay Az Ass
Rank (O(A, C)) = Rank
, C An An Ais + 0 Az
Ay A Agzs Az
* *

as we know C; is p x p and nonsingular, by using row transformation which preserves

Ass
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the rank we have the following (details are skipped for brevity),

Rank (O(A,C)) = Rank

so the first result is proved.

e 0
AIS
0
A23
Az
0
A23
| * *

2) Refer to the system matrices in (8), we have,

Al—A FE

Rank
C

by using fundamental transformation, we calculate that the above rank 1s

= Rank

M — A —Aire —Aiz

—Agy A — Ag —Al, 0
* M—-AY 0
* ~AB M- A3
Ch

E,
0

0 | =p+ m+r+ Rank[M — A%,

71

E,

decreases at A € eig(A22). The proof is complete. H

0 0
0 Al 0
Rank | 0 A7—All 0
0 0 M — AZ
I Ci 0
AM—-A F
so that Rank
C 0

As a matter of fact, this is a generalization of Proposition 2.2.1.
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Remark 4.2.3 As long as eig(A23) € €, then the pair (A, C) is detectable. a

Corollary 4.2.4 For time-delay system (4.6), the following conditions are equivalent,

M—-A E
1. Rank =n+m, VIeC.

C 0

2. For system (4.7), dim O(A%}, AL,) = r = n — p, i.e., (Ass, A2s) is completely

observable.
M—-—A E s . ,
Proof. From claim 1, Rank ) = n+m for A,C, F in system (4.5). Since
C 0
T AI-A E || T A -TAT™' TE
i = i , so for system (4.7)
1 C 0 I CcT? 0
AM—-A F ) . .
as well as system (4.5), has constant rank n + m, i.e., the dimension
C 0

of AZ2 shrinks to zero, so that (Ass, Ass) is completely observable, and as a result
claim 2 is valid.

Similarly, from claim 2 we can prove that claim 1 valid. [

4.3 Reduced Order Unknown Input Observer De-
sign

In this section, we will study the design of an unknown input observer for a class of
time delay systems. The fact that the proposed observer can provide correct estimate

of the state of the time delay system in spite of the presence of totally unknown
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inputs, makes it of general interests in variety of applications. However as mentioned
before, the observer will be used here for fault detection and diagnosis purposes.
In order to construct an observer for the above system, we shall require the fol-

lowing assumptions to be valid.
Assumption 4.3.1 Am12 0,7=1,---,d. a
Assumption 4.3.2 Agg =0,e=1,---,d. a

Remark 4.3.1 It should be noted that in practice there may be only few state vari-
ables which may be delayed. Therefore in general, matrices A; may be very sparse.

As a result, the above assumptions are not too restrictive. |

In this case, the dynamics of z3 is described by the following equations,

T3 = Aglxl + A,z2 + Aé};x:‘; + Bju
+ Z [AD°z(t + 6;) + ALl zo(t + 6,) + Ag‘g“xg(t +6))] (4.8)
t==1
iy = A;‘lwl + Azo + AjzzS + ASzh + Byu

+ Z[,«ﬂ1 21t +0;) + ADzo(t + 6;) + AD 25t + 6,) + AL zi(t + 44)9)
=1

For the system (4.8), we can design observer for z$ as follows,
iy = A°1x1 + A%yzy + ALLES + Blu
+ Z[Ag;)"xl t+0) + Azy(t + 6:) + AYVE(t + 6;)]
=1

+K (Az5(t) — Apdf(2)). (4.10)

Notice that the above observer uses the information of Al;z$ which can not be

measured directly. As a result, by introducing

w(t) = a:g(t) — Kzo(t) = z3(t) — K[0(p—m)me(p-m)x(p—m)]ClTy’
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we may have (4.10) expressed in the following form,

d
w(t) = (A3 - KARhw(t)+ Y AQw(t+6;) + (Bs — KBy)u
i=1

+[AS — KA}, (A — KAR)K + A3, — K A]CTy

d
+ 148 - KAY, AQVK + A5 — KAQICTy(t+6)  (4.11)

1=1
In which case, the error dynamics of e & z{—xf 1s
é3(t) = (ALl — KAL)e3(t) +ZA(')” 2(t + 65). (4.12)
=1

The following theorem will establish conditions under which the observer’s error

dynamics would converge to zero asymptotically.

Theorem 4.2 The estimator in (4.11) is an asymptotical observer for the partial
state z§ of system (4.7) given that Assumptions {.3.1 and 4.3.2, and the following

condition hold

)11 (Q)
;HA() 2 < A =) (4.13)

where Amax(P) is the mazimum eigenvalue of P, Anin(Q) ts the minimum eigenvalue

of Q, and Q > 0, P is the positive definite matriz solution of
P(A3 — KAy) + (Az; — KAg)" P = —2Q (4.14)

Proof. Given that the pair (A}}, A};) is observable, there exists matrix K, such that
A}l — K Al, is Hurwitz. Assuming that one such K is used, consider the estimator’s

error dynamics given by (4.12), and choose a Lyapunov function given by

V(e§) = e3” Pe3
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By using (4.14), we have

V(eg) = égTPe§+e§TPe.§
d
= egT[P(A:Ia:Ia — KAy) + (Az — KA;3)TP]63+ 2e§TP ZA e a(t+6:))
=1
d
< —2hmin( @ISO + 2031 - Amax(P) - > _(lleS(t + 6:)][ - 1AS )

=1

If |le3(t + 6:)ll < Plie3(#)l], then

V(€8) < ~20in(@) = dmax(P) - (3 I-AG1) -7) - les(]I”

As long as
Z ”A( )11 n'un(Q)
Amax(P)
we can choose 1 < 7 < "““(Q) ~—— so that the condition V < 0 is satisfied.

Amax(P)(ZEL, 1467 1)
Furthermore, equation (4.13) will also guarantee nonincreasing behavior of V. Fi-

nally, based upon the Razumikhin Theorem it is concluded that the system (4.12) is

asymptotically stable.
Now we know that w + K[0(p—m)xm f(p—m)x(r-m)|C7y can asymptotically approx-
I1

imate the partial states z$, so that state | g, | can be estimated and is given by

T3

& [ o

Ipxp T |

(i'g = 0 + C Y. ‘;

0 K !

z$ w J |

i i ) !

This completes the proof. B

The following result will relax the condition (4.13) in the above theorem.
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Proposition 4.3.2 [29] The ratio %‘:—:"% reaches its best upper bound, if the matrix

Q is an identity. a

To show this, assume @ > 0, A is Hurwitz, P, and P, are the positive definite

matrix solutions for the following two Lyapunov equations,

PA+ ATP = —Q, (4.15)

P, A+ ATPy = —(Amin(Q) — €)1 (4.16)

where ¢ is a small enough positive number which allows the right term of (4.15) remain

positive definite. Subtracting (4.16) from (4.15), we get
(P, — P)A+ AT(PL = P) = —(Q — Anin(@)] + €I).

The solution to the above is given by P,— P, = 0°° eAT*(Q—/\m;n(Q)I—i—eI)eA‘dt >0

which would imply that Apax(P1) > Amax(P2). So as € — 0, we conclude that

/\mm(Q) /\mm(Q) . 1
/\max(Pl) S il—leg /\max(P2) - /\max(P)

where P is the unique solution of the Lyapunov equation PA + ATP = —2I.

4.4 Robust Unknown Input Observer for Time De-
lay Systems
Consider the system of the following form,

d
i=Ac+ ) Aa(t+6i(t) + Bu+ H(t,z, )
=1

y=Cz (4.17)
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where input © € R?, state z € R", output y € R?, §; € [-7,0],2 = 1,---,d is time-

delay, H is unknown term composed of model uncertainties, high order nonlinearities,
and disturbances.

Before we design robust observer, we need the following assumptions.
Assumption 4.4.1 (A, C) is observable.

Assumption 4.4.2 |H(¢,z,;)|| < «, where o is a positive constant.

Theorem 4.3 Let the Assumptions 4.4.1-4.4.2 be true, and

2

d
Amin(Q) — 2 ) |PAl| > 0, (4.18)

=1

B

then we can design the following practical stable observer,

d
A+ Ad(t+6)+Bu+ K(j—y)

i=1

z

C

8>

(4.19)

>
i

such that

(4.20)

] < g2mex(P) e
/\min(P)z

where = z — % and Amax(min)(*) &5 mazimum (minimum) eigenvalue of the matriz.
Q@ > 0, P is the positive definite matriz solution of
P(A-KC)+(A-KC)TP=-Q (4.21)

O

Proof. We only give a brief outline of the proof.

From equation (4.17) and observer (4.19), we have error dynamics described by,

F=(A-KC)i+) A&(t+6)+H. (4.22)

=1
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Consider Lyapunov candidate function, V 2 7T Pz, where P is positive definite,

a solution of (4.21).

d
Vo= —37Qi+2:TP() At +6:))+ 28 PH
=1
d
~Amin(Q)|2]? + 287 P() | AiE(t +6:))

Z:l

INA

+2a| PIH|Z]

By using combination of Razumikhin Theorem, and some algebra, we can get the

result (4.20) and complete the proof. n
Similar to (4.6), we consider a time delay system described by

b= ¢ A : Ef+H

t=Az+ Y i, Aiz(t+6;)+Bu+Ef (4.23)
y=Cz

all the conditions are same as those in (4.6). And Lemma 4.2.2 as well as Assumptions

4.3.1-4.3.2 hold. Also we assume the H satisfies the following Assumption.

Assumption 4.4.3 || Hq|| < oy, H; = 0, || H3|| < a2, 01,2 are constants. 0
. M—-A E

Assumption 4.4.4 Rank =n+m,VX € C. m]
c 0

From Theorem 4.1 and Corollary 4.2.4, we know Assumptions 4.4.1 and 4.4.4
will give us the result that dimension of A25 diminishes and (Ass, Azs) is completely
observable, i.e.,r =n — p.

