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Abstract

In this thesis, model based fault detection, isolation, and estimation problem in several
classes of nonlinear systems is studied using sliding mode and learning approaches.

First, a fault diagnosis scheme using a bank of repetitive learning observers is
presented. The diagnostic observers are established in a generalized observer scheme,
and the observer inputs are repetitively updated using the output estimation error in
a proportional-integral structure.

Next, a framework for robust fault diagnosis using sliding mode and learning ap-
proaches is proposed to deal with various types of faults in a class of nonlinear systems
with triangular input form. In the designed diagnostic observers, first order and sec-
ond order sliding modes are used respectively, to achieve robust state estimation in
the presence of uncertainties, and additional online estimators are established to char-
acterize the faults. In order to guarantee that the sliding mode is able to distinguish
the system uncertainties from the faults, two iterative adaptive laws are used to up-
date the sliding mode switching gains. Moreover, different online fault estimators are
developed using neural state space models, iterative learning algorithms, and wavelet
networks.

Another class of nonlinear systems where an unmeasurable part of state can be
described as a nonlinear function of the output and its derivatives is considered next.
Accordingly, a class of fault diagnosis schemes using high order sliding mode dif-
ferentiators (HOSMDs) and online estimators are proposed, where neural adaptive
estimators and iterative neuron PID estimators are designed. Additionally, a fault
diagnosis scheme using HOSMDs and neural networks based uncertainty observers is

designed in order to achieve a better performance in robust fault detection. If the
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uncertainties can be accurately estimated, the generated diagnostic residual is more
sensitive to the onset of faults.

Finally, a fault diagnosis scheme using Takagi-Sugeno (TS) fuzzy models, neural
networks, and sliding mode is developed. The availability of TS fuzzy models makes
this fault diagnosis scheme applicable to a wider class of nonlinear systems. The pro-
posed fault diagnosis schemes are applied to several types of satellite control systems,

and the simulation results demonstrate their performance.

Keywords: Fault Diagnosis; Observer; Sliding Mode; Learning; Fuzzy Model; Neural
Networks; Satellite Control Systems
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Chapter 1

Introduction

1.1 System Monitoring and Fault Diagnosis

Modern control engineering systems are becoming increasingly complex resulting in
more sophisticated control laws. Hence, all the control performance specifications,
the reliability, and the operating safety become critical requirements. Traditionally,
the system monitoring and timely fault diagnosis capabilities have been of utmost
importance in safety-critical systems, sucil as civil and military aircraft, nuclear power
reactors, etc. However, with the development of modern technologies, other factors
have been playing a major role in identifying the need for these capabilities in other
technical systems. Many contributing factors have caused automatic fault detection,
isolation, estimation, and accommodation problem to become an active area in a large
variety of industries and systems.

Due to the wide applications of electronics and computer technologies, the so-
phistication level of many industrial control systems has largely increased. A good
example is manufacturing modern automobiles. Many functions, such as anti-lock
brakes and combustion control, are now electronically executed and are used on many
vehicles. Productivity and economics are basic driving forces for fault diagnosis re-
quirements. A trivial fault may gradually evolve to a complete failure that can result
in plant shutdown and, therefore, loss of revenue.

Environmental considerations become an important reason for developing fault
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diagnosis strategies. Without any prevention and protection, the consequences caused
by faults can be extremely serious to the environment. For instance, nuclear material
leaking from a nuclear reactor may lead to unrecoverable pollution to the neighboring
earth, air, and water. For the sake of human security, fault diagnosis is essential to
provide valuable information for preventing catastrophe.

In summary, fault diagnosis is extremely important, considering the production
and economic loss, environmental impact, and safety of humans. Therefore, online
system monitoring and fault diagnosis have become an attractive subject in the area

of control systems.

1.2 Literature Review for Fault Diagnosis

1.2.1 Basic Concept of Fault Diagnosis

In order to address the contributions of fault diagnosis (FD) in a unified framework,
the Technical Committee SAFEPROCESS of the International Federation of Auto-
matic Control (IFAC) defined common terminology in the field of fault diagnosis. In
their terminology list, a fault is referred to as .“an unpermitted deviation of at least
one characteristic property or variable of the system from acceptable/usual/standard
behavior.” This definition specifies a fault as a process abnormality or symptom.
Different from a failure, which is defined as a “permanent interruption of a system’s
ability to perform a required function under specified operating conditions’, the term
fault is mainly used to indicate a malfunction that can be tolerable at its present
stage.

Faults can be classified according to a variety of criteria. Based on their locations,
faults can be classified into actuator faults, component faults, sensor faults, and so on.
For example, for a mechatronic system, damage in the bearings, deficiencies in force
or momentum, or defects in the gears are typical actuator faults. Cracks, ruptures,
fracture, leaks, and any loose component of the system are considered component
faults. Furthermore, scaling errors, drift, and dead zones in sensors contribute to

sensor faults. In some literature, state faults and output faults have been used to
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»1  Monitoring and ¢
Diagnosis System
controller
malfunction
‘ sensor faults
~————>»{ Controller » Actuators > Syster_n Sensors
ref (1) u(t) Dynamics (1)
h
4 4

actuator faults component faults

Figure 1.1: Diagram of a closed-loop control system with diagnosis system

mathematically describe the locations of the faults. According to their time-behavior,
faults can be divided into abrupt faults and ncipient faults, where the abrupt faults
represent sudden changes in system dynamics, and the incipient faults depict small and
slowly developing deviations from normal status. According to their relations to other
parts of the system, faults can be categorized into additive faults and multiplicative
faults, where the additive faults are described as additional functions which are added
in the system’s dynamical equations, while the multiplicative faults are represented
by the product of a variable with the faults.

To prevent any undesirable consequences, a monitoring system is necessary to de-
tect and isolate faults as quickly as possible. A diagram of fault diagnosis for control
systems is shown in Figure 1.1. A fault diagnosis procedure is typically comprised
of three tasks: 1) fault detection makes a binary-decision whether and when any
abnormal event in the monitored system happens, or if everything works well. Fault
detection can be achieved from either the direct observation of system inputs and out-
puts, or the use of certain types of redundant relations. 2) fault isolation determines
the locations and/or types of the faults. 3) fault identification or fault estimation
specifies the magnitude of the fault. Fault detection, isolation, and estimation are
usually referred to as fault diagnosis. After a fault has been diagnosed, in some ap-
plications, the systems are required to be fault-tolerant, which is usually achieved via
passive or active controller reconfigurations. This procedure is usually referred to as

fault accommodation.
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1.2.2 Fault Diagnosis Methodologies

Manual diagnosis of control systems has been conducted for a very long time. How-
ever, automatic diagnosis first appeared after computers became available. In the
1970’s, the first research report on fault diagnosis based on analytical redundancy
approaches was published at MIT. Since then, the research on fault diagnosis has
been intensified in the last three decades, and it gradually became a multidisciplinary
subject which integrates control theory, information theory, principles of reliability,
statistics, artificial intelligence, etc. Today, the unsolved problems in fault diagnosis
attract the attention of more and more researchers and practitioners. Contributions
in this area have been summarized in many books [1], [2], [3], [4], [5], [6].
Traditionally, limit checking is a straightforward and easy way for diagnosing
faults. For example, when a sensor signal is out of its normal range, an alarm is
generated to indicate an abnormal event. Thresholds are usually used to predefine
the normal range. When the thresholds are functions of some variables or parameters,
the limit checking method can be considered as a model-based diagnosis method.
Another class of traditional fault diagnosis methods is based on hardware redun-
dancy, where duplicated sensors, actuators, and-components are equipped to measure
and/or control a particular variable. In this mechanism, outputs from identical com-
ponents are compared for consistency. The major problems encountered with hard-
ware redundancy are the cost of the additional equipment and extra space required
to accommodate the equipment. Moreover, extra equipment increases the system
complexity, which may bring additional diagnostic requirements. Therefore, in the
last three decades, fault diagnosis using analytical redundancy techniques has received
considerable interest from industrial practitioners as well as academic researchers [7].
In spite of the overlap between different diagnostic approaches, one systematic
way to classify the analytical redundancy based fault diagnosis methodologies was
proposed in (8], [9], and [10], where fault diagnosis schemes are categorized into quan-
titative model-based methods, qualitative model-based methods, and process history-

based methods.

Fault diagnostic strategies are usually functions of knowledge representation schemes,
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which, in turn, are largely influenced by the kind of prior knowledge available. The
model-based prior knowledge can be generally classified as quantitative and qualita-
tive. In quantitative models, prior knowledge is expressed in terms of mathematical
functional relationships between the inputs and outputs of the system. In this thesis,
we mainly focus on quantitative model-based fault diagnosis methods. Thus, the char-
acteristics of quantitative model-based fault diagnosis schemes will be summarized in
Section 1.2.3.

In contrast to quantitative models, the relationships in qualitative model equa-
tions are described in terms of qualitative functions centered around different units
in a process. The qualitative models can be established using qualitative causal mod-
els or abstraction hierarchies. In the qualitative causal models, digraphs, fault trees,
and qualitative physics are the typical qualitative knowledge forms. With respect to
abstraction hierarchy, abstraction at different levels is possible along two dimensions:
structural and functional. Moreover, the two fundamental search strategies are topo-
graphic and symptomatic, where topographic searches conduct malfunction analysis
using a template of normal operation, and symptomatic searches look for symptoms
to lead the search to the fault location.

In comparison to assuming prior knowleage about the model is available, process
history based methods only assume a large amount of historical process data can be
obtained. Data can be transformed and expressed as a priori knowledge to the diagnos-
tic system using different feature extraction methods. The feature extraction process
can be either quantitative or qualitative. Methods that extract quantitative infor-
mation can be widely classified into non-statistical or statistical methods. One class
of typical and important non-statistical methods is based on neural networks. Prin-
cipal component analysis (PCA)/partial least square (PLS), and statistical pattern
classifiers constitute a primary Cdmponent of statistical feature extraction methods.
In addition, expert systems and trend modeling methods are the two major methods
that extract qualitative history information.

A thorough review regarding these three classes of fault diagnosis schemes is found
in 8], {9], [10].
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1.2.3 Quantitative Model-based Fault Diagnosis Methods

In the last thirty years, quantitative model-based fault diagnosis schemes have been
significantly investigated, and many contributions have been summarized in the books
[2], [3], [4], [5], [6]. From this literature, residual generation and parameter estimation
are two main systematic methods used in the quantitative model-based fault diagnosis
schemes.

In the residual generation based fault diagnosis schemes, a mathematical model
of the dynamic system being considered is first constructed; then the residual signals
produced from the consistency checking of different variables are evaluated to diag-
nose faults. Normally, the consistency checking in analytical redundancy compares
the available system measurements with their estimation/observation. For different
purposes, the generated residual can be quite different. For example, a signal that is
zero, or small, in the fault free case, and nonzero when a fault occurs is enough for
fault detection. But for fault isolation and estimation, more sophisticated residuals
that contain the information of faults have to be developed. The most frequently used
residual generation fault diagnosis schemes are observer-based approaches and parity
space approaches.

The second class of quantitative model-based fault diagnosis schemes treats faults
as deviations in system parameters. Considering a system with a nominal model
M(8), we use parameter estimation methods to obtain an estimation 8 of 8,. If the
deviation of § from 6, is above a threshold, then we can conclude that a fault has
occurred. Through comparing 0 with By, we can achieve fault diagnosis. However,
this method is limited by the following two aspects: 1) the assumption that a fault
can be modeled as a deviation of system parameters is so restricted that it is prob-
ably unrealistic for many practical faults; 2) as the number of faults increases, the
dimension of the parameter # may become so large that computing the estimation of
6 is cumbersome. Therefore, compared with parameter estimation methods, residual
generation methods have received more investigation.

For control systems, the quantitative model-based fault diagnosis schemes have
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the following advantages: 1) No additional hardware components are needed to im-
plement fault diagnosis algorithms. A model-based fault diagnosis algorithm can be
implemented in software on process control and monitoring computers. Moreover, in
many situations, the available measurements for controller design are sufficient for
developing fault diagnosis algorithms, therefore no extra sensors are required. Under
these circumstances, only powerful computers with more storage capacity and com-
puting ability are needed to implement fault diagnosis schemes. 2) The fault diagnosis
results using quantitative models can help establish a fault accommodation algorithm
using controller reconfiguration approaches. In many applications, the fault diagnosis
algorithms are designed based on the same linear or nonlinear models as those for the
controllers design. The location and magnitude of the faults can be directly or indi-
rectly used to design fault-tolerant controllers. Therefore, quantitative model-based
fault diagnosis algorithms and fault accommodation algorithms can be designed and
implemented in a unified framework. 3) Quantitative model-based fault diagnosis
schemes can be implemented online, providing real-time monitoring and diagnosis.
In spite of these advantages, some challenging issues in the quantitative model-
based fault diagnosis schemes are still under further investigation, in order to solve
the following problems: 1) Robust fault diagnosis for nonlinear uncertain systems is
needed. Due to the universal existence of nonlinearities and uncertainties in practi-
cal situations, an effective model-based fault diagnosis scheme should be robust, i.e.,
it should be insensitive or even invariant to modeling uncertainties, without losing
sensitivity to faults. 2) Accurate fault estimation in the presence of uncertainties is
needed. The accuracy of fault estimation should be guaranteed even when the system
has suffered from modeling uncertainties and disturbances. 3) Online implementa-
tion of fault diagnosis algorithms is needed. Now most fault diagnosis schemes are
required to detect, isolate, and estimate various faults in a real-time environment, so
that the engineers have more time to react before faults turn into failures. There-
fore, fault diagnosis algorithms should not be too complicated to be realized. 4) The
consistency between theoretical properties and practical applications is needed. An-

alytical properties such as robustness, sensitivity, and stability should be guaranteed
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rigorously in theory as well as in practice. In conclusion, many issues of the quantita-
tive model-based fault diagnosis schemes in nonlinear uncertain systems need further

investigation.

1.3 Thesis Motivation

With the development of space technologies, a variety of space vehicles, such as launch-
ers, satellites, and space shuttles, have been constructed and utilized in various space
missions, such as global positioning, Earth observation, atmosphere data collection,
space science, and communication. The dynamics of this class of systems have the
following characteristics: 1) The safety and reliability of the space vehicles are so
crucial that fault diagnosis schemes are indispensable. 2) Various linear and nonlin-
ear mathematical models of the space vehicles are already available for the design of
controllers and/or state observers. The attitude dynamics of the space vehicles can
be represented by linear systems when small attitude is deviated from local vertical
local horizontal orientation. However, the attitude dynamics of the space vehicles are
inherently nonlinear, especially when the space vehicles make a large angle maneuver
or have flexible appendages; therefore, different nonlinear models must be used to
describe their dynamics. Moreover, one key space technology is to distribute func-
tionality of a large space vehicle to a group of smaller, low-cost, cooperative space
vehicles. Flying two or more satellites in a specific formation is usually referred to
as a multiple satellite formation flying (MSFF) system. The relative distances and
orientations between the satellites are controlled for formation reconfiguration and
collision avoidance [11], [12]. The dynamics of the MSFF systems can also be de-
scribed by nonlinear mathematical equations. 3) The vehicles in space are subject to
internal modeling uncertainties and external disturbances and noises. For example,
gravity-gradient torque, aerodynamics torque, and Earth magnetic torque constitute
the primary environmental disturbances for space vehicles in low Earth orbit (LEO),
within 1000km. 4) In order to guarantee the normal operation of space vehicles, on-
line fault diagnosis is essential to provide real-time information for the space vehicles

to accommodate the faults as soon as possible, Therefore, fault diagnosis for satellite
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control systems have attracted significant attentions, and quite a few research results
have been published, e.g., [13], [14], [15], [16], [17], [18], [19], [20], [21].

Several classes of satellite control systems investigated in this thesis are summa-
rized in Figure 1.2. These systems not only include the typical satellite attitude and
orbital control systems, but they also have the dynamical systems of flexible satel-
lites, and multiple satellites. In order to realize health monitoring for these various
satellite control systems, the designed fault diagnosis schemes need to at least satisfy

the following requirements:

e both linear and nonlinear models of different satellite control systems should be

able to be used in the design of fault diagnosis schemes;

e the fault diagnosis schemes should be able to deal with nonlinear systems where

not all states are measurable;
e the fault diagnosis schemes should be effective in the presence of uncertainties;

e the fault diagnosis schemes should be implementable in real-time environment;

and

e the fault diagnosis schemes should be able to theoretically and practically guar-

antee the robustness, sensitivity, and stability.

Due to the dual relationship between the state feedback control and the full order
observer design, the main design procedure in model-based fault diagnosis becomes
an equivalent state feedback control problem. Hence, in recent years, robust fault di-
agnosis schemes for nonlinear systems using adaptive techniques, artificial intelligence
methodologies, and sliding mode approaches have been considerably developed.

The fault diagnosis schemes using a variety of adaptive approaches have been stud-
ied by a number of researchers in the last ten years, e.g., {22], [23], [24], [25], [26]. In
this class of fault diagnosis schemes, the parameters of the proposed observer are adap-
tively updated using the output estimation error. After the estimation error dynamics
are stabilized, the estimators that contain these parameters are used to characterize

the faults. Wang and Daley only considered linear systems without uncertainties and



Chapter 1. Introduction 10

........................................................................

Sliding Mode Observer, systems with triangular .
Learning approaches input form

Flexible-Satellite
Attitude Control

Systems
(chapter 2, 4, 7)

Control Systems
(chapter 4)

i i
i i
| i
i Systems |
i (chapter 3) :
i : .

. Multiple Satellites ) ] |
! Formation Flying Satellite Orbital :
! Systems T Conhtrol Systems |
! apter 3, 6

i {chapter 5) ™~ Satellite Control / (chapter 3, 6) i
Oy o e systems !

Rigid-Satellite )
Attitude Control Large Angle Attitude

HOSMDs, Learning approaches

e i e e o e o e e e s e sy —

Figure 1.2: Summary of several classes of satellite control systems in this thesis

disturbances [22], [23]. Jiang et al. and Xu and Zhang used robust adaptive techniques
to estimate not only constant faults, but also time-varying faults in the presence of
uncertainties [24], [25]. Since 1994, Polycarpou et al. have explored the robust fault
diagnosis schemes in a class of nonlinear systems using learning methodologies, such
as neural networks, [27], [28], [29], [30], [31}, [32], and [33]. Due to the powerful
abilities of neural networks in function approximation and pattern recognition, neural
networks-based fault diagnosis schemes have been extensively studied, where neural
networks are usually developed as predictors of the nonlinear models and/or a fault
classifier; e.g., [34], [35], [36]. However, the mathematical models that can fully or
partially characterize the system dynamics are not explicitly utilized.

As a result, neural networks based observers have been designed and used for fault
diagnosis in nonlinear systems; e.g., [37], [38], [39], [40], [41], [42], [43], {44], {45], [46],
[47], [48]. In their work, neural networks are integrated with the observer design meth-
ods, where the neural networks are only employed to approximate the possible faults.
In [31}, robustness is achieved by using a dead-zone operator, where the parameter
update algorithm is insensitive to the estimation error less than a threshold, which is

deemed to be caused by modeling uncertainties. Moreover, a bank of neural networks
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based online approximators are adopted to estimate the magnitude of the faults. Al-
though this is a unified framework of the robust fault diagnosis schemes using learning
methodologies, the selection of a proper approximator is still based on trial-and-error
methods. For a specific problem with specific requirement, an ad hoc online esti-
mator will works better than a general one. For example, the transient process and
steady-state error of fault estimation are expected to be reduced and even eliminated.
Moreover, projection operators are used in the parameter update algorithms in order
to avoid parameter drift caused by modeling uncertainties, approximation errors, or
noise. However, the procedure of designing this projection operator is not straight-
forward. Additionally, the use of a dead-zone operator, which achieves a robust fault
detection, however, reduces the accuracy of the fault estimation.

In recent years, another family of learning approaches, named iterative learning
observers (ILO), have been proposed and used in the fault diagnosis for some kinds of
systems [49], [50], [51], [562], [63]. The ILO was inspired by iterative learning control
algorithms [54], [55], where the observer input is always updated by previous informa-
tion. The advantage of iterative learning observers is they can be easily implemented,
because the structure of an ILO is simple. Additionally, the stability of the [LO-based
fault diagnosis schemes can be guarantéed by selecting suitable coefficients that satisfy
Lyapunov functions. For an arbitrary time-varying fault, iterative learning algorithms
achieve better approximation performance than adaptive algorithms which perform
well only for constant or periodic fault signals [49], [51], [52], [63]. However, so far,
Proportional-type iterative learning observers are mainly used, where only the out-
put estimation error at the current iteration is iteratively updated in the form of a
linear discrete-time filter. Due to the availability of various iterative learning control
strategies, other types of iterative learning observers can be developed to reduce the
required iteration number and to avoid unnecessary overshoot and transient process
in the fault estimation.

Furthermore, due to the inherent robustness of sliding mode to modeling uncertain-
ties, the fault diagnosis schemes using sliding mode observers have been investigated
by many researchers for several years; for example, [56], [57], [58], [59], {60}, [61], [62],
[63], [64], [65], [66], [67], [68], [69], [70], [71], [72]. sliding mode observers can be applied
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to the robust fault diagnosis schemes in at least two ways: 1) The fault is treated in the
same way as other unknown inputs such as system uncertainties, and both the fault
and the system uncertainties are counteracted by the sliding mode. Consequently,
the sliding motion is still maintained even after a fault occurs. Through a series of
matrix transformations, a fault estimation or reconstruction signal can be explicitly
established using an equivalent output estimation error injection method. 2) In the
second class of robust FD schemes using sliding mode observers, the fault is treated
in a different way from the system uncertainties. Prior to the occurrence of any fault,
the sliding mode works only to eliminate the effect of the system uncertainties. After
a fault occurs, the sliding motion is supposed to be destroyed, and other learning or
adaptive techniques are adopted to estimate the fault. So far, the second method has
not been explicitly developed, and the key point is properly selecting an appropriate
switching gain of the sliding mode in order to successfully distinguish the modeling
uncertainties from the faults. If the gain is too large, observer will exhibit excessive
chattering before reaching sliding mode, and even the faults may be counteracted by
the sliding mode. If the gain is too small, the observer may never be able to reach a
sliding mode and converge to a real state value.

In recent years, various high order slidiilg mode observers and/or differentiators
have been designed for state observation [73], [74], [75], [76), [77], [78], [79], [80], [81],
[82], and fault diagnosis in nonlinear systems; for example, super-twisting algorithms
[83], [50], [84], [85], [86], [87]. Compared with first order (classic) sliding mode ob-
servers, high order sliding mode observers not only hold their robustness to system
uncertainties, but they also reduce or remove chattering effects and can provide a
smooth or at least piece-wise smooth observation within a finite time. Moreover, a
high order sliding mode demonstrates its unique strength in state observation of a
class of nonlinear systems with a relative degree of more than one. However, high
order sliding mode observers/differentiators based fault diagnosis schemes have just
attracted many researchers’ attentions in the last few years.

Moreover, wavelet networks, at least, have the same universal approzimation prop-
erty as neural networks [88], [89]. This property can theoretically guarantee the fault

estimation accuracy if the wavelet network is chosen as an alternative of the neural
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networks based fault estimator. Moreover, the wavelet networks coefficients have an
explicit link with some appropriate transform. This link will help provide good initial
values for some learning algorithms. Additionally, a reduced-size wavelet network
achieves the same approximation quality as neural networks. This feature simplifies
the structure of the fault estimators, making the fault diagnosis schemes easier to
implement.

Fuzzy logic, in the last several years, has been extensively used in system modeling,
control, and pattern recognition [90], [91], [92], [93], [94], [95], [96], [97], [98]. The most
significant applications of fuzzy models to fault diagnosis are using their classification
and reasoning abilities [99], [100]. Correspondingly, the designed fuzzy model based
fault diagnosis schemes are mainly qualitative model based or process history based.
Moreover, research has shown that fuzzy models have the same approximation ability
as neural networks under certain conditions. Therefore, fuzzy models can replace the
neural networks in the fault diagnosis schemes using learning approaches. In addition,
at least two approaches are used to construct fuzzy models: 1) identification using
input-output data; and 2) derivation from given mathematical equations for nonlinear
systems. Consequently, linear model based fault diagnosis schemes can be extended
to more general nonlinear systems through fuzzy models. In fact, fuzzy-model-based
fault diagnosis schemes have only been partly developed [101], [102], [103], and [104].

In summary, according to the above analysis, the existing fault diagnosis schemes
for nonlinear systems can still be improved. Hence, in this thesis, our research focuses
on the design and analysis of fault detection, isolation, and estimation strategies
using learning and sliding mode methodologies, as well as their applications to a
variety of satellite control systems. A diagram illustrating the hierarchy of analytical
redundancy based fault diagnosis schemes is shown in Figure 1.3.

Through my research, the following objectives were achieved:

e extend several existing fault diagnosis methods to more general nonlinear dy-

namic systems;

e develop a framework of robust fault diagnosis schemes using sliding mode and

learning approaches;
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e establish more learning strategies for robust fault isolation and estimation;

e relax some restrictive assumptions on the fault diagnosis schemes based on learn-

ing approaches; and

e apply the proposed fault diagnosis schemes to a variety of satellite control sys-

tems.

1.4 Thesis Contributions and Outline

The contributions of this thesis are summarized as follows.

e Actuator fault detection, isolation, and estimation using a bank of

repetitive learning observers

In Chapter 2, inspired by previous proportional-type ILO, a novel fault diagnosis
scheme using Proportional-Integral (PI) type repetitive learning observer (RLO)

is developed for a class of discrete-time nonlinear systems based on a generalized
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observer structure. In this fault diagnosis scheme, in order to isolate one fault
among /V possible faults, NV observers are designed to generate IV residuals, and
the ith residual is sensitive to all faults except the 7th one. Consequently, fault
detection and isolation become straightforward by observing and comparing the
residuals generated by each observer. After detecting and locating the fault, the
parameter of the corresponding PI type repetitive learning observer is updated
to estimate the magnitude of the fault. In order to demonstrate its performance,
this fault detection, isolation, and estimation scheme will be applied to the

nonlinear dynamics of a satellite attitude control system.

e Robust fault detection, isolation, and estimation using sliding mode

and learning strategies

Chapter 3 explores a novel framework for fault diagnosis schemes using slid-
ing mode and learning approaches. The proposed fault diagnosis schemes are
particularly designed for a class of nonlinear systems with a triangular input
form. The designed fault diagnostic observer has three features: 1) The vari-
able switching gain is updated by using an iterative learning algorithm and an
iterative fuzzy model, respectivefy, which guarantees the sliding motion as well
as reducing the gain value. With a time-varying switch gain, the sliding mode
is only expected to eliminate the effect of the modeling uncertainties on system
dynamics. 2) After any fault occurs, the sliding motion is destroyed due to the
variable sliding mode gain. Correspondingly, a bank of online learning estima-
tors are activated to isolate and estimate the fault. 3) This fault diagnostic

observer is suitable for cases of a single fault as well as for cases of multiple
faults.

After setting up the architecture of the robust fault diagnostic observer, we focus
on the development of the online fault estimators in this class of fault diagnosis
schemes. First, a neural state space (NSS) model based fault estimator is built,
which has a nonlinear state space structure. Then, an iterative learning based
fault estimator is designed. These two kinds of fault estimators are designed

and analyzed in Chapter 3 in detail, but here is a brief introduction:
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— Neural state space model-based estimator

A neural state space model is a special type of recurrent neural network
[105], [106], [107], [108]. When NSS models are used as a fault estimator,
it demonstrates the following features: 1) The NSS models have the same
approximation ability as neural networks. Hence, under some assumptions,
the characteristics of faults can be accurately specified. 2) The NSS models
have a similar structure as linear state space models, consequently, the
theoretical properties of the fault diagnosis schemes using NSS models can
be rigorously analyzed by extending some properties of linear state space
systems. In Chapter 3, a fault diagnosis scheme using an estimator based
on sliding modes and NSS models is applied to a satellite orbital control

system.

— PID-type iterative learning estimator

Although neural networks based estimators can approximate the fault with
satisfactory accuracy under certain conditions, inevitably, overshoot and
transient process in the fault estimation occur because the estimators need
time to update their parameters to approximate the abrupt changes caused
by faults. Accordingly, we build an iterative learning estimator, which has
the following characteristics: 1) The tracking trajectory becomes time-
varying, but iteration-invariant. 2) The architecture of the iterative learn-
ing estimator is simple and deterministic, and only the proportional, inte-
gral, and derivative information of the output estimation error is used. 3)
The parameters of the estimator are updated in the iteration domain rather
than in the time domain. This strategy not only guarantees the conver-
gence of the update process when the tracking trajectory is time-varying
and iteration-invariant, but it also reduces or even eliminates the transient
process and overshoot in the fault estimation. This fault diagnosis scheme
using sliding mode and PID-type iterative learning estimator is applied to

a flexible satellite control system.

e Robust fault detection, isolation, and estimation using high order
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sliding mode differentiators and learning approaches

In Chapter 4, the fault diagnosis problem in a class of nonlinear systems are
studied, where the unmeasurable state is a nonlinear function of the system
output and its derivatives. For this class of particular nonlinear systems, high
order sliding mode differentiators (HOSMDs) are first used to obtain the deriva-
tives of the system output. Then the unmeasurable system state is estimated
according to the system dynamics and the system output and its derivatives
which have been obtained via HOSMDs. Thereafter, a fault diagnostic observer
is constructed, where the online estimators are again used to isolate and esti-
mate possible taults. Two types of fault estimators are discussed in detail in

Chapter 4, and here are some characteristics of these two fault estimators.