In the case subject to Assumptions 4.4.3 and 4.3.2, the dynamics of z3 is described

by,

T3 = Amzi+ Asz2 + Aszzs + Bau

d .
+ S 14D (t + 6) + AQwo(t + 6) + AQza(t +0)] + Hs  (4.24)

i=1
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For the system (4.24), we can design observer for z3 similar to (4.11),

~

3 = Asz) + Asezy + Assis + Bsu

d
+ 3 (A1 (2 + 6) + Az (t + 6)) (4.25)

=1
+AWUz3(t + 6,)] + K (Assza(t) — Azsdal(t)).
Notice that the above observer uses the information of Ay3z3 which is not directly

available from output. As a result, by introducing

w(t) = Z3(t) — Kzo(t)
= #3(t) ~ K[0(p-m)xmI(p-m)x(p-m)]C1 ¥,

we may have (4.25) expressed in the following form,

d
Z Aw(t + 6;) + (Bs — KBy)u + [As1 — K A,
=1

(Aaz — KAx)K + Asy — KAzz]ClTy

d
+ ) 1A - K AR, AQK + AQ - KARICTy(t + 6)
In which case, the error dynamics of 3 2 Z3—x318

Z3(t) = (Ass — K Ag3) ZA s(t + 6;) + Ha. (4.27)

i=1

The following theorem will establish conditions under which the observer’s error

dynamics would converge to a bounded set asymptotically.

Theorem 4.4 If the Assumptions 4.4.1, 4.3.2, 4.4.3-4.4.4 and the following cond:i-
tion hold
d
B dnin(@) —2 ) I PARI > 0 (4:28)

i=1
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where Amax(P) is the mazimum eigenvalue of P, Amin(@) s the minimum eigenvalue

of @, and Q > 0, P is the positive definite matriz solution of
P(Ass — K Ags) + (Ass — KAn) P = —Q, (4.29)

then the system ({.23) can be estimated under the presence of unknown input f, and

also the error of estimation for z3 is bounded,

___.Amax<P L (4.30)
Amin(P)

B

=L o

lZs) < 2

O

The proof of this theorem is same as that of Theorem 4.1 with only additional
consideration of system matrices transformation and assumptions.

We know that the difference of w + K[0(p-m)xm Igp—m)x(p—m)]ciry and z3 will

I

converge into a bounded set (see (4.30)), so that state | z, | can be estimated and

I3
is given by )
) T
Lpxp
1’:2 = 0 + CTy
il
573 w

4.5 Fault Detection and Isolation Approach

We assume that the actuator faults can be modeled by the term Ef in system (4.5)
(from here on, we use f, instead of f to refer to the actuator fault vector). It can
be shown that variety of actuator faults can be realized with this type of formulation

[41]. Therefore, given the actuator faults as described in (4.5), a simple approach
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of detecting and isolating the actuator faults would be to try to estimate the mag-
nitude of the actuator fault f,. This is a kind of an inverse problem, f, is directly
reconstructed by other information. It is felt th;t this approach is more accurate
and reliable than other fault diagnosis methods used in linear, bilinear and nonlinear

systems which are more indirect.

Proposition 4.5.1 Actuator faults can be detected and isolated as long as Theo-

rem 4.2 and Corollary 4.2.4 are satisfied. O

The proof of the above result is obvious from the following discussion.

Based on the conditions in the above Proposition, we know that the system (4.7)
is observable by combination of Theorem 4.2 and Corollary 4.2.4. If an actuator fault
is present, then the actuator fault estimate fa would have a nonzero norm, otherwise,
it should have a zero (or near zero) norm. Additionally, the fault can be isolated
clearly by checking the nonzero entry, or the orientation of fa. An estimate of the

actuator fault can easily be obtained after discretization of the system (4.7),

SE1fa(k) = zi(k+1)— z1(k) — 6(Anz1(k) + Araza(k) + Araza(k) +

d
S (A2 (k - 0:) + Azo(k — ©:) + Alzs(k - ©5)))  (4.31)

i=1
where k represents the k—th time step, and 6 is the sampling period satisfying 8; =
—0,48, O; is positive integer,7 =1,---,d.
Based on the observer design approach described in the last section, we know that
the observer (4.11) considers the fault f, as an unknown input. So that even under the
presence of fault, £3 is still going to approach rs3 asymptotically. Then the actuator

fault can be isolated from the dynamics of z;. Assuming that no fault takes place
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during the initial short transient of the observer, and using the estimation Z3(k) for

z3(k), the actuator fault can be approximately estimated as

~

fo = ET — E7Y[(Anzi(k) + Arzxa(k) + Arszs(k) +
1 6 1
d
> (Azi(k ~ ©;) + Aza(k — 0:) + AQz5(k - ©,))). (4.32)
i=1

where z,,z; are linear combination of y, so it is known. As a result, actuator fault
detection and isolation is easily accomplished.

A gimilar approach as above can be employed for detection and isolation of sensor
faults. To account for the effect of sensor failures, consider writing the output equation
in system (4.5) as

Y= Ci+ Esfs- (4.33)

where matrix E, € R™*™ is nonsingular, and f; € R™* represents the vector of
sensor failures which is completely unknown.
Consider now representing the sensor fault vector f; as the output of the following

dynamical system [41]

f:s = Asfs + v, (434)
where v is unknown and A; is Hurwitz.
Augmenting (4.5) with (4.34), we get

T ~t+0i fa
=A i +2?=1Ai A : +Bu+E

fs folt +6:) v

318

P

(4.35)
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0 B
3 E: ) .E.:
0 0

A;
b A -
0

o tljz

0 0
A I

Note now that the above system is again in the form of (4.5). For the above com-
posite system, from system (4.5) Rank (CE) = Rank (E), we know that Rank (CE) =
Rank (E) is equivalent to Rank [CE E,] = m, + m. If Rank[CE E,] # m, + m,

then we can not design UIO.

Proposition 4.5.2 Consider system (4.35) with full rank E,, as long as,
1. Rank[CE E,|=m,+m,

M—-A E
2. Rank =n+m+ms VA

C 0
Then system (4.35) can be transformed to the form of (4.7). In addition, for the newly
transformed system, if Assumptions 4.3.1-4.3.2 and condition (4.13) are satisfied, then
we can design UIO observer for system (35) to detect and isolate both the actuator

and sensor faults.

Proof. Consider system (4.35), condition 1 is to guarantee that Lemma 4.2.2 can be
applied to system (4.35), so that it can be transformed to the form of (4.7). From
Corollary 4.2.4, we know that condition 2 is used to guarantee the observability of
(A,C). Assumptions 4.3.1-4.3.2 and (4.13) will allow UIO design for the time delay
system (4.35), from the approach described in (4.33), so the actuator and sensor faults

detection and isolation can be done simultaneously. n
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4.6 Illustrative Examples and Simulation Results

Example 4.6.1 Consider a time delay system described by,

-2 15 05 0 -1 2 15 0
, 05 -1 1 0 0 -1 0 0
£(t) = z(t) + z(t + 6)
3 05 -3 1 0 05 —0.6 0
| 0 —02 0 -1 ~05 0 0 =0T
1 0
0 —2
+ (u(?) + fa)
0 0.5
1 0
1 0 00
y@)=10 1 0 0 |z@
0 025 1 0
(4.36)

We can use the approach in Lemma 4.2.2 to transform the above system into the
form of (4.7) and we find that Assumptions 4.3.1 and 4.3.2 are hold. Therefore the
observer can be designed, and also both actuator faults can be detected and isolated.

Figures 4.1-4.3 give the simulation results without (Figure 4.1) and with actuator
faults (Figures 4.2 and 4.3). In the simulation study, we choose discretization time step |
of 0.01, § = —0.2, initial conditions z,(t) = —sint,z2(t) = cost, z3(t) = 0;z4(t) =
~2.5,24(t) = 0,~0.2 < ¢t < 0; And u = [2sint,2cost]7. Note from the second and
the third sub-plots in Figure 4.1 that the fault estimates are essentially zero during
the system’s operation and this indicates that there are no failures. On the other

hand, the fault estimates of the first and the second actuator faults in Figure 4.2,
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clearly indicate the onset of the faults at ¢ = 3 seconds. The same is true in Figure
4.3. In practice, at the beginning of the FDI algorithm operation, the estimation of
the faults may not be correct due to the transients of the observer. That is, in the first
few moments of the operation, the algorithm may indicate a fault where in fact there
are no failures in the system. This of course is due to the fact that the estimation
errors are generally nonzero during this period. As a result, the FDI system alarms
have to be disabled during this period, after which the alarm can be enabled. This in
reality is not a restriction or a major problem since it is highly unlikely that failures
can take place during such a short interval, and even if they did they certainly need

not be detected immediately.

o

Example 4.6.2 We consider the time-delay system with actuator as well as sensor

faults of the following form,

-2 15 05 O -1 0 0 0
-05 -1 2 0 0 -10 0
z(t) = z(t) + z(t+9)
3 05 -3 1 0 0 0 0
0 -02 0 -1 -05 0 0 -0.7 J
L . s (4.37)
1 - - [ ]
1000 0
0
+ (ut)+fa)  yE=]0 100 [zE)+]|0]|Ff
0
. I 0010 | I 1 J
where z is the state variable, y is output, u is input, § = —0.2 is time delay and

f. is the actuator fault, f, sensor fault. For the form in (4.34), we take A, = 0 for

simulation. And the single input u is taken as 2sin(t) for simulation.
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3 s n 2 i " i i "

5 3 4 5 6 7 8 9 10
4th state vs. its estimation astimation of the 1st actuator fault

02 T T u T T T T T v

0.15F 1

0.1F 4

0.05F 1

Figure 4.1: No Fault Signals and the Estimation
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2 1 ! 1 1 T i i I I
0 \_—//—*\\
-2 1 L 1 1 L ! ! L 1
0 1 2 3 4 5 6 7 8 9 10

0 1 2 3 4 5 6 7 8 9 10
real value of the 2nd actuator fault
2 ] 1 T 1| N ¥ 1 1
0 i
) ] L i 1 ] ] ] L 1
0 1 2 3 4 5 6 7 8 9 10

estimation of the 2nd actuator fault

Figure 4.2: Fault Isolation and the Estimation
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2 T T T I 1 T I 1
0 | 4{ J._.J i
_2 i i H ) 1 ] ] J
0 2 3 4 5 6 7 8 9 10
real value of the 1st actuator fault
2 T T T T T T T ‘
O I ,—-J .
_2 1 1 i 1 1 1 /] 1
0 2 3 4 5 6 7 8 9 10
estimation of the 1st actuator fault
] T T { 1 T H ]
-2t 1 finiate i I 1 AL, 4 -~
0 2 3 4 5 6 7 8 9 10
real value of the 2nd actuator fault
I ) T 1 I T 1 T
e w
_2 . 1 [y, L L o S vy gy -
0 2 3 4 5 6 7 8 9 10

estimation of the 2nd actuator fault

Figure 4.3: Fault Isolation and the Estimation
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Using the approach described through (4.33)-(4.35), we have the following overall

dynamics,
(—2 1.5 05 0 0 (—1 0 0 0 O
-05 -1 2 0 0 0 -10 0 O
z z z(t +9)
= 3 05 -3 1 0 + 0 0 0 0 O _
fs fs fs(t+6)
0 —-02 0 -10 -05 0 0 —0.7 0
0 0 0 0 0 0 0 0 0 O
1 10
0 00 1 0000
fa z
10 jut)+ |0 0 yt)=[0 100 0
v fs
1 10 00101
0 0 IJ
o i (4.38)
by using the following transformation,
1 0000
0 0101
z
z=T , T=]0 1000
Js
-1 0010
0 0100
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the above equation (4.38) can be written as the form of (4.7),

-2 0 15 0 05 -1 0 0 0 0
4 0 05 1 —03 0 0 0 0 0
F=]1-050 -1 0 2 |z+| 0 0 -1 0 o0]|=zt+96
1 0 =17 —1 —0.5 02 0 0 —0.7 0
4 0 05 1 -3 0 0 0 0 0
1 10
0 0 1
fa
+1o0ju®)+]|0 0
v
1 0 0
0| 00|
10000
y@)=10 010 0 |=
01000

(4.39)

By using the FDI approach (4.32) for the composed system, sensor as well as
actuator faults are detected and estimated. Simulation results for two cases are given
in Figures 4.4 and 4.5, which show the close and accurate detection and isolation

(estimation) of the sensor and actuator faults.
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2 I ] T T T L T 1 1
0 \/\
_2 ] | i 1 1 1 ] 1 1
0 1 2 3 4 5 6 7 8 9 10
real actuator fault
2 T ) 1 1 ] ) 1 1 i
-2 1 ) 1 ] 1 1 1 I
0 1 2 3 4 5 6 7 8 9 10

estimation of actuator fault

1F T T T T T T T T —T ]
o .
-1kt 1 ] | ] 1 ] ] ] -
0 1 2 3 4 5 6 7 8 9 10
real sensor fault
1F T T 7 T T T —T T —T ]
O -
-1k 1 1 1 1 ] 1 I 1 |
0 1 2 3 4 5 6 7 8 9 10

estimation of sensor fault

Figure 4.4: Actuator & Sensor Faults Isolation, Case 1
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2 .
0
-2 i
0 2 3 4 5 6 7 8 9 10
2 T
0 [ T
-2 |
0 2 3 4 5 6 7 8 9 10
estimation of actuator fault
) 1 1 1 { 1} { 1

o .
-0.2t -
-0.4 1 1 1 L S Mt L 1 1

0 2 3 4 5 6 7 8 9 10
real sensor fault
T 1 ) ] 1 i 1 )

o .
-0.2F g
-0.4 1 1 J —1 1 1 ] )

0 2 3 4 5 6 7 8 9 10

estimation of sensor fault

Figure 4.5: Actuator & Sensor Faults Isolation, Case 2
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Example 4.6.3 Consider a time delay system of the form (4.17) with £ = B,
-2 15 05 1 ] 0
-05 -1 1 0 -2
A = ’B = b
3 05 -3 1 0.5
| 0 -02 0 -1 ] 0
-1 2 1.5 0 0 ]
0 -1 0 0 0 (4.40)
Al = 3 H
0 05 -06 O 0
-05 0 0 0.7 h
L i 4
1 0 00
C=10 0 0|,Es=0,7=0.2]r]} £0.9.
0 025 1 O
—2 i e w : l
0 1 2 3 4 5 6 7 8 9 10
4th state vs. its estimation
r :
-0.5 i
-1 i 1 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8 9 10

error dynamics (4th state — its estimation)

Figure 4.6: State Estimation under Fault Occurrence

Similar to Examples 4.6.1 and 4.6.1, this example is simulated based on the results

in section 4.4.
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2 1 ¥ L 1 1 I T 1
O -
_2 1 L ] 1 1. L L 1
0 1 2 3 4 5 6 7 8 10
real value of the 1st actuator fault
2 1 T ‘r___ ¥ 1 T T T
0 o 4
_2 1 ] i 1 1 | [ 1
0 1 2 3 4 5 6 7 8 10
estimation of the 1st actuator fault
5 T i 1 ! ] 13 T T
0 mwmmwmw\w _
_5 1 [ 1 1 Jd | ] |
0 1 2 3 4 5 6 7 8 10
real value of the 2nd actuator fault
5 1 ) i 1] I ] 0 T
O _”"ul l “ \ ‘ u“‘hw" H MWM‘ -
_5 1 1 1 1 I L [ ]
0 1 2 3 4 5 6 7 8 10

estimation of the 2nd actuator fault

Figure 4.7: Fault Isolation and Estimation
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In this example, as can be seen from Figure 4.6, the estimate of the state is
not approaching the true vale of the state asymptotically. This is caused by the
disturbance term H. However, increasing the variable 3 as described in Section 4.4,
can reduce the error, and the FDI may then be performed satisfactorily. This is
illustrated in Figure 4.7, where although the disturbance is present, and the state
estimate is not exact, still the estimate of the actuator faults are accurate enough
that the actuator fault detection and identification can be accomplished with no

difficulties.

4.7 Conclusions

The unknown input observer design philosophy, developed in previous chapters was
extended to cover time delay systems where the state of the system is retarded. The
observer design approach was extended for fault diagnostic purposes. Again, the fault
diagnostic approach that was proposed in this chapter uses a single observer to detect
and identify actuator and sensor faults. As described in the case of linear and bilinear
systems, for more complex time delay systems, multiple observers (observer bank)

may be required for FDI.



Chapter 5

FDI in a Class of Nonlinear

Systems Using Observer Approach

In this chapter, we study a class of nonlinear systems with unknown inputs for which
nonlinear observers with linearizable error dynamics in appropriate coordinates can be
designed. Various conditions for accomplishing this task is stated. Furthermore, our
findings evidently encompass some results on the Unknown Input Observers (UIO)

for linear and bilinear systems.

The observation scheme is next utilized as a mean for model based monitoring
and failure diagnosis within the system. More specifically, a simple approach for fault
detection and isolation (FDI) of actuator faults is presented. Selection of threshold
value with reliability is discussed. Finally, the chapter concludes with examples,

illustrating applicability of the reported results in linear and nonlinear systems.

96
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5.1 Introduction

Apart from the traditional areas such as aerospace and nuclear industries [37], the
FDI research has been gaining momentum in other technical fields such as automo-
tive, manufacturing, autonomous vehicles and robots, etc [6], [25], [42]. Among the
approaches to the FDI problem, model based FDI has been the main subject of re-
search due to the fact that it requires no redundant hardware. In addition, this
approach has the potential for systematically detecting variety of failures. Although
by no means a mature subject, FDI in linear systems has received a great deal more
attention in the past than its nonlinear counterpart. As a result, there are still a great
deal more work available in the linear FDI field [13)].

In this chapter, we consider a special class of nonlinear systems for FDI purposes.
The approach taken toward the monitoring and diagnostics is similar to that of [41]
in which an unknown input observer was utilized for FDI. Essentially, for the class of
nonlinear system considered, we shall decompose the state and outputs in two parts.
One part is affected by the actuator faults, whereas the other is decoupled from them.
Next, the subsystem that is decoupled from faults is used to design the nonlinear
unknown input observer (NUIO) for the nonlinear system. The estimates are then
used for FDI purposes. Generally speaking, the observer design approach for FDI is
a continuation of the UIO design for linear, bilinear and time-delay systems, and its
utilization for FDI as we discussed in the previous chapters [40], [41]. As a matter of
fact, it will be shown that this similarity is not coincidental, and the present results
will encompass the UIO design in linear and bilinear systems as well.

In the next section, we will give conditions for the existence of the transformation

which will transform the original nonlinear system into the desired form. Also an
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approach for the design of the unknown input observer and some discussions on the
comparison with linear systems will be made. In section 5.3, an adaptive system’s
observer is designed. Afterwards we will present an approach for actuator FDI. Finally,
the last section will provide numerical examples illustrating the practical application

of the proposed FDI approach.

5.2 Transformation and Observer Design

Consider the following nonlinear time invariant system,

f(=) + g(=) u+2qz 2 f(z) + 9(2)u + Q(a) S

=1
y = h(z) = [h1(z), -+, ha(2), has1 () -+, ha()]" (5.1)
where states z € R", input « € R™, output y € R!, actuator faults f, =
[fg,-- 2T € RP,Q(z) = [qu(z), -, q(z)]. f,gi,h are smooth vector fields with
f(0) = 0,9(0) # 0,k(0) = 0. I > p may be required.
Given the system (5.1), assume that there exists a transformation ¢ = F(z),(z =

“1(¢) = W(¢)), such that (5.1) can be transformed to

. 04x Ogx(n- Ld
E=| % TR e d B)ut doly) + Y (6],
Or-a)xa Ao i=1
y= [‘5(1) (1)’ 2}-)1’ te a’sl(l)]T ’S (52)

where I-tuple of integers (ry,---,r) satisfyingr; = 1,i = 1,---,d; ri+---+rg+rapa+

o= 6= [0, 60,60 a0, €Y e 6 and

¢; 1s of the following form,

¢7 =[x---%0---0] (ie.,last n— d elements are zero ) (5.3)
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¢ é [¢1a¢27"'7¢?]'

01 0
1 --- 0
0 1
00 ---0
0 1
Ay = . Cy=
1 -~ 0
01 0
1
0 1 -
00 ---0
Consider the transformation z = W(¢), by differentiating we get
: oW . ow |[|0 0 a .
¢ = Srl=7 €+ By)u+ do(y)+ Y, 6:(6)f;
Elo 4 =

Comparing the above with equation (5.1), we conclude that such transformation

z = W(€) exists as long as the following conditions are satisfied,

0 s&=%¢ z j £+ 6olv) | (53)
() o) = Gr80) (56)
(i) Qa) = G 0(6) (57)
(v) h(W(E) = Cok. (53)

By using the concepts of partial differentiation and Lie bracket with some deriva-

tion (for brevity, more details are deleted), it can be shown that condition (i) is
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equivalent to

ow —g,?_:v—'ﬁ J=2,---,15
& ~ B 5e 7 =1L
Similarly we can prove that condition (ii) is equivalent to
%% 0 .7 = 2) s, T
adgk(z)g—m = oW 30y ) (510)
& —-5?__(—2655” j=1; k=1,---,m.