— Neural adaptive estimator

The neural adaptive estimator (NAE) is inspired by discrete-time propor-
tional type iterative learning observers and artificial neural networks. The
neural adaptive estimator has the following advantages: 1) Its structure is
simpler than general feed-forward or recurrent multiple-layer neural net-
works, and only the numbers of previous estimator inputs and outputs
need to be determined. As a result, if appropriate parameter update laws
are chosen, the algorithm is more easily implemented and can satisty more
strict real-time computational requirements. 2) Theoretical properties of
the NAE-based fault diagnosis scheme are more easily analyzed than gen-
eral neural networks-based fault diagnosis schemes. The fault diagnosis
scheme using HOSMDs and neural adaptive estimator is applied to a typ-

ical satellite attitude control system.

— Tterative neuron PID estimator

The PID-type iterative learning estimator mentioned in Chapter 3 is ac-
tually a linear combination of previous information of the state estimation
error and its difterences. In order to accelerate the convergence rate, the

hyperbolic tangent activation function is used to formulate an iterative



Chapter 1. Introduction 18

neuron PID estimator. Still, only the proportional, integral, and deriva-
tive information of the state estimation error are used to build the fault
estimator. Not only does the deterministic observer structure simplify the
procedure of selecting a suitable architecture of the fault estimator, but
the nonlinear relationship between the input and output of the estimator
also speeds the approximation process. Moreover, in order to increase the
fault estimation accuracy, four robust adaptive algorithms are adopted to
iteratively update the parameters of this fault estimator. This strategy
can also reduce the transient time and overshoot in the fault estimation
because the parameters are updated in the iteration domain rather than
in the time domain. To illustrate the performance of this fault diagnosis

scheme, it is applied to a satellite attitude control system with large angle

mManeuver.

¢ Robust fault detection, isolation, and estimation using a second-order

sliding mode and wavelet networks

In Chapter 5, we apply a second order sliding mode and wavelet networks to
the fault diagnostic observer design for the class of systems which is discussed in
Chapter 3. The second order sliding mode is only used to estimate the system
state in the presence of modeling uncertainties. The sliding motion is destroyed
by the onset of faults, and then a bank of wavelet networks are activated to
specity the faults. Although the basic idea of the fault diagnosis scheme in
this chapter is the same as that in Chapter 3, the distinguished features of the
second order sliding mode and wavelet networks provide flexibility in the design
of fault diagnosis schemes. The proposed fault diagnosis scheme is applied to a

multiple satellites formation flying system.

¢ Fault detection, isolation, and estimation using fuzzy models, neural

networks, and sliding modes

In Chapter 6, the fault detection, isolation, and estimation schemes using slid-

ing modes and learning approaches is extended to a class of nonlinear systems,
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which can be represented by Takagi-Sugeno (TS) fuzzy models. A TS fuzzy
observer is first developed to estimate the system state, and then neural net-
works are integrated to form a fuzzy-neural observer, where the neural networks
are supposed to estimate the faults. A modified back-propagation algorithm is
used to update the parameters of the neural networks, where only the output
information is used. In order to increase the robustness of this fault diagnosis
scheme and to reduce the approximation error caused by the system uncertain-
ties and estimator itself, sliding modes are utilized to construct a fuzzy-neural
sliding mode diagnostic observer. The neural networks is still used to isolate
and estimate possible faults. Finally, the proposed fault diagnosis scheme is

applied to a reduced-order satellite orbital control system.

e Fault diagnosis using high order sliding mode differentiators and un-

certainty observers

Chapter 7 proposes a novel robust fault diagnosis scheme for the class of nonlin-
ear systems discussed in Chapter 4, This tault diagnosis scheme is dififerent from
previous ones. The system modeling uncertainty is estimated by using learning
approaches, rather than passively beiné counteracted by a sliding mode. As a
result, the residual is designed in such a way that it only has relationships with
the uncertainty estimation error and faults. If an accurate estimation of the un-
certainty 1s realized, the fault signature on the residual becomes more evident,
and fault detection and isolation is achieved more easily. In the design of the
uncertainty observers, we still need to use the information of the unmeasurable
state, which, again, is estimated via the high order sliding mode differentiators.
This proposed robust fault diagnosis scheme is applied to a typical satellite

attitude control system:.

To summarize the approaches used in this thesis, a diagram showing the relation-
ship between the diflerent approaches in this thesis is described by Figure 1.4. The
bi-directional arrows in this diagram indicate the two approaches at the end of each

side are used together in this thesis.
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Chapter 2

Actuator Fault Diagnosis in
Nonlinear Systems Using

Repetitive Learning Observers

(RLOs)

In this chapter, the fault diagnosis problem for a class of discrete-time nonlinear
systems are investigated using a bank of Proportional-Integral (PI) type repetitive
learning observers (RLOs). The proposed fault diagnosis scheme is applied to a satel-

lite attitude control system.

2.1 Introduction

Due to the universal existence of nonlinearities in practical systems, fault detection,
isolation, and estimation in nonlinear systems has received considerable attention
in the last few years. On one hand, many researchers considered extending fault
diagnosis approaches for linear systems to the cases of nonlinear systems. On the
other hand, various nonlinear system modeling and control strategies are used to

design fault diagnosis schemes.

21
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In the nonlinear fault diagnosis schemes, an important class of approaches was
originally proposed in [27] and further developed in [28], [29], [30], [31], [32], and
[33]. The characteristics of this class of FD schemes are to approximate the nonlinear
fault functions by using online learning estimators. So far, the online fault estima-
tors include adaptive observers [22], [23] [25], neural networks [34], [35], [36], and
neural networks based observers [46], [47], [48]. One common feature of these online
approximators is their parameters are updated in the time domain.

In recent years, another class of online estimators, named iterative learning ob-
servers (ILOs), was proposed and applied to the nonlinear fault diagnosis problems;
e.g., [49], [50], [51], [52], [53]. This class of iterative learning observers, in fact, inher-
its the idea of iterative learning control ([54], [55]), but it is different in the design
and implementation. The iterative learning control methods require the system to
execute the whole process multiple times, whereas the ILOs update the parameters to
approximate unknown input functions recursively. In the ILOs-based fault diagnosis
schemes, the time-varying tracking trajectory becomes constant at each measurable
time, which increases the estimation accuracy if the iteration number is sufficiently
large. Moreover, the ILOs are easily implemented because only one or two coefficients
need to be designed and the updating process is repeatable in the iteration domain.
However, in those previous work on ILOs, only the observer input is iteratively up-
dated in a proportional way for continuous time systems.

In addition, two observer design schemes have been used to design fault diagnosis
strategies. The first scheme is called dedicated observer scheme [1]. In this scheme,
to isolate one fault among N possible faults, N observers are designed to generate
N residuals, and the ith residual is expected to be only sensitive to the ith fault,
but insensitive to others. The other scheme is called generalized observer scheme [7],
where N observers are also designed to produce N residuals. However, the difference
is that the ith residual is sensitive to all possible faults, except the ith one. For
these two schemes, once the residuals are generated, the decision making for fault
isolation becomes straightforward. In this chapter, we adopt the second observer
scheme to design a fault diagnosis approach because, when using the generalized

observer scheme, we only need to consider how to make the ith residual insensitive
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to the ith fault, and other residuals are naturally sensitive to the faults due to the
nonlinearity and coupling of the dynamic systems.

Satellites play an ever increasing important role in various space missions, such as
global positioning, Earth observation, space science, and communication. In order to
achieve high-accuracy performance on pointing requirements, three-axis attitude con-
trol systems are usually installed on the satellites. As a result, a variety of controller
design methods have been developed for the multi-input-multi-output (MIMO) atti-
tude control systems by many researchers and engineers. Nevertheless, the research
regarding fault diagnosis for those kinds of systems is not thorough as for controller
design. This fact motivates us to develop more model-based fault diagnosis schemes
and apply them to the satellite attitude control systems.

This chapter is arranged as follows. In Section 2.2, the system of interest is first
described and some necessary assumptions are introduced. Then, in Section 2.3, Sec-
tion 2.4, and Section 2.5, a bank of PI-type repetitive learning diagnostic observers are
designed, and their corresponding fault detection, isolation, and estimation strategies
are proposed and analyzed theoretically. Section 2.6 provides a simulation example
where the proposed fault diagnosis scheme is applied to a satellite control system.

Finally, Section 2.7 gives conclusions.

2.2 Problem Formulation

The class of discrete-time nonlinear dynamic systems in this chapter is described by

the following difference equation:

z(t+1) = f(z(t),t) + Bu(t)

y(t) = Cz(t) (2.1)
where z = [r1,---,z,]T € R™ is the state vector, u = [uy, -+ ,un|’ € R™ is the
control input vector, and y = [y, - - ,yp]T € R? is the output vector of the system,
respectively. The term B = [by, - ,by] is called the actuator distribution matrix,

where b; is the ith column vector. The symbol ¢ denotes the index of discrete time

domain in this chapter, but it represents continuous time in the later chapters.
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When an actuator fault occurs, the corresponding system can be described by a
faulty model of (2.1). Since the system has a total of m actuators, m possible faulty
models are available. For example, if the [th actuator is faulty, the corresponding

faulty model is presented by

z(t+1) = fl@(t),t)+ > bu;(t) + bl (t)
y(t) = Cx(t) (2.2)

where u{ (t) is an additive faulty signal in the /th actuator.
Throughout this chapter, the following assumptions are introduced in the design

and analysis of the RLOs-based fault detection, isolation, and estimation scheme.

Assumption 2.1 Only a finite constant actuator fault is supposed to occur at one

time; that is, u;(t) = 0; for t >ty and lim;_oo |u;(t) — 0;] # 0, € 1,2,--- ,m, where

6; is a finite constant, t; is the time when the fault becomes constant, u;(t) is the
healthy actuator output, and u;‘ is the finite constant fault signal in the jth actuator.

Constant bias or offset in an actuator can be described by this kind of fault.

Assumption 2.2 The nonlinear system function f(x,t) is Lipschitz at output y with

a positive constant ky; i.e.,
f(y, z2,t) — f(F, %2, )| < kslly — 9] (2.3)
where z can be divided into two components, x; = y and x,.

Assumption 2.3 The nonlinear function f(z,t) can be decomposed into a linear

matrix component and a nonlinear function part; i.e.,
f(z,t) = Az + {(z, 1), (2.4)
and the nonlinear function part is Lipschitz with another constant £; i.e.,

1€(z,8) — &(2, )] < kellz — &]]. (2.5)
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Assumption 2.4 A symmetric positive definite matrix P exists which satisfies the

following Lyapunov function:
ATPA-P=—-Q (2.6)
where () is also a symmetric positive definite matrix.

Remark 2.1 In this chapter, we study a class of discrete-time nonlinear systems
that is of the form (2.1), or a class of continuous-time nonlinear systems that can be
discretized into (2.1). The studied systems satisfy Assumption 2.1, 2.2, 2.3, and 2.4.
These assumptions are used in the design and analysis of the proposed RLOs-based

actuator fault detection, isolation, and estimation scheme.

2.3 Design of Repetitive Learning Observers

Based on the faulty model (2.2) and Assumption 2.1, a specific faulty model of system

(2.1) becomes
I(t—}-l) = +Zb u] +b191

y(t) = Ca(t). (2.7)

Based on (2.7), we design m repetitive learning observers for all m faulty models

as
Zi(t,k+1) = f(@:(t k) +Z:1>uJ ) + bifi(t, k)
it k) = C&i(t, k), i=1--,m
Bi(t k) = Oi(t.k— 1)+ quadinGs(t, k) + qi2di 2 (03¢, k) (2.8)

where §;(¢, k) = y(t+1) — 9:(¢, k) = C(x(t + 1) — Z;(t, k)) is the ith output estimation
error at sampling time ¢ and at the kth repetition, d9;(¢, k) = 4;(¢, k) — g:(t, k — 1),
k is the index of the repetitive learning domain, d;; € R™*P(j = 1,2) is a mapping
from the output to the state, and ¢;; € R (5 = 1, 2) is the coefficient vector, which

determines the convergence rate of the repetitive learning algorithm.
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The repetitive learning algorithm is implemented in the following way. At each
sampling time t, 9;(¢,0) is set to be y(t + 1); i.e., 7:(¢,0) = 0 at the initialization
phase. Then, all the m observers repetitively update their parameters HAi(t, k) using a
Pl-type algorithm in the repetitive learning domain. When k reaches the maximum
repetition number k,,, or {|7:(t, k)| is less than a tolerance error €;, the repetitive
learning process at time t ceases.

The initial value of Z;(¢,0) is obtained by using the mapping operator d;; from
7:(t,0) to £;(¢,0). Since not all state variables are available, ;(¢,0) is not always
equal to z(t + 1); that is, Z;(¢,0) is not always zero. However, Z;(¢,0) becomes small
if Z(t, 0) is well obtained by using the mapping operator. Moreover, this initialization
is implemented at each sampling time ¢. Therefore, the estimation error will not
accumulate as the discrete time ¢ increases.

In order to investigate the properties of the proposed RLOs, we obtain the dy-
namics of the estimation error in the repetitive learning domain by subtracting (2.8)

from (2.7); i.e.,

~

it k+1) = f(z(t) = f(@:(EF) + bl — bibi(E, k)
Bi(t,k) = Cxit,k) (2.9)

where Z,(t, k) is the ith state estimation error at the kth repetition and at time ¢.

2.4 RLOs-based Actuator Fault Detection and Iso-

lation

Fault detection is the primary task in a fault diagnosis scheme. In order to detect and
locate an actuator fault, we design a bank of residuals r;(t) = ||g:(¢, k)|, i = 1,...,m.
If only one residual approaches zero while the others are nonzero (e.g., r;(t) — 0, and
ri(t) # 0, (¢ # 1)), then the lth actuator is considered to be faulty. Regarding this

fault detection and isolation scheme for (2.7), we have the following theorem.

Theorem 2.1 When the lth actuator is faulty, the lth observer output y;(t, k) con-

verges to the system output y(t + 1) as the repetition number k approaches infinity;
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that is,
lou(t, k)| =0 as k— o0 (2.10)
provided the following inequality is satisfied,
e €
Hf 2} <1 (2.11)
€1 p1 inf
where || - ||int s the infinity norm of a matriz. The variables é;, éa, and py are defined

in the following proof.

Proof: The lth pair of estimation error dynamics in the repetitive learning domain

is described as

it k+1) = f(z(t) — f(@ult, k) + b6 — Gi(t, k))

Gt k) = Ciyt, k).

From (2.8) and (2.12), we can obtain that

w(tk+1)—alt k) = —C(f(&t k) — f(@u(t, k- 1))
—Cbi(6i(t, k) — bi(t, k — 1))
= —C(f(@(, k) - f(@(t, k- 1))
—CbqadiGi(t, k) + quadi266:1(t, k).

Thus, we have

163:(8, k + DIl < NClI(ks + llbigi,2du D109 (2, B

+|Clugaduy || 153 (2, B) -
Based on (2.13), we have

(it k+1) = (I —Chgadi1)u(t k)

—C(f (@, (t, k) — f(@(t k- 1))

—Chiq2di 20%(2, k),

(2.12)

(2.13)

(2.14)

(2.15)
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and

gt k+ Dl < [T = Chqadia|llla(t, k)l
HICN (ks + llbrqr2di2|)II0% (2, k)| (2.16)

Considering (2.14) and (2.16), we obtain
60tk + DI ] o e [ 65t B 2.17)
(¢, k + D] é o | [ et k)
where the symbol “<” applies to each element of the vector, é; = ||C||(k¢+||bigi2di2||),
é2 = [|[Chigradiall; and py = || — Chigradia||-

Taking the inf-norm on both sides of (2.17), and according to the basic property

of the vector norm, we can derive that if

| {61 ©2 ] <1, (2.18)
€ M inf

and ||7;(¢,0)|| and ||67;(¢, 0)]| are both finite numbers, then both ||#;(¢, k)|| and ||6;(¢, k)|

converge to zero as k approaches infinity. n

Remark 2.2 The inequality (2.18) is only a sufficient condition to guarantee the

convergence of the lth observer output estimation error.

In order to isolate the fault, we want to show that the output estimation errors of
all RLOs except the Ith one do not approach zero. If so, the fault isolation becomes

straightforward.

Theorem 2.2 If matriz CB is of full colurmn rank, then the residual r;(t) # 0, (3 # 1),

and the fault isolation problem can be effectively solved by evaluating the residuals.

Proof: For i # [, we have the estimation error dynamics as follows,

Bt k+1) = f(z(t) — f(@:(t, k) + b, — bibi(t, k)
gi(t, k) = Cz(t, k). (2.19)
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If matrix CB has full column rank, Cb; and Cb; are independent. Additionally,
6:(t, k) is updated using #;(t, k), and, in general, 0;(t,k) # 6, for i # 1. Therefore,
generally, 4;(¢, k) for i # [ will not approach zero. |

Summarizing Theorem 2.1 and 2.2, if the [th actuator is faulty, then only the Ith
residual 7;(t) is zero and others are nonzero. Therefore, the proposed PI-type RLOs

are effective for fault detection and isolation.

2.5 RLOs-based Actuator Fault Estimation

In the event of a fault, the location as well as the size of the fault must be deter-
mined. In this section, we estimate the fault by updating the parameter él(t, k) in the
repetitive learning domain. Regarding the fault estimation using RLOs, we have the

following theorem.

Theorem 2.3 When the lth actuator is faulty, if the sufficient condition (2.18) in
Theorem 2.1 and the following inequality are both satisfied,

p2 =l — (@adiy + qadi2)Cl|| < 1, (2.20)
then
lim (16, = 0i(t, k)| = 0. (2:21)
Proof: Subtracting both sides of 6;(¢, k + 1) from 6; in (2.8), we have

Ot k+1) = Oi(t,k) — qadiafi(t, k+ 1) — qadi20Gi(t, k + 1)
= Oi(t, k) — (@adiy + qadi2)Bi(t, k + 1) + qadi2fi(t, k)
= Ot k) — (@adiy + @2d12)C(f(x(t) = f(&i(2, k)))
—(q@adiy + @2di2)Chib;(t, k) + q2di2fi(t, k). (2.22)

Taking the norm on both sides of (2.22), and according to Assumption 2.2, we

obtain

16,2, k + DI < pall6ult, K| + ésllgue, k)| (2.23)
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where
p2 =1 — (@1di1 + q2di12)Chil|
and

és = |[(@adin + @ 2di2)Cksll + llqu2di 2|l

Therefore, if the sufficient condition in Theorem 2.1 is satisfied to guarantee

l:(t, k)|| — 0, and the parameters of the observers are carefully chosen to guarantee
0 < pa < 1, then limy_o ||6,(t, k)|| = 0. N

Remark 2.3 So far, we do not have a systematic way to choose the learning coef-
ficients ¢;1 and ¢; 2, and we still have to use a trial-and-error method. In order to
guarantee (2.11) and (2.20), not only do the system dynamics need to satisfy cer-
tain assumptions, but also the learning coefficients need to be set to small values in

numerical computation.

In addition to fault detection, isolation, and estimation, the Pl-type repetitive
learning observers can be used to estimate the system state. This property is guar-

anteed by the following theorem.

Theorem 2.4 Fori =1, if the conditions in Theorem 2.1 and 2.3 are all guaranteed,

and the following inequality is also satisfied,
Amin(@) > kel Pl + 2ke|| P|l|| Al (2.24)

where P and Q) are both defined in Assumption 2.4, and Apin(Q) is the minimum
eigenvalue of QQ, then the system state estimation error obtained by the lth observer

ultimately approaches zero.

Proof: Based on Assumption 2.3, the dynamics of the state estimation error are

Bt k+1) = f@t) — (@t k) + b6 — bi(t, k)
= ARt k) + (E(x(8)) — E(@u(t, k) + bibi(t, k). (2.25)
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We design a Lyapunov function as
Vi(k) = 3(t, k)T PEy(t, k). (2.26)

Based on the results derived from Theorem 2.3 and Assumption 2.4, we compute
the difference of V;(k) to be

Vi(k + 1) — Vi(k)

= 7y(t,k + 1) T P3y(t, k + 1) — 3,(t, k)T Piy(t, k)

= Z,(t, k)T (AT PA — P)3(t, k)
+27,(t, k)T AT P(£(x(t)) — £(2(t, k)))
+(E@ () — E(@u(t, k) T P(E(x(t) — E(@(t, K)))
+0,(t, k)Tb] Pbifi(t, k) + 2,(t, k)T ATb,0,(t, k)
+20,(t, k)b (£(2()) — E(&u(t, k)))

< —a(t, k)T QEi(t, k) + kel P Zi(e, k)1
+2ke|| PIIAINZ (2, B)IIZ + [Pl IBdHI6 (2, K)II1>
+2(JIAll + ko) llodll 6.2, KNI E (2, B

< =Bz, k)||2+2ﬁ2||:2:(t B)IN6u(E, k)| + Bs6u(t, k)|I?

= o (1.0l - 2186.001) + (2 + 2)Iae Rl @20

where
i = Amin(Q) — kel Pl — 2k¢ || Pl Al (2.28)
Bo = [IAlll[bul] + 0]l Ke (2.29)
Bs = |IP|llod|*. (2.30)

If
Amin(Q) > kel| Pl + 2k¢[| P|||| Al (2.31)

2
lae B > 2 g?wlﬁg

16:(t, k)l (2.32)
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we obtain AVj(k) < 0, which implies Z,;(¢t, k) is ultimately bounded, since 8, and §3
are finite positive numbers. This bound depends on the fault estimation error. Based
on the results in Theorem 2.3, ||Z;(¢, k)|| approaches zero as k — 0.

For (i # [), we can prove that Z;(t,k) # 0 in a similar way as that in Theorem

2.2. Therefore, the lth observer alone can be used to estimate the system state. R

The propose fault diagnosis scheme in this chapter is implemented using the fol-

lowing algorithm:

e Step 1: Determine mapping operators d; ;, and coeflicient g; ; based on system

dynamics and using a trial-and-error method.
e Step 2: Set maximum repetition number k,, and tolerance error ;.
e Step 3: Obtain system output y(¢t + 1) from (2.1).

e Step 4: Construct m RLOs for m possible faulty models, and obtain g;(t, k) and
09:(t, k) at the kth repetition.

e Step 5: Update éi(t, k) of RLOs in repetition domain.

e Step 6: If k = ky,, or ||[7:(t, k)] < €5, then compute residual r;i(t) = ||9:(t, k)|,
and record ;(¢, k) and Z;(t, k). Otherwise, k := k + 1, and goes to Step 4.

e Step 7: Use r;(t) to detect fault based on Theorem 2.1.
e Step 8: Use 7;(t) to isolate fault based on Theorem 2.2.
e Step 9: Use (¢, k) to estimate fault based on Theorem 2.3.

e Step 10: Estimate system state using ;(t, k).

2.6 Application to a Satellite Attitude Control Sys-

tem

In this section, we apply the proposed RLOs-based fault diagnosis scheme to a dy-

namic satellite attitude control system. This satellite works in a circular orbit in an
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inverse square gravitational field. The attitude of the satellite is assumed to have no
effect on the orbit. We define I, I5, I3 as the principal axis moments of inertia of the
satellite, w = [w1, wy,ws)| as the angular velocity of the satellite, and 8 = [9,, 6, 63]
as the pitch, yaw, and roll angles of the satellite, respectively.

The angular velocity has the following nonlinear relationship with the three atti-

tude angles:

W1 (CUO + 01) sin 92 + 93
w = wy | = | (wo+6:)cos8cosbs + B, sin s
w3 _(WO + 01) COS 92 sin 93 + 92 (o0 03
= R(0)0 + w.(0) = T(9,0) (2.33)
where
sin @, 0 1 wp sin @,
R(0) = | cosfycosf; sinf; 0 |, we(f)=| wycoshycoshs |. (2.34)
—cosfysinf3 cosfz 0 —wp €0 B, sin 63

The motion equation about the mass center of the satellite is provided in [109] as,
T+ @lw = 3w I +u+Ty (2.35)

where I = diag{l), 5,13}, u = [u;,us,u3]" is the control torque vector, and Ty =

[Tar, Taz, T, d3]T is the disturbance torque vector. The vector &. is written as

— 8in 6 cos 0,
& = | cosfysinfz + sinb;sinb,cosbs |, (2.36)

cos B, cos B3 — sin 8 sin #, sin 63
and w is the skew symmetric matrix of the vector w, which is defined as,

0 —Ws Wa
w3 0 —Wwi - (237)

—Wwy Wi 0

&
Il
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Defining the state vector to be z = [#7,w"]", we obtain the dynamics of the

satellite motion in a nonlinear state space form as

R7Y0)(w — we(9)) 0 0
= 3 T
I (~0Tw + 3w2E.IE,) } " { Mt e } ;
y = [61,02,605)". (2.38)

In the simulation, the parameter values of the satellite dynamics are listed in Table
2.1. The system dynamics is discretized using Euler’s method with a sampling rate
equal to 1000Hz. This sampling rate is determined using a trial-and-error method. If
the sampling rate is too large, the discrete-time system can not represent the original
continuous-time system. However, a too small sampling rate causes the repetitive
learning algorithm hard to be implemented in real-time.

A sliding mode controller was designed in [110] to control the satellite output to

track the designated reference, which is,
6, = (1 — e *(sinat + cosat))6* (2.39)

where a = 0.353 and 6* = [180,45,75]" (deg). The control torque is disturbed by
G = 1% * rand; i.e., Ty = ¢u, while the Euler angles have measurement noise with
sy = 0.01% * rand; i.e., Opeasure = (1 + ¢,)0, where rand is a Gaussian white noise.
In the design of the repetitive learning observers, the parameters to be determined
are d; ; and ¢; ;. Based on the analysis in Section 2.3, d; ; € R™*? is the operator that

inversely maps the output to the state, and ¢; ; € R'*" is the vector that balances the

Table 2.1: Parameters of a satellite attitude control system
Parameters Values (unit)
Principal moment of inertia I) 874.6 (kg m?)
Principal moment of inertia I 888.2 (kg m?)
Principal moment of inertia I3 97.6 (kg m?)
Orbital rate wy 7.29 x107° (rad/s)
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convergence rate of the state and parameter estimation. In this simulation, we choose

1 0 0
0 1 0
0.7071A 0 A
0.183A 0.9659A 0
0.683A 0.2588A 0

where A is the difference operator. The matrix d;; is chosen based on (2.33) and
measured angles. In numerical computation, d;; can be treated as a time-varying
left-multiply matrix on ¢;(¢, k) and 6%;(t,k — 1) at each sampling time. Moreover,

the coefficient vector, g; ;, is defined to be a vector such that only the (n —m 4+ ¢)th

element, qg—m“), which corresponds to the ith actuator is nonzero; that is,
qn = |0 0 0 10° 0 0]
a2 =0 0 0 107 0 0]
@1 = |0 0 0o o0 10° o]
@2 = |0 0 0 0 107 0]
@i =10 0 0 0 0 10°]
G2 = |0 0 0 0 o0 107].

Note that the coefficient vector may affect the precision of fault estimation.

The simulation results are shown from Figure 2.1 to 2.8, where Figure 2.1 illus-
trates the time-behavior of the system output when no fault occurs. The sliding mode
control algorithm offers a satisfactory control performance in the presence of distur-
bances. Figure 2.2 to Figure 2.5 portray the simulation results of case 1, where a fault
occurs in the second actuator beginning from ¢ = 20sec. Figure 2.6 and Figure 2.8
demonstrate the results of case 2, where another fault occurs in the third actuator
since t = 22sec. Clearly, when the ith actuator is faulty, only the residual produced by

the 7th observer approaches zero, while the other residuals approach nonzero values.
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The corresponding parameter 6, is able to specify the fault in a short time. Moreover,
in both these two cases, after the fault has been characterized, the ith observer pro-
vides an estimation of the system state. The chattering in the simulation results are
due to the existence of system uncertainties and measurement noises, which directly
affect the output estimation error. However, the time-varying uncertainty and noise
become constant values in the repetitive learning domain at each discrete time. Hence,
the performance of fault estimation is not influenced too much as long as the output
estimation error approaches zero in time. Since there is no explicit robust strategies in
the proposed fault diagnosis scheme, the proposed FD scheme can only be tolerant to
small magnitude of disturbances and noises. In summary, these two simulation cases
demonstrate that the proposed repetitive learning observers are effective in diagnosing

finite constant faults in actuators for a class of nonlinear systems.

2.7 Conclusions

In this chapter, inspired by ILOs, a bank of m nonlinear repetitive learning observers
was designed for the detection, isolation, and estimation of m possible constant ac-
tuator faults in a class of discrete time nonlinear systems. The RLOs preserve the
simplicity in structure of ILOs, and use a Pl-type algorithm to update their pa-
rameters. The system dynamics work in a discrete time domain and the observer
parameters are updated in a repetitive learning domain, where the discrete time do-
main and the repetitive learning domain form a 2-dimensional structure. Based on
RLOs, m residuals were generated to detect and locate a fault, where only the ith
residual that is associated with the ith faulty actuator is insensitive to the fault.
This strategy results in straightforward fault detection and isolation. Moreover, the
observer parameter that isolates the fault was used to estimate the constant fault
function. Sufficient conditions for effective fault isolation and estimation were derived
analytically. The theoretical analysis is exemplified by an application of the proposed
fault diagnosis scheme to the dynamics of a satellite attitude control system. The
simulation results verify the accuracy of the fault diagnosis scheme.

Although the proposed RLOs-based fault diagnosis scheme has the advantages
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Figure 2.1: System output in the fault-free case

that the structure of RLOs is simple and only two coefficients of each observer need
to be selected beforehand, the types of faults investigated in this chapter are confined
to finite constant faults. The applicability of the proposed fault diagnosis scheme to
a time-varying single fault and even multiple faults need further study. In addition,
from simulation results, the system uncertainty and noise have to be very small in
order to guarantee a successful fault diagnosis because no robust strategy is utilized
in this fault diagnosis scheme. Therefore, robust fault diagnosis in the presence of
system uncertainties is still a challenging issue for theoretical research as well as real

applications.
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Figure 2.2: System
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Figure 2.3: Fault detection and isolation results when a fault occurs at the second

actuator
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Figure 2.4: Fault estimation result when a fault occurs at the second actuator
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Figure 2.5: Norm of state estimation error of the three observers when a fault occurs

at the second actuator
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Figure 2.6: Fault detection and isolation results when a fault occurs at the third
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Figure 2.7: Fault estimation result when a fault occurs at the third actuator
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at the third actuator



Chapter 3

Fault Diagnosis Using Sliding
Mode and Learning Approaches

In this chapter, a unified framework of a fault diagnosis scheme using sliding mode

and learning approaches in a class of nonlinear systems is established.

3.1 Introduction

In general, a model-based fault diagnosis scheme generates a residual via comparing
the measurable output of a system with the output generated through the system’s
mathematical model. Then, fault diagnostic decisions are made based on this residual.
Early fault diagnosis approaches were based on the assumption that the system under
consideration was linear and sufficiently accurate mathematical model was available.
Although model-based fault diagnosis schemes are attractive due to their powerful
information processing capabilities, efficient diagnosis relies on the robustness of the
residual with respect to the system uncertainties. This issue is referred to as robust
fault diagnosts.

For linear systems, robust fault diagnosis can be achieved via unknown input ob-
servers and eigenstructure assignment methods, both of which decouple the effect of
uncertainties from the residual. These two approaches do not make assumptions on

the size and the time functions, or on the frequency characteristics of the faults or
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of the unknown inputs. For nonlinear systems, robust fault diagnosis schemes using
learning approaches have been significantly investigated. For example, fault diagno-
sis schemes using feedforward neural networks, iterative learning observers, adaptive
observers, and other methods have received a great deal of attention. To realize
robust fault diagnosis, dead-zone operators are usually adopted in the learning algo-
rithms to ensure that the fault estimators are insensitive to the error signal under
a certain threshold which is deemed to be caused by system uncertainties, thereby
preventing false alarms [27], [28], [29], [30], [31], [32], and [33]. However, several is-
sues still need further study in this class of fault diagnosis methodologies. One issue
is that, in all likelihood, the dead-zone operators reduce the accuracy of the fault
approximation. Another issue concerns the projection operators which can confine
the parameter estimation vectors to a predefined compact and convex region in the
presence of system uncertainties and approximation errors. A third issue is that the
online fault estimators should be easily implementable to satisfy the requirement of
real-time computation. In addition, an accurate fault estimation is helpful for con-
troller reconfiguration to achieve fault tolerance. Hence, an estimation of a fault with
a fast transient process and less overshoot is preferred. This expectation motivates us
to develop more learning approaches to diagnose faults for different specific situations.

Due to the inherent robustness property of a sliding mode to system uncertainties,
sliding mode techniques have been studied for system observation by many researchers
[111], [112], [113], [114], [115], [116], [117], [66], [48], [118], [119], [120], and {121]. In
summary, the existing sliding mode observer design methods can be classified into
two categories: 1) SMO designs based on equivalent control methods, and 2) SMO
designs based on the Lyapunov method.

In addition to the applications of a sliding mode to linear systems, in recent years,
sliding mode techniques have been extended to design fault diagnosis schemes for
nonlinear dynamic systems. One approach to using a sliding mode observer in fault
diagnosis is that the observer maintains a sliding motion even in the presence of
faults, and the fault signals are reconstructed by manipulating the equivalent output
injection signals. In order to guarantee the stability of the fault diagnosis scheme,

the bound of the system uncertainties is usually estimated and involved in the design
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of the discontinuous term. The practical importance of this class of sliding mode
observer-based fault diagnosis approaches is that it allows small faults to be detected,
even if large modeling errors occur. However, a large amount of chattering occurs
when this method is implemented by digital computers at a given sampling frequency.
Some researchers have proposed a variety of approaches to reduce the unnecessary
chattering. One method is to use a continuous saturation function to replace the
discontinuous sign function. Other methods involve adaptively estimating the bound
of the system uncertainties [122], [123] or constructing an adaptive switching gain
[124], [125], [126]. However, these methods have not been widely used in sliding mode
observer based fault diagnosis.

In this chapter, a class of nonlinear diagnostic observers is established and applied
to the fault diagnosis of a class of nonlinear systems. The diagnostic observer inte-
grates an adaptive sliding mode and a bank of online estimators. The sliding mode
in this class of observers is used only to eliminate the effect of system uncertainties,
and the observer is designed such that the sliding motion is destroyed when any fault
occurs. In order to estimate the state as soon as possible and to prevent the sliding
mode eliminating the deviation caused by faults, the switching gain of the sliding
mode is updated by an iterative learning algorithm and an iterative fuzzy model, re-
spectively. After the occurrence of faults, a bank of online estimators is activated to
isolate and identify the incipient and/or abrupt faults. Neural networks based models
and online estimators based on iterative learning algorithms are established to charac-
terize the faults. The advantage of this class of robust fault diagnosis schemes is that
it is able to not only detect various faults in the presence of system uncertainties, but
also isolate and estimate the faults with satisfactory accuracy. Theoretical results are
verified by applying the proposed fault diagnosis schemes to a fourth-order satellite
orbital control system and a flexible satellite control system, both of which belong to
the class of nonlinear systems with triangular input form.

The organization of this chapter is as follows. In Section 3.2, the investigated
problem and some preliminaries are stated. The diagnostic observer using sliding
modes and learning approaches is proposed in Section 3.3, where two update laws

for the sliding mode switching gain are established, respectively. In Section 3.4, the
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analytical properties of the proposed fault diagnosis scheme are rigorously analyzed.
After this analysis, two kinds of online fault estimators are developed to characterize
the fault functions. These two estimator based fault diagnosis schemes are applied
to a satellite orbital control system and a flexible control system in Section 3.5 and

Section 3.6, respectively. Finally, conclusions are given in Section 3.7.

3.2 Problem Formulation

In this chapter, a class of nonlinear input-output dynamic systems subject to sys-
tem uncertainties and additive state faults is described by the following differential

equations:

i’l (t) == Ig(t)

:172(1:) = Alel + A22$2 + f(x,u, t) + T]($,’U,t) + ﬁ(t - Tf)fa(xauat)

y(t) = =(t) (3.1)
where z,(t) = [r11,---,71,]' € R, (p = n/2), and z5(t) = [z21, -+ ,T2p)] € RP
are two components of the state vector z = [z], z4]", y(t) € R? is the output

vector, and u(t) € R™ is the control vector of the system. The terms £ : R x
REXxRT - R, g RO xR x RT — RP, and f, : R* x ™ x BT — RP are all
smooth vector fields. The matrices Ay; € RP*P and Ay € RP*P describe the linear
characteristics of the system, while £(z,u,t) denotes the nonlinear dynamics. The
nonlinear function vector n = [n;,--- ,7m,] " represents the modeling uncertainties and
disturbances in the system dynamics. The nonlinear function vector f,(x,u,t) =
[ él)(z,u, t), -, (Sp)(:r,u, t)]7 denotes any change in the system dynamics due to
additive state faults, which probably occur in the actuators and/or in the system
components. The term B(t — Tf) = diag{((t —T%),--- ,Bp(t —T¥)} is a diagonal time

profile function matrix which satisfies

0 t<Tf

i=1,---,p 3.2
1 t>Ty (3:2)

@'(t - Tf) = {

where Ty denotes the beginning time of a fault.
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We can write the system dynamics (3.1) into a new form as
(t) = Ax(t)+ D&(z,u,t) + Dn(z,u,t) + DBt — Ty) fa(z, u, t)
yt) = Ca(t) (33)
where matrix A is defined to be

OP Ip
A?l A22

bl

and C =[I, 0,], D=0, I,]7,0,is ap X p zero matrix, and I, is a p x p identity
matrix.
For the sake of designing and analyzing the proposed fault diagnosis scheme con-

veniently, the following assumptions are introduced.

Assumption 3.1 The system uncertainties n(z, u, t) is possibly an unstructured non-

linear function of z, u, and £, but bounded; i.e., a known constant 7g exists such that

“77(3:’ U, t)“ < No.

For many dynamic systems, considerable system modeling and identification meth-
ods result in relatively small 7(¢). The upper bound of the state modeling uncertainties
is used in the design of the proposed diagnostic sliding mode observer and in the ro-
bustness analysis of the proposed fault diagnosis scheme. Throughout this thesis, || - ||

represents the Euclidean vector norm or induced matrix 2-norm.

Assumption 3.2 The nonlinear dynamic component &(z, u, t) of system (3.1) is Lip-

schitz at the state x with three known constants k, k1, and ky; that is,
1€(z,u,t) = €@, u, )| < kllz—2|| < killey = 2l + kallze — 22l (3.4)

Assumption 3.3 The magnitude of the state fault is bounded by a finite constant;
e, ||fa(t)]] < fm, and the system state variables would deviate from their normal
values but they will remain finite after the state fault occurs. Moreover, the fault
is assumed to occur after all the state variables have been observed in the original

regulation phase by using the sliding mode.



Chapter 3. Fault Diagnosis Using Sliding Mode and Learning Approaches 47

The finiteness of the fault and the system state are not only required for state
observation, but also guarantee the feasibility of characterizing the fault using on-
line approximators. The assumption on the onset of the fault helps to individually

investigate the state observation and fault diagnosis.

Assumption 3.4 Matrix A is stable, which implies that A, is also stable; ie., a

symmetric positive definite matrix I'y exists that satisfies the following Lyapunov

function:
ATy +ToAy = —Q (3.5)
where Q is also a positive definite matrix.

Even if matrix A is unstable, the linear part of the system (3.1) is stabilized by

designing a Luenberger gain.

Remark 3.1 The dynamic system (3.1) can represent a family of systems which have
triangular input form. Many mechanical or equivalent systems can be classified into
(3.1) because usually only displacements or angles are measurable. For such class of
systems, it is possible to design an observer which does not use the input derivative.
In real applications such as satellite jet control or AC motor with PWM control, the
exact information of the input derivative is hard to obtained [115], [127].

Remark 3.2 Sliding mode observers for the class of systems with triangular input
form have been studied in [115], [66]. In these methods, the states are stabilized
recursively, one by one in finite time, and the switching gain of the sliding mode
observer is held constant. The constant switching gain is acceptable when the objective
is only to observe the states. However, when the effect of system uncertainties needs
to be eliminated, and for the sliding motion to be destroyed when a fault occurs, a

time-varying switching gain is preferable.
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3.3 Fault Diagnosis Using Sliding Modes and Learn-
ing Approaches

3.3.1 Design of a Fault Diagnostic Observer

Based on system (3.1), a nonlinear diagnostic observer is proposed as follows:

2(t) = Za(t) + gi(t)sign(Trsi (1)) + Bt — Ton) Ma(t)
.’ig(t) = A21i1 + Agz.’iz + 5(1%, u, t) + gz(t)51gn(1"252(t)) + ,B(t - Tm)Mg(t)
g(t) = &1(2) (3.6)

where Z; € R and Z, € RP are the estimated state vectors, and § € RP is the
output vector of the observer. The term sign is a signum function, and M, (t) =
[Myy,--+, My, My(t) = [My,,- -+, My,]|" are online fault estimator vectors, which
are explicitly discussed in later sections.

In order to separate the roles of the sliding mode from the online fault estimators,
in the beginning, we disable the fault estimators M;(t) and My(t) before all the state
estimation errors reach the sliding manifold. Moreover, the fault is assumed to occur
after the activation of the fault estimators; i.e., T,, < T7%.

The terms I'; € RP*P and 'y € RP*P are both symmetric positive definite matri-
ces, and 'y satisfies Assumption 3.4. The terms s1(t) = [s11, -, 81, € RP, and
s2(t) = [s21, -+ ,52p]" € RP are named equivalent state estimation errors, which are

calculated according to the anti-peaking structure [115] as follows:

Sl(t) = Il(t) — Iﬁl(t)
Sg(t) = (gl(t)sign(Flsl(t)))eq, if i’l (t) = 0 and 1;,'1 (t) =0 (37)

= 0, otherwise

where (g1(t)sign(I'1s1(t)))eq, named equivalent output injection, is the average value
of the discontinuous term in the sliding mode, which itself is enough to keep z; on
the sliding manifold; i.e., z,(t) = #2(t) — (g1 (t)sign(T181(2)))eq, When ,(t) = 0 and

Z1(t) = 0, where Z1(¢t) = x1 — &) and &9 = x5 — &5 are defined as the state estimation
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errors. The switching gain ¢:(t) = diag{g11, - , q1p} and go2(t) = diag{g21, -, g2p}
are two diagonal matrices.

The principle of the anti-peaking structure is that the output estimation error is
not used to construct the state estimation error before reaching the sliding manifold.
Hence, the output estimation error z; reaches the sliding manifold prior to Z,. From
(3.7), the state estimation error Z, is constructed by using the equivalent output

injection as

Z2(t) = (g1(?)sign(I'1Z1(2)))eq (3.8)
after ;(t) reaches the sliding manifold.

Several methods have been proposed to compute the equivalent output injection.
For example, Utkin et al. used a low pass filter to eliminate high frequency chattering
[112], and others computed the equivalent output injection by adding a small positive
number, §, in the denominator of the discontinuous term [56]. In this chapter, we use
the second method to obtain the equivalent output injection.

The dynamics of the observer can be written in a new vector form as
Z(t) = A%+ DE(Z,u,t)+ G(t)sign(TS(t)) + B(t — T) M (t)
gty = C% (3.9)
where G(t) = diag{g11(t), -, g1p(t), 921(t)--- ,92,(t)} is the diagonal switching
gain matrix. The equivalent state estimation errors are constructed into a new vector
S(t) = [s] (t), 55 (#)]". The new matrix I' = diag{l"), s} is still a positive definite
matrix.

Defining 4(t) = y(t) — g(t) as the output estimation error, we can derive the

dynamics of the estimation error by subtracting (3.9) from (3.3) as follows:

8

(t) = Az(t)+ D(&(w,u,t) — &(&,u,t)) + Dn(z, u,t) — G(t)sign(I'S) + M(t)
§t) = Ci(t) (3.10)
where M(t) = DB(t — Tf) fa(t) — B(t — T,n)M(2) is defined as the fault estimation

The estimation error dynamics (3.10) will be used in the property analysis of the

proposed fault diagnosis scheme.
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3.3.2 Fault Diagnosis Strategy Using a Diagnostic Observer

In model-based fault diagnosis methods, a residual is usually generated to diagnose
faults. Due to the universal existence of system uncertainties and noise, robust fault
diagnosis strategies are necessary to avoid a false alarm. One robust fault diagnosis
approach uses a dead-zone operator in the learning algorithm, which leads the online
estimators to specify only the signal with magnitude above a certain threshold [31].
However, this method reduces the accuracy of fault estimation. Another way to ensure
robust fault diagnosis is to set a nonzero threshold for the residual when making
diagnostic decisions. Adaptive or optimal threshold for timely fault diagnosis have
been investigated [128], [129], [130], [131], [132], [133]. In previous work, designing
an effective time-varying diagnostic threshold significantly depends on extensive prior
knowledge of the system and faults. In practice, an ad hoc threshold is required for a
specific problem.

In this chapter, the measurable output estimation error is used as the residual
signal, and a constant threshold is set for robust fault diagnosis. After the sliding

mode forces all the state estimation errors to reach the sliding manifold,

{ No fault has occured, and M; (), My(t) are set to zero i ||§(t)||x < ex (3.11)

A fault has occured, M, (t), Ma(t) are activated if ||g(t)l|x > €

where ||3(t)|| is the A-norm of §(t), which is defined as [|§(t)||x = sup,er, « € 17 (t)},
where A > 0, Ty is defined in Section 3.4, and ¢’ is the time when the proposed
observer terminates. The term €, is the threshold for robust fault detection. Since
17@)Ix < supseim, e 15(2)]], @ bound of [|§(?)]| can be selected as the threshold.

In order to make the sliding mode term eliminate only the deviation in the system
dynamics caused by uncertainties, the switching gain G(t) is set to be upper bounded
by Gy, i.e., ||G(t)|| < Go. This issue will be discussed in more detail in the robustness
analysis of this FD scheme, Section 3.4.1. The setting of the upper bound distinguishes
the effect of faults from that of the system uncertainties. Moreover, the output of the
online estimator M (t) is used to determine the location, and to estimate the magnitude
of the faults.

In addition to the upper bound, the switching gain is supposed to have a lower
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bound, which is the minimum gain to guarantee the sliding motion prior to the occur-
rence of any fault. The lower bound of the switching gain is discussed in the stability
analysis of this fault diagnosis scheme, Section 3.5.2. Based on the above analysis,
under the guarantee of sliding motion, the switching gain needs to be reduced as much
as possible in order to increase the sensitivity to a fault. In numerical computation,
the switching gain is set as the lower bound when the state estimation errors reach

zero by using a sliding mode in the original regulation phase.

3.3.3 Sliding Mode Gain Design Using an Iterative Learning
Algorithm

For sliding mode observers, a larger switching gain can enable the state estimation
errors to approach the sliding manifold more quickly, but it may also cause unnecessary
high-frequency chattering. Furthermore, since the sliding mode term in the diagnostic
observer is used only to eliminate the effect of system uncertainties, the switching gain
can not be too large because, in that case, the effect of faults will also be destroyed by
the sliding mode. On the contrary, when a fault occurs, the sliding motion should be
destroyed immediately, and then the online fault estimator should specify the fault as
soon as possible. Therefore, a time-varying switching gain is more desirable for the
purpose of our study.

Adaptation laws for the switching gain of sliding mode controllers were investigated
in {124}, [126]. In this section, two iterative methods are designed to update the
switching gain of the proposed sliding mode observer.

A Proportional-type (P-type) iterative learning update law is first proposed to

update the switching gain as follows:
Gra1(t) = Gi(t) + ©(8)|Sk(t)[sign(Sk(t) Sk-1(t)) (3.12)

where the diagonal matrix S = diag{si1, - ,S1p,S21, - ,S2p} is defined for the
updating of the switching gain, and & indicates the kth iteration at time t. ®(t) €
R™*" is a positive definite iterative learning coefficient matrix which determines the

rate of adaptation. The operator | - | takes the absolute value of each element of a
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vector or a matrix.

From the adaptation law (3.12), we see that if the state estimation error has
not reached the sliding manifold (the switching gain should be larger), the element
of sign(Sk(t)Sk_1(t)) is +1, and the switching gain will increase correspondingly. If
the state estimation error crosses the sliding manifold (the switching gain should be
reduced), the element of sign(Sy(¢)Sk_1(t)) is -1, and the gain will decrease corre-
spondingly.

The purpose of the iterative learning update law (3.12) is to search for an optimal
switching gain G*(t) at each time ¢ which can sufficiently minimize the state estimation
error. The convergence property of this iterative learning update law (3.12) is analyzed

in the following theorem.

Theorem 3.1 If the inequality (3.17) holds, the update law (3.12) for the sliding

mode switching gain is convergent.
Proof: Subtracting G* from both sides of (3.12) yields
AGk_H = AGk - <D|§k|sign(5k5'k_1) (313)

where G* is the optimal gain which makes the state estimation error exactly reach
the sliding manifold. We define AG, = G* — G}. Taking the inner product on both

sides of (3.13) with themselves via @1, we obtain

AG] 7 'AGry = AGLOAGK + | S| ®|5|
—2AGZ|Sk|Sign(§k.§k_1). (314)

Integrating both sides of (3.14) over the time interval [0, ¢] results in

18Gkallr = IAGH-: + I3
t
—2/ AG;(T)IS’k('r)[sign(Sk(T)Sk_l(T))dT
0

= JAGHE + 15 2 / AGT(D|5u()ldr  (3.15)
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where || - ||g-1 is defined as

1AG oo = { /0 t AG,I(T)CI)‘IAGk(T)dT}l/Q. (3.16)

If the estimation error dynamics satisfies dissipativity; i.e., a positive constant «

exists such that

/0 AGT (IS (P)ldr > / AGL (7)5(r)dr

> ! —'2— c /Ot Se(T) T ®S(T)dr
A (3.17)
then, from (3.15), we have
[AGk+1llz-1 < [AGklIg-1 — el Skl (3.18)

This inequality implies that the sequence {||AGkl||e-1} will monotonously decrease
with increasing k as long as ||Si||s is nonzero. Because {||AGy||¢-1} is bounded from
below, the monotonous decrease of {||AGy||¢-1} means ||Si|le — 0 as kK — oco. Thus,

Gi(t) — G*(t) as k — oo, that is, the iterative learning update law is convergent. B

The inequality (3.17) is generated by choosing a suitable iterative learning coeffi-
cient matrix ®(¢). Normally, a small ®(¢) results in a steadily but slowly converging
process. A large ®(t) leads to a fast convergence, while the iterative learning process
may be unstable. In practice, ®(t), for increasing the switching gain, can be set to a
different value than ®(¢) for decreasing the switching gain.

In the ideal case, the optimal switching gain at each time ¢ is obtained through
iteratively updating the switching gain to drive Si(t) to the sliding manifold. In prac-
tical computation, a maximum iteration number is set to prevent overtime updating.
The maximum iteration number is usually set to a large value in order to guarantee

the convergence of the switching gain to its optimal value.
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3.3.4 Sliding Mode Gain Design Using an Iterative Fuzzy
Model

In the above P-type iterative learning update algorithm, because the coefficient matrix
®(t) is held constant during the increasing or decreasing updating of the switching
gain, reaching the optimal value of the gain may take more iterations. In order to
obtain better performance, we consider using an iterative fuzzy model to update the

coefficient matrix ®(t) via the following update law:
Gii(k+1) = Gi;(k) + ®,4(k)|S::(k)] (3.19)

where k still denotes iteration number, and the subscript (i,7) represents the ith
diagonal element of a matrix.

According to the analysis in Section 3.3.3, when tuning the switching gain, we
need to consider the magnitude of the estimation error, as well as its position relative
to the sliding manifold. Therefore, according to the principle of the iterative learning
algorithm (3.12), we determine ®; ;(k) based on the values of S;;(k — 1) and S;;(k).

We first define the inputs of the fuzzy model as inp; = S;;(k—1) and inp, = S;;(k).
Then, in fuzzification of these two inputs, we map the crisp values of S;;(k — 1) and
S;.:(k) into several fuzzy sets: NL, NB, NM, NS, PS, PM, PB, and PL, where N stands
for negative, P positive, L large, B big, M medium, and S small. The membership
functions for these fuzzy sets are shown in Figure 3.1.

In Figure 3.1, the triangular membership functions are used to separately map the
S'i,i > (0 and S'm- < 0 into two groups of fuzzy sets, because AG;; should be different
when sign(S; ;(k — 1))sign(S;;(k)) < 0 and sign(S;;(k — 1))sign(S;;(k)) > 0.

A fuzzy linguistic model (Mamdani model), shown in Table 3.1, is designed, where

rule n is denoted as
R,: Ifinp;is Ay, and inp, is Ay, then ®;;(k) is Y, (3.20)

where R, denotes the nth rule, n =1,--. ,N,, and N, is the number of rules. A,,,
and 7, are fuzzy sets described by membership functions p4,, ,, (inpm) :— [0, 1] and

K, — [0, 1.
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Figure 3.1: Membership functions for fuzzification of S;;(k — 1) and S;;(k)

Table 3.1: Fuzzy rule base for the coefficient gain ®7;

S;i(k—1)\ Si;(ky NL NB NM NS PS PM PB PL

NL ®pr Ppp Prvm Pps Pns Pym PN Pni
NB ®pr Ppp Ppu Pps Pns Pym Pnp Pai
NM ®pr Ppp Ppm Pps Pns Pym P Pz
NS Ove PvB Pvm Pns Pns Pavm P Pz
PS Ony PnB Pym Pns Pns Pavm P Paz
PM Oyy v Pymw Pns Pps Pem Pre Ppr
PB One Pve Pym Pns Pps Ppu Ppp Ppr

PL On, Py Pvm Ons Pps Ppm Ppp Ppp
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Then, an inference mechanism is used to calculate the degree to which each rule
fires for a given fuzzified input pattern (inpy,inps) by considering the label sets and
rule. A rule is considered to fire when the conditions upon which it depends occur.
Since these conditions are defined by fuzzy sets which have degrees of membership,
a rule will have a degree of firing, called firing strength, w,. In this work, the firing

strength is calculated by the product of the degrees of membership; that is,

2
wn =[] tap.(inpm). (3.21)
m=1

Finally, a defuzzifier converts the resulting fuzzy sets defined by the inference
mechanism to the output of the model to a standard crisp signal. Here, we use the

center-of-gravity, or centroid, method to calculate ®;;(k) as follows:
®;i(k) = 22— (3.22)

Actually, the centroid method of defuzzification takes a weighted sum of the des-

ignated consequences of the rules based on the firing strengths of the rules.

Remark 3.3 Comparing the iterative learning algorithm (8.12) and (3.19), clearly
(3.12) is equivalent to a Proportional-type controller with a constant coefficient, whereas
(8.19) is equivalent to a coefficient-varying Proportional-type controller. Therefore,
based on the performance of different Proportional-type controllers, if the coefficient
matriz is carefully updated, the switching gain will take less time to reach an optimal

value when 1t is updated by the iterative fuzzy model.

3.4 Properties of the Fault Diagnosis Scheme

The purpose of this section is to obtain some theoretical guarantees with respect to

the robustness and sensitivity of the proposed observer-based fault diagnosis scheme.
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3.4.1 Robustness Analysis

Robustness of a fault diagnosis scheme refers to its ability to prevent a false alarm in
the presence of system uncertainties. As for the robust FD scheme described above,
its robustness is achieved by setting a threshold on the generated residual.

Based on Assumption 3.3, we consider the time interval between the first-time
observation of states by using a sliding mode and the occurrence of any fault; i.e.,
t € [Ty, T,), where T, denotes the time that all states have been estimated via the
sliding mode in the initial regulation phase, and T, refers to the onset time of an
additive state fault. The finite-time convergence of the state estimation errors to zero
via the sliding mode will be given in Section 3.4.2. Regarding the robustness of this

fault diagnosis scheme, we have the following theorem.

Theorem 3.2 The proposed robust fault diagnosis scheme guarantees that ||g(t)||x <
€x, when Ty <t < T,.

Proof: Using a contradiction method [31], we suppose that a time ¢, exists (where
Ty < te < Ty) such that ||g(¢){|x < ex for Ty < t < 1, and

[G(te)lln = ex. (3.23)

After the occurrence of a sliding motion in the initial regulation phase and prior

to any fault, the dynamics of the estimation error are

z(t) = Ai(t)+ D(E(z,u,t) — £(&,u,t)) + Dn(t) — G(t)sign(l'S)
gty = Cz(t), z(Tp) = 0. (3.24)

By solving the differential equation (3.24), we obtain

P(ty) = eAt"TIE(Ty) + /

To

te

At (D(g(a,7) - £(2,7))
+Dn(r) — G(T)sign(FS(T)))dT
= [ M (Dieta ) - €6@, ) + D)

To

—G(T)sign(FS(T))>dT, (3.25)
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and

sl < [ X (1Dle) - €@+ (1D1 + IGI) )ar

te
< / ksl ||dr +1 (3.26)
To
where k3 = k|| D|| sup,c( v_1, le*7 |, and
L= (IDlmo + IG1) / e dt. (3.27)

The terms k3 and [ are both finite numbers because matrix A is stable, and || D}| and
|G|| are finite values.

Using the Gronwall Lemma, we have
|Z(t)|| < 1ekelteT0), (3.28)
Multiplying e~ on both sides of (3.28), and taking A > (t./Ty — 1)ks, we obtain
e M| Z(te)|| < le M Thate—hsTo, (3.29)
Taking the supremum on both sides of the above inequality, we obtain
[Z(te)llx < L (3.30)

Therefore, the output estimation error is

lg(Eelx < IClixl = e, (3.31)

which contradicts (3.23). Thus, we concluded that for all Ty < ¢ < T, the output
estimation error §(¢) remains within the bound €,, and, consequently, the outputs of

the fault estimators remain zero. |

Moreover, in order to keep ||g(t)||» < €, during the period before any fault, the
upper bound of the switching gain G(t) is set to

= e e Tera 1P (5:32)

Using the proposed diagnostic observer, the threshold is chosen only according to

the characteristics of the system, and it is not affected by the initial estimation error.
Moreover, using sliding mode, the threshold for fault diagnosis can be chosen smaller

than a system that does not use sliding mode.
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3.4.2 Sensitivity Analysis

Not only does the fault diagnosis system need to be robust against the system uncer-
tainties, but it should also be sensitive to any fault. However, an inherent tradeoff
exists between the robustness and sensitivity of the fault diagnosis scheme because
high sensitivity to faults may reduce the robustness to system uncertainties. The sen-
sitivity property in this thesis specifies the set of faults that can be reliably detected,
and it focuses on the characteristics of the fault diagnosis scheme in the time interval

between the occurrence of a fault and the time of its detection.