Before we analyze condition (iii), we study condition (iv).
Consider h(W (¢)) = Coé, i-e., hx(W(£)) = Coxé, k = 1,---,1. By differentiating

both sides of the output equation, we have
dhk,—aﬁf.— =660 j=1,---,r5 k=1,---,1 i=1,---,1L (5.11)
o[

With equation (5.11) and Leibnitz rule, we can prove the following,

r -

O(x)-é—uizDé Lo (5.12)
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where O(z) is defined as

dhl(.’lf)

dha(z)
dhys1(z)

O(z) & : . (5.13)
AL’ " hgpa (2)

dh[(.’l))

dL?—l hl(.’ll)

If equation (5.12) is valid, then we know condition (iii) is same as

0()Q(=) = D(%)‘l(%vg)qs@) — D4(e). (5.14)

From (5.14), it can be shown that a necessary and sufficient condition for (5.3) to

hold is that
(diher(@) (@) =0 i=1,,1=d; j=0,orai=1; k=1,,p(5.15)

In other words, the faults will not directly effect the outputs k;,7 = d+1,---,1 if the

following condition is satisfied,

a(z) € A@) 2 N ﬁKer(dL;;-lh,-(x)) k=1,---,p. (5.16)

i=d+1 j=1

Assume

A oW

= — 5.17
o o

S
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then from (5.9), we get

adfs;=—a—§riui—l), adﬁs,:(—l)"a—g;%; E=1,m—1  (518)
Set
= [81,82,° " 584, Sa+1, —adfSd41," " " (—1)Td+1~lad}d+1_13d+1a
o, 81, —adgsy (—l)”'lad}’_lsl]. (5.19)

From the above definition and (5.18), it’s easy to rewrite (5.12) as

O(z) - S(z) = ' : (5.20)

To recapitulate:

Theorem 5.1 The transformation which transforms (5.1) to (5.2) exists if and only
if W, o, B and ¢ satisfy the equations (5.7), (5.9)-(5.11) and (5.16).

Equivalently to Theorem 5.1, we have Theorem 5.2.
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Theorem 5.2 There exists a global state-space diffeomorphism ¢ = F(z) with
F(zo) = 0, transforming system (5.1) into (5.2) if, and only if the following con-

ditions are satisfied,
1. [ad}s,,,adf,s,y]=0 0<:<r,—1, 0<7<m, 1<n ~<i
2. [g,-(x),ad?s,,]:O i=0,---,m; j=0,--,my—=2 p=1,--,1

3. the vector fields ad’}s,,,O <i < r, -1, are complete, where s, is the vector field

< : , S,,> =|: (5.21)

4. qx = Z;'i=1 bk (€)s: k=1,---,p. (where ¢y; is the i-th element of or).

satisfying,

O

Proof. From the observability of (f, ), we know that (hy,---, kg, hag1,- -+, L}"lhl) is

a diffeomorphism. Also from condition 3, we have

- -

dh., 0 1
< : N (—l)iad;s,,, e (—l)r""lad;"_ls,,)> =
rp—1
i d(Lfn hn) ] L 1 * .
and therefore the vectors s,, - -- ,ad}"_ls,, are linearly independent, also we have
adis, = (—1) 5W. 0<:<r,— 1.
A (rn—7)
9y

The 1st condition is shown to be necessary and sufficient to make the transformed

linear dynamics represented in the form of (5.2) without the input u and faults fa.
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The 2nd condition [g,-,adffs,,] =0 = 0,---,p,7 = 0,--+,r, — 2 guarantees

that ¢;(z) is independent from (—l)jéa‘a—;f,—v_-g, i.e., at most gi(z) is a function of
a‘z:{;],--- , a%%, ?}V,---,%}Vy, i.e., gi(z) can be transformed to a function of output

Y.
Condition 4 is necessary and sufficient to transform g¢; into ¢; which its last n — d
elements are zero in £-coordinates. Also equation (5.16) is equivalent to this condition.
So after the diffeomorphism transformation F, g;(z),q:(z) become Bi(y), #:(¢).

Then system (5.1) can be transformed into (5.2). That completes the proof. u

As a matter of fact, from the form of ¢ described in (5.3), we know that the
output hg41(z),- -, ki(z) and states §§‘+)1, - ,5,(”) are free from the faults, and those

information will be used to construct the NUIO for the purpose of FDI.

Remark 5.2.1 Consider the unknown input observer (UIO) in linear and bilinear
systems (see [4], [40]). The familiar condition Rank CE = Rank E(i.e., h(z) =
Cz,Q(z) = E) implies that all the information with regard to the unknown inputs
(faults) are contained in the output y, and not necessarily in g etc. Similarly, in the
nonlinear case we have the faults only affecting the first d elements of the output.
So that the faults information will still be remained in the dynamics stored in the
output. This will help us to recover and isolate those faulty signals. As a matter of
fact, just as in the case of linear and bilinear systems it is necessary that the number
of the outputs for recovering and isolating the faulty signals must be greater than the

number of unknown inputs. a

Remark 5.2.2 Rank {dh:(z),---,dha(z), dha41(Z), -, dL}"lhl(a:)} = n. (I) Obser-

o”

(N (}})
vation does not need any dynamics of these outputs, instead a transformation will
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generate the estimation of the partial states. This is the reason that no dynamic

observer is needed for this part.

(IT) This illustrates that dynamical equations of order (n —d) are needed to recover

the states which are affected by the faults. a

Remark 5.2.3 If there is no faulty signals, this transformation is identical to the

case described in [56] with r; = 1,i=1,---,d. D

Design of the NUIO

Note that for those r; = 1, the state variable is directly measured. Given that and
the assumption that the nonlinear system can be transformed into the form described
by (5.2), the NUIO can be designed by using the canonical normal observer approach.

Set

r 1 — 1e(1) (1) . (nT
Earion = (€50 - €78 g W, G, = 16Nl &T,

then we have the following dynamics,
éd‘l'l—vn = A0£d+l—>n + IB(d‘f'l—""") (y)u + ¢0(d+1—>n)(y) (522)

where B(a11.n) represents the rows of 4 from (d + 1)-th to the n-th, similarly is

Po(d+1~sn)-

For the above system, we can design observer as following,

3 2 1) £(1)
£d+1—>'n. = A0€d+1—>n + :B(d-{-l—»n)(y)u + ¢0(d+1—>""-) (y) + K(fd-{-l—m - éd+1—>'n) (523)

It is clear that the error dynamics can be made asymptotically stable by choosing

a proper K.
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With the estimation {Ad_l.l_.n of £411-.n as well as the output, we can find the esti-
mation & for states z by using the diffeomorphism transformation F. Subsequently,
this information can be used for FDI purposes. However, before we do that a compu-

tational design procedure which is a modification to that of [56] is presented.

Algorithm for Observer Design:

(i) Compute O(z) in (5.13) (with possible reordering of h;).
(i1) Find solution s; of (5.11) and (5.17), compute S as defined in (5.19).
(iii) From (5.9) and (5.10), find

0ldoy) Be(w)] _ _ W iy , OW
85(1) = —( B¢ ) [ade adgkggl—)]
and as long as the left hand side is a function of output, then solve for ¢o(y) and
Pe(y)-

(iv) Compute

¢V = hy(z), for i=1,---,1L

£(J+1) L é- .7) (.7) IB(J)u’ for j = 1’ e, Ty — ].-

(v) Verify condition (5.16); if it is satisfied, then we can transform system (5.1)

into (5.2), and observer can be designed according to (5.23). Otherwise stop.

5.3 Further Discussion: Adaptive Observer Design

Consider the following nonlinear time invariant system,

z) + g(z u+Ze, 0+Zqz z) +g(c)u + E(2)8 + Q(2) fo

y = h(z) = [h(z ),---,hd( ),hd+1( ) (@) (5.24)
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where states z € R", input v € R™, output y € R’, uncertain parameters § =
[61,--,6,)T € R, E(z) = [ea(x),- - -, e-(z)], actuator faults f, = [ff,---, 2] €
R?,Q(z) = [q1(z),- -+, q-(2)]- f,gi, h are smooth vector fields with f(0) = 0, g(0) #
0,%(0) = 0. ! > p may be required. Also we assume the local observability of (f, k),

l.e.,

Rank {dh1,dLhy,- -, dL} " by, oo dhy, - - - AL e} = .

Given the system (5.24), assume that there exists a parameter independent, global
state-space change of coordinates in IR", i.e., transformation £ = F(z), F(0) =0, (z =

F~1(£)), such that (5.24) can be transformed to

. 04x 0dx(n— . d

E=| 7 TP N e Bt doly) + D wilv)8i + D i) S
O(n—ag)xd Ao i=1 i=1

¥y= [ F),"',é‘c(il)a c(i}f-)p""gl(l)]T = CO& (525)

where [-tuple of integers (r1,---,r) satisfyingr; = L,i = 1,---,d; ri+---+rg+ra1 +
r 1 r 1 r
cedmp=n. €= [éil)f“’éz(il), gr)l,...752:;1),5322,...,52:;2),..., 1( ),...,gl( ')]Ta,nd

¢; 1s of the following forms,

¢ =[x---%0---0), (i.e.,last n —d elementsare zero) i=1,---,p. (5.26)
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¢é [¢17¢2a"'a¢p]7 ";b g [¢17¢21”.7¢r]7 and

r -

01 0
1 -0
0 1
0 0 - 0
0 --- 1
Ao: T. ,CO':
1 .- 0
01 0
1
0 1 -
0 0 0

When the output is single, d = 0 and there is no faults, then there is asymptotic
adaptive observer design available for system (5.24) [32]. Following [32], the global

version of the transformation for (5.24) can be stated as follows.

Theorem 5.3 There exists a global state-space diffeomorphism § = F(z) with
F(zo) =0, transforming system (5.24) into (5.24) if, and only if the following condi-

tions are satisfied,

1. [ad}s,,,adj;s,,]:O 0<i<r,-1, 0<5<n, 1< ~<l
2. [g;(x),adj;s,,]=0 i=1,---,m; j=0,---,1,=2;, p=1,---,L
3. [e,-(:c),adj;s,,]=0 i=1,---,r; §=0,-c-,rp=2; p=1,--,L

4. the vector fields ad}s,,, 0<:<r,—1, are complete, where s, is the vector field
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satisfying,
dhy 0

< : : 5n>= : (5.27)

d(L7 ™" hy) 1

5. qr = E;'i=1 bri(€)s: kE=1,---,p. (where ¢y; is the i-th element of ¢y).