Theorem 3.3 Consider the fault diagnosis scheme presented by (3.6). If a time
interval t, > 0 exists such that the state fault f,(t) satisfies

Te+ts
/ eIt D f (r)dr || > 2, (3.33)

then the fault estimator M(t) will be activated to approzimate the fault, that is,
19(Te + t2)|l = €x.

Proof: In the time interval between the occurrence of a state fault and the adaptation

of the fault estimator M (t), the dynamics of the estimation error satisfy

(t) = Ai(t) + D(&(z,u,t) — £(Z,u,t)) + Dn(t) — G(t)sign(l'S) + Df.(t)
i) = CE). (334

IS

Solving (3.34) for any t, > 0 gives

Trtts

T+t = |

To

ATz +iz—T) [D(g(a:) — &()) + Dn(r) — G(T)Sign(FS(T))]dT

Tz+ta
+ / A== D £ (7)dr. (3.35)
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Then using the triangle inequality on (3.35), we obtain

Totits
12(Tz + t)l} < / [T =D D i€ () ~ €(&)lldr

4]

Ttz
+ [ T i + |l
To
To+ts
+H/ ATH= D (r)dr |
Tz

< / o Ksllz(r)ldr + 1+ | / e eATH=TI D, (r)dr |(3.36)
T.

To

T

Using the Gronwall inequality again, we obtain

Tr+tr
13(Ts + to)| < (z + H / ATz H==1) ) fa(»r)d7-||)eks<Tx+tz—To>. (3.37)
T
Computing A-norm on both sides of (3.37), when X > k3, we have
Totts
BT+l < || [ oA Dg rar |+ (3.38)
T:

According to the basic property of matrix norm, we have

19(Tz + ta)llx < [ICIAIZ(T: + 2)]Ix

To+ts
HC’H,\H/T eA(TI”‘"T)Dfa(T)dTH + €. (3.39)

IA

We use the triangle inequality again, and obtain

T+t
0T+t = O] [ A D e, (340

Therefore, if the nonlinear fault function satisfies (3.33), then ||g(Ty + t2)||lx > €,
which implies the online fault estimators will be activated, and the state faults are

detected correspondingly. |
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3.5 Fault Isolation and Estimation Using Neural

State Space Models

3.5.1 Fault Estimator Design Using Neural State Space Mod-

els

Neural state space (NSS) models have been investigated for system modeling and con-
trol in [105], [106], [107], and [108]. Inherently, being recurrent neural networks, the
NSS models not only have similar nonlinear approximation abilities as feed-forward
neural networks, but they also have state-space-like structures, which may bring con-
venience to the theoretical analysis.

Based on NSS models, the fault estimators are designed as

Mos(t) = WENou(t) + W ()0 (WD (8) M) + WD (1)s24(t))  (3.41)
where ¢ =1,--- | p, and Wi(’?,
of the ith NSS models. The activation function is set to be a tangent hyperbolic

My(t) = WONM, ) + W) (WD () Mis(t) + WS (1)31:(t))

(t=1,2,5=1,---,p;l=1,---,4) are the parameters

function, i.e.,
1—e7*
o(z)= .
(2) 1+4e*

The parameters of a NSS model can be updated by many optimization algorithms

(3.42)

that are usually used for neural networks. Here, an extended Kalman filter (EKF)-like

algorithm is used to update the parameters in M;(t) and My(t), respectively.

Kii(t) = Prg(t)Hua(t) [Hua(t)T Pra(t)Hya(t) + Rug(t)] (3.43)

Pii(t) = —BUK(EHT(E)PL(t) (3.44)

Wii(t) = BOK(8)#,(t) (3.45)
and

Kou(t) = Pog(t)Hos(t) [Has(t)T Pos(t)Haa(t) + Rou(t)] (3.46)

Poilt) = —BL) Ko i(t)Hy(t) Poslt) (3.47)

Wau(t) = B3 Koi(t)sau(t) (3.48)
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where K ;, Ky, € RP are the Kalman gain matrices, P, ;, Po; € RP*P are the covariance

matrix of the state estimation error, and H ;, Ha; € RP are defined as

0%y i(t
o = 2l (3.49)
oW1
O0fg (1)
Hy,(t) = 2 . 3.50
ut) = Ta (3.50)

The terms B&), Bfi), Bé,li), and Béi.) are four p x p diagonal coeflicient matrices
whose elements are positive update rates. The scalar R, ; and R, ; are the estimated
covariance of measurement noise. For single-input and single-output systems, R;;

and Ry; can be estimated in a similar way to that in [134], i.e.,

: 1.(t) — Ry(t
B = e“()t 1:(0) (3.51)

e%,i (t) — Rp(t)

Ry; = ; (3.52)

where ey,(t) = Z1,(t) — Mlyi(t), and eq;(t) = s2:(t) — Mgz(t)

The convergence of this EKF-like algorithm is analyzed in the following theorem.

Theorem 3.4 The parameter update algorithm (8.43) - (3.45) is convergent, provided

that Py ; s a positive definite matriz.
Proof: If P, () holds positive definite, the following inequality can be guaranteed,
Hlyi(t)Tpl’i(t)Hl’i(t) > 0. (353)

Since, for SISO systems, R ;(t) is the estimated variance of noise, it is nonnegative

for all time. Hence, with (3.53) we have
0 < Hyi(t) " Pri(t)Hii(t) < Hyi(8) Pri(8) Hyua(t) + Rua(t). (3.54)
Consider a positive Lyapunov function candidate:

V(t) = =2,(t). (3.55)
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The derivative of (3.55) with respect to time ¢ is

V(t) = %1314
021\ Wi,
B <6W1,,-> o
= _HLB@KI,@%J
= —H BOPH,[H P Hi, + R 3, (3.56)

Therefore, if P ;(t) remains positive definite for all time, then V(t) < 0, which implies

the state estimation error z;; will converge to zero. [ ]

In numerical computation, the guarantee of (3.53) for all time is not an easy
task. Usually, P ; and P; are set to large diagonal matrices, and R;; and Ry; are
set to small numbers in order to hold R;; > 0 and Ry; > 0, and to prevent the
denominators in (3.43) and (3.46) from being zero. Moreover, pre-training of the NSS

models is necessary in order to achieve satisfactory estimation accuracy.

3.5.2 Stability Analysis

In this section, we explore the stability of the proposed fault diagnosis scheme. Prior
to any fault, only the sliding mode observer works to estimate the state of the system.
Therefore, the dynamics of the state estimation error before the occurrence of any

fault are given by

Iy = 2y — gi(t)sign(l1a1) (3.57)
Ty = Audy+ Az +E&(z1,22) — &(&1,22) + 1(t) — g2(t)sign(Tas2). (3.58)
Regarding the stability of (3.57) and (3.58), we have the following theorem.

Theorem 3.5 If the system (8.1) satisfies Assumptions 3.1-3.4, and the following
inequalities are guaranteed

Amin(Q) > 2k2[[To| (3.59)

Amin(g1(2)) > |Z2]] (3.60)

Amin(92(8)) > Mo (3.61)
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where Q) is defined in Assumption 3.4, then the proposed observer can estimate the
states of the system in finite time, i.e., the state estimation error T(t) asymptotically

approach zero.

Proof: We first consider the dynamics of the output estimation error Z;, and design

a Lyapunov function as
Vi =%, (3.62)

where I'y was defined in Chapter 3.3.1.

Based on (3.57), computing the time derivative of V; with respect to time ¢t gives

‘./1 = ilTl"li:l + 57—1‘-1_‘11‘1?1
= (%, — gisign(T1%1)) 13 + 71 T1(Z2 — gisign(T171))
= 2T121) 2y — 2(I'12,) " g1sign(T1 7). (3.63)

By properly choosing ¢1(t) to satisfy Amin(g1(¢)) > ||Z2]|, we have V; < 0, which means

I reaches the sliding manifold in a finite time t,. Moreover, after t;, we have

sz = (g15ign(I'181))eq = T2
and the dynamics of the state estimation error Z, becomes
Ty = AgyZo + £(x1, T3) — E(Z1, Z2) + n(t) — ga(t)sign(Tods). (3.64)
Let us consider another Lyapunov function candidate:
Vy = &4 Doy (3.65)

where I's is defined in Assumption 3.4.
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The time derivative of V5 with respect to ¢ is
Vo = ZgDa%p + g a7
= &, Applads + T DAy

+2§5;—F2(§(.’L‘1, .'172) - 6(-%1’ -%2)) + zj;FQ(n(t) - QQSigH(FQ.’fQ))

<y (Apls + ToAg)Ta + 2||Z; [lITall (k1|21 ]| + k2|22l
+235 Da(1(t) — gosign(Tas))
= —&, QFs + 2ko||T2|||Zo]” + 2%, Ta(n(t) — gosign(Taiz))
< —pllZa|® + 22] Ta(n(t) — gosign(Tais)) (3.66)

where Aggfg +I'yA5 = —() is the Lyapunov function defined in Assumption 3.4, and
P = Amin(Q) — 2k2||T2||. Therefore, when the inequalities p = Apin(Q) — 2ks||T2|| > 0

and Apin(g2) > no are satisfied, then Z, goes to zero after finite time ¢ > ¢;. [ |

From the above proof, it is concluded that for a class of systems, if the switching
gains are properly chosen to guarantee (3.59) and (3.60), the proposed observer can
estimate their states in finite time. This result implies that both the state estimation
error and the output estimation error are zero or close to zero prior to the occurrence
of any fault, which means the threshold for fault detection can be very small.

After a state fault occurs, the estimation error would first deviate from zero be-
cause the fault works as a new unknown input to the system. However, due to the
compensation of the NSS models M, () and Ma(t), theoretically, the state estimation
error should return zero, if the NSS models can exactly specify the fault. In prac-
tice, due to the existence of fault estimation error, the state estimation error will not
exactly be zero, but it will remain within a small bound.

After the occurrence of a state fault, the dynamics of the estimation error become

5'51 = I3 — gi(t)sign(T'1s1) — Ml(Wla T1,t) (3.67)
Ty = AnZy + Apiy + E(x1, 10) — E(£1, 20) + 1(t) — golt)sign(Tass)
+fa(t) = My(Wa, ip, t). (3.68)

The stability of (3.67) and (3.68) is provided in the following theorem.
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Theorem 3.6 If system (3.1) satisfies Assumptions 3.1-8.4, the inequalities (3.59)-
(3.61) are all satisfied, and the following conditions (3.69) and (3.70) are both guar-

anteed

Amin(91(2)) > || @2/ + Oar, (3.69)
27 = KBTI, (3.70)

then the state estimation error Ty is uniformly bounded, where 8y, Z, Ko, B§2), and

['s are defined in the following proof.

Proof: We first consider the convergence of ;. From the above analysis, when
M, (t) is activated, Z; is already zero by using the sliding mode. Moreover, M, (t) is
initialized to be zero. Therefore, M, (t) can be assumed not to go to infinity in a finite
time. In another words, M, (t) is bounded by a finite number 8y, ; i.e., || My(£)|| < Sy,
within a finite time.

By still choosing the first Lyapunov function as V) = #] I'1Z;, and computing its

time derivative with respect to time ¢, we obtain

Vi(t) = z[1d + 2 [
= (%2 — gi(t)sign(T1s1) — Mi(t) T
+2] T (&2 — g1 (t)sign(Tys1) — My (t))
= 2([171)" (3, — M) — 2(T1%;) " g1 (t)sign(T12,). (3.71)
When we choose Anin(g1) > ||Z2|| + dar,, then Vl(t) < 0, which implies Z; converges
to the sliding manifold in a finite time.

Based on the universal nonlinear approximation ability of NSS models, (3.68) can

be rewritten as

Iy = AnZi+ ApZy + (21, 12) — £(Z), 22) +n(t) — ga(t)sign(I's2)
+M2(W2*aj2at) - MQ(W%j%t) +Ux(t) (372)

where v, (t) denotes a network approximation error defined as

Ua(t) = folt) — Ma(W3, 22, t). (3.73)
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The optimal parameter W3 is selected such that the Lo-norm distance between f,(¢)

and My(W}, Zo,t) is minimized. Note that the artificial parameter W} is only used
for the analysis and is not for the parameter design of the fault diagnosis scheme.

Assuming Mg,i(t) is a smooth function, we can formulate the sth NSS model as

OMs,

.
Mo (Way, %95,t) = Mai(Wy,, T24,t) + ( ) (Wa; — W35,) + Mg,i(WQ,ia T2, t)

2,1

= M2,i(W£i752,i,t) — Z]Wa, + Mgo,i(Wzi,W;i,@,i,t) (3.74)

where WQY,- = WQ*J- — Wgyi is the parameter estimation error vector, Mgi(Wgyi, T4, 1)
represents the higher order term of the Taylor series expansion of Mg,i(Wg‘i,jgvi,t)

with respect to Wy, and Z; € R? is the derivative of the ¢th NSS model output szi
with respect to its parameter vector Wz,i; ie., Z; = 2%2’

Based on (3.74), we have

My(W3, Zg,t) = My(Wy, E9,t) + ZT Wy — MI(Wa, Wi, &2, t) (3.75)

where ngi(Wz*,i,a?g,,-,t), My ; (W, n4,t), and Mgi(Wg,i, W3, Z24,t) are the ith ele-
ment of the vectors May(W3, Z,t), May(Wa, Zo,t) and MI(Wy, Wo, &,,t), respectively.
The matrix Z = diag{Z1,--- ,Z,} € RPxP and W, = [VV;:l, e ,W;p]T € R’

By substituting (3.75) into (3.72), we obtain

Ty = Ani+ Axnls+E(z1,72) — §(21, 22) + n(t) — g2(t)sign(L2s2)
+Z Wy + T () (3.76)
where T, (t) = v,(t) — M2 is comprised of a network approximation error and a higher

order term. Based on the properties of NSS models, ©,(t) is bounded by a finite

number.

Based on (3.48), we can obtain
Wy = —Wa = —BP Ky (3.77)

where BéQ) = diag{Bé?l), S ,Béi),} € ®P and K, = diag{Ka,, - , Ka,} € R

The second Lyapunov function is defined as

Vo = 23 Ty + Wy T W, (3.78)
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where ['s € R is also a symmetric positive definite matrix to be determined.

Based on (3.70), (3.76), and (3.77), the derivative of V, with respect to ¢ is

‘72 = .’f;r(A;;Fz + PQAQQ):EQ + 212';_F2(f(1'1, SL'Q) - 5(:%1, i‘g))
+2%, To(n(t) + 02(t) — g2(t)sign(TaZs)) + 225 1227 W,

—2i3 KJ BOTsW,
—pl|Z2||? + 225 Ta(n(t) — g2(t)sign(Ta2)) + 2/|Zo[|I T2 |52 ]
—pllZ2)1* = 2g3l|Z2 |2l + 2/ Tl Z2 ]| T2l (3.79)

where g3 > 0 is guaranteed by choosing Amin(g2(t)) > 7. If g3 > |||, then Vi < 0,
which means the approximation error is also eliminated by the sliding mode term,
and Zs can reach the sliding manifold in a finite time. If 0 < g3 < |o.||, (3.79) is

continuously written as

Ve < —pllal® + 201l - g5) IT: 22|
B T (L A A
p(laall = =)+ ; (3.80)

Therefore, when

2(]1Te || — g3)[IT]l
> ,

1Zall >

(3.81)

Vg < 0, which means Z, is uniformly bounded. |

Remark 3.4 The conditions (3.69) and (3.70) are sufficient conditions to guarantee
the boundedness of Zs theoretically. It is not easy to test (3.69) and (3.70). In prac-
tice, simulation results demonstrate that the fault diagnosis algorithm works well even

without checking these two conditions.

Remark 3.5 The above analysis guarantees uniform boundedness of the state estima-
tion error. If the NSS model M(t) can estimate the fault with certain accuracy, and
go 1s chosen large enough, then the estimation error asymptotically converges to zero.
Moreover, the performance of this fault diagnosis scheme can be improved by reduc-
ing the system uncertainties, properly increasing the switching gain g2, and carefully

selecting the online approzimator My(t).
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The proposed fault diagnosis scheme in Section 3.3.1 can be implemented using

the following algorithm:

Step 1: Initialize the diagnostic observer (3.6).

Step 2: Update sliding mode switching gain based on iterative learning algorithm
(3.12) or iterative fuzzy model (3.19).

Step 3: Start NSS model-based fault estimators M(t) at t = Tj,.

Step 4: Obtain Z(t) and s(t) based on system dynamics (3.1) and the observer
(3.6).

Step 5: Compare ||§(t)]| with a threshold e,.

Step 6: If ||g(¢)|| > e\, then fault occurs, and the parameters of the fault
estimator (3.41) are updated using EKF-like algorithms. Otherwise, no fault

occurs.

e Step 7: Use M(t) to isolate and estimate the fault.

3.5.3 Application to a Satellite Orbital System

In this section, the proposed robust fault diagnosis scheme is applied to a fourth-order

dynamic satellite system which has been described in [31]. The nominal model of the

system is

T=v r(0) =19
k
V=t —— = y(0)=0
. mr? - m (3.82)
¢=w #(0) =0
R . ) w(0) = wg
T mr

where m = 200kg is the mass of the satellite, (r,¢) are the polar coordinates of

the satellite, v is the radial speed, and w is the angular velocity. Control inputs

u; and wug are the radial and tangential thrust forces, respectively. The parameter

k = Kgm, where K = 3.986 x 10°km®/s? is derived from a parameter of the Earth
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(Mg = 5.974 x 10%*kg). The satellite is first observed in perigee, 375 km above the
surface of the Earth, resulting in 7o = Rg+375km (Rg = 6.378 x 103km). The initial

angular speed, wy, is computed using the orbital mechanics wy = \/ (€ortit + 1)K g /T3,

where egpi; = 0.162 is the eccentricity. The Cartesian coordinates of the satellite are
the measured variables; i.e., y; = rsin(¢), yo = rcos(¢). In order to compare the

results with those in [31], we use a similar local diffeomorphism in [135]; i.e.,

zy = rsin(¢)
29 = rcos(¢p)
z3 = wvsin(¢) + rwcos(p)

zg = wcos(¢p) — rwsin(g)

the system (3.82) is transformed into the form represented by

21 = 23
Z.Q = Z4
. —21 k U121 + Uzzs 1
Z3 = —_— Bl
3 (22 +22)32m (224 22)12m
. —2Z2 k Ui2Z9 — U9Zy 1
24 = — —
@ rm T (F+ ) m
Y1 = 21
Y2 = 22 (3.83)

where 2,(0) = 0, 22(0) = 79, 23(0) = rowo, and z,(0) = 0.

In the simulation, the mass of the satellite is assumed to be underestimated by
¢ = 3% (m* =m(1 —¢,),k* = k(1 —¢;)). The system (3.83) can be converted into a
state space model where (A, C) are given by

Q
fl

1 0 0 0
01 0 01}

o O O O

o o O O
o O O =
O O = O
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The nonlinear term £(z,u) is expressed as

0

0
Ezu)y=| ___ & K iz tusz, 1
(21 + 2322 mr (2] + 23)/2 m
Z2 k* ujzg —usz; 1
| (@ +22)Pmr (2R 4 25)2me

and the state uncertainty is represented by

[ 0 T
n(z,u,t) = _%(2 + ) 21 E Sz Wzt Up2e
(L+6)% (2 +23)32me me (2] + 25)1/?
(2 + ) Z2 kG umz —uez

(1 +6)? (2 +23)¥2m* m* (2 +23)1/2 |

where ¢, = 2% is a coefficient of the uncertainty. Thus, the dynamics of the state and

sensor uncertainties can be expressed as

.
N = [0, oL 0, —g—2 ] (3.84)
m* m*/’n
my = [srsin(p), grsin(p)]’ (3.85)
If we define z; = [21 2)" and 7, = [23 247, (3.83) can be represented in a

triangular input form as (3.1). Therefore, the proposed robust fault diagnosis scheme
can be applied to this dynamic system.

Based on (3.83), we design a diagnostic observer as follows,

zZy = 2:’3 + ai (t)sign(y1 - z}l) + Ml(t)
By = %+ go(t)sign(ys — fo) + Ma(t)

X —21 k U1731 +UQ£’2 1 N ~

= TEm ez, Tz t t)) + Ms(t
& (324 22)32m + (G212 2m + g3(t)sign(ss(t)) + Ms(t)
A "22 k ’U,lég — ’U,221 1 . ~

= i oz, t 1)) + My(t
= (22 4 22)3/2m + (224212 + g4(t)sign(s4(t)) + My(2)

~ ~

n = =

Yo = 2o (3.86)
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where 2,(0) = —0.1, 22(0) = ro — 0.5, 25(0) = 7owp + 0.25, and 2,(0) = 0.01. The
equivalent estimation error ss(t), s4(t) are computed according to the anti-peaking
structure (3.7), and M, (t) ~ Mj(t) are four neural state space models. In order to
demonstrate the performance of this robust fault diagnosis scheme, a single incipient
fault, a single abrupt fault, and multiple faults are tested. The possible faults could
be system component faults, actuator faults or a combination of them. Here, in fault
detection and isolation, we indicate the occurrence of faults and determine which state
channel is faulty. Locating the faulty variable or actuator needs further work.

Example 1-Single incipient fault: Consider an incipient state fault fé‘o’)(t) which

occurs in the third state

9@ = o -2)( - 11sin(5))

where 3(t — T,) is the time profile function defined in Chapter 3.3.1.

In this example, the switching gain of the sliding mode term is updated using an
iterative learning algorithm and an iterative fuzzy model.

Case 1-Adaptive switching gain using an iterative learning algorithm: The initial
switching gains of the four sliding mode terms are g;(0) = 5, g2(0) = 5, ¢g3(0) = 60, and
94(0) = 60. The learning coefficient matrix ® = diag{1073,107%,107>,5x 1073} when
the gains increase, and ® = diag{1072,85,7 x 1075,0.14} when the gains decrease.
Figure 3.2 compares the outputs of the nominal system with those of the faulty system.
Under system uncertainties and state faults, the practical system output deviate from
the output of the nominal system.

Figure 3.3 shows the dynamics of the system states and observer states, (The vari-
ables x5 and x4 are shown for the sake of illustration and discussion. They may not
be available for measurement in practical situations). Clearly under the performance
of a sliding mode, the system states can be observed in a small period of time. More-
over, after I, reaches the sliding manifold, the second observer state, £, begins to
approach the actual state .

Figure 3.4 portrays the evolution of the adaptive switching gains. The gains are
kept steady after the state estimation errors reach the sliding manifold because we

desire to keep the switching gain under control and not allow it to become large. A
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over-large gain could counteract the effect of the fault.

Figure 3.5 depicts the norm of the output estimation error, which can be uged to
detect the occurrence of faults. From the figure, as a fault appears, the norm of the
output estimation error immediately exceeds a threshold, which successfully indicates
the onset of the fault. However, selection of the diagnostic threshold depends on the
magnitude of the fault; that is, larger faults result in bigger differences between the
output and its estimation. Hence, (3.11) may fail to work in real applications due to
the presence of uncertainty.

Figure 3.6 illustrates the characteristics of the fault function and output of the
neural state space models. When an incipient fault occurs, both of the two NSS models
in the state dynamics generate nonzero signals, which, with a proper threshold, can
be used to indicate the occurrence of the fault. However, only the NSS model that
corresponds to the faulty state specifies the dynamics of the fault, and the output of
the NSS models associated with other healthy states returns back to zero or close to
zero. Therefore, this robust fault diagnosis scheme is useful for fault isolation and

estimation of single incipient fault.

Nominal output 1 Yo and practical output 1 Y,
50

== Y
40+

12 s

30 =

(km)

20

) L ) . . L L ; L
[} 05 1 15 2 25 3 35 4 45 5
Time (hr)

Nominal output 2 Yoz and practical output 2 Y,
6753 T

6752981
675296

§, 6752.941

675292

- Y2

675291

Y2
T

6752.88 L T L L " . . L
o 05 1 1.5 2 25 3 35 4 45 5
Time (hr)

Figure 3.2: Nominal system output and faulty system output for case 1 of Example 1
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Table 3.2: Values of switching gain ®7

1,8

g\ On. Py Pvm Pns DPps Doy ®pp Spp,
0 -16  -14 -1.1 -07 1078 3x107% 6x10% 1077
92 10 -7 25 -1.3 107° 5x107° 7x10"° 1078
g3 -141 -13 -12 -10 5x 1072 107 5x 1071 107
g4 07 -05 -03 -01 7x107° 1074 3x107* 1073

Actual state 1 z, and observer state 1 Z, Actual state 2 z, and observer state 2 z,

1 6753.1

08 6753}~ —-

6752.9

- 0.4 — 6752.8 -z
£ £ :
= 02 < 67527 Zn2
0 6752.6
-0.2 67525
-0.4 6752.4
0 002 004 006 008 01 0 0.1 02 0.3 0.4
Time (hr) Time (hr)
Actual state 3 z, and observer state 3 z. Actual state 4 z, and observer state 4 .,
86 0.02
-z - -2
3 4
0.015
85 Zna e
0.01
ﬁ 0.005
=
0
-0.005
8.2 -0.01
[} 0.1 0.2 03 0 0.1 0.2 0.3 04
Time (hr) Time (hr)

Figure 3.3: System states and observer states for case 1 of Example 1

Case 2-Adaptive switching gain using an iterative fuzzy model: The characteristics
of the system and the fault is set to be the same as those in case 1. The only
difference is that the switching gain is updated using the iterative fuzzy model which
was introduced in Section 3.3.4. The initial gain matrix is still set to diag{5, 5, 60, 60}.
We use the functions in Figure 3.1 as the fuzzification membership functions, where
the coordinates on the z-axis are set to [-0.1, -0.05, -0.01, -0.002, 0, 0.002, 0.01,
0.05, 0.1]. The crisp rule consequent of @71 in the fuzzy rule base is set in Table 3.2.

Figure 3.7 shows the time-behavior of the switching gains in the four sliding mode

terms. Clearly, the sliding mode using an iterative fuzzy model to update the switching
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Switching gain g, (1) Switching gain gz(t)
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Figure 3.4: Four sliding mode switching gains updated using the iterative learning

algorithm for case 1 of Example 1
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Figure 3.5: Norm of output estimation

error for case 1 of Example 1
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Fault characteristics and NSS model output 3
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Figure 3.6: Incipient state fault 3 and the NSS model output 3 and 4 for case 1 of
Example 1

gains takes less time to reach the sliding manifold than the sliding mode using the
iterative learning method. This feature is expected because the update law using a
fuzzy model is equivalent to a varying-coefficient proportional-type controller, while
the update law using the learning algorithm is equivalent to a traditional constant-
coefficient proportional-type controller.

In Figure 3.8, the NSS models also indicate the occurrence of the fault, and the
NSS model corresponding to the faulty state estimates the fault successfully.

Example 2-Single abrupt fault: Unlike incipient faults, an abrupt fault may cause

great change in the structure and/or parameters of the system in a very short time.
Here, we consider the case of an abrupt fault f{" (t) = —1 x B(t — 2.5), which is
assumed to occur in the fourth state at ¢ = 2.5 hour. The initial estimation errors
and uncertainties are set to be the same as those in Example 1; therefore, the sliding
mode term is the same. The switching gain is updated using the iterative fuzzy
model. Figure 3.9 shows the characteristics of the fault and the outputs of two NSS

models. From this figure, when an abrupt fault occurs, both of the two NSS models
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Figure 3.7: Four adaptive switching gains updated using the iterative fuzzy model for
case 2 of Example 1
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Figure 3.8: Fault 3 and the NSS model output 3 and 4 for case 2 of Example 1
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generate a large amount of chattering. Then, only the NSS model associated with
the faulty state specifies the fault, while the outputs of the NSS models associated
with the healthy states return zero or stay close to zero. When the fault changes so
abruptly that the NSS models can not update their parameters in a timely manner
to approximate the fault, and signum functions are used, the transient process with

chattering in the fault estimation signal occurs.
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Figure 3.9: Abrupt fault 4 and the corresponding NSS model output 3 and 4 in
Example 2

Example 3-Multiple faults: We now consider the effectiveness of this FD scheme

for multiple faults. An incipient fault £3°) (t) = —1 x B(t — 2) and an abrupt fault

fD) = Bt —2) x (0.9 sin(2nt) cos(27t) + 0.8 sin(z;—t) cos(%t) +0.7 sin(%t) cos(%))

occur simultaneously in the third and fourth states, respectively. The diagnostic re-
sults are shown in Figure 3.10, where the NSS models in the third and fourth state
demonstrate the characteristics of the two faults, respectively. Although some chat-

tering occurs in the early phase of fault approximation, the NSS models successfully
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Characteristics of fault 3 and NSS model output 3
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Figure 3.10: Abrupt fault 3, incipient fault 4 and the corresponding NSS model output
3 and 4 in Example 3

estimate the faults shortly after. Therefore, the proposed fault diagnosis scheme is

also effective for multiple faults.