0
Proof. Condition 1 is shown in [31] to be necessary and sufficient for (1) with u =
0,8 = 0, f, = 0 to be transformable via a local diffeomorphism in the neighborhood

of z = 0 into system

Odxd  Odx(n-a)

£ = £+ B(y)u + ¢o(y)
On—agyxd Ao
y= [6(1) : (1) 31-)17"'a61(1)]T =C

The needed local coordinates ¢ = F(z) are defined, by virtue of condition 1, as

those in which
0
8€(Tn—1)

that is, the vector fields adfs,,,O <i<r,—1,1 <y <1, are simultaneously rec-

adj:s,,:(——l) 0<:<r,~1.

tified. Consequently, condition 2 guarantees that the vector fields g; depend, in the
£—coordinates, on the output y only. Similarly condition 3 is considered as a guar-
antee that e;(z) only depends on y in the new coordinates. Condition 4 is necessary
and sufficient, according to [9], for the above change of coordinates to be a global one.
When condition 4 fails, we only have a local change of coordinates. Condition 3 is
necessary and sufficient to transform ¢; into ¢; which its last n — d elements are zero

in {—coordinates.
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Then system (5.24) can be transformed into (5.25) under the conditions 1-5 in

Theorem 5.8. That completes the proof. [ ]

Remark 5.3.1 As long as the following condition is satisfied,

Tn—1

Z Z Vi) ad}s,, k=1.---,r. (where ¢/ is an element of ),

n=d+1 =0

then v;(y) will be of the following form
I =[0---0%---%] (i.e.,first d elements are zero ), i=1,---,r. (5.28)
i.e., the uncertain parameter will not directly affect the output dynamics. |

As a matter of fact, from the form of ¢ described in (5.26), we know that the
actuator fault f, will not directly affect the derivatives of the output hgy1(z),- - -, hi(x)
and states 51(11_)1 o ,(”), and those information will be used to construct the adaptive

b

observer for the purpose of FDI.

Design of the adaptive observer

Note that for those r; = 1, the state variable is directly measured. Given that and
the assumption that the nonlinear system can be transformed into the form described
by (5.25), the nonlinear adaptive observer can be designed by using the canonical
normal observer approach.

Set

[5(1) (Td+1) . 1(1) . gl(fz)]T’ (1) [5(1) m ... 1(1)]T

d+1 d+1 d+1—»n d+1 d+2 ?

§d+1-m

then we have the following dynamics,

Earion = Aobarion + Bar1—m) (@)t + dos1-n)(¥) + Z Yia+1-n)(¥)0:  (5.29)

=1
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where f(a11-.n) represents the rows of 3 from (d + 1)-th to the n-th, similarly are
¢0(d+l—>'n)7 ¢1’(d+l—>n)'
For brevity, we define, U4,1_,, as the last » — d rows of 1, and Cy as a matrix

composed by last | — d rows and n — d columns of Cp.

Assumption 5.3.1 ¥;,,_.,(y) can be expressed as BU,.1_.(y) where B is a constant

matrix. a

Assumption 5.3.2 There exists Q € R=9*("=4) symmetric and positive definite,

such that for some matrix £,
CrFT = PB (5.30)
where P is the unique positive-definite solution to the Lyapunov equation

(Ao - K?o)TP ~+ P(Ao — I(Uo) = —Q.

Remark 5.3.2 Another interpretation of the Assumption 5.3.2 can be obtained from
[44, 50]. If the triple (4o — K Co, B, FC,) is controllable and observable, and a matrix
F exists such that FC[sI — (4o — KCy)]™!B is strictly positive real, then @ exists

such that Assumption 5.3.2 is valid. m

Theorem 5.4 If all the conditions in Theorem 5.3 and Assumptions 5.3.1-5.3.2 are
satisfied, we can transform system (5.24) into (5.25) and design the following adaptive
observer for (5.29),

z 3 j 1) A1)
Eat1mn = Aolit1an + Bar1on) (¥)u+ Po@s1—n)(¥) + Yar1—n(y)0 + K (€ — &)

(5.31)
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with adaptive law as follows,

b T —_— o~

= “G‘I’d+1—m(y)FCO€d+l—m (5.32)
then the above adaptive observer is asymptotically stable.

Proof. Take Lyapunov candidate function V = {ZFH_,“PEJH—"L + 67G~10, where G is
a positive definite matrix.
Using (5.29), (5.31) and Assumption 5.3.1, we get the error dynamics of {44+1-n

as follows,
£d+1—»'n. = (AO - 1(50)£d+1—m + Bﬁ;d+1—mé (533)

By calculating the time derivative of V' with Assumption 5.3.2 and adaptive law,

we can obtain that

V = 2£3~+1—>npgd+1—m + 25TG—15
~ . . —_ - s o =T .~
= _€g+1—rnQ€d+l—»n + 2{3‘4.1_..,,, PBII}d+1—m0 - QBTG lGlI’d+1_,nFCO€J+1_,n

= —l1-n Qa1 (5.34)

So that we claim that the observer (5.31) is an asymptotically stable one. | |

With the estimation {Ad_H_.n of £441-.n as well as the output, we can find the

estimation Z for states z by using the diffeomorphism transformation F'.

Remark 5.3.3 Assume that d = 0,/ = 1, f, = 0 for system (5.24), i.e., the single
output system without actuator fault, then adaptive observer design here is same as
the approach in [32]. If f, = 0,8 = 0, then theorem 1 is equivalent to the result in
(56]. 0
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Remark 5.3.4 Basically speaking, for system (5.24), we first decouple (5.24) into
two parts, one part the states are same as outputs, in the other part states are not

outputs, and then we estimate the states as well as uncertain parameters. ]

5.4 Fault Detection and Isolation for Nonlinear
Systems

For the sake of convenience, we only consider Fault Detection and Isolation for system
(5.1), not (5.24). The FDI procedure for (5.24) should be same as the one of (5.1).

Assumption: p < d,

Rank @1-.4(¢) = p (5.35)

[ k@) Lebh(e) - L)
where ®14(6) 2 [f1,_,(€), -+, bp_u(6)] = :

Lo ha(z) Loyha(z) -+ Losha(z)
and ¢; _, represents the 1st d elements of ¢;. O

For linear and bilinear cases, this assumption is equivalent to Rank CE = Rank F,

where Q(z) = E, h(z) = Cxz.

Theorem 5.5 With all the conditions satisfied in Theorem 5.1 remaining valid, and
the above Assumption, then the actuator faults in system (5.1) can be detected and

isolated as well.
Proof. Consider the dynamics of the fault-affected output described in system (2),

1—d = do—a)(¥) + Ba—a)(¥)u + ®1—dfe- (5.36)
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Discretize the above dynamic equation, we have

E1ma(k+ 1) = &a(k)
)

= go1-4)(Y(k)) + Bu—a)(y(k))u(k) + ®1-a({(k)) fa (k). (5.37)

When Assumption hold, then we can estimate the faulty signal f, as fa,

s ) - —taalk
o= Gy 6l, { S0t o (4 (0) + Bomalu(b)uth) f5.39)
And

él—ni(]‘:) é Ql—rd(él—»d(k)?éd-f-l—*ﬂ(k))'

So that the fault detection as well as isolation is done. As soon as any of the com-
ponents of f, is greater than that of threshold value vector, then the alarm for the

corresponding fault component will be on. |

Convergence of the fault estimate:

Now we consider the efficiency of this fault detection and isolation scheme, i.e.,
the upper bound and lower bound of the estimation for faults. With this information,
we know how accurate the fault estimation will be and how reliable the alarm will be
In some sense.

Assume that él_d(k) represent the real derivative of £;_4 at time step k, so from

(5.36), we have

E1-4(k) = Bo—a)(u(k)) + Bu—ay(y(k))u(k) + @1-a(E(k)) fa (k) (5.39)
and for estimation of faults, we use the following equation,

bi—a(k +1) — &a(k)
)

= ¢oa—a)(y(k)) + Ba—a)(y(k))u(k) + &1_qa(k) fu(k). (5.40)
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Subtract (5.39) from (5.40), we have

. § . .
&1a(k + 9)5 = &, q4(k)fa(k) — ®1-a(k)fa(k)

 Sioa(R)ak) = £alk)) + (Bra(k) = B1_a(R) fo(B). (5.41)

Since disturbance and faults are not involved in the process of estimating {a+1—n, SO

it can be made asymptotically, and ®,_4, ®;—.¢ are continuous functions, NVE

converge to zero asymptotically. As long as faulty signals are bounded, (®1-a(k) —

®1_.4(k))fa(k) — 0, i.e., Ve > 0,3 Ko, when k > Ko,
[(®1-a(k) — ®1a(k)) fa(R)|| <&

If ||€1—al| < Mj, then

; M,é
[1®1-a(k)(falk) = faENI| = N(@1a(k) — Pr—a(k)) fa(R)]| = =
and
¥ r M](S
Ilq)l—’d(k)(fa(k)_fa(k))“ S 2 + €
£ M16 2¢
1£.(k) = fu(B)]| < * . (5.42)

Amin( @1 (k) ®1-4(k))
If |é1—q)| > Mo , then

Myé
1B1-a(R)(falk) = fa(RDI| + [(®1-a(k) — Pra(R)falK)]| Z ==
and
F £ M06
|lq>1-’d(k)(fa(k) - fa(k))” Z —2‘ — €
X 7 06 — 2¢
1fek) = fe() 2 = (5.43)

2 /\max(q‘)flr—vd(k)[pl—’d(k))
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where Amin(Amax) represents the minimum (maximum) eigenvalue of the corresponding
matrix.

From the above analysis, we know that the (adaptive) threshold value T;(k) can not

Myé—2¢
2\/ Am;x(é;r_dil_.d)
to give the correct signal; the alarm for fault detection would be reliable if T, (k)

When ||fa(k)|| > T.(k), then the alarm for

be chosen smaller than

, otherwise the alarm would be too sensitive

Mip6+2¢
2\/>‘min(<l’;’{‘_.dq’1 —-d)

chosen greater than

faults is on. -

5.5 Illustrative Examples and Simulation Results

Example 5.5.1 Consider the following linear system

z = Az + Bu+ E(z)f,

(5.44)
y=Cz
where z € R®,u € R?, f, € R? and
- 2 0 0 0 0 | F 1 1 i 1 0
0 0 1 0 0 0 1 0 1
A=|1 3 2 1 o |, B={o0o 1|, E@=|0 1
-4 2 1 3 1 -1 -5 -1 —4
] 11 -21 -15 -14 —3J i ) llj i 3 5 ]
-1 0 00 0-
C=(0 1 000/, e(z) =1+ |21+ 4z, + z4.
0 -1 100

Following the procedures introduced before, we can find suitable transformation

which transforms the system (5.44) into the form of (5.2). After designing the observer

e(z),



5.5. Applications 117

for the fault-unaffected states, we can estimate the actuator fault.