3.6 Fault Isolation and Estimation Using Iterative

Learning Estimators

3.6.1 Design of PID-type Iterative Learning Fault Estimators

In this section, a bank of PID-type iterative learning estimators is proposed to diag-
nose faults. The advantage of this kind of estimator is its parameters are updated in
the iteration domain such that the overshoot and transient process of fault estimation
can be reduced or even eliminated. Here, M (t) = [M;1(t),--- , My,(t)]" € RP repre-
sents a bank of PID-type iterative learning estimators associated with Z;, and M, (t) =
(Mo (t), - - ,Mz,p(t)]T € R? denotes another bank of PID-type iterative learning esti-

mators associated with Z,. At each time ¢, the estimators Mi’j, (i=1,2;7=1,...,p)
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are iteratively updated according to the following rule [136]:

(0
Mi)j(t) - K- El lwl](t)z ( T) (387)

Zzlw ()

where K is the gain, w ( ),({l = 1,---,3) are the three parameters of the (z,j)th

observer input, and 7 is the sampling time interval in the iteration domain. Three

external inputs of M, ;(t) are chosen as

1
Zz(])(t) = Si‘j(t)

220 = 2t — M) (3.88)
) = ML) =200 - 20— 1)
If we define
K (1) K (2) K (3)
I/V”(t) . (E)) = (E)) = ((l))
Zl 1% j (t) le (t) Zz 1Wij (t)
and

then ]\Zfi‘j( t) = WT( )zi(t—T).
The following adaptive law is used to update the parameters of (3.87):

AWy;(t) = Wi(t) = Wi,(t —7)

alcfci,j (t)Zi’j(t - ’T)
oz + 21t — T)zi;(t — )

(3.89)

where o is the learning rate and as is a small positive number used to prevent the
denominator becoming zero.
The proposed fault diagnosis scheme in Section 3.6.1 can be implemented using

the following algorithm:
e Step 1: Initialize the diagnostic observer (3.6).

e Step 2: Update sliding mode switching gain based on an iterative learning al-
gorithm (3.12) or an iterative fuzzy model (3.19).
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Step 3: Start PID-type iterative learning fault estimators M; ;(t) at t = T,

Step 4: Obtain Z;(t) and s»(t) based on system dynamics (3.1) and the observer
(3.6).

Step 5: Compare ||g(t)|| with a threshold €.

Step 6: If ||g(t)]| > e, then fault occurs, and the parameters of the fault estima-
tors (3.87) are updated using PID-type iterative learning algorithms. Otherwise,

no fault occurs.

Step 7: Use M, ;(t) to isolate and estimate the fault.

3.6.2 Stability Analysis

In this section, stability of the proposed fault diagnosis scheme using PID-type itera-
tive learning estimators is explored. Prior to any fault, the stability of the estimation
error dynamics can be investigated in the same way as that in Section 3.5.2.

Firstly, after the occurrence of a state fault, the estimation error deviates from zero
firstly, because the fault works as a new unknown input to the system. However, due
to the compensation of the observer input M (t), theoretically, the state estimation
error should return to zero if M(t) exactly specifies the fault. In practice, due to the
existence of fault estimation error, the state estimation error remains within a small

bound. This property is shown in the following theorem.

Theorem 3.7 If conditions (3.59)-(3.61) and the following equality and inequality
are both satisfied,

Amin(g1) > ||%2]| + 6an, (3.90)
D27, (t—7) = Zy(t—71)T3 (3.91)

where Zy and Zy are defined later, then the state estimation error I, is uniformly

bounded.
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Proof: The boundedness of z; is proved using the same method in Theorem 3.6.
Then, we consider the stability of Z5.

The structure of the PID-type iterative learning estimator is similar to that of
the radial basis function (RBF) networks. Although only three inputs exist, and the
output of the estimator is a linear combination of the inputs, the PID-type iterative
learning estimator only needs to approximate a constant value in the iteration domain
at each sampling time. Therefore, due to the approximation ability of RBF networks,
it is reasonable to assume that the fault function f,(t) can be approximated by the

PID-type iterative learning estimator as
fat) = May(W3 1) + v, (3.92)

where v, denotes the network approximation error. The optimal parameter W5 is
selected such that the L, norm distance between f,(t) and My(Wy,t) is minimized.
Note that the artificial parameter Wy is only used for theoretical analysis and is not
for the estimator design.

Based on (3.89), we have

Mo(Wi,t) = My(Wa, t) + Z5 (t — 7)Wo (3.93)
where Z, = diag{zy1(t —7), -+, za,(t — 7)} € RP*P W, = [W{l, e ,ng]T € R,
and WQ = WQ* — WQ.
Substituting (3.92) and (3.93) into (3.68), we obtain

Ty = Anii+ Anis + {(x1, 22) — E(Z1, Z2) + n(t) — g2(t)sign(Tes2)

+Z) (t — 7)Wa + vg. (3.94)
Based on (3.89), we have
: AW,
Wiy ~ S
Y At

. O(l.’fiyj (t)zi,j(t — 7')
T or(aet 2t — Tzt — 7)) (3.95)

Hence,

WQ = —W
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where

C¥1Z2,1(t —7)
(g + 25, (t = 7) 222 (t — 7))

0[12271)(25 - T)
| T(ay + 2,(t = T)22p(t — 7)) |

The second Lyapunov function is still defined as
Vo = &) Doty + W, T's W, (3.97)

where I'; € RP**P” is also a symmetric positive definite matrix to be determined.
Based on (3.91), (3.94) and (3.96), the derivative of V, with respect to t is

Vo = &4 (AL +TaAgn)Zs + 22 Do(E(zy, z2) — (21, £2))
+225 a(n(t) + ve(t) — g2(t)sign(T2%2))
+235 T9Zy (t — T)Wo — 224 Z, (t — T)TsWy
—pl|Z2)|* + 223 Ta(n(t) — g2(t)sign(T2Z2)) + 2[|Za || [Tzl |vs
—pl|Z2ll* = 293l @2 IT2l + 2l|ve || Z2]}IT2l (3.98)

where g3 > 0 is guaranteed by choosing Amin(g2(t)) > no. If g5 > ||v.||, then Vy < 0,
which means the approximation error is also eliminated by the sliding mode, and %,
can reach the sliding manifold in a finite time. If 0 < g3 < ||v.||, (3.98) is continuously

written as

Voo < —pl|Z2]l* + 2(|fvell — g3) T2l |12
- el —gs zll 93 4 Uloall = ga)*IIT2[1*
= —pllz r
(ol — S =2y ) el

(3.99)

Therefore, when

2(Jlvll = gs)lIT|

122l =
P

(3.100)

then ‘/2 < 0, which means %, is uniformly bounded. |
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Remark 3.6 Theorem 3.7 guarantees the uniform boundedness of the state estima-
tion error. If (3.90) and (3.91) are satisfied, and g,(t) and go(t) are properly updated,
then the estimation error converges to zero in a finite time. Moreover, the performance
of this fault diagnosis scheme can be improved by properly choosing the switching gains,

and carefully designing the online estimators.

3.6.3 Application for a Flexible Satellite Control System

In this section, the dynamics of a satellite with flexible appendages is first presented.
Then, the proposed fault diagnosis scheme is tested on this flexible satellite.

The model of a flexible satellite is composed of a rigid central hub, which repre-
sents the satellite body, and two flexible appendages, which are usually solar arrays,
antennas, or any other flexible structures. The satellite is assumed to maneuver in
a circular orbit. A series of axes has been defined in [137] when deriving the motion

equation of this satellite:

X, Y., Z, — Axes of right-handed coordinate frame,
X0, Yy, Zy — Axes of an inertial frame,

X, Y, Z, — Axes of an orbital frame.

When the satellite is slewed around the axis Z,, which is normal to the orbital
plane, the flexible appendages are deformed. We assume that the appendages suffer
elastic transverse bending only in the orbital plane X, — Y. In [137], considering
the configuration of the satellite, assuming that the pitch maneuver excites the two
flexible appendages anti-symmetrically is reasonable.

The governing equations of the satellite motion were developed via the Lagrangian
procedure. The spatial discretization method was used to derive a group of ordinary
differential equations to describe the motion of the satellite, although the vibration
of the appendages can be described by partial differential equations. As a result, the
appendage deflections, which are strictly confined in the orbital plane, are expressed
in terms of a set of admissible or shape functions as

N

5 t) =Y Wil — r)pilt) (3.101)

=1
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where p;(t) are the generalized coordinates associated with these functions, [ is the
distance from a point on the appendage to the center of the hub, and r is the radius of
the hub. Here, we assume that N modes are sufficient for the computation of elastic
deformation. W; are the shape functions that satisfy the geometric and physical
boundary conditions. The shape functions are given in [137] as

U;(l—-r) = 1-cos (@) + %(—1)"+1 (”(ZT‘T))Z (3.102)

where L is the length of the appendage.
The formulation of the governing equations of this kind of spacecraft is discussed
in [138] and is expressed as
[J+2Jy + pTMppr + m;/[)_pp + 2(770 + WO)pTMppp

. 1
+3wg sin(2¢)[J; — —pTMppp] + 3w; cos(2w)m3/:pp =,

2
.. -3 i ]
MpppT -+ mwpw + 5003 Sln(2¢)m¢p + Cppp
+[Kpp — (%% + 2¢wo + 3wj sin® ) Mpplp = 0 (3.103)

where ¢ is the pitch angle, p = [p1,--- ,pn]' is the vector of the generalized coor-

dinates of the appendage flexibility , wg is the orbital rate, J and J; are the mass
moments of inertia of the central hub and each appendage, respectively, u; is the

control torque, and My, myp, Cpp and K, are the following modal integrals:
r+L
Mppli; = 2/ U,(1—r)¥;(l —r)dl
’ r+L
[m¢p]i’j = 27‘/ l\Ill(l - ’f')dl
rT—f-L
Conlis =2 [ CI¥/(1 =)W1= 1)
TT+L
[Kpplij = 2/ EIV{(l — )Vl —r)dl (3.104)

where U = (8%, /81?), C and E are the damping coefficient and modulus of elasticity

of the appendages, and I is the sectional area moment of inertia with respect to the

appendage bending axis.
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When satellite maneuvers are relatively fast, the nonlinear terms associated with
the pitch angle ¥ will dominate over the terms associated with the flexibility gen-
eralized coordinates, p. Hence, the quadratic terms, p'M,,p and pTMppp can be

neglected and resulting in simplified motion equations,
my, Mg p 0 Cpp P
0 0 h
+ V(M) M (3.105)
0 Kpp P 0 h2

i = J+24
hy = —3w2Jysin(29) — 3w? cos(2z/))m$pp

where

hy = (% + 29wy + 3wg sin® )M, p — §w§ sin 2¢myp.

When we choose the state vector to be z = [¢, p, ¥, p|T and the output vector
to be y = [, p]T, the above equations can be written into a form similar to (3.1).
So, the proposed fault diagnosis scheme in this section can be applied to the satellite
with flexible appendages.

The simulation for the fault diagnosis in system (3.105) is presented here. The
satellite is assumed to maneuver in a circular orbit at an altitude of 400 km. The
nominal parameters of this satellite are listed in Table 3.3. In the simulation, because
the system has only one control torque, u;, we consider the case when a single actuator
fault occurs at the 8th second. An incipient fault and an abrupt fault are tested. The

fault functions are described as
FO(t) = B(t — 8)(0.4sin(2mt/2) + 0.5sin(2nt/4) + 0.6sin(27¢/8))  (3.106)
and
ft) = -p(t—8) (3.107)

The system dynamics are assumed to be subject to disturbances and measurement

noises. In simulation, the disturbance in the control torque is set to be a random
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Table 3.3: Nominal parameters of the satellite with flexible appendages
Parameters Values (unit)
Moment of inertia of central hub J 3972 (kg m?)
Moment of inertia of appendage J; 500 (kg m?)
Appendage structural damping CI 545 (kg m*/s)

Appendage stiffness ET 1500 (kg m*/s)
Appendage length L 30 (m)
Appendage radius r 1 (m)

Orbital rate wy 0.0047 (rad/s)
Number of coordinates N 5

signal with a maximum magnitude 0.05, and the measurement noises are set to be
random signals with maximum magnitude 0.5%.

Moreover, this FD scheme can be easily extended to the case of multiple state
faults. The state is divided into four parts: T = [z, %21, ", ToN, T3, a1, * ,TanN]
and only z; and z3;, ...,z N are measurable. Correspondingly, a group of observer
inputs are constructed as M = [My, My, -+ , Moy, M, My, , My n]™.

In the simulation design, the gain of the PID-type iterative learning estimator is
set to K = 1. The initial values of the external inputs are all set to 0.5. Simulation
results are shown from Figure 3.11 to Figure 3.14. Several conclusions can be derived
from these figures. Firstly, system performance deteriorates when an actuator fault
occurs. Secondly, prior to the onset of any fault, the sliding mode works to reduce
the estimation error close to zero, which illustrates that the proposed fault diagnosis
scheme is robust to system uncertainties with certain magnitudes. Thirdly, whether
an incipient fault or an abrupt fault occurs in a state channel, the corresponding
observer input can characterize the fault with satisfactory accuracy in the presence
of uncertainties and measurement noises. Other fault estimators still remain zero or
close to zero, which implies this FD scheme is able to locate and estimate the actuator
fault effectively. However, large magnitude of measurement noises impact the fault
estimation performance and probably fail the fault diagnosis scheme. Therefore, the
parameters of the sliding mode and fault estimators need to be adjusted carefully,

and filters are necessary in some cases.
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3.7 Conclusions

In this chapter, a unified framework of robust fault diagnosis schemes using sliding
mode and learning approaches was proposed for a class of nonlinear systems, which
has, or can be transformed into, a triangular input form. In this class of FD schemes,
the purpose of the sliding mode is only to deal with the effect of system uncertainties,
where the sliding mode with an adaptive switching gain helps to distinguish the fault
from other unknown inputs. The adaptive switching gain is updated using an iterative
learning algorithm followed by an iterative fuzzy model. The robustness with respect
to uncertainties and the sensitivity to faults were rigorously analyzed thereafter. After
the state estimation errors are stabilized by the sliding mode, two kinds of online fault
estimators were respectively designed to specify the faults. One fault estimator is
based on neural state space models, and the other uses an iterative learning algorithm.
The stability of these two observer-based fault diagnosis schemes were investigated.
To exemplify the theoretical results, the proposed robust fault diagnosis schemes
using sliding mode and learning approaches were applied to a satellite orbital control
system and a flexible satellite control system. The simulation results illustrate that
the proposed fault diagnosis schemes can successfully detect, isolate, and estimate a
single abrupt/incipient fault as well as multiple faults.

Although the studied robust fault diagnosis schemes are feasible for a class of
nonlinear systems with triangular input form, some typical satellite control systems
can not be classified into this family; e.g., the satellite attitude control systems in
Chapter 2. Therefore, other types of fault diagnosis schemes should be designed

based on the different dynamics of the satellite control systems.
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Figure 3.11: Nominal system output, actual system output and observer output when

an incipient state fault occurs at the 8th second
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Figure 3.12: Actual states and estimated states using the proposed diagnostic observer
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Chapter 4

Fault Diagnosis Using High Order
Sliding Mode Differentiators and

Learning Approaches

In this chapter, a class of nonlinear systems is studied where the unmeasurable sys-
tem state can be described as a nonlinear function of the system output and its
derivatives. Correspondingly, fault diagnosis schemes using high order sliding mode
differentiators (HOSMDs) and two learning approaches are proposed for this class of

nonlinear systems.

4.1 Introduction

In Chapter 3, a unified framework of fault detection, isolation, and estimation schemes
using sliding mode and learning approaches was proposed for a class of nonlinear sys-
tems which have, or can be transformed into, a triangular input form. The proposed
fault diagnosis strategies have been successfully applied to some satellite control sys-
tems, such as satellite orbital control systems and flexible satellite control systems.
Unfortunately, some typical satellite attitude control systems cannot be formulated
in this way.

Through studying the dynamics of a typical satellite attitude control system, we

91
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can easily see that the three unmeasurable angular velocities can be represented by
nonlinear functions of Euler angles and their derivatives with respect to time. This
feature implies that if we can obtain the exact derivatives of the measurable Euler
angles, the angular velocities can be precisely estimated. Additionally, according to
previous research [139], the accurate information of all the state variables of the system
being studied is helpful for designing algorithms to diagnose faults in system compo-
nents and/or actuators. Therefore, the method for obtaining the exact derivatives of
the system output becomes a primary task.

Exact differentiators have been studied for several years. For a dynamic system
with a finite relative degree more than one, the system is invertible if the exact
derivatives of the state and output are available. The invertibility of a control system
makes the controller design easier. As a result, various exact differentiators were
designed by many researchers; e.g., algebraic differentiators [140], high order sliding
mode differentiators [83], [84], [85]. These differentiators have been used in the design
of fault diagnosis schemes [87], [141]. Among these exact differentiators, HOSMDs
are distinguished from others since it can ensure the best-possible error asymptotic
order when the input noise is a measurable (Lebesgue) bounded function of time.

Moreover, although neural networks have powerful nonlinear approximation abil-
ities, for a specific problem, ad hoc neural networks models should be designed. For
example, a variety of neural networks based models with different adaptive laws were
proposed to design state observers for different kinds of systems; e.g., [37], [38], [39],
[40], [41], [42], [43]. Moreover, the last chapter shows that recurrent neural networks
and iterative learning estimators are both successful for fault isolation and estimation.
If these two techniques can be combined, the performance of the designed fault diag-
nosis scheme is expected to be better. Actually, similar strategies have been used in
controller designs, such as single neuron PSD control [136], [142], and neural network
direct control [143].

In this chapter, the advantages of high order sliding mode differentiators, neural
networks, and iterative learning algorithms are integrated. The purpose of the HOS-

MDs is to obtain an exact derivative of the system output, which will be used to
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estimate the unmeasurable state of the system. Then, diagnostic observers using neu-
ral adaptive estimators and iterative neuron PID estimators are proposed respectively.
After that, for the purpose of demonstrating their performance, these two kinds of
diagnostic observers are applied to a satellite attitude control system and a satellite
system with large angle maneuver, respectively.

The remaining parts of this chapter are organized as follows. In Section 4.2, the
system under study is described mathematically, and some necessary assumptions are
given. In Section 4.3, the high order sliding mode differentiators are introduced and
their properties that were provided in [84] are briefly reviewed. In Section 4.4, the
fault diagnosis scheme using HOSMDs and neural adaptive estimators is proposed
and applied to the satellite attitude control system studied in Chapter 2. Then, in
Section 4.5, the fault diagnosis scheme using HOSMDs and the iterative neuron PID
estimators is discussed and applied to a large angle satellite attitude control system.

Finally, conclusions are presented.

4.2 Problem Formulation

The class of nonlinear dynamic systems with modeling uncertainties and additive

state faults is presented as

.’i’Jl = h(Il,CEz) (41)

Ty = f(z1,72) + Bu(t) +n(t) + B — Tf) fu(?) (4.2)

Iy == hf(.’tl, I]) (43)

y = (4.4)

where ; € R", z = [z],24]" is the vector of the system state, u(t) = [u, -+, Um|"

and y(t) are the system input and output vectors. Function vectors f(z;,zs) =
[fi(z1,22),- -+, falz1,22)]" and h(z1,x2) = [ha(Z1, T2), - -, hn(Z1,22)]" describe the
system state and output dynamics, respectively, n(t) = [m(t), -+ ,7.(t)]" denotes
the uncertainty vector, and f,(t) = | ), 1 (t)]" is the fault function vector.

Moreover, B € R™*™ is the control matrix, and, in (4.3), h' is a pseudo-inverse
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function of (4.1), which implies the state x5 can be described as a nonlinear function
of the system output and its derivative. The time profile function 5(¢) is the same as
that in Chapter 3.

For the sake of designing and analyzing the actuator fault diagnosis scheme con-

veniently, the following assumptions are introduced.
Assumption 4.1 All the functions in f(z,,x2) and h(z;, zo) are known.
Assumption 4.2 The state function f(z(t)) is differentiable at o, which is

)
A(t) = 'a_i

where A(t) is an n x n matrix. So, the following equation is derived through a series

=%

expansion of f(x) at Z,.

f(:El, x2) - f(.’El, Ci'g) = A(t)ig(t) + f(l‘l, To, i'Q) (45)

where £(z1, o, £2) = o(||Z2(t)]]), which contains the nonlinear high-order term of the

state estimation error Za(t) = zo(t) — Z2(t).

Assumption 4.3 The nonlinear component &(x;, z5) is Lipschitz at Z, with a known

constant k¢; that is

16y, 22) = £(y, 22)|| < kel — 22| (4.6)

Assumption 4.4 Matrix A is stable, which implies a symmetric positive definite

maftrix I'; exists such that
AT +T1A=-Q (4.7)

where @ is also a positive definite matrix. Even if the matrix A is unstable, we can

stabilize the linear part of the system by using a Luenberger gain.

Assumption 4.5 The minimum and maximum eigenvalues of the symmetric positive

definite matrix I'y in Assumption 4.4 are (; and (3, which satisfy
0<G <[l < ¢ (4.8)

The purpose of this study is to design an actuator fault detection, isolation, and

estimation scheme for system (4.1)-(4.4) under Assumption 4.1-4.5.
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4.3 High Order Sliding Mode Differentiators

From system (4.1)-(4.4), the relative degree from the input, u, to the output, y, is
more than one. When f(z,,z2) and h(z,,x3) are general nonlinear functions, the
observer design for (4.1) and (4.2) becomes a challenging task if high order sliding
mode techniques are not used.

Equations (4.3) and (4.4) indicate that the unmeasurable state z, can be repre-
sented as a nonlinear function of the system output and its derivative. Therefore, if
we can obtain the derivatives of y, the state z, can be estimated using (4.3) and (4.4).

In this chapter, second order or third order sliding mode differentiators [83] are
used to obtain the first and second order derivatives of y, which are formulated as

follows:

1. Second Order Sliding Mode Differentiator

20 = Vo

vw = —Xolzo —y|¥*sign(z0 — y) + 21

1 = v

v = —Ai|z— voll/zsign(zl —vg) + 29

Zy = —MXgsign(za — v1). (4.9)

2. Third Order Sliding Mode Differentiator

2o = g

vw = —Xolzo — Y|’ *sign(zo — y) + =
T = 0

v = —Mi|z1 — vo|¥3sign(z1 — vo) + 22
Z9 = Vg

ve = —Aglzp — ’U1|1/28ign(22 —vy) + 23

23 = ~)\33ign(23—v2) (410)
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where A9, A1, A2, and A3 are diagonal positive coefficient matrices, and for a vector
=1, -, T, |2|7/%sign(z) is defined as [|z,|"/92sign(z1), - - I:z:n|‘71/qzsign(acn)]T

The parameters of the differentiator can be easily adjusted because the estimation
accuracy is not very sensitive to their values. However, a tradeoff exists: the larger
the parameters, the faster the convergence and the higher sensitivity to input noises
and the sampling interval.

It has been proved that if no measurement noise exists and all the coefficients are
chosen properly, then, within a finite time, both the 2nd-order and 3rd-order sliding

mode differentiators can guarantee
=Y 2= =7 (4.11)

If measurement noise exists with a magnitude less than ¢, and all the coefficients

are chosen properly, the high order sliding mode differentiators can ensure

|z — y(i)] < e/ =010 0

¥

”Uz’ _ y(i+1)| < Vie(n—i)/(n+1), i=0,1,---,n—1 (4.12)

where pu; and v; are positive constants which are only dependent on the parameters
of the differentiators [85].

4.4 Fault Diagnosis Using HOSMDs and Neural
Adaptive Estimators

4.4.1 Diagnostic Neural Adaptive Observer Design

A neural adaptive observer which is used to diagnose faults is designed as follows,

To = f(y,&2) + Bu+ B(t — Tn)Ma(t), 2(0) = z2p(0)
zop = h'(y,9p) (4.13)

where Zo € R”" is the estimated state, yp is the first-order derivative of y computed

via the high order sliding mode differentiators, and xsp is the calculated state using
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y and yp. If the high order sliding mode differentiators can exactly compute the
derivative of y, then zop is completely equal to z,. Moreover, we assume that the
neural adaptive estimator M,(t) is activated after all the states are estimated via
HOSMDs, but before the occurrence of any fault. This assumption guarantees the
performance of the neural adaptive estimators.

In addition, M, (t), the diagnostic observer input, is described as

Ma,;(t) = Wi (8)o (Vi () (1)) (4.14)

where Mgd is the jth element of My, W; and V; = [Vj 1, -+ , Vjpiq] are the parameters
of ngj, and 7 denotes the time delay. The activation function is still a tangent

hyperbolic function. The external input I;(t) is defined as
Li(t) = [Ma;(t = 7),-- , Mot — pr), Zap(t — 7),--- ,E2p,(t —q7)]T  (4.15)

where Zop ; is the jth element of Zop, which is defined as Zop = z3p — £2. Suitable
p and ¢ are selected based on the time delay of practical systems and real time
requirement. Large values of p and ¢ may take more computational time and cause
unnecessary delay.

Similar to neural state space models, the parameters of the neural adaptive esti-
mators can be updated using a variety of optimization algorithms. Here, in order to

achieve a fast convergence rate, the EKF-like algorithm is used as follows:

K;(t) = P(t)H;(0)[H] PH; + Rj]™ (4.16)

Pi(t) = —Bi;K;(t)H] (t)P;(t) (4.17)

i(t) = BoyK;(t)E[Z2p,;(t)] (4.18)
where the parameter vector is defined as

0;(t) = [W;(), Via, -+ Vipsd T (4.19)

and the dead-zone operator Z[] is defined to be

a@mun—{iwﬂﬂ i)z (4.20

a 0 if |Zap,;(8)] < &
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where ¢; is a threshold for robust fault diagnosis.

The dead-zone operator assures that the parameter adaptation is insensitive to
fault estimation errors under a certain magnitude, allowing the fault diagnosis scheme
to be robust with respect to system uncertainties.

When the exact derivative of y is available using the high order sliding mode
differentiators, the dynamics of the unmeasurable state estimation error is obtained

by subtracting (4.13) from (4.1), resulting in

T2 = T2p

= f(y,220) — f(y, 32) +1(t) + B(t = Tp) falt) = B(t — Trn) Ma(t). (4.21)

The proposed fault diagnosis scheme using HOSMDs and neural adaptive estima-

tors is implemented using the following algorithm:

e Step 1: Based on (4.1) - (4.4), obtain the first order derivative of system output
y using HOSMDs (4.9) or (4.10).

e Step 2: Design a neural adaptive observer based on (4.13) and (4.14).

e Step 3: If all states are estimated by HOSMDs, then activate the neural adaptive
estimator (4.14) at t = T,,. Otherwise, MQJ-(t) = 0 and goes to Step 1.

e Step 4: Update the parameters of the neural adaptive estimator using an EKF-

like algorithm.
e Step 5: Compare M, (t) with a predetermined threshold to detect fault.

e Step 6: Use My ;(t) to isolate and estimate fault.

4.4.2 Property Analysis

In this section, the convergence property of the observer input Mz(t) is first investi-

gated. Then, the stability of the proposed fault diagnosis scheme is analyzed.
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Based on (4.14), the jth neural adaptive estimator Ma; can be rewritten as

14 q
ngj(t) == Wj(t)O' < Z V},ng‘j(t — ZT) + Z ‘/j1p+ij2D7j(t - ZT)) . (422)

i=1 i=1
If the time ¢ is denoted as t = k7, and we set the time delay as one, then (4.22) is

expressed as

M, ;(k+1) = W;o ( zp: Vi j(k —i+1) + Bj(k)> (4.23)

i=1
where Bj(k) = Y1, V;pyiapj(k — % + 1) is the bias.
We define a vector z = [z(k),-- -, 2,(k)]T, where z(k) = My ;(k —i + 1), for
t=1,---,p as a new state vector of the observer input. Hence, (4.23) can be written

as

Zl(k + 1) = WjO’ < i \/j’izi(k) + B](k)> . (424)

Let 2* = [21,-- , z;] be the equilibrium point of (4.24), which is well known to
satisfy z(k + 1) = 2(k) = 2z*, k = 0,1,2,---. Due to the recursive property of the

state z, clearly the equilibrium equation can be represented by

p
Z; = WjO’(Z V}JZ;‘ + BJ) (425)

and 2} =25 =,--- ,= 2

Lemma 1 The system z(k + 1) = ®x(k) is asymptotically stable if and only if all

the eigenvalues of ® are located within the unit circle of the complex plane [144].

A theorem regarding the stability of the equilibrium point of (4.24) is presented

as follows.

Theorem 4.1 The equilibrium point z* of (4.24) is asymptotically stable if the abso-
lute value of W; - A - 370 |V is less than one, where A is of the following form:

1 p
A=cl1-0® < > Viaz + Bj) : (4.26)
=1
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Proof: Taking an approximation of z;(k + 1) around the equilibrium point z} by

means of Taylor series, we have
p
a(k+1) = W]U(Z Viszi(k) + Bj>
i=1

P p
~ WjO’(Z ‘/]’,iz: + B]> + W]’ -A- Z V}’i(zl - ZI) (427)

i=1 i=1

The first order derivative of z;(k + 1) evaluated at the equilibrium point 2} is
W, -A-3P V.. The value of A is within the interval (0, 1/2). Therefore, the
equilibrium point z* is asymptotically stable if the absolute value of W;-A-37_ V};
is less than one. [ |

Remark 4.1 For a healthy system with an ideal observer, Ty is supposed to approach
zero. As a result, Mz(t) becomes an autonomous system, and Mz(t) s asymptotically
stable to the equilibrium point zero. When a fault occurs, B; in (4.24), which contains
T2, is not longer zero. The value of W;-A-3>"0_| Vi, is modified to satisfy the Theorem

4.1. The observer input My will be asymptotically stable to the nonzero fault function.

After investigating the properties of the neural adaptive estimators, we study
the stability of the neural adaptive observer based fault diagnosis scheme using a
Lyapunov approach.