For brevity, the details of calculation are deleted. The results on the estimation of
states and actuator fault are shown in Figures 5.1-5.2. In Figure 5.1, it is shown that
the estimate of the fault is essentially zero during the entire length of the simulation
study, and thus the conclusion is that the system is healthy. However, the estimate
of the actuator fault shown in Figure 5.2 indicates that the actuator is faulty.

Note again that the actual shape of the failure is also detected in our algorithm.
This is not necessarily the case in many other studies. The fact that we can identify
the shape of the failure is the by product of our algorithm which can prove useful

perhaps in failure accommodation.

T 1 L T i T
_2 L i t | 1 { ! ! L
0] 0.5 1 1.5 2 25 3 3.5 4 4.5
partial states estimation without actuator fault
O 1 H T 1 1 ) T T 1 I
NN TN A A N WAk A WA p
O, H‘ ’ ‘\' > ’\\/— .‘\ v M \I \J \' \ '\v‘ ARl -
_0.1 | L 1 1 ! 1 1 1 1
0.5 1 1.5 2 2.5 3 3.5 4 4.5

estimation for actuator fault

Figure 5.1: No Fault Signals and the Estimation
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2 1 U I 1 1 I I ] 1
0 \ ......... -
™ < oo
_2 l‘ - —L_’_'l | i X 1 A1 1
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
partial states estimation with actuator faults
5 1 i 1 1 I I 1 1 1
2N
- "~ = - - I T T T
0 T — = : /' ‘_ — ]‘- _ |~ —— -
N
_5 i 1 1 | 1 1 1 L 1
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
estimations for actuator faults
5 I 1 I I 1 I I L 1
o ———+ —_— ;‘“’_1 S T""“l -
-5 1 1 ] 1 1 ] ] 1 1
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

real actuator faults

Figure 5.2: Fault Identification and the Estimation



5.5. Applications 119

Example 5.5.2 : We consider a nonlinear system of the following form,

1 =z + (€m1F221% 4 1) f, — 0.11526

i, = z3 — 0.30780

t3 = u + 1.23080 (5.45)
y1 =T, + 2z + 23

Yo = To + 223

where 8 is an uncertain parameter and f, is actuator faulty signal.

By using the coordinate transformation & = z1 + 2z, + z3, {2 = T2 + 23,3 = 3,

we can transform (5.45) to

& 010 & e —1 1 0.5
&Ll1=100 1 & |+ 0 faot |2 |u+] 21538 | 0
00 0 1 1.2308
b OJls (5.46)
&
100
y:
010
&

As a matter of fact, ¢ = [e®+?%2+2s 1+ 1,0,0]7.

For this form (5.46), since the dynamics of {3, {3 are not affected by faulty signal f,,

we can design the reduced-order adaptive observer as follows, by using Theorem 5.4,

011f1}¢ 2 ) 2.1538 | .
“ = A2 + u+ K(é — &)+ 0 (5.47)
&3 00| |é& 1 1.2308

é = —(éz - 52) (5-48)
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where fg,fg are the estimation of {3, and &3 correspondingly. Assume the error dy-
namics are £, = £ — &, &3 = €3 ~ €3, then we have the following equation,

; 01 ; 2.1538 | .
< = - K[1 0] & + 4 (5.49)

& 00 & 1.2308

by properly choosing K = [k;, k2]7 (here we choose k; = k; = 2), the error dynamics
can be stabilized together with the adaptive law, so that the observer is asymptotical.

From equation (5.38), the fault f, can be isolated from the discretization of the
dynamics of £;. Also for simulation, we assume that § = 0.5, we can see that esti-
mation of the parameter is approaching this value. Figure 5.3 shows the performance
of the FDI algorithm under a no failure situation. The unknown parameter is adap-
tively estimated and converges to its true value of 0.5 and the fault estimate is zero
after a short observer transient. Figure 5.4 and 5.5 illustrate the same things for two
different shapes of failures. Clearly, in both cases, the uncertain system parameter is
correctly identified and the estimate of the fault indicates that indeed a fault exists.

Furthermore the actual shape and magnitude of the fault is detected.

Example 5.5.3 We consider a dc motor system with load (see Figure 5.6). The

model] is described by the following equation,

Lo%e = —R,i, ~ Kywie + v

(5.50)
J%‘tﬂ = Kyt.1, — Dw

Set z3 = 14,29 = 0,23 = w,u = 1., v = v, + f, t. and v, are ideal inputs and f is
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] ] S— [l 1
4 5 6 7 8 10
partial states estimation without actuator faults
¥ | I T I ¥ T I
0.6 -
0.4+ .
0.2F 4
0 i i d 1 ] J 1 1
0] 1 2 3 4 5 6 7 8 10
estimation for uncertain parameter
1 T 1 ¥ L 1 LI T i
or — i
_2 1 i 1 1 ] 1 ] 1
0 1 2 3 4 5 6 7 8 10

estimation for actuator faults (under no fault situation)

Figure 5.3: No Fault Signals and the Estimation
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1 i l 1 1 !

4 5 6 7 8 9 10
partial states estimation with actuator faults

0.6 .
0.4 .
0.2} .
0 1 | ] i S 1 | 1 1
0 1 2 3 4 5 6 7 8 9 10

estimation for uncertain parameter

_D 1 1 1 ] 1 ] ] ) 1
0 1 2 3 4 5 6 7 8 9 10
estimation for actuator fault (solid line) vs. real actuator fault (dashed line)

Figure 5.4: Fault Identification and the Estimation
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i 1 N 1 J. 1

4 5 6 7 8 9 10

-

! j 1 1. ! ]

3 4 5 6 7 8 9 10
estimation for uncertain parameter

T Y T T T T T T T
1F ;_| |—| — 7
b
op , ]
-1}t -1 =
-2 CN 1 1 L ! - 1 1 1
0 1 2 3 4 5 6 7 8 9 10

estimation for actuator fault (solid line) vs. real actuator fault (dashed line)

Figure 5.5: Fault Identification and the Estimation
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i
e

Figure 5.6: DC Motor System with Load

actuator fault, then (5.50) becomes

Iy —’LE‘:' 0 0 I
To = 0 0 1 To
T3 0 0 —? T3
100
y = z
010

I

T2

z3

u+

124

L,
0(9.a1)

(5.52)

For simulation, we assume that B, = 1,L, = 0.05,K, = 10,D = 0.1,J = 0.2.

And we transform coordinate by & = z,,& = 2,83 = z3 + 0.522, so the system

becomes
6] [-200]]s
&L | = 0 01 &L | T
_53_ | 0 0 0_ _53_ I

<o o

K,
0 -3
0 0
0 0

&
&2
€3

and output equation (5.52) remains the same, i.e., y; = &,72 =1,2.

To observe &,, €3, we construct the following observer

1 lo1llé 20
. . +
& 00 & 0

Vo +

50

yiu+ K (& — &)

v (5.53)

(5.54)
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The faulty signal f can be detected and isolated based on the following equation,

;1 (y(k+1)—y(k)
f"z‘o( 5

+ 20y, (k) + 20053(k)u(k)> — 200, (5.55)

Figures 5.7-5.8 represent the simulation results. Again, these figures illustrate that
the observer is successful in estimating the unavailable state of the system as well as
the fault. When the estimate of the fault is anything other than zero, the fault is

easily detected and declared.

0.5 I 1 i 1 1 | T 1 T
0 K’/”;’-—;: ————— -
05F >~ -~ " -
__1 ] 1 1 1 1 1 ! 1 1
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5
partial states estimation without actuator fault
10 T T T L ¥ 1 L I T
5k i
or i
_5 L 1 1 1 ] 1 | ! 1
0 0.5 1 15 2 2.5 3 3.5 4 4.5

estimation for actuator fault

Figure 5.7: No Fault Signals and the Estimation
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LB T T T 1 1 T T 1
0 \_____k,;; ————— .
-05F >N~ —-" " -
_1 L ] [ { i 1 i 1 1
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
partial states estimation without actuator fault
10 1 1 1 T I 1 -1 1 ¥
or -
_1 0 1 1 i 1 1 . 1 | S
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
estimation for actuator fault
10 T I i L T 1 T ¥ 1
5F -
0 .
_5 1 1 1 ] ] 1 1
0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

real actuator fault

Figure 5.8: Fault Identification and the Estimation



Chapter 6

Practical Estimation for Fault

Diagnosis

The last five chapters of this thesis concentrated on the application of observer based
methodology for FDI. The main thread in all of those chapters was the notion of
decoupling the faults and certain disturbances from parts of the system’s dynamics,
so that an unknown input decoupled observer could be designed. The resulting UIO
was then used for both estimation as well as FDI. Clearly, at the heart of the FDI
approach discussed in each of the last chapters then is the UIO. Recall to design
UIO for linear systems, the condition Rank CE = Rank E is needed. For nonlinear
systems, strong conditions on linearization are also needed in our previous analysis.
It is then fair to say that the estimation and diagnosis approaches, especially for
nonlinear systems, are applicable to a limited class of control systems. The issue of
designing FDI scheme, applicable to a wider classes of systems has been and will be
the subject of many research studies in the past and in the years to come. The chapter

is an attempt in this direction. It is the goal of this chapter to examine whether the

127
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diagnostic schemes that were discussed in the previous chapters can be broadened so
that they encompass perhaps some larger class of dynamical systems.

In this chapter, we will first introduce the notion of Sliding Mode Observer {(SMO).
We will then attempt to show that for the linear and nonlinear systems which do not
satisfy the condition Rank CE = Rank E, it may be possible to combine SMO and
UIO approaches and apply them to those systems. In this way, the UIO is generalized
to a wider class of control systems. This is the subject of discussion in Section 6.2.

In Section 6.3, a brief diagnostics approach is outlined.

6.1 Introduction to Sliding Mode Observer

Observers based on sliding mode concept [47] were first developed for linear systems
[12, 50, 51]. The variable structure observer design approach or the SMO, has proved
to be an effective estimator for certain nonlinear systems. Many applications of the
SMO have been reported with success in the literature. The SMO approach has some
advantages such as: cancelling certain nonlinearities, uncertainties or disturbances;
estimating states without using exact linearization for nonlinear systems, etc. The
basics of the SMO approach is outlined in the following.

Consider the following linear system in state space formulation,

z=Az+ Bu+ Ed
(6.1)

y=Cz

where z € R",u € R™,y € R?,d € R" may be time-varying uncertainty.
The idea of classical SMO is: under certain assumptions (matching conditions),

we can design an observer with one more nonlinear term in comparison to Luenberger
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observer, such that the uncertainty d is cancelled by the extra term. As a result,
the error dynamics are forced to an attracting region which is often referred to as
the “sliding manifold”. Once the error trajectory is confined to the manifold, it will
then asymptotically slides to the origin, and thus the estimation goal is achieved (see

Figure 6.1).

Error (States vs. Estimations)
Dynamics

Sliding Maniford

Figure 6.1: Idea of Sliding Mode Observer

In order to design such a SMO, the following certain requirements need to be

satisfied. These are: Assumption 6.1.1 (A,C) is observable. a

From the Assumption 6.1.1, we know that for certain matrix K and @ > 0, there

exists positive definite matrix P as a solution,
P(A-KC)+ (A-KC)'P =-Q (6.2)

holds.
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Assumption 6.1.2 (“Matching Condition”) Assume there exists L, such that
LC = ETP (6.3)

where positive definite matrix P is the solution of (6.2). o

Under the Assumption 6.1.2, we can design an asymptotic SMO,

= A2+ Bu+ K(y—3) +vEsign(L(y — )
Cz

<
I

where v is just a scaling gain. This results in the error dynamics,

% =(A— KC)z — vEsign(LC%) + Ed (6.5)

2

where z =z — z.

Based on the result in [51], we know that when the Lyapunov function is set as

V = 3T P, then

V = #TPi+4 P3
= #"(P(A— KC)+ (A— KC)TP)i + 2¢" PEd — 2" PEvsign(Lj)
= —37Q% 4 23T PEd — 237 PE+sign(L§)
= —#7Q& +2(Lj)"d — 2||Lily

—Amin( Q)12 + 20| LGl — 2v1 L)1

IA

where ||z, = Sor, |zi|l. We conclude from the above discussion that since ||-|| < |||,
and as long as v is chosen such that v > ||d||, then the error dynamics approaches to
zero asymptotically.

The above essentially sketched the SMO design approach for linear systems.
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6.2 Practical Observations—Combined Sliding Mode,

Unknown Input Observers (SM-UIO)

In this section, we shall treat linear and nonlinear systems separately.

6.2.1 Case 1: Linear System

Consider the following linear system,

¢ = Az + Bu+ E;d, + D¢
(6.6)
y=Cz
where z € R",u € R™,y € R?,d; € R™,§ € R®, d; and £ are uncertainties or

unknown disturbances.

Similar to our discussions in Chapter 2, we can state the following result:

Lemma 6.2.1 If the following conditions,

1.

Rank CE;, = Rank E; (Equivalently Ker (C) N Im (E;) = {0}) (6.7)

Im (D) C Ker (C) (6.8)

then the system (6.6) can be transformed to

51 An A Az A 51 B, Ell 0
Y2 _ An Axp Ay Ay Y2 + B, -t 0 i+ 0 46.9)
21 Az1 Az Aszz Aszg 21 B; 0 0

| 22 ] | Ay Ay A Ay 11 22 | i B, i i 0 J | D, |
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where y; € R™,y; € RP7™,2; € R*?7° 2z, € R®, E] € R™*™ is nonsingular matrix
and so is Dy € IR°*°. The remaining matrices are of corresponding appropriate

dimensions.

Proof. From condition ii, Im (D) C Ker (C), we know
CD = 0.
Differentiate the output equation in system (6.6) to get

l.e.,
y=CAz+ CBu+ CEd,.

Under condition i, we can apply the same partition process described in sec-
tion 2.2.1 or Lemma 4.2.2 together with Rank D = s and condition ii to system (6.6).
Condition i guarantees the structure of parameter matrix in front of d; in (6.9), sim-
ilarly condition ii will guarantee the form of parameter matrix in front of {. So that

the system (6.6) can be transformed into (6.9) under conditions i and ii.

Basically, all the published literature of the design of the UIO, implicitly, or ex-
plicitly require that Rank CE = Rank E. The question is then what happen if this
condition doesn’t hold? This is addressed in the following:

Consider the following system,

¢ = Az + Bu+ Ed
(6.10)

y=Cz

where d € R”, p > r, and the remaining matrices are the same as those in (6.6).
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Lemma 6.2.2 If the rank condition discussed above is not satisfied, that is if,
Rank CE # Rank E, (Equivalently dim(Ker (C) N Im(E)) = s, s # 0),

where s £ Rank E — Rank CE, then the system (6.10) can be transformed into (6.9).

O

Proof. Find linear independent and orthonormal vectors ¢;, such that ¢; € Ker (C),7 =

C

1,---,n—p;and T 2 (21, s tnep); is an n X n nonsingular matrix. It is
TT
easily verified that
-1
= [C'T(C'C'T)”1 T].
TT
We know
T Ty\~-1 ¢
E = I-E=[C"(CC) T] E
TT

= CT(CCT'CE+TTTE = E¢c + Er

where E¢ = CT(CCT)_ICE, Er 2 rTE, Furthermore, we have £ = E. + Er, also
CE = CEg, CEr = 0, EXEr = 0, i.e.,, Ec and Er are orthogonal. By Sylvester

Inequality,
Rank CE > RankC+ RankE—n=p+r—n

so that

s=Rank F — RankCE<r—(p+r—n)=n-—p.
Therefore, we can find a column transformation (r x r matrix) Eg, such that EcEp =
[Ec  Onxsl, ErEo = [Onx(r—s) Er] where E¢ is n x (r — s) with rank r — s, Er is

n % s with rank s.
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d
d=Ej'd = -+ , dieR ™ dy € R
dz

If we replace d; with d; in (6.6) and dp with £ in (6.6), then the conditions in

Lemma 6.2.1 hold for

2= Az + Bu+ Ecdy + Erd,
- T (6.11)

y=Cz
So, according to Lemma 6.2.1, the system (6.11) as well as (6.10) can be trans-

formed to the form in (6.9). This completes the proof.

Theorem 6.1 For system (6.10), if

Al —A E¢
Rank = constant, VA (6.12)

C 0

then UIO can be designed as long as Rank CE = Rank E.
Based on this theorem the following can be stated.
Corollary 6.2.1 When s # 0 for transformed equation (6.9), besides

condition (6.12), if there exists matrix L, such that the matching condition
L{Ays Ay =[0 DI|P (6.13)

holds, where the positive definite matrix P is the solution of
T

A A Ass A
B0 KAy Ag) | + B KlAgs Asg | P = —q6.14)

A43 A44 A43 A44
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then the sliding mode observer for the transformed system (6.9) can be

designed as following,

Ass A
w o= » * - I([A23 A24] w -+
Agz Ay
(| 4 Ay A
4 32 _ KA22 _ 33 34
\ \ As Az Ay
By
-+ —_ A’Bz u
B,
+Lsign(y; — Aaiy1 — Azye — Bau — [Ags
z
= w+ Ky,.
Z2

As

A41

— KAn Y1

- K [A23 A24] K Y2

(6.15)
Axs)(w + Ky2))

(6.16)

Proof. The proof of the theorem and the corollary is provided here at once. If equa-

tion (6.12) holds, and Rank CE = Rank E, then from Lemma 6.2.2, we know that

in the transformed system (6.9), D4 = 0. Under such situation, we can use Proposi-

tion 2.2.2 and Theorem 2.1 to design a proper UIO.

The UIO is similar as the one described in subsection 2.2.1, the design process is

same as in subsection 2.2.1,

’Li) = A33 A34 —K[A23 A24] w +
Asz Au
((
Asyp Aazz Az
+ < — KAy | -
\ \ Ayo Asz Ag
([ s,
-+ -K Bg u
\| B

Aa

A41

— KAy Y1

-K [A23 A24] K ¢y,

(6.17)
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~

22

If RankCE # Rank FE, that means we can have system (6.10) transformed to
(6.9) with Dy # 0. Combine the UIO design together with sliding mode observer
design in section 6.1. In this case, we know under conditions (6.13)-(6.14), we have
sliding observer in form of (6.15)—(6.16), and the error dynamics approach to zero

asymptotically. [ |

Note that in the dynamics of the SMO described by (6.15) there appear g2 in the
discontinuous part of the observer’s dynamics. If the output y; is slow varying, then
the approximation for y; can be derived and utilized in the implementation of the

SMO. Also in discrete systems, g, becomes y2(k + 1) which is easy to implement.

Lemma 6.2.3 If (6.13) holds, the following
0
Rank [A23 A24] = Rank
D4 -D4

1s valid. a

Proof. Since L[Ays Azg) = [0 DT]P, then
0 T
L[A23 A24] = [0 .D4 ]P
D, D,
is valid.
On the other hand,

0 P, P 0
[0 DI|P =0 Dr| " " = DT PyDs,
D, Pl P D,
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and from the property of positive definite matrix P we know P, > 0, thus

Rank D:{P22D4 = 8.

Hence,
0
Rank L[A;3 Az =s.
D,
Also,
0 0 0
Rank L[Az; A4 < Rank[A2; Aa4] < Rank = s.
D, D, D,
Therefore we have, i
0
Rank [A23 A24] =8,
D,
ie.,
0 0
Rank [A23 A24] = Rank
D, D,
This completes the proof. L

As in the above lemma and its proof, we know that condition (6.3) infers the rank

condition, Rank CE = Rank E.

To summarize the SM-UIO design consider the following step by step procedure.

SM-UIO Design Algorithm: (Assuming s # 0 and (6.12) holds)

1. For system (6.10), using Lemmas 6.2.1-6.2.2, we can transform (6.10) into the

form of (6.9).

2. If equation (6.13) holds for (6.9), then sliding mode observer for unknown input

can be designed by (6.15) and (6.16); STOP.

Otherwise, CONTINUE.
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3. The dynamics of z is taken as the first equation in system (6.10), output (this
output is generated from the original output and its derivative, gy, — A2y, —

Azzy2 — Byu) equation is substituted with y = [A2;s  Aad)z.

0 0
Rank [A2s  Aad) = Rank ,
D, D,

then UIO of the form (6.17)-(6.18) can be designed when Rank[A; Az >
Rank D, and (6.12) holds for the new system; only bounded estimation can be
achieved when Rank [A23 A4) = Rank Dy; STOP.

If

0 0
0 # Rank [Ass  Agd) < Rank ,
D4 -D4

then REPEAT 1;
If

0
Rank [A23 A24] = 0,
Dy

then only bounded estimation can be achieved according to the bounds of certain

elements of d corresponding with D,. STOP.