Based on the fundamental approximation theory, the fault function can be ap-
proximated by (4.22) in a compact set, provided f,(t) is a smooth function of the
system states. Therefore, if the structure and parameters of the neural adaptive esti-
mators are carefully adjusted, a bank of neural adaptive estimators exists that is able

to approximate the fault function with sufficient accuracy; i.e.,
max || fo (2o, t) — Ma(t)|| < 65, (4.28)
Regarding the boundedness of 5, we have the following theorem.

Theorem 4.2 Consider the nonlinear dynamics (4.1)-(4.4) under Assumptions 4.1-
4.5, and the proposed neural adaptive observer (4.13), when the high order sliding
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mode differentiators work well, and the neural adaptive estimators are carefully tuned,

then the state estimation error Zo is bounded by a ball with radius b, i.e.,
1Z2]] < = =0b. (4.29)
Proof: Consider a Lyapunov function candidate
V(t) = 2, (H)[132(t) (4.30)

where ['; is defined in Assumption 4.4.
Based on Assumption 4.1-4.5, and the estimation error dynamics (4.21) after the

occurrence of any fault, the derivative of V(¢) with respect to time ¢ is

V(t) = &301&2+ 3] T1d
= &5 (A'Ty +T14)Zs + 22, T1(E(y, 72) — £(y, £2))
+22] Tin(t) + 225 T1(fa(t) — Ma(t))
< =min(@)1E2]? + 2kel|Z2 |11l + 20/l Z2IT1 1l + 28|22 [IT i
= —pi|lZal + 292
,)/2

CE=) (431)
= — || —— ) +— .
. ? 4] 41

where p; = Apin(@), and v = ||T'1||(ke + 1o + 65).
The inequality (4.31) implies that if ||Zz]| > ill then V is negative and &, is
uniformly bounded. [ |

4.4.3 Application to a Satellite Attitude Control System

In this section, the proposed fault diagnosis scheme using high order sliding mode dif-
ferentiators and neural adaptive estimators is applied to the satellite attitude control
system, which has been studied in Section 2.6.

The dynamics of the satellite attitude control system is given in Section 2.6. A
third order sliding mode differentiator is used to obtain the derivatives of the three

angles. In order to guarantee the performance of the HOSMD, the sampling time
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interval is set to 5 x 10™%. The coefficients in the HOSMD are set to g = A} = Ay =
Az = 40.

The jth neural adaptive estimator is selected to be

3
Mgvj(t) = Wj(t)O" ( Z V}'yng’j(t - ZT) + %,45321)’]'(2& - T)) (432)
i=1

where the delays p = 3 and ¢ = 1 are chosen based on a trial-and-error method.
The initial values of the parameters in the EKF algorithm are set to P;(0) = 1001,
and R;(0) = 2 x 1075, The neural adaptive estimators are pre-trained before being
used for fault isolation and estimation. In the simulation, M, (t) is not activated until

t = 7.5sec, and we assume a fault exists in the third actuator; i.e.,
3 (t) = —3.26(t — 10) sin((¢t — 10)/0.35) (4.33)

The control torque is assumed to be subject to disturbance by ¢, = 1% * rand; i.e.,
T4 = syu, while the Euler angles have measurement noise with ¢, = 0.5% * rand; i.e.,
Omeasure = (1 + <,)0, where rand is still a Gaussian white noise.

The simulation results are shown in Figure 4.1 to 4.3. Figure 4.1 and Figure 4.2
demonstrate the system states can be accurately estimated by using third order sliding
mode differentiators, no matter if the system is healthy or faulty. Figure 4.3 illustrates
that if the threshold for fault diagnosis is set to £0.5, only the output of the third
estimator is out of the threshold after the 10th second and the others are not. The
activation of the fault estimator causes a large magnitude of chattering. That is due to
the transient learning process of neural adaptive estimators. The appearance of peaks
in the fault estimation is because corrupting measurement noise is introduced into
the HOSMDs, and the system itself is sensitive to modeling uncertainties. Detailed
discussion and methods attenuating the coupling peaks can be found in [87]. This
result implies the observer inputs can effectively detect and isolate the fault if a proper
threshold is chosen. Moreover, only the estimator Mg’g(t) can characterize the fault

with a satisfactory performance.
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Figure 4.1: Actual states and estimated states using third order sliding mode differ-
entiators
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Figure 4.3: Characteristics of the fault fCSB)(t) and neural adaptive estimators

4.5 Fault Diagnosis Using HOSMDs and Iterative
Neuron PID Estimators

In previous chapters, fault estimators based on neural networks and iterative learning
algorithm were designed. Although the PID-type iterative learning fault estimator is
able to reduce the overshoot and eliminate the transient-time process in fault estima-
tion, it may take too much time in the iterative learning process because the PID-type
iterative learning fault estimator is a linear combination of three inputs. Moreover,
the nonlinear activation functions in neural networks allow the neural networks to
approximate nonlinear functions. Therefore, inspired by this principle, an iterative

neuron PID fault estimator is proposed in this section.

4.5.1 Iterative Neuron PID Fault Observer Design

The structure of the fault diagnostic observer is the same as (4.13), and the only

difference is the observer input Ma(t), which is defined as the fault estimator. We
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assume the fault diagnosis algorithm is implemented using computers. Hence, at each

sampling time of ¢, My(t) is iteratively updated in an iteration domain; i.e.,

Moslk+1) = Vo(k) + Walk)o (Vi ()2 (k)

Vi (k)2ia(k) + Vis(k)z:5(k)) (4.34)
where k is the index of the iterative learning domain, W;, V;, for i = 1,--- | n,
and j = 1,---,3 are the parameters of the estimator, and o(-) is still the tangent

hyperbolic function. Defining e;(k) = Zop,; — Mu(k), we design the external inputs
of Mgﬂ'(k + ].) to be

Zi,l(k) = e,-(k)
Ziyg(k) = Ae,(k) = ei(k) - el(k — 1) (435)
zi3(k) = AZei(k) = ei(k) — 2e;(k— 1) + e;(k — 2)

The parameters to be updated are formulated in a vector form as
0i(k) = [Wi(k), Via(k), Via(k), Via(k)]". (4.36)

To update the parameters of this fault estimator, four update laws are designed and
analyzed, respectively.
Algorithm 1: Robust gradient descent algorithm (RGDA)-The robust gradient de

scent algorithm is designed as

where H;(k) is the derivative of My (k) with respect to ;(k). The positive scalar -,
is the learning rate, which balances the convergence speed. The dead-zone operator
=[] is defined as

e;(k if le; (k)| > €;
where ¢; is a threshold for robust fault diagnosis. The dead-zone operator guaran-
tees that the parameter updating is insensitive to estimation error under a certain

magnitude, which realizes robustness with respect to system uncertainties.
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The convergence of the proposed robust gradient descent algorithm is analyzed by

considering a cost function as
J(0:(k)) = =eZ(k). (4.39)

The purpose of the parameter updating law is to decrease the cost function J(6;(k)),
that is,
AJ(0;(k)) = J(0;(k+ 1)) — J(8;(k)) < 0. (4.40)

Based on the first-order Taylor series expansion of J(6;(k+1)) around 6;(k) and using
(4.37), we have

JO(k+1)) = J(O:(k) + A0i(k))
~  J(0:(k)) + VJI(8;) T A8 (k)
= J(0:(k)) — Hi(k)" es(k)A0i(K)
= J(0:(k)) — %l Hi(k)|*es(k)=ei (k)] (4.41)

where VJ(6;) is the gradient of J(6;) at 6;(k). When le;(k)| > e, J(O:i(k + 1)) <
J(0;(k)), which implies the parameter updating process is convergent. When |e;(k)| <
€;, AJ(0;(k)) = 0, and the parameters stop updating, which shows the robustness of
the algorithm.

The convergence rate of the gradient descent algorithm is inherently slow, espe-
cially when the fixed learning rate is not properly chosen. Therefore, an adaptive law
with a time-varying learning rate is used.

Algorithm 2: Robust extended Kalman filter algorithm—The robust EKF algorithm

is formulated in a discrete-time form as

Ki(k) = P(k)H:(R)[H:(k) " Pi(k)Hi(k) + Ri(k)]™
P(k+1) = P(k) - K(k)Hi(k) (k)
bk +1) = 6,(k) + Ki(k)E[ei k)] (4.42)

where K;(k) is the Kalman gain, P;(k) is the covariance matrix of the state estimation
error, H;(k) is still the derivative of My (k) with respect to 6;(k), and R;(k) is the



Chapter 4. Fault Diagnosis Using HOSMDs and Learning Approaches 107

noise covariance matrix. =[-] is the robust operator described in (4.37). According to

[134], R;(k) is recursively computed via
Ri(k) = Ri(k — 1) + [es(k)? = Rilk — 1)]/k (4.43)
Convergence of the EKF algorithm is investigated in previous section.

Remark 4.2 Both the robust gradient descent algorithm and the robust EKF algo-
rithm belong to optimization algorithms, and their convergence properties can be an-
alyzed using the same cost function. In these two algorithms, A6;(k) are both propor-
tional to the fault estimation error e;(k). However, the learning rate of the gradient
descent algorithm is a pre-determined number, y;, while the learning rate of the EKF
algorithm is an iteration-varying term, P;(k){H;(k)" P,(k)H;(k)+ R;(k)]~1, which leads
to a faster convergence process. The local convergence of RGDA can be guaranteed
rigorously, while the convergence of EKF algorithm is harder to analyze. Chapter

(3.5.1) provides a method to investigate the convergence of EKF algorithm.

Algorithm 3: Robust iterative learning algorithm (RILA) 1-A robust iterative learn-

ing algorithm is proposed to update each parameter respectively; that is

) = Wi(k) + do=[ei(k)]

(k+1) = Via(k) + diE[zi1(k))
) Via(k) + do=[2i2(k)]
) = Vis(k) + dsZ[zi3(k)]

(4.44)

where dy ~ ds are the iterative learning rates.

Algorithm 4: Robust iterative learning algorithm (RILA) 2-Another robust iter-

ative learning algorithm is proposed by considering the directions of the parameters

variation; that is

(k+1) = Wi(k) + do|=[es(k)]|sign(ei(k))sign(ei(k — 1))

Viilk+1) = Vii(k) + di|Z[zi1(k)]|sign(zia(k))sign(zi1(k — 1))
Vialk +1) = Via(k) + da|E[2i0(k)]|sign(zi2(k))sign(zi2(k — 1))
Vis(k+1) = Vis(k) + ds|Z[zi,3(k)]|sign(zi3(k))sign(zis(k — 1))

(4.45)
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Defining a vector S;(k) = [e;(k), zi1(k), z:i2(k), z:3(k)]" and the coefficient matrix
D = diag{do, d1, ds,ds}, (4.45) can be formulated into a vector form as

Hi’kﬂ = Hi,k + DlE[Sz,k“ . sz’gn(Si,k) . sz'gn(Si,k_l) (446)

@

where the dot multiplication operator represents the product of the corresponding

element in two vectors. The sign function and dead-zone operator, Z[-], operate on
each element of a vector. For simplicity of expression, the iteration index k is written
as a subscript.

The convergence of RILA 2 is investigated in the following theorem, and the

convergence of RILA 1 can be similarly derived.

Theorem 4.3 The robust iterative learning algorithm (4.45) is convergent, if the
inequality (4.51) is satisfied.

Proof: When the parameters are updated, we assume an optimal parameter 8} exists
which enables the observer input to precisely characterize the fault. Subtracting both
sides of (4.46) from 6} yields

Aei,k—{-l = Aei,k — Dlsz,kl . sz'gn(Si,k) . sz'gn(S,-,k_l) (447)

where Af; , = 07 — 0; . Doing inner product of both sides of (4.47) with themselves

via D71, we have

A0 DT A = 0], D704 + |5 DS k]
~2A92k|5i,k| - stgn(Sik) - sign(S; k—1)- (4.48)

Integrating (4.48) over the time interval [0, ¢] results in

”Aoi,k+l”2p—l = HAQ,}C“% 1+ Hslk“%)

—2/ A6 TSik(T)| - sign(Sik) - sign(S; k—1)dT

t
= AG B+ (ISl 2 / AGT (ISl dr  (4.49)
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where || - ||p-1 is a functional norm defined as
|AG; el -1 = /0 t A6 (T)D ™ A6, g (7)dr. (4.50)
If a positive constant « exists such that
/0 AGT(7)Sip(r)r > 1o /O ' ST(T)DSin(r)dr
= 2220Sul, (451)

then,

1AGikrllp- < NAGiklD-r + 1Sirllp — (1 + @)lISillp
= [|Abikllp-1 — allSikllp- (4.52)

Inequality (4.52) shows that the sequence {||Ab; || p-1 } monotonously decreases as the
iteration number k increases, as long as ||S; x||p is nonzero. The monotonous decrease
of {||Af; x||p-1} implies ||S;kllp — 0 as k — oo, since {||Af; x||p-1} is bounded from
below. [

Remark 4.3 RILA 1 only uses S; at the kth iteration to update the parameters, while
RILA 2 considers the values of S; at both the kth and (k — 1)th iterations. RILA 2
is inspired by the adaptation law in [124]. The difference is that the adaptation coef-
ficients in RILA 2 are iteration-varying instead of constant values. This modification

will accelerate the convergence process.

Remark 4.4 Both RGDA and EKF algorithm need to calculate the derivative H;(k),
where the computational complexity is determined by the structure of the fault es-
timators. RILA 2, though avoids the calculation of derivatives, has to call signum
functions, and more memories are needed to store variables at previous iterations.
The learning rates in RILA 1 and RILA 2 need to be carefully selected using a trial-

and-error method, in order to guarantee a fast convergence of the estimation error.

The proposed fault diagnosis scheme using HOSMDs and iterative Neuron PID
estimators is implemented using the following algorithm:
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e Step 1: Based on (4.1) - (4.4), obtain the first order derivative of system output
y using HOSMDs (4.9) or (4.10).

e Step 2: Design an iterative neuron PID observer based on (4.13) and (4.34).

e Step 3: If all states are estimated by HOSMDs, then activate the INPID esti-
mator (4.34) at t = T,. Otherwise, My, (k) = 0 and goes to Step 1.

e Step 4: Update the parameters of the INPID fault estimator using either of the
four algorithms (4.37), (4.42), (4.44), and (4.45).

e Step 5: Compare My (k) with a predetermined threshold to detect fault.

o Step 6: Use My;(k) to isolate and estimate fault.

4.5.2 Application to a Large Angle Satellite Control System

In this section, the proposed fault diagnosis scheme is applied to a satellite with
large angle attitude maneuvers [145], [146], [147]. The dynamics of the satellite are

described as follows:

Juo = —S(w)Jyw + Ty + Byu (4.53)

where w = w1, wy, w3]' is the angular velocity. Jys is the symmetric moment of the

inertia matrix:
Jl 1 - J12 - ']13

Ju = | —Jig Joz —J23
—Jiz  —Jas J33
with J;; being the moment of inertia along the ith axis. Ty is the disturbance torque

input, and u = [u; us u3 uy]" is the control input. Bj is the control matrix as follows,

-5 B B b
By = ~B ~ B2 B2 Ba
—Bs  Bs Bz —Ds

2d1 d2 dg

d /
where ,61 = DO )\, ﬂg = d2 — Fl)\, ﬂ3 = dl + —Dil)\, and DO = d% +d% The
0

0
satellite parameters used in the simulation are listed in Table 4.1.
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Table 4.1: Parameters of a large angle satellite

Parameters Values (unit)
Moment of inertia Jy; 5.5384 (kg m?)
Moment of inertia Jo 0.0276 (kg m?)
Moment of inertia Jy3 0.0242 (kg m?)
Moment of inertia Joo 5.6001 (kg m?)
Moment of inertia Jog 0.0244 (kg m?)
Moment of inertia J33 4.2382 (kg m?)

Angle canted from x-axis A 5 (deg)
Distance from center of mass [ 0.5 (m)
Geometric parameter 1 d; 0.1 (m)
Geometric parameter 2 dy 0.2 (m)

The skew symmetric matrix S(w) is

0 —W3 w2
Sw)=| ws 0 —uw
—Wa wh 0

Quaternions were invented as a result of searching for hypercomplex numbers that
could be represented by points in three dimensional space. Quaternions have no
inherent geometric singularity as do Euler angles. Moreover, quaternions are well
suitable for realtime computation since only products and no trigonometric relations
exist in the quaternion kinematic differential equations. Thus, spacecraft orientation
is now commonly presented in terms of quaternions. The kinematics of the satellite

is written as

. 1

4 = 3 (al+S@)w
A

qs = 5(1 w

where q = [q1 g2 ¢3]" and g4 are the quaternions of the satellite, which satisfy q'q +

(4.54)

g =1.

Defining the state vector as z = [q"

rized by combining (4.53) and (4.54) as

qq w']", the attitude dynamics is summa-

& = flz)+ B@)u+ g(x)Ty (4.55)
vy = lq & @ @' (4.56)
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where
1
5{aaw + S(q)w) 0 0
f(q7 q4, w) = ——-;—un) , B = 0 91 = 0
T S(w) yw Ji By Vv

-1

Wy U —q G q1
wy | =2 @3 @ —q g2 | - (4.57)
w3 —@ @ q3

Therefore, (4.55) - (4.57) belong to the class of nonlinear systems (4.1)-(4.4).

Using (4.57) and third order sliding mode differentiators, we can estimate the
system unmeasurable state w. Then, an iterative neuron PID diagnostic observer is
designed according to (4.34).

In the simulation, we assume the system is subject to random uncertainties 0.03 *
rand. The system output is assumed to be subject to random noises with ¢ = 0.2% x
rand; i.e., Ymeasure = Y(1+¢), where rand is a Gaussian white noise signal. Four cases
are considered to verify the performance of the proposed fault diagnosis scheme. In
these four cases, the upper bound of the dead-zone operator is set to ¢; = 0.005.

Case 1: Single incipient fault fél)(t) with RILA 2-An incipient fault f&" (t) is as-

sumed to occur in the dynamics of state wy; i.e.,

f(t) = 38(t — 4) sin(27t/4). (4.58)

Case 2: Single incipient fault £ (t) with RILA 1-An incipient fault f(§2)(t) is as-

sumed to occur in the dynamics of state wy; i.e.,

f2(t) = —2.56(t — 4) sin(27t/2). (4.59)

Case 3: Single incipient constant fault f§3) (t) with EKF algorithm-An incipient fault

féB)(t) is assumed to occur in the dynamics of state ws; i.e.,

FO(t) = 2.868(t — 4)(1 — exp(—(t — 4)/0.2)). (4.60)
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Case 4: Multiple faults f&* (t) with RGDA-An incipient fault £ (t) and an abrupt

constant fault ff’) (t) are assumed to occur in the dynamics of state ws and ws, re-

spectively; i.e.,

A% = B(t—4)(~ 0.75sin(2mt/4) — 0.8sin(27t/2) — 0.9sin(2nt)) (4.61)
fO®) = 2.58(t—5)(1 — exp(—(t — 5)/0.2)). (4.62)

The simulation results for these four cases are shown from Figure 4.4 to Figure
4.12. Figures 4.4, 4.7, 4.9 and 4.11 show that the system output will deviate from
their normal values when a fault or faults occur. Figure 4.5 demonstrates that the
unmeasurable states w; ~ w3 can be accurately estimated by using third order sliding
mode differentiators and system dynamics. Figure 4.6, 4.8, 4.10, 4.12 characterize
the faults and outputs of the three INPID fault estimators using the four parameter
update algorithms, respectively. If we choose the threshold for fault detection to be
+0.5, after the system states are estimated via the HOSMDs, robust fault detection
can be successfully achieved. The spikes in the output of the fault estimators prior to
the onset of any fault can be explained by the estimation errors caused by the HOS-
MDs and the parameter update algorithms. Moreover, after a fault occurs, only the
estimator that corresponds to the faulty state specifies the fault, and other estimators
remain zero or close to zero. Comparing the proposed four robust parameter update
algorithms, though different algorithms are tested using different cases, their estima-.
tion performances are similar. In-depth investigation of the computational complexity
and real-time issues of these algorithms needs further work. These simulation results
demonstrate that the proposed fault diagnosis scheme can successfully isolate and

estimate a single fault as well as multiple faults.

4.6 Conclusions

In this chapter, a fault diagnosis scheme using high order sliding mode differentiators
and learning approaches was investigated in a class of nonlinear systems, where the
system state were represented by a nonlinear function of the system output and its

derivatives. Through HOSMDs, the system state was estimated, and then a diagnostic
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observer was designed using the obtained state information and learning approaches.
A neural adaptive observer and an iterative neuron PID observer were developed
to isolate and estimate the faults. After theoretical analysis, the proposed two fault
diagnosis observers were applied to a satellite attitude control system and a large angle
satellite control system, respectively. The simulation results showed the effectiveness
of the proposed fault diagnosis schemes.

A HOSMDs-based fault diagnostic observer offers a new way to diagnose faults,
which is different from traditional observer-based approaches. Its strength lies in its
capability to deal with difficult cases where traditional observer-based fault diagnosis
schemes might fail [148], [149]. The relationship between the traditional observer-
based approaches and the method in this chapter needs further exploration.

The necessity of using high order sliding mode differentiators is a limitation when
the measurement noise is present. Therefore, designing new input/output relation
based fault diagnosis schemes, which do not depend on high order derivatives of the

output, is a topic of future research.
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Chapter 5

Fault Diagnosis Using Second

Order Sliding Mode and Wavelet
Networks

In this chapter, a robust fault diagnosis scheme which synthesizes the techniques of
second order sliding mode and wavelet networks is proposed for a class of nonlinear

systems.

5.1 Introduction

In Chapter 3, a framework for designing robust fault diagnosis schemes using sliding
mode and learning approaches was proposed, where the sliding mode eliminates the
effect of uncertainties and approximation errors on state estimation and additional
online estimators are used to characterize various faults. Although online fault es-
timators based on neural networks and an iterative learning algorithm were studied
in previous chapters, for a specific problem, an ad hoc fault estimator is preferred in
order to simplify the algorithm and satisfy the real-time computation requirements.
Due to its inherent robustness to system uncertainties, generic sliding mode has
been used in the design of fault diagnostic observers, where the sliding mode restrains

the state estimation error within a small bound around zero prior to the occurrence

119
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of faults in the presence of system uncertainties and approximation errors.

In addition to first order sliding mode, high order sliding mode techniques have
also been studied and used for system observation by many researchers. For example,
the super-twisting algorithm provides the best possible asymptotic accuracy of the
derivative estimation at each sampling time [73], [74], [113], [114], [116], [66]. In
summary, the existing high order sliding mode observers hold the following attractive
features: 1) Robustness with respect to unknown inputs, 2) The possibility to use
the equivalent output injection to identify the unknown inputs, 3) Observation of
unmeasurable states without low-pass filtering, and 4) Finite-time convergence for
the systems with an arbitrary relative degree. Last but not least, a high order sliding
mode can reduce, or even avoid, chattering if the parameters are carefully selected.

Based on the advantages mentioned above, high order sliding mode has been used
in model-based fault diagnosis in recent years; e.g., [50], [26], [149], [87]. One fault
diagnosis scheme using high order sliding mode observers is to reconstruct faults by
appropriately manipulating the equivalent output injection signal. Through direct
reconstruction, short-term faults quickly distinguish themselves, and detection and
isolation are easily implemented. This approach is feasible for a class of nonlinear
systems with a relative degree more than one, which is not applicable for many tra-
ditional observers. Another possible approach is to design an observer in such a way
that the sliding motion is destroyed in the presence of faults. In this case, online
estimators are needed to characterize the faults.

Moreover, inspired by feed-forward neural networks and wavelet decomposition
theory, a new type of network, named wavelet network, was proposed a few years
ago [88]. Wavelet networks preserve the universal approximation ability and have
an explicit link between the network coefficients and some appropriate transforms.
These two distinguishing properties guarantee that wavelet networks can be treated
as an alternative to neural networks in nonlinear function approximation. Moreover,
wavelet networks have been used to identify and classify signal features to diagnose
faults [150].

This chapter establishes a nonlinear observer for the robust fault diagnosis in a

class of nonlinear systems, which was studied in Chapter 3. The diagnostic observer
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has the following characteristics: 1) The second order sliding mode algorithm is uti-
lized to observe the system state in the presence of system uncertainties. This strategy
prevents parameter drifting during the fault estimation caused by uncertainties and
approximation errors. 2) The wavelet networks can obtain the same approximation
accuracy as traditional neural networks with a simpler structure [88], [151], which
simplifies the procedure of choosing online fault estimators. The observer is designed
such that the sliding motion is destroyed when a fault occurs. Thereafter, wavelet
networks based estimators are adopted to isolate and identify the fault. The theoret-
ical analysis is verified by applying the proposed FD scheme to a multiple satellite
formation flying system.

The remaining part of this chapter is organized as follows. Section 5.2 presents
a mathematical description of the system to be studied. In Section 5.3 and 5.4, a
nonlinear diagnostic observer is designed using second order sliding mode and wavelet
networks. After theoretically analyzing the convergence of the diagnostic second or-
der sliding mode observer, the proposed fault diagnosis scheme is applied to a mul-
tiple satellite formation flying system. Section 5.5 gives some simulation results that

demonstrate the performance of the proposed robust fault diagnosis scheme.

5.2 Problem Formulation

The class of nonlinear dynamic systems in this chapter is described in the state space

form as

.'tl = Iy
Ty = f(t,z,u)+&(t, z,u)+ Bt — Tf) falt, z,u)
y = 0 (5.1)

where = = [r1, 73] is the state vector. The nominal system dynamics are represented
by the function f(¢,z1,xs,u), the internal uncertainties are denoted by the term
E(t, xy, o, u), and fo(t, 1, xe, u) describes the dynamics of the process faults, which

are defined as additive actuator faults and/or component faults. The time profile
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function (¢t —TY) is still a step function, which is 1 when ¢ > T, otherwise, it is zero.
Ty is the beginning time of the faults.

The solutions to (5.1) are understood in Filippov’s sense. We assume that the sys-
tem dynamics function f(¢,z,u) and the uncertainty function £(¢, z, u) are Lebesgue-
measurable in any compact region of z. Another two assumptions are introduced for

designing and analyzing the observer.
Assumption 5.1 Two positive constants k; and k, exist such that

|f(t,$1,.’l,'2,'ll«) _f(t7:%17§:2’u)l S k1|$1 —ill (52)

df(t7$17$2au) - df(ta -,i‘lai'27u)
dt

< kalzy — 2o| (5.3)

Assumption 5.2 The uncertainty function (¢, z, u) satisfies

€t z, )] < €F (5.4)
\————dﬁ(tc’lf’u) | < ot (5.5)

where 7 and 6 are two positive numbers.

The task of this work is to develop a finite-time convergent observer for fault
detection, isolation, and estimation of the system (5.1) where only output y(t) is
measurable. The relative degree from u to y is two. For the sake of simplicity,
only the scalar case x1, xo € R is considered. The vector case can be analyzed by

constructing a bank of observers in parallel for each component of x in the same way.
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5.3 Diagnostic Observer Design Using Second Or-
der Sliding Mode

5.3.1 Second Order Sliding Mode Observer

Based on the system dynamics (5.1), a nonlinear observer is proposed as follows:

Ty = o+ 2, £1(0) = 2
532 = f(t7 flyimu) +z2+ﬂ(t~Tm)M2(t), 532(0) =0
Yy o= I (5.6)

where Z; and Z, are the estimated states, z; and z, are the correction variables, and
My(t) is a vector of online estimators used to characterize the process faults. Wavelet
networks based fault estimators are discussed in detail in Section 5.4. The term T},
is the beginning time that enables the wavelet networks. In order to investigate the
properties of the sliding mode and the online estimators more clearly, we assume that
T, < T, < Ty, where T, is the time when state z, is observed by the second order
sliding mode. Hence, the online fault estimation does not intervene with the state
observation using the second order sliding mode.

The correction variables z; and z; are expressed as

21 = A1|;‘51|1/fsign(:il) + v (57)
v = asign(d)
and .
29 = 0 1ff17é0,5€17é0
= Ao|z1|Y%sign(z)) +ve ifZ; =0,and & =0 (5.8)
U2 = sign(z;)

where T = z; — 27 and T = x5 — Iy are denoted as the state estimation errors, and

“sign” is the signum function.

Remark 5.1 In the above second-order sliding mode observer, we use an anti-peaking
structure [115], [66], where &1 and I, reach the sliding manifold one by one in a

recursive way; that is, T, reaches the manifold before Z,.
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Considering the system dynamics before Z; reaches the sliding manifold, we have

i‘l = .’ig — )\1[£1|1/28ign(i1) — U
’l)l = alsign(il)
Ty = F(t,xy, %1, 2o, 9,u) (5.9)

where F () = f(t,z1,z2,u) — f(t, 21, T2, u) + &(¢, 21, 22, u). Based on Assumption 5.1

and 5.2, we have

|F(t,:c1,:%1,x2,i2,u)[ < k1‘1'1 —.’i‘l|+f+ (510)
dF(t z L
( ,xl’zc;t’ ZEQ,CEQ,’U) < k2|x2 _ j?l + 554— (511)

for any possible ¢, x1, 21, =5, T2, and u.

5.3.2 Convergence Analysis

The convergence property of a super-twisting second order sliding mode observer has
been provided by Davila et al. [74], where the function F'(¢, z1, Z1, 22, T2, u) is bounded
by a constant f*. Here, we are ready to use a similar approach to investigate the
convergence of the proposed second-order sliding mode observer (5.6)-(5.8), where
function F'(-) only satisfies conditions (5.10) and (5.11).

Theorem 5.1 The first variable pairs (&1, Z1) converge to (z1, &1) in finite time, if
condition (5.10) holds for system (5.1) and the parameters of the observer (5.7) are

selected according to the following criteria:

oy > k‘li‘lM + §+ or oy >/ kli'lo +f+ (512)

40[1
A > — 5.13
YT V- (5:13)

where T,,, and T,, are defined later.
M 0
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e e

Figure 5.1: The boundedness curve for the finite time convergence of z;

Proof: From (5.9) and (5.10), the state estimation errors, Z; and Z,, satisfy the

following differential inclusion:

5"1 - Cz'g - A1|1~:1|1/2sign(§c1) — Vi
01 = aisign(Z;)
Ty € [“kilE| - €N ki|E] + €] (5.14)

Here and in the following part of this chapter, all differential inclusions are defined
in the Filippov sense. Using the identity d|z|/dt = & sign(z), we obtain the derivative
of #; with Z; # 0 as

T € [~ki|31| — €T k|E] + €] - /\1 — asign(Z,) (5.15)

B |1/2
The inclusion (5.15) is a mathematical description of the boundedness curve drawn in
Figure 5.1. Since the initial observer states are set to (Z1,Z2) = (z1,0), the trajectory
enters the half-plane £; > 0 with a positive initial value 5:10 = I, and the half-plane
Z; < 0 with a negative value of Z,.

In quadrant 1 (#; > 0,Z; > 0), the trajectory is confined between the axis z; = 0,

Z1 = 0, and the trajectory of the equation Z; = ki, — of, where o) = a; — &, We
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define 510 as the intersection of this curve with the axis Z; = 0, and we let z,,, be
the intersection of this curve with the axis z; = 0. Solving the differential equation
Iy = ki — oy, we obtain a general solution as

3}

.’fl = Clemt + Cge—mt + 2
1

(5.16)

where C; and C5 are two coeflicients to be determined.
Setting the time from (0, Z,) to (%1,,,0) be tys, we have the following four bound-

ary conditions:

£, = CiVkie'®0 - Cy/hemVPw
= Vki(Ci - ) (5.17)

i1, = Civke'™v — Cy\/kie VRitm — ¢ (5.18)
1, = 01+CQ+%—1 =0 (5.19)
1
/
Fi, = CreVRiv 4 CyeVRitm % (5.20)
1
where to = 0 is the initial time.
From (5.17) and (5.19), we obtain
1 $;1 o
o = (2 -2) 5.21
1 9 \/El— kl ( )
1/4df ."1‘31
C, = —=(B+R) 5.22
2 2\ k; \/k_l ( )
and from (5.18), we have
e2Vhitm — M (5.23)
4 _ Z

ki Vi

Consequently, based on (5.20), we eliminate ¢, and attain

(ilM - %)2 + (52_1)2 - (%)2 (5.24)
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Two equivalent inequalities can be obtained from above deduction:

i > 0 5.25
k1 Vi ( )
Nz, >0 (5.26)
k1

Therefore, the trajectory of the boundedness curve in quadrant 1 is described by an

elliptical equation [see Figure 5.1, line (a)].
o (G - ()
(z1+k1 Z1,) + NG T (5.27)
with z; > 0,5?1 > 0.

From the above analysis, we can easily see that Z;,, is the maximal z,. Therefore,

according to (5.12) and (5.15), we obtain for &, > 0, Z; > 0

I

. 1
~ ~ + . -~
I S k1$1 +f - alslgn(a:l) - 5/\1 |_’f:1|1/2

<0 (5.28)
Hence, the trajectory goes down to the axis #; = 0 and enters into the fourth
quadrant.

Then, consider the boundedness curve in quadrant 4 (Z; > 0, I < 0), where based
on (5.28), #; continues to decrease until Z; returns back to zero from a negative value.
Therefore, the boundedness curve consists of two parts. The first part drops down
from (Z,,,,0) to (Z1,,, %1,,,,), where &y,,, = 0 implies Z,,,,, reaches the smallest value
of i, [see Figure 5.1, line (b)].

Let the right-hand side of (5.15) be zero in the worst case; we have ile =
—%(kﬂfw +a'1’)5ci{wz, where of = a; +&7. Since, in quadrant 4, z < 0, the trajectory
approaches £; = 0. Thus, the second part of the boundedness curve in the fourth
quadrant is the horizontal trajectory from (Z1,,,%,,, ) to (0,21, ) [see Figure 5.1,
line (c)].

Based on (5.12), (5.13), and (5.24), we derive

< |21, ). (5.29)

|$1Min
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If we define ile =, 5512, ...,Z1,,... as the intersection points of system (5.9)’s
trajectory starting from (0,2,,) with the axis Z; = 0, inequality (5.29) ensures the

finite-time convergence of the state (0,%;,) to #; = ; = 0. n

Remark 5.2 The boundedness curve that consists of segments (a), (b), and (c) is
the “worst” case of the trajectory. Actually, (5:1,:%1) moves along the direction of (a),
(b), (c) within the boundedness curve.

Remark 5.3 The choice of a; and Ay depends on the bound of uncertainty and the
initial state estimation error in the worst case. The theoretical result s consistent
with that when only the bound of F(-) is known. In applications, a sufficiently large
a1 1s preferred in order to satisfy (5.12) and (5.13).

Now, we consider the finite time convergence of 5. Obviously, when Z; reaches

the sliding manifold, i.e., Z1 =0, 2; = %9, the dynamics of  become

Ty = F(ta$1a i17$2"%2) - >\2}j2ll/281gn(§72) — U2

i)z = agsign(itg). (530)
Similarly computing the derivative of Z, with &, # 0, we obtain

Io € [-kzll‘g‘ — 6§+7 k2|I2| + 6§+} — -2—)\2|§:—|21/2' - a281gn(x2) (531)
2
Because (5.31) has a similar form as (5.15), the finite-time convergence of Z5 can

be proved in the same way as Theorem 5.1.

Remark 5.4 Note that the traditional sliding mode techniques are a special case of

the high order sliding mode, and they can be considered as first order sliding mode.

Remark 5.5 The sliding mode parameters \; and «; can not be chosen too large
because, in this work, the sliding mode is deemed only to eliminate the effect of the

uncertainties.
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5.4 Fault Diagnosis Using Second Order Sliding
Mode and Wavelet Networks

5.4.1 Robust Fault Detection Scheme

In model-based fault diagnosis schemes, a residual or residuals are usually generated
for diagnosing faults. The proposed fault diagnosis scheme is required to not only
detect the occurrence of a fault, but it also should determine its location and estimate
its magnitude. Here, the measurable output estimation error can be selected as the

residual for robust fault detection; i.e.,

No fault occurs, and My(t) is set to zero i |1(t)] < e;
Fault has occured, and M,(t) works if |Z,(t)] > €

where €y is a threshold for robust fault detection. With the help of the sliding mode,
€ can be set very small to increase the sensitivity without losing the robustness.
Moreover, when additive faults occur, the online estimator M2(t) is used to determine

the location and to estimate the magnitude of the faults.

Remark 5.6 When the nonlinear system (5.1) is without any fault, i.e., fo(t) =0,
ideally, the states of observer (5.6) should be identical to the states of the practical
system (5.1), and My (t) is supposed to be zero. When a fault f,(t) occurs, the sliding
mode motion 1s supposed to be destroyed, and the estimator Mg(t) 18 triggered to

specify the fault.

5.4.2 Fault Estimator Design Using Wavelet Networks

Based on wavelet transform theory, wavelet networks were proposed to be an alter-
native to neural networks with respect to nonlinear function approximation. In this
section, we build three-layer wavelet networks as the online fault estimators.

The proposed three-layer wavelet networks are comprised of an input layer (the i
layer), a wavelet layer (the ¢j layer), and an output layer (the o layer). The schematic

diagram of this wavelet networks model is shown in Figure 5.2. The relationship
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3
4 no?

Output
Layer

Figure 5.2: Structure of the three-layer wavelet networks

between the input and output of each node ¢ in the input layer is represented as

follows:
neti1 = ni;, no} = fil(net%) = netil, i=1---,p (5.32)

where ni; is the input of the wavelet networks in which ni; = z;, and niy = z; — M,.
Moreover, in the wavelet layer, a family of wavelets is established by performing
translations and dilations on a single fixed function called the mother wavelet. In this
study, the first derivative of a Gaussian function, ¢(z) = —z exp(—2z2/2), is selected
as the mother wavelet. This mother wavelet function has a universal approximation
property, because it can be regarded as a differentiable version of the Haar mother
wavelet, just as the sigmoid is the differentiable version of a step function [151]. For

the 75th node in the wavelet layer, we have

1 _ o

netfj L | (5.33)
Oij

”Osz = ¢ij(net?j)

= —net’ exp (— (net})?/2), j=1,---,¢ (5.34)
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where ¢;; and o;; are, respectively, the translation and dilation in the jth term of the
ith input no} to the node of the mother wavelet layer, and ¢ is the total number of
wavelets with respect to the corresponding input node.

In the output layer, the single node o is labelled as , which adds all input signals
together; i.e.,

net? = ZWSOno (5.35)
nos = fg(netg) =net’, o=1 (5.36)

where n0® = Ma(t) is the output of the wavelet networks, the connection weight w3,

is the output action strength of the oth output associated with the ijth wavelet, and
no?j is denoted as the ¢7th input to the node of the output layer.

5.4.3 Parameter Update Algorithm

After determining the structure of the wavelet networks, we need to select an adaptive
algorithm to update the parameters during the process of fault diagnosis. Firstly, a

vector that includes all the parameters of the wavelet networks is defined as

n__ 3 3
0 = [Wllo)"' 7quoacllv"' yCpgy 0115 °°

 Opq) - (5.37)

The parameters of the wavelet networks can be updated by many optimization
algorithms, which have been widely used for neural networks. Here, the EKF-like

algorithm is adopted again as

-1

K(t) = P®)H()[H(t)"P(t)H(t) + R(t)] (5.38)
P(t) = —BlK(t)H(t)TP(t) (5.39)
0(t) = BaK(t)z(t) (5.40)

where K(t) € RCP9 is the gain matrix, P(t) € REPO*GP9) ig the covariance matrix of

the state estimation error, and H(t) € R®P? is the derivative of the state estimation

81'2

I, with respect to the parameter vector 9 ie, H(t) = —. The terms B; and B;
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are two positive update rates. R(t) € R is the estimated covariance of measurement

noise. Here, R(t) is estimated as
B = £ =) (5.41)

where e(t) = z,(t) — Ma(t).

H(t) is derived using the chain rule and back-propagation algorithm as

(‘31“:2 85:2 m'i — Cij (nlz - cij)2
= o) e (- )
ijo OM, Oij Tij
0%, _ O ng(i _ (nii — Cz’j)2) exp ( _ (na '—2Cij)2)
dcij OM, "°\oy ay; 20;;
81%2 _ 8.’%2 Wgo(m} —2 Cij _ (Tl'lz "‘401']‘)3) exp ( . (’I’L?q “2Cij)2>. (542)
80,7 8M2 J Uij O-ij 20'1-]-

The convergence of this EKF-like algorithm was analyzed in Chapter 3.

Prior to any fault, only the second order sliding mode works to estimate the state
of the system. The convergence of the state estimation error was investigated in
Section 5.3.2. After the occurrence of any process fault, the dynamics of the state

estimation error are described as

ry = To9— 21 (543)
-%2 = f(l',t) - f(j:vt) + §(l‘,t) — 22+ fa(t) - MZ(t) (544)

where z; and 2z, are defined in (5.7) and (5.8).
Based on the universal nonlinear approximation ability of wavelet networks, opti-

*

mal parameters W}, ¢f;, and o}; exist such that

|[fa(t) = Ma(Wio, iy 03)| = 165 (2)] < 8 (5.45)

ijor Cijr Oij
where § is a finite bound for the network approximation error. Therefore, we can
define F'(z,%,u,t) = f(z,u,t) — f(Z,u,t) +&(x,u, t) + 54(t). Based on (5.10), (5.11),
and Theorem 5.1, the convergence of Z; and T, after the occurrence of faults can be
analyzed similarly to that in Section 5.3.2.

The proposed fault diagnosis scheme using second order sliding mode and wavelet

networks is implemented by the following algorithm:
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e Step 1. Set parameters A;, Ag, oy, and ay of the correction variables z; and z;.
e Step 2: Initialize the wavelet networks My(t).
e Step 3: Build a nonlinear diagnostic observer based on (5.6).

e Step 4: Activate Mg(t) at t = T,,, and update the parameters of the wavelet
networks M,(¢) using an EKF-like algorithm.

e Step 5: Derive output estimation error Z; based on system dynamics (5.1) and
the observer (5.6).

e Step 6: Compare |Z(t)| with a predetermined diagnostic threshold ¢ .

e Step 7: If |(t)] < €5, no fault occurs, the fault estimator My(t) is set to zero,

and goes to Step 4. Otherwise, fault has occurred.

e Step 8 Use M,(t) to isolate and estimate fault.

5.5 Application to a Multiple Satellite Formation
Flying System

In this section, we apply the proposed fault diagnosis scheme to a multiple satellite

formation flying system.

5.5.1 Dynamics of a Multiple Satellite Formation Flying Sys-

tem

An MSFF system is composed of a cluster of interdependent micro-satellites that com-
municate with each other and share payload, data, and missions. Relative distances
and orientations between the participating micro-satellites are controlled. In this sec-
tion, the MSFF fleet is only composed of a leader satellite and a follower satellite.

The leader satellite provides a reference motion trajectory and the follower satellite
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navigates in the neighborhood of the leader satellite based on the desired relative
trajectory.
The nonlinear position dynamics of the follower satellite relative to the coordinate
frame of the leader satellite is described in [152]
mf(j+Cq'+N+Fd=uf (546)

where C(w) denotes the Coriolis-like matrix

0 -1
C=2muw|1 0 0 (5.47)
0 0

N(g,w, p,u;) denotes the following nonlinear vector

Qm 2 mf i
miMG————= — mywq, + —y
A PR m

g + ol 1)~ 2, My
lotalP e/~ T o

qz mf
miMG—— + —y
A PIPTEIE

and Fy € R3 is the total constant disturbance force vector. The parameters of the sys-

N = meG<

tem (5.46) are listed in Table 5.1. If we choose state vector as & = [gx, @y, @ z» Gy, G2) '
(5.46) can be described by (5.1). Therefore, the proposed fault diagnosis schemes in
this chapter can be applied to a multiple satellite formation flying system represented
by (5.46).

The designed relative trajectory is given as

100 sin(4wt)(1 — exp(—0.05¢t*))
qa(t) = | 100 cos(4wt)(1 — exp(—0.05¢3)) | (m). (5.48)
0

The controller is designed using the method in [152], and the parameters of the

controller are selected as

a = diag(0.2,0.2,0.475) (5.49)
= diag(500, 300, 1500) (5.50)
I' = diag(500,50, 300,600, 850, 480). (5.51)
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Table 5.1: Parameters of the MSFF system

Parameter Value (unit)
Earth’s mass M 5.974 x10**(kg)
Leader’s mass my 1550 (kg)

Follower’s mass my 410 (kg)

Universal gravity constant G 6.673 x 107 (kg - m3 - %)
Leader’s position p [0,4.224 x 107,0] " (m)
Angular velocity w 7.272 x 1075(rad - s~

Disturbance force Ty [—1.025,6.248, —2.415] x 1075(N)
Leader’s control force u; [0,0,0]T(N)

5.5.2 Simulation and Analysis

The simulation is implemented at a frequency of 2kHz since the high order sliding
mode algorithm is implemented. The gains of the second order sliding mode terms are
set to a; = 0.5 and A\; = 1 via a trial-and-error method. In the EKF-like parameter
update algorithm, P(0) = 10045, and R(0) = 2 x 107*. We use the method in [8§]
to initialize the wavelet networks, and the domains are set to D; = [—1000, 1000],
and D, = [—2000,2000]. Since p = 2 and q¢ = 7, there are totally 14 wavelet
functions in the wavelet layer of each wavelet network. In the simulation, we set
#(0) = [0.45; —6.2; —201; 0.5; 0.75; —0.65]T. The wavelet network is assumed to be
activated at the 10th sec; i.e. T,,, = 10. One incipient fault and one abrupt fault are

assumed to occur in the dynamics of ¢, and ¢, respectively, and their dynamics are

@) = 150 x B(t — 18) sin(2nt/4) (5.52)
) = 200 x B(t - 22) (5.53)

Moreover, it is assumed that u; is subject to disturbances, which are set to 2 x
rand, where rand is a Gaussian white noise signal. The system output is subject to
measurement noise with ¢ = 0.5% * rand, i.e., Ymeasure = Y({1 + ).

The simulation results are shown from Figure 5.3 to Figure 5.5. Figure 5.3 il-

lustrates the reference trajectory and the actual outputs of the faulty system. The
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actual system output deviates from their nominal values after the occurrence of any
process fault.

Figure 5.4 demonstrates the dynamics of the system states and observer states
(The states z4-z¢ are shown for the sake of illustration and discussion only) in the
initial regulation phase by using the second order sliding mode. The results show that
with the help of the proposed second order sliding mode, the system states can be
estimated within a finite of time. Moreover, the observer state 5 begins to approach
the actual state x5 after the system output Z; reaches the sliding manifold. This
phenomenon is consistent with the theoretical analysis in the observer design.

Figure 5.5 characterizes the fault dynamics and the outputs of the wavelet networks
based fault estimators. The activation of wavelet networks generates a large amount
of chattering in all the output variables of wavelet networks at the 10th sec because
the wavelet networks need time to update the parameters to track a trajectory. When
the incipient fault occurs, due to the compensation of wavelet networks, there is no
large chattering. However, chattering still exist in the fault estimation, which is due
to random system uncertainties and measurement noises. Moreover, when multiple
faults occur, only the wavelet networks that correspond to the faulty states specify
the dynamics of the faults, and the wavelet networks associated with other healthy
states return zero or close to zero. Therefore, this robust fault diagnosis scheme is

effective for fault isolation and estimation of single fault as well as multiple faults.

5.6 Conclusions

In this chapter, a robust fault diagnosis scheme using second order sliding mode and
wavelet networks was proposed for the class of nonlinear systems that can be formu-
lated into a triangular input form. The second order sliding mode was used to achieve
finite-time robust state estimation in the presence of uncertainties. The wavelet net-
works, as an alternative to feed-forward neural networks, was used to estimate the
off-nominal behavior of the system caused by faults. The convergence of the second

order sliding mode observer was proved theoretically, and the performance of the
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proposed fault diagnosis scheme was tested by applying it to a multiple satellite for-
mation flying system, where the dynamics between the leader satellite and the follower
satellite were considered. The simulation results illustrate that wavelet networks can
achieve a similar approximation performance to neural networks.

Although the basic idea of this fault diagnosis scheme is the same as that in Chap-
ter 3, the use of second order sliding mode and wavelet networks provides versatility
for the design of fault diagnosis schemes. For example, second order sliding mode
avoids the use of filtering, which may cause time delay and bias in the computation of
equivalent output injection signal. Wavelet networks have some valuable properties
such as signal features identification and classification. Further investigation as well
as applications of these properties to the design of fault diagnosis approaches should
be the topics of future work. Moreover, in-depth comparison between wavelet net-
works and neural networks in terms of their computational complexity and real-time

implementation issues need to be investigated in the future.
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Figure 5.3: System outputs under multiple process faults
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Figure 5.4: States and their estimations using second order sliding mode observer
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Figure 5.5: Output of wavelet networks under multiple process faults



Chapter 6

Fault Diagnosis in Nonlinear
Systems Using Fuzzy-Neural and
Sliding Mode Approaches

In this chapter, the fault diagnosis schemes using sliding mode and learning approaches
will be extended to a class of nonlinear systems which can be represented by Takagi-

Sugeno (TS) fuzzy models.

6.1 Introduction

In previous chapters, we investigated the fault diagnosis problems for two classes of
nonlinear systems: one class of systems is of triangular input form, and the other class
of systems with a special structure where the unmeasurable states can be represented
by nonlinear functions of the system outputs and their derivatives. The satisfactory
performance of the proposed fault diagnosis schemes using sliding mode and learning
approaches naturally inspires us to extend this class of methods to more general
nonlinear systems.

Since the first theoretical results presented by Zadeh [153] and the first application
in the area of the process control by Mamdani and Assilian [154], fuzzy logic/models

have been widely applied to the modeling and control of nonlinear systems. In the

139
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existing fuzzy methods, the Takagi-Sugeno (TS) fuzzy approach has been extensively
studied and used in nonlinear system modeling and control. The basic idea of this
approach is to decompose the model of a nonlinear system into a set of linear subsys-
tems which are associated using nonlinear weighting functions. Then, the control task
is carried out by using the well-formulated linear control theory. The TS fuzzy models
of a nonlinear system can be obtained in two principal ways: 1) black box identifi-
cation via fuzzy clustering techniques, and 2) linearization of an existing nonlinear
plant model around the centers of the fuzzy regions partitioning the state space. The
TS fuzzy approaches play an important role in the modeling and control of nonlinear
systems due to the wide availability of TS fuzzy models for nonlinear systems.

In real applications, the state of a system is often not directly available. Under
such circumstances, one key step in the controller design is to determine the state
from the system response to some input over a certain period of time. For linear sys-
tems, a Luenberger observer can solve this problem if the system is observable. For
nonlinear systems, the systematic design methods of fuzzy observers have attracted
a great deal of attention from many researchers, since, by using fuzzy models, some
linear observer design methods can be extended to nonlinear systems. In the fuzzy
controller /observer design, linear matrix inequality (LMI) is a main tool used to guar-
antee certain performance criteria. A thorough analysis of stability and simultaneous
design of fuzzy controllers and observers can be found in [95]. Further study on fuzzy
observer design are provided in the literatures, such as [91], [92], [93], [94], [96], [97],
[98], [155].

Moreover, fuzzy logic/model-based fault diagnosis has also been significantly in-
vestigated in recent years; e.g., [96], [101], [103], [104]. One class of methods is to
build a group of local linear models using TS fuzzy models to describe the original
nonlinear systems. As a result, the fault diagnosis schemes for linear systems can
be extended to nonlinear systems [101]. The second class of methods is to treat the
fuzzy models in the same way as neural networks, since both of them possess the
same approximation ability of nonlinear functions in a compact set. The third class
of approaches is to make full use of the powerful reasoning capabilities of fuzzy logic,

and in this case, fuzzy models are usually used to evaluate the residual signals and
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classify the faults [99].

This research is motivated by extending the previous work on TS fuzzy observers,
neural networks, and sliding mode observers to the fault diagnosis of a class of non-
linear systems which are not confined to triangular input forms [156]. In this work,
a fuzzy-neural observer (FNO) and a fuzzy-neural sliding mode observer (FNSMO)
are proposed for the purpose of fault detection, isolation, and estimation in a class
of nonlinear systems that can be represented by TS fuzzy models. When no fault
has occurred yet, a fuzzy controller and a fuzzy observer are used to stabilize the
system and to estimate its state, respectively. Then, a three-layer neural network is
established to isolate and estimate the fault after it occurs. In order to achieve robust
fault diagnosis, a sliding mode term is utilized to deal with the effect of system un-
certainties and approximation errors. A modified back-propagation (BP) algorithm
is used to update the parameters of the observer so that the stability of the proposed
observer-based system can be analyzed by Lyapunov’s direct method. In the simula-
tion, the proposed FD scheme is applied to a reduced-order satellite orbital control
system to demonstrate its performance.

The remainder of this chapter is structured as follows. In Section 6.2, the class
of dynamic systems under study is formulated and some preliminaries are given. In
Section 6.3 and 6.4, two diagnostic observers using TS fuzzy-neural models and TS
fuzzy-neural models with sliding mode are designed for fault diagnosis. The stabilities
of these two observer-based fault diagnosis schemes are also rigorously proved in these
two sections. Then, the proposed fault diagnosis scheme is offered in Section 6.5. After
that, a simulation example is given in Section 6.6, and conclusions are presented in
Section 6.7.

6.2 Problem Formulation

Consider the nominal dynamics of a class of nonlinear systems:

t = f(z,u,t)
y = g(z,t) (6.1)
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where x € R" is the state vector, y € RP is the output vector, and u € R™ is the
control input vector of the system. The state function f : R" x ™ x R — R" and
the measurement function g : " x R — RP are both smooth vector fields.

As proved in [95], (6.1) can be represented or approximated by a TS fuzzy model
with linear rule consequence. The TS fuzzy model consists of a set of fuzzy rules,

where the ith rule is

If zyis 1 (21), . .. and z, is pi(z,)

r = Ai B;
Then { * v B (6.2)
y = Cx

where the vector of premise variables z € R" is a subset of y and p} : ® — [0, 1]. The
function /.L;(Zj) is the jth membership function in the 7th rule which is applied to the
jth premise variable.

The global TS fuzzy system is then written as

!
T = Z hi(2)(Aiz + Biu)

=-l-1
y = Z hi(2)Ciz (6.3)

where [ is the number of fuzzy rules, and

wi(z) T
hi(2) = =————  wil2) = | | #i(2)- (6.4)
Thus, the nonlinear system (6.1) with modeling uncertainties and process faults can

be described using a TS model as

l
& = > hi(2)(Aix + Bu) +n(t) + B(t — Ty) fu(t)

1=1
l

y = > h(2)Ciz (6.5)

i=1
where 7(t) € R" represents the system uncertainties, which is assumed to be bounded

by a constant, i.e., ||n(t)]| < 7. The function vector f,(t) € R" denotes the process
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faults in the system, which is composed of actuator faults and/or component faults.
The time profile function B(t — T%) is 1 when t > T}; otherwise it is zero. Time T}

represents the beginning time of the faults.

Remark 6.1 Usually, the fuzzy models of a nonlinear system can be constructed by
identifying fuzzy models using input-output data or directly by derivation from given
nonlinear system equations. Therefore, establishing fuzzy models is an effective way

to study nonlinear systems using linear system methods.

Remark 6.2 The purpose of this study is to timely detect, correctly isolate, and ac-
curately estimate the process faults in the presence of uncertainties for the class of

nonlinear systems that can be described by TS fuzzy models.

6.3 Diagnostic Fuzzy-Neural Observer

In this section, a nonlinear diagnostic observer is proposed for the purpose of robust
fault diagnosis. Firstly, a TS fuzzy Luenberger observer is constructed to estimate the
states in the fault-free case. Then, after a fault occurs, a recurrent dynamic neural

network is established to characterize the location and magnitude of the fault.

6.3.1 Observer Design Using Fuzzy-Neural Models

For the faulty system (6.5), a fuzzy-neural Luenberger observer is designed as

l

#(t) = Y hi(2){Ad + Bu+ Li(y(t) — §(t))}

fB(t — Tp) M (2)
l

§(t) = > m(2)Cid(t) (6.6)

i=1
where Z € R" and § € RP are the state vector and output vector of the observer,

respectively. The term L; € R™*? is the gain for the local linear observer in the center

of the ith fuzzy region. The observer input M (t) € R" is designed to estimate the
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faults, and T}, is the time to start M(t). In order to separately demonstrate the
properties of the fuzzy models and the neural networks based fault estimators, we
assume that M(t) is not activated until all the states are estimated by the TS fuzzy
Luenberger observer, and no fault occurs prior to the activation of the fault estimator;
ie., T, <Ty.

The classic LMI-based fuzzy controller and observer design method are used to
construct the gain L; in the fuzzy observer [95]. Consequently, the system states are
able to be observed by the TS fuzzy observer within a finite time before the occurrence
of a fault. The matrices A;, B;, and C; can be obtained through identification using
input-output data or directly derived from given nonlinear system dynamics. In this
work, we use the second method to attain these matrices.

The dynamic neural network-based fault estimator is of the following structure:
M(t) = Wo(VE(t)) (6.7)

where Z(t) = [§(t — 7)7 M(t — 7)7]7 is the input of the neural network, § = y — 4 is
the output estimation error, W and V are two parameters of the estimator, and 7 is
the time delay. The activation function is selected to be a sigmoidal function:

R 1 — e—2‘7,-:17:

o(Viz) = ———
1+ e 2V

where V; is the ith row of V, and o;(V;Z) is the ith element of o(VE).

After the occurrence of a fault, the estimation error dynamics become
[
21t) = D> h(2)hi(2)(Ai — LiCy)i
i=1 j=1
+n(t) + fa(t) — Wo (VE(t))
!
gt) = Y h(2)CiE(t) (6.8)
=1

Since L; is designed to guarantee the stability of the estimation error dynamics without
any fault, the input of the neural networks is zero at T},. Thus, M (t) still keeps zero
during the time interval t € [T;,,Tf). When t > T, the fault f,(t) breaks the stability
of the estimation error dynamics and the neural networks are triggered to approximate
the fault.
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6.3.2 Parameter Update Algorithm

For a neural network based observer, usually, a learning strategy should be estab-
lished to update its parameters after the structure of the observer is determined.
For example, back-propagation algorithm is a popular way to train neural networks.
The parameter update law should be defined in such a way that the stability of the
observer can be guaranteed.

Defining a cost function J = %g’{ we design a similar parameter update law as
that in [157],

: 8J .

Wij = —pi—=—— pll§lWi; 6.9
i plaWiJ p2|lgl Wi (6.9)
; J .

Vij = —ps a‘z’j—mllyllVi,j (6.10)

where Wi,j and \7,] are the (¢, j)th element of W and V, p1, ps > 0 are the learning
rates, and p; and p, are small positive numbers. The second terms on the right hand
side of above equations are the e-modification terms which are used to guarantee
robustness.

Based on the chain rule of derivative, we have

0J 8J 0y 0F OM
~ = e ~ (611)
oW, 0y 0T OM oW,
y 0T ty
07 _ 0] 0§ 0F onety (6.12)
oV, 0y 0T Onety Vi,
where nety = Vz.
Based on the cost function and (6.8), we obtain
oJ T A
T (7" Cdann)rx: - 0 (6.13)
0 T A _
oL, = (§ Cduv)ixi - T; (6.14)
where C = S\_, hi(2)C;, and
97 -
dam = = dzv o (6.15)

oM - anetV .
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Using (6.11)-(6.15), we can formulate the update laws into a matrix form as

W = —p(§ Cdem) " (0(VD)" = p2|lgl|W (6.16)

~

Vo= —ps(f Cdov)"2" — palllIV. (6.17)

Instead of using the static approximation of the gradients (6.15) in {157}, the dynamics

of d;ps and dy can be derived based on (6.8) as

dopy = Adgy — 1 (6.18)
dyy = Adyy —W(I - AVZ)) (6.19)

where A =31 | >0 hi(2)h;(2)(Ai — LiC;), and A(VT) = diag{o?(V;z)}.

During the updating process of the neural networks parameters, we first initialize
dzpn and dgy to be zero matrices, and then we dynamically update dp and dyv
using equations (6.18) and (6.19). Correspondingly, the updated d,p and d,y are
substituted into (6.16) and (6.17) to compute the parameters W and V.

6.3.3 Stability Analysis

Based on the universal approximation ability of neural networks model, on the com-

pact set, we have
e(t) = falt) — M(W,V,z,1) (6.20)

where €;(¢) is the bounded neural network approximation error, and W and V are

fixed optimal parameters which are selected such that the Lo-norm distance between
fa(t) and M(W, V,Z,t) is minimized.
We assume that the upper bounds on the fixed ideal parameters W and V satisfy

IWlr < Wa (6.21)
IVIF < Vu (6.22)

where || - || is the Frobenius norm of a matrix.
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Substituting (6.20) into (6.8), we obtain

i(t) = AZ+Wa(VZ)+ e(t) +n(t) (6.23)
g(t) = Ci(t) (6.24)

where W = W — W, and e;(t) = W[o(VZ) — 6(VZ)] + €1 (t) is a bounded disturbance
term, i.e., |le2(t)|| < &, due to the boundedness of W, the boundedness of sigmoidal
function, and the boundedness of the uncertainty and approximation error.

The stability of the fuzzy-neural observer is guaranteed in the following theorem,
where we use the proposed modified back-propagation algorithm to update its param-

eters.

Theorem 6.1 Consider the TS fuzzy system (6.8) and its fuzzy-neural observer (6.6).
If the parameters of the neural networks are updated according to (6.16)-(6.19), then
the state estimation error T, the parameter estimation errors, W, V, and the output

estimation error y are all bounded.

Proof: We first prove the boundedness of Z and W. Consider a positive definite

Lyapunov function candidate:
1
2

where P; is a symmetric positive definite matrix satisfying

1 e
V, = ~TP15+§tT(WTW) (6.25)

AT_Pl + P1A = —Q
in which @ is a positive definite matrix, and W can be further written as
W = p(i" Cdom)  (0(VE))" + pallglW (6.26)

Since A is designed to be Hurwitz using the LMI method, according to (6.18), dy is
stable and converges to AL
Based on (6.23) and (6.26), the time derivative of V; is
- 1. 1 : S
V; = é‘jTPlfi -+ Ei'_rpl.'i' + tT(WTW)

1 A
= —§~TQ:7: + 7 P[(Wo(VZ) + e+ 1)

+tr(WThzo(VE)T + W po||CE||(W — W) (6.27)
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where [} = pldIMéTé.

Using the properties of the matrix trace and sigmoidal function in [157], we have

trWThio'] < [WILZom (6.28)

triW T p|C2IW] < (Wl W = IWIP)e2lCll 2] (6.29)

where o,, is defined such that ||o7|| < 0.

Therefore, (6.27) can be further written as

1

v, < —5Amin(@)I1ZII" + 2P IW llom + & + 7)
+onlWINLINE] + (Wl W] = W) el CllIZ
1 - .
= —5/\rmn(Q)Hﬂ'éll2 = BIZNWI? + Bl ZNIW | + szl
1 - S B2 655 -
< —iAmm(Q)IIHCII2 = Gz (Wl - -2@)2 + (4—51 + Bs)|Z ||
1 2
<~ QU + (22 + a)la] (6.30)
where
B = plC] (6.31)
B = on(lPill + ILll) + p2 Wil Cl (6.32)
Bs = ||P||(& + 7). (6.33)
Thus, from (6.30), when
. B3 + 40155 .
Izl > —_2;@11(62)51 = b, (6.34)

V, < 0, which means V, is negative definite outside the ball with radius b; described

as x1 = {Z | ||Z|| < b1}. When Z is increased outside of the ball x;, the negative of V,

results in reducing V; and z. This analysis shows the ultimate boundedness of Z.
Now, consider the boundedness of the parameter error W. Based on (6.16), the

dynamics of W can be written as

W = p1(§ Cder) (0(VE)T + p2|GIIW — pallg|W
= —oallFIW + p2llGIW + k1(31, V) (6.35)
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where

k1(Z1,V) = pi(§ Cdunr) (0(VE))T (6.36)
We can see that ,(-) is bounded since #, o(-), and C are all bounded, d, is
bounded because A is a stable matrix. Given the ideal weight W is fixed, (6.35) can
be treated as a linear system with bounded input p,|[g||W + s1(Z1,V). Obviously,
system (6.35) is stable since ps is positive and the input is bounded. Therefore, the
boundedness of W is guaranteed.
The boundedness of W implies the boundedness of W. From (6.19), d,y is also
bounded since o2(-) is a bounded function, and A is a stable matrix.

The dynamic equation of V is

V = ps(§"Cdpv) 2" + pal|§lIV
= —pallGIV + p3(§ T Cdav)TZ" + pal|FlIV (6.37)

The second and third terms on the right hand side of (6.37) are both finite because
z W, o(-), C, dyy are all bounded, and p; and p,; are both positive finite values.

Consequently, we can conclude that the boundedness of V is also ensured. [ |

6.4 Fuzzy-Neural Sliding Mode Observer

From the above stability analysis of the fuzzy-neural observer, the fault estimation
accuracy might be affected by the system uncertainties and neural networks approx-
imation errors. Therefore, we modify the fuzzy-neural observer (6.6) by adding a

signum function
i) = Z hi(2){Aid + Bau + Li(y(t) — 9(2))}
+B(t — Trn)M(t) + vP;'C sign(y)

i(t) = }jhde@u> (6.38)
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where v > 0, and P, is defined in Theorem 6.1.

Then, the estimation error dynamics become

518

(t) = Az + WJ(V:E) + ea(t) + n(t) — ffoIC'Tsign(g)

g(t) = Cz(t) (6.39)
Regarding the stability of above dynamics, we have the following theorem.

Theorem 6.2 Consider the TS fuzzy system (6.3) and the fuzzy-neural sliding mode
observer (6.38). If the parameters of the neural networks model are updated according
to (6.16)-(6.19), then Z, W, V, and § are all bounded, and & can converge to a small

bound.

Proof: The proof procedure is similar to that in theorem 6.1. We still use the

Lyapunov function (6.25), and its time derivative is rewritten as

. 1. . -~
V., = 55:TP155 + %iTP@ +tr(WTW)
1 . A
= —-2—§:TQ5U + 2 P (Wo(VE) + €) + &' Pip — 4 ysign(§)
+tr[W T Lhio(VE)T + W po|CE||(W — W)] (6.40)

Still using inequalities (6.28) and (6.29), we have

Ve € A QUE + WEINBIIW llom +2) + 71" P 3]
tonlblIFIIE -+ (Warl7 ]~ 17 12)eal ]
<~ @I ~ BT + BN -+ S5l - 1)
< —%/\min(Q)Ha?U? BIE| (W] - 5;) +(ﬁﬁ2 + Bzl — 19l
< 3l @IEIE + (L5 + B)lal — 1) (6.41)

where (3, 35 and (5 are defined in (6.31), (6.32) and (6.33).

Based on (6.41), we have, when

4/\min(Q)ﬁl

1]l

—b,  (6.42)
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V, < 0, # is ultimately bounded by a ball with a radius bs; i.e., xo = {Z|1Z]] < b2}
Comparing b; and by, based on the properties of quadratic functions, we obtain by < b;.
|

Remark 6.3 When the sliding mode term exactly counteracts the effect of modeling
uncertainty, the convergence of ||Z|| to a smaller bound implies a more accurate fault
estimation. If the sliding mode gain, vy, is too large, the sliding mode may eliminate the
effect of fault and uncertainties, which are both treated as unknown inputs. Therefore,
the sliding mode gain v should be carefully selected, in order to distinguish the effect
of fault and uncertainties. The methods for updating the sliding mode gain can be
found in [158].

6.5 Robust Fault Diagnosis Schemes

In model-based fault diagnosis strategies, a diagnostic residual is usually generated.
Due to the universal existence of system uncertainties and noises, robust fault di-
agnostic strategies are necessary to avoid false alarms. One robust FD approach
uses a dead-zone operator in the parameter update algorithm which makes the online
fault estimators only approximate the signal with a magnitude above a predefined
threshold [31]. However, this method reduces the accuracy of fault estimation. An-
other approach to realize robust fault diagnosis is to set a nonzero threshold for the
generated residual when making a diagnostic decision.

In this work, after all the states are estimated by using the TS fuzzy models, we

use the output error or the output estimation error to detect the fault; i.e.

No fault occurs if |le, ()| < € (6.43)
Fault occurs, and M(t) works  if ||le,(£)]| > €; ‘

or
No fault occurs if gl < € (6.44)
Fault occurs, and M(t) works if ||§(t)]| > €} ‘
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where e,(t) = yq — vy is the system output error, y, is the reference trajectory, and €
and €} are two thresholds for robust fault detection. The choice of €; and €/ relies on
the system characteristics and the diagnosis scheme in use.

In addition, a single residual is usually not sufficient for all the tasks of fault
diagnosis. Therefore, the neural networks based estimator M (t) is used to achieve
fault isolation and estimation.

The proposed fault diagnosis scheme using fuzzy-neural and sliding mode ap-

proaches is implemented in the following steps.

e Step 1: Construct TS fuzzy model for nominal nonlinear system (6.1) using
(6.3).

e Step 2: Determine gain L; for local linear observer using the LMI method.

e Step 3: Design a neural network based fault estimator M(t) based on (6.7), and
activate M(t) at t = Tp,.

e Step 4: Construct a fuzzy-neural Luenberger observer (6.6) or a fuzzy-neural

sliding mode observer (6.38), and obtain e,(t) and g(t).

e Step 5: Compare |le,(¢)|] with €y, or compare ||[§(t)|| with €} to detect fault
based on (6.43) and (6.44).

e Step 6: Update the parameters, W and V, of the neural network based fault
estimator M (t).

e Step 7: Use M(t) to isolate and estimate faults.

6.6 Application to a Satellite Orbital Control Sys-

tem

In this section, we apply the proposed fuzzy-neural observer and fuzzy-neural sliding
mode observer to the fault diagnosis for a point mass satellite dynamic system [135].

Firstly, we design a TS fuzzy controller for the nominal control system. Then, the
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fuzzy-neural observer and fuzzy-neural sliding mode observer are established, respec-

tively. The fault diagnosis performance using these two observers are demonstrated

and analyzed.

A fourth-order satellite model is considered in [135] as

7'(0) =Ty
k
1'1———7"102———54—ﬂ v(0) =0
. mr2 | m (6.45)
=w $(0)=0
2
= Y w(0) = wp
r . omr

where m = 200kg is the mass of the satellite, (r, ¢) are the polar coordinates of the
satellite, v is the radial speed, and w is the angular speed. Control inputs u; and us
are the radial and tangential thrust forces, respectively. When the control purpose
is to track the output r and w to their constant reference trajectory r, and w,, the
equation ¢ = w can be omitted.

By choosing = = [z1 72 23] = [rvw]T, and y = [r w]T, the reduced-order system

is formulated as

.’]'3‘1 = I .731(0) =To
. k Uy
Ty = 1173 — — + pooy z2(0) =0 (6.46)
1
i =_2:c2:v3 Ug 25(0) = w
3 7 m 3 0

The parameter k = Kgpm, where Kz = 3.986 x 10°km®/s?, is derived from the
parameters of the Earth (Mg = 5.974 x 102*kg). The satellite is first observed in
perigee 375 km above the surface of the Earth, 7o = Rg + 375km (Rg = 6.378 X
10%km). The initial angular speed, wy, is computed using the orbital mechanics wy =
V (€orbiz + 1)K /13, where e, = 0.162 is the eccentricity.

In the design of the fuzzy controller and observer, we define the nonlinear terms

as 21(xy,23) = 2 — ;’;—?, To(z1, 3) = 2, and 23(21, 73) = 1—11 As a result, the state

matrix and control matrix become

0o 1 0 0 0
A=}z 0 0} B=|% 0
0 —222 0 0 %
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We assume that the output variables satisfy z1 € [rimin, Tmax) a0d T3 € [Winin, Wmax],
where, in the simulation, rmi, = 0.970, "max = 1.170, Wmin = —4 rad/hr, and wya, = 4
rad/hr. Thus, we obtain

Z:rlnax — w2 _ k Zinin S k
et mr?na.x mr?nin
Zppex = Zmax Zpin — Zmin (6.47)
TTin TrTin
zénax — Zmin —
Tmin T'max
The nonlinear term 2; can be represented by
1, max 2_min __
pz T Tz = o4
So, the membership functions p} and p? are
py = ———lenax e (6.49)
po= =t (6.50)

max min
2 T A

and pd, p2, pd, and p? are similarly derived.

Since the T'S model has three nonlinear terms, eight fuzzy rules are needed. The
membership functions for these eight fuzzy rules are computed using (6.4). The output
tracking controller is designed by using the approach in [98], where the feedback
gain for the controller and observer are calculated by solving a group of LMIs. The
controller output is assumed to be subject to uncertainty ugy = 2% * rand, and the
measurement noise is set with ¢ = 0.2% x rand, i.e., Ymeqsure = Y(1 + <), where rand
still represents Gaussian white noise.

In this simulation, the three-layer neural networks is of a structure 5 x 5 x 3, and
training the neural networks before using it for online fault isolation and estimation
is recommended. In the parameter update law, (6.18) and (6.19), the learning rates
are set to be p; = p3 = 20, and the damping coefficients are ps = ps = 0.1. The initial
values of d;y and d,y are a zero vector and zero matrix, respectively. The sliding

mode gain 7y is set to be 0.0025 using a trial-and-error method.
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The simulation results are shown from Figure 6.1 to Figure 6.5. Figure 6.1 il-
lustrates the performance of output tracking and state observation using TS fuzzy
models when the system is fault-free.

In the simulation, we assume that only an incipient fault occurs in the second
state at the 16th hour, and the neural networks is enabled at the 15th hour. Figure
6.2 shows the norm of the output error and the norm of the output estimation error,
respectively, when a fuzzy-neural sliding mode observer is used. Both of these two
signals can be used to detect the occurrence of faults. However, different threshold are
needed for each case. For the norm of output error, after the system output tracks the
trajectory, the threshold is chosen as €; = 0.05. For the norm of output estimation
error, the threshold is set to e = 0.001. After a fault occurs, e,(t) and ||| quickly
exceed their respective threshold. However, in order to isolate and estimate the fault,
we need to use other signals.

Figure 6.3 portrays the characteristics of the fault functions and the three outputs
of the neural networks when using the diagnostic fuzzy-neural observer. When a fault
occurs, only the neural network output that corresponds to the faulty state specifies
the dynamics of the fault, and the other neural networks outputs associated with the
healthy states remain close to zero. This phenomenon illustrates the fault isolation
and estimation abilities of the proposed FNO-based fault diagnosis scheme. Due to
the approximation errors and system uncertainties, fault estimation errors exist.

Figure 6.4 demonstrates the reference states, actual states, and estimated states
when using the fuzzy-neural sliding mode observer. When a fault occurs, the actual
states and output significantly deviate from their nominal values. Additionally, the
fuzzy-neural sliding mode observer can accurately estimate the states, since the sliding
mode and neural networks compensate the effect of the fault and system uncertainties.

Figure 6.5 exhibits the same fault function and the three outputs of the neural
networks when using the fuzzy-neural sliding mode observer. Comparing the fault
diagnostic results with those using the fuzzy-neural observer in Figure 6.3, we achieve
better performance in fault estimation using FNSMO, though the chattering caused
by sliding mode might increase as well. The peaks in fault estimation is due to the

introduction of measurement noise to sliding mode, and the coupling peaks can be
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Figure 6.1: System states and observer states using a TS fuzzy control and observer
in the fault-free case

reduced using a filter. Extensive work can be found in {87]. Another issue is there is
no coupling peaks in the fault estimation in Figure 6.3 because neural network itself

has redundancy and is tolerant to measurement noises.

6.7 Conclusions

In this chapter, a robust fault diagnosis scheme using TS fuzzy models, neural net-
works, and sliding mode was proposed for a class of nonlinear systems which can
be represented by the TS fuzzy models. In order to generate diagnostic residuals,
a fuzzy-neural observer and a fuzzy-neural sliding mode observer were designed, re-
spectively. In the proposed fuzzy-neural observer, the TS fuzzy model was integrated
with a neural networks based estimator which was used to characterize the possible
faults. The sliding mode in the second diagnostic observer helps to reduce the effect
of the system uncertainties and approximation errors in the fault estimation. The

parameters of these two observers were updated using a modified back-propagation
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algorithm, where the stability of the proposed fault diagnosis scheme can be rigorously
analyzed. After the theoretical analysis, the proposed robust fault diagnosis scheme
was applied to a reduced-order satellite orbital control system. The simulation results
demonstrate its satisfactory performance.

Although via TS fuzzy models, the fault diagnosis schemes using sliding mode
and learning approaches can be applied to a more general class of nonlinear systems,
the complexity of fuzzy models makes solving the LMIs difficult in real applications.
Therefore, building suitable fuzzy models becomes the primary task of using TS fuzzy
observers in fault diagnosis, and this area still needs in-depth research.

In addition, in this chapter, only the system modeling capability of fuzzy models
was used. Since fuzzy models have many other attractive features, further applications
of fuzzy models or integration of fuzzy models with other techniques in fault diagnosis

should be a topic of future research.



Chapter 7

Fault Diagnosis in Nonlinear
Systems Using High Order Sliding
Mode Differentiators and an

Uncertainty Observer

In this chapter, an actuator fault detection, isolation, and estimation scheme us-
ing high order sliding mode differentiators and a neural networks based uncertainty
observer is proposed for the class of nonlinear systems which have been studied in
Chapter 4.

7.1 Introduction

One of the most popular model-based fault diagnosis approaches is observer-based
techniques, which include the use of the estimation error as the diagnostic residual,
and reconstruction of the outputs of the system of interest with the aid of observers.
Although the available observer design methods provide freedom for achieving the re-
quired performance, efficient fault diagnosis relies on the robustness of the diagnostic

residual to modeling uncertainties and noises. A straightforward method to create

160
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robustness with respect to uncertainties and noises is to generate unknown input
decoupled residuals. There are three classes of time domain solutions: 1) unknown
input observer (UIO) based approaches, e.g., [159]; 2) eigenstructure assignment ap-
proaches, e.g., [160]; and 3) sliding mode observer based approaches, e.g., [56], [57],
[70], [66]. The advantage of the decoupling methods lies in the fact that they can
detect a small-magnitude fault, even if large modeling errors are present.

The above approaches are originally based on linear multivariable models, which
can not cover many practical systems with strong nonlinearity. The inherent nonlinear
nature of real systems makes exact or approximate decoupling difficult. Therefore,
robust fault diagnosis problems for nonlinear systems have attracted a great deal of
attentions in the past few years. One class of approaches uses learning strategies, in
which the fault is estimated using online approximators [28], [29], [31]. The robustness
is achieved through modifying the parameter update law of the approximators. Only
the bound information of the uncertainties is used to design a threshold for robust fault
detection. However, uncertainties with large magnitude probably affect the sensitivity
of the diagnosis scheme to faults. Hence, some researchers considered designing fault
diagnosis algorithms using the explicit information of the uncertainty. For example,
the information of the uncertainty is first estimated using a recursive approach or
an adaptive approach, and then it is used to generate a diagnostic residual. If an
accurate estimation of the uncertainty is achieved, the fault signature on the residual
becomes more evident [161], [162]. This class of methods increases the sensitivity of
the diagnosis schemes to the fault. However, previous work only investigated discrete-
time systems with known nonlinearity, and all the states were available through first
order difference operators.

Moreover, fault diagnosis techniques based on sliding mode observers and/or differ-
entiators have been significantly investigated in the past few years. In some previous
works, the aim of building sliding mode observers was to reconstruct faults, which is
different from residual generation methods. By using a system transformation and
equivalent output injection, the faults can be directly reconstructed, so the detection,
isolation, and estimation of the faults become straightforward. For those systems

where the relative degree from the input to the output is more than one, high order
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sliding mode observers/differentiators demonstrate advantages over some traditional
observers [87], [149].

In this chapter, we take advantage of the high order sliding mode differentiators
(HOSMDs), and extend current fault diagnosis schemes using uncertainty estima-
tion approaches to a class of nonlinear systems. Correspondingly, a robust actuator
fault detection, isolation, and estimation scheme is designed. Unlike previous fault
diagnosis schemes using HOSMDs and learning approaches, the explicit information
of the uncertainty is estimated and used to achieve higher sensitivity to the faults,
while keeping robustness in the presence of uncertainties. Theoretically, the robust-
ness, sensitivity, and stability of the fault diagnosis scheme will be rigorously studied.
Practically, the proposed fault diagnosis scheme will be applied to a satellite attitude
control system, and simulation results illustrate its effectiveness.

The remaining sections of this chapter are organized as follows. In Section 7.2, the
system under study is formulated and some assumptions are given. In Section 7.3, a
new fault detection scheme using high order sliding mode differentiators and neural
networks based uncertainty observers is proposed, and some theoretical properties
of this fault diagnosis scheme are analyzed. Section 7.4 provides two approaches to
isolate and estimate faults. Thereafter, the proposed fault diagnosis scheme is applied
to a satellite attitude control system which has been studied in Section 7.5. Finally,

conclusions are presented in Section 7.6.

7.2 Problem Formulation

The class of nonlinear dynamic systems in this study is the same as that in Chapter

4, which is again presented here as

1 = h{z1,x2) (7.1)
ty = f(x1,x2) + Bu(t) +n(t) (7.2)
T, = hi(z1,41) (7.3)

y = o (7.4)



Chapter 7. Fault Diagnosis Using HOSMDs and Uncertainty Observer 163

T xT]T

where z; € R, . = [z, , 2, T

is the vector of system states, and u(t) = [uy, - , U]
and y(t) are the system input and output vectors, respectively. The function vector
flzy,2) = [fi(zy, 22), -+, fal@1, 22)]T and h(zy,22) = [ha(21,22), -+ ha(21, 22)] T
describe the dynamics in system state and output, and n(t) = [ni(t), -+, 7. (t)]"
represents the uncertainty vector. Moreover, B € R™*™ is the control matrix, and
n (7.3), h' is a nonlinear function, which implies the state z, can be described as a
nonlinear function of the system output and its derivative.

For the sake of designing and analyzing the actuator fault diagnosis scheme con-

veniently, the following assumptions are introduced.
Assumption 7.1 All the functions in f(z1,z2) and h(z, z2) are known.

Assumption 7.2 The state function f(z,,x2) is differentiable at Z5, which is

a=

oz |,_ .

where A is an n X n matrix. So, the following equation can be derived through series

expansion of f(z) at Zo.
f(fL'l, 1'2) — f(.’El, .’2'2) = Ai‘g + f(.’IJl, 1'2) — f(l‘l, i‘z) (75)
where £(x1, z2) is the nonlinear part of the system dynamics.

Assumption 7.3 The nonlinear component £(z1, 2) is Lipschitz at Zo with a known

constant kg; that is,

1€y, z2) — E(y, T2)|] < Kellza — 22 (7.6)

Assumption 7.4 Matrix A is stable, which implies a symmetric positive definite

matrix ['; exists such that

where () is also a positive definite matrix. Even the matrix A is unstable, we can

stabilize the linear part of the system by using a Luenberger gain.
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Assumption 7.5 Matrix B is of full column rank.

Assumption 7.6 The ith system uncertainty function 7;(t) is bounded by a constant

M, 1.e., |mi(t)] < s

The purpose of this study is to design an actuator fault detection, isolation, and

estimation scheme for system (7.1)-(7.4) under Assumption 7.1-7.6.

7.3 Fault Detection Using High Order Sliding Mode

Differentiators and an Uncertainty Observer

7.3.1 State Estimation Using HOSMDs

For the dynamic systems (7.1)-(7.4), we can still use the high order sliding mode
differentiators and (7.3) to estimate the state z5. In order to obtain the first order
and second order derivatives of the system output, we use a third order sliding mode

differentiator, which is written again as:

Zg = o
vw = —Xolzo — y|’*sign(z0 —y) + 21
21 = U
_ 2/3
v = —MAi|z1 — vl sign(z; — vo) + 22
Zg = U
Ve = —Aglze — Ul|1/23ign(22 —v1) + 23
Z3 = —MAgsign(zz — v3) (7.8)

where \g ~ A3 are positive diagonal coefficient matrices.
When there is no measurement noise and all the coefficients are properly selected,

the third order sliding mode differentiator (7.8) can achieve

20=Y;, 21 =Y; 22=17 (7-9)
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Even though measurement noise exists, if the magnitude of the measurement noise
is known, the boundedness of the derivative estimation error can be theoretically
guaranteed [84].

Correspondingly, the system unmeasurable state z, can be estimated using the

following function:

z2p = h'(z1, 1) (7.10)

where ;p is the calculated derivative of x; using the third order sliding mode differ-

entiator.

7.3.2 Design of Uncertainty Observer

Some researchers have used uncertainty observers to design nonlinear controllers [163],
[164], where the estimation of the uncertainty is used to assist controller design to
eliminate the effect of uncertainty on the systems.

In model-based fault detection, isolation, and estimation schemes, a diagnostic
residual is usually generated. For dynamic systems with modeling uncertainties, we
need to design robust fault detection strategies to determine whether a fault occurs
or not. One way to achieve robust fault detection is to use a nonzero threshold which
is established based on the magnitude of the uncertainty. However, this strategy pas-
sively makes use of partial information of the uncertainty. The robustness is achieved,
but the sensitivity of the fault diagnosis scheme is sacrificed.

In this study, we design an observer that is able to successfully characterize the
uncertainty. The estimated dynamics of the uncertainty is then used to generate a
residual. If the system function is known and the uncertainty dynamics is accurately
obtained, then the residual signal for fault detection could be very small before the
occurrence of any fault.

The proposed uncertainty observer is as follows,

£y = f(y,&2) + Bu+ My(t), £(0) = z2p(0) (7.11)
zop = h'(y,9p) (7.12)
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where yp is the first-order derivative of y computed via the third order sliding mode
differentiator, and zsp is the estimated state using y and yp. If the third order sliding
mode differentiator can exactly calculate the derivative of y, then zyp is completely
equal to z. Moreover, in (7.11), M 1(t) is the observer input, which is used to estimate
the magnitude of the uncertainty. Since M, (t) is supposed to specify the uncertainty

only, it is distinguished from the fault with respect to its amplitude, i.e.,
—'F]i lf Mlﬂ‘(t) < —ﬁi
Mig(t)={ My(t) if M) < (7.13)
ﬁi lf Ml,i (t) > 'F]i
where M ;(t) is the ith (¢ = 1,--- ,n) element of M;(¢), which is described as

My(t) = Wo(VZ) (7.14)

in which z = [M{ (t — 7),%J,(t — 7)]7, Z2p = T2p — £o, 7 is the time delay. The
activation function o(-) is the tangent hyperbolic function.
In this study, we use a popular back-propagation algorithm to update W and V.

Define a cost function J = 12, the update law is formulated into a matrix form as

X aJ o
W = —p—— Tap||lW 7.15
P18W P2|| 2D|| ( )

b oJ -
= —p3— — Zop ||V 7.16
e pal|Zap| (7.16)

where pq, p3 > 0 are the learning rates, and ps, ps are small positive numbers. The
second terms on the right side of above equations are e-modification terms to guarantee
robustness in estimation.

Based on the chain rule of derivative, we have

o8] 8] 0%, M,
)% 0%y M, W
_(9_J (()J 8532 .8Iletv
ov 0%, Onety W

(7.17)

(7.18)

where nety = VZ.
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When zo = zop is valid