Remark 6.2.4 If the above algorithm is terminated after o-flops, then the discon-
tinuous term in SMO involves o-order differentiate of output as described in (6.15).
If y and its derivatives of y introduce excessive noise during the implementation of
the last algorithm, we have to resort to noise filtering to get better estimates. In fa,ct;
the higher the degree of the derivatives of output, the worse the estimation might be.

O
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Remark 6.2.5 Since the matching condition for SMO can lead to the rank condition
for UIO, one may ask: does that mean the existence of SMO will lead to the existence
of UIO? As a matter of fact, in the UIO design the necessary condition for existence of
observer with arbitrarily assignable rate of convergence is that the number of outputs
has to be greater than the unknown inputs. This is necessary since the extra outputs
are used for the design of decoupled reduced order observer. In SMO, there is no such
restriction, instead there is requirements in terms of the boundedness of the unknown
inputs. So if the number of outputs are greater than the number of unknown inputs, as
long as we can design SMO, it is likely that we can also design UIO. In this case, UIO
is even better, since we don’t need to know the bound information for the unknown
inputs. The only point is that for UIO, we need to do the transformation in order to
design the observer. For SMO, the design is easier and no transformation is needed.
However, if the number of outputs is same as the number of the unknown inputs,
then UIO may or may not exist [41]. In such case, even if the UIO exist, its rate of
convergence may not be controlled by the designer. SMO is more suitable in such

case.

Remark 6.2.6 From Lemma 6.2.3, we know if the Assumptions 6.1.1-6.1.2 hold,
then we get Rank CE = Rank E. For UIO, we need Rank C > RankCE = Rank E,
but for SMO, we may have RankC = Rank E. The reason is that for SMO the
uncertainty term is considered as bounded; and for UIO the uncertainty term (un-
known input) is assumed completely unknown, so that extra information on output

(Rank C — Rank E elements) may be needed for observer design. O
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6.2.2 Case 2: Nonlinear System

In practice, many of nonlinear systems involve various discontinuous terms which are
not as smooth as the systems we discussed in Chapter 5. Different observer design
is therefore needed [1]. The SMO is one alternative for nonlinear dynamical systems.
In the following, we shall briefly discuss the SMO design for nonlinear systems.

Consider the following state space representation of a nonlinear system

z = Az + Bu + f(z,u,t) (6.19)

y=Cz
where ¢ € R™,u € R™,y € R?, where p > m. Function f(z, u,t) represents nonlin-

earity, uncertainty, disturbance, etc..

Assumption 6.2.1 There exists matrix E, such that f can be written as the form

f(z,u,t) = E€. a
Under Assumption 6.2.1, the system (6.19) becomes

z = Az + Bu+ E¢ (6.20)

y=Cz
which is same as the system described by (6.10).
If we know the bound of ¢, we can follow the procedures introduced in last section.
If condition (6.12) is satisfied for equation (6.20), then at least bounded estimation
can be achieved by using the SM-UIO Design Algorithm in the above section.
The approach used here may not give a very accurate state (asymptotic) estima-
tion, but it gives us a simple and practical design for a large class of nonlinear systems

as compared to the diffeomorphism linearization UIO discussed in the last chapter.
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6.3 Fault Diagnosis

From the above discussion, we know that SMO is more suitable for those systems
with bounded unknown inputs, and UIO is suitable for the systems with completely
unknown information. So in such case, if the faulty signals are bounded, then we may
try to use SMO, with regard to the detection approach we may use similar methods
we used in previous chapters. If the faulty signals are unbounded, then we may try
to use UIO.

For the systems whose outputs are slow varying, then the approximation of out-
put’s derivative is acceptable, so that the SM-UIO Design Algorithm can be utilized.
For discrete systems, SM-UIO Design Algorithm can be easily implemented. Other-

wise, different approach should be introduced for the fault diagnosis.

6.4 Summary

In conclusion, the previous chapters of this dissertation used the common thread of
the unknown input observer methodology for designing observers for linear, bilinear,
time delay, and nonlinear systems. In each case appropriate observers for the class
of system under consideration was proposed. In each chapter, once the appropriate
observer was designed, it was then used for the purpose of sensor and actuator FDI,
and proper fault detection and isolation schemes were discussed. However, as we
progressively moved from a simpler class of systerhs (i.e. linear systems) to a more
difficult classes of systems (i.e. nonlinear and time delay) systems, it was realized that
additional conditions needed to be satisfied for the UIO based FDI to be feasible. At

this point It should be emphasized that at the moment, for the type of FDI problems
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that we studied in this work, all the available existing approaches in the literature
have similar restrictions and requirements. This is being pointed out so that the
reader is not led to believe that it is the approach undertaken in this work that poses
such limitations and restrictions. Nevertheless, these restrictions are there, and the
classes of systems for which FDI using the proposed approaches discussed in this
thesis are limited. Currently, much of the work in the research community deals
with enlarging the class of systems for which model based FDI can be feasible. This
chapter dealt with an attempt in this direction, based on the work presented in the
previous chapters. In essence, it was shown that by combining the sliding mode and
UIO methodologies, perhaps some of the restrictions that could arise in the previous

chapters could be relaxed and the FDI may still be possible.



Chapter 7

Conclusions

The unknown input observer design and its application for fault detection and isolation
of dynamical systems was considered in this thesis work. The main contribution of
this thesis was the extension of the UIO theory for FDI in purposes in linear systems
to time delay, bilinear, and a more general class of nonlinear systems.

The unknown input observer is designed in such a way that the estimation is
decoupled from the unknown input. For UIO, we normally require that the number
of outputs p, to be greater than the number of unknown vinputs m, i.e. p > m, in
order to guarantee the existence of UIO. One important conclusion that was drawn
from the work that was developed here is that even with the use of an sliding mode
observer (SMO) this condition can not be relaxed much further. In Chapter 6, we
showed that with an SMO, still the requirement for the design of the fault detection
observer would be p > m. This is a; very important result in that it underscores
the fundamental importance of this requirement. That the condition p > m needs
to be satisfied, and is not only a limitation in the UIO approach to FDI. Another

interpretation of this requirement may be that in fact, the observer design is a kind of

143
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inverse problem, so the largest number of independent unknown recoverable signals

must be less than (or equal) the number of independent inputs to the observer.

From a practical point of view, it is very likely that in a complex dynamical
system with many sensor and actuators, a single UIO may not possibly diagnose all
the faults in the system. In such systems, it is likely that a bank of observers using
different sets of information need to be used for a more complete FDI. By re-grouping
different elements of output, and using them to design inherently different (unknown
input) observers, we can detect and isolate actuator and sensor faults via some logic

" operation on residuals coming from different observers and the measurements.

At present, SMO is very popularly applied in nonlinear systems, and at a first
glance may seem to be more powerful than UIO. This is the reason that in this thesis
the possibility of using the SMO for FDI was investigated in the first place. However,
from the results presented in Chapter 6 a conclusion can be drawn that UIO theory
is just as powerful as that of the SMO. If the bounds on the unknown inputs are
not known, then UIO is even more powerful than the SMO. For further development
on observer-based fault diagnosis, more thorough investigation on the relationship
between UIO and SMO will be needed. Additional results on the unifying design
approaches may be achieved in the near future. For nonlinear systems, as long as the
theory of observer design can be developed, then the observer-based fault detection
and isolation techniques may also be improved. However, the fact remains that a
major stumbling block in the FDI for general nonlinear system is the design of stable
observers. This of course points to a more fundamental point that the control and
system theory for nonlinear systems in general requires a great deal of maturing in

the years to come.
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In order to apply the FDI concepts in grand scale applications, such as at a factory

wide level, it is necessary to broaden the approach by a great deal.

It is obvious to us that the analytical redundancy (AR) based techniques described
in this thesis, although powerful will not be adequate to deal with diagnosing a large
variety of faults (specifically those that can not be mathematically modeled). In
addition, since the effect of certain faults may propagate through the system, this
kind of diagnosis, and post fault analysis for determining possible compensation would
require greater knowledge of the system and intelligent reasoning capabilities. The
goal here is to expand the space of the possible faults from only controller faults
i.e., sensors and actuators (as would be the case in our initial phase of the study),
to a larger one consisting of plant components as well as controller failures. We
feel that it may be still possible to detect such failures by using AR based schemes.
However, the identification of the faulty device(s), effect of the failure on the system,
and accommodation by issuing command for restructuring the control system, would
most likely be not possible by AR means. Therefore, if a fault has been detected in
the lowest level of the hierarchy, and it can not be identified, (e.g. if we arrive at the
conclusion that all the sensor readings are abnormal and that no actuator has failed),
the measurements and the estimates are to be supplied through the interface to the
higher level where the inference engine would initiate a search (either depth first or
breadth first) through the knowledge base for determining the cause of the failure.
The knowledge about the system will be represented through the use of fault trees or
cause and consequence diagrams [48]. These trees not only are of use in the search
process but also provide valuable information as to the weak areas of the system that

can cause frequent failures, and therefore are of use in the design stages as well. Once
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the faulty instrument is detected a command may trigger the system reconfiguration
subsystem to assess the impact of the fault and a command from this level would be
issued to the lowest level for restructuring the control system, if necessary, to bring
the plant into a safe state.

There are variety of other tasks that need to be considered at this level. These
include issues such as interfacing with an operator, scheduling, overall optimization,
global planning, and conflict resolution. These issues are all topics for future research.

In summary, it is felt that for complicated industrial systems, many tools and
theories from model-based, knowledge or data-based methods, such as expert systems,
fuzzy logic, neural networks, statistical techniques and their combinations need to be
employed in order to arrive at a truly powerful and intelligent FDI architecture. Figure

7.1 illustrates one such possible architecture.

FAULT Disturbance

Lo HUMAN EXPERT &:3
A
PROCESS | E &
O % DECISION
Knowledge Base R
Fuzzy Logic, P ;
Neural Nets, l E 8
Data Base Statistics, Knowledge-based Residual %
etc. Generator: Expert Systems, Al, e
Pattern Recognition; etc - E

Model-based Residual

Generator:Observer Bank,
Parity Space, Identification etc.

Command & Diagnosis Unit -
rule-based,analytical model-based diagnosis

Figure 7.1: An Intelligent Monitoring and Diagnostic Architecture
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At present, further investigation and theoretical foundations are needed for those
knowledge-based fault diagnosis schemes. The inclusions of learning algorithms, and
connections between model-based and knowledge-based techniques are also important

topics in both research and applications.
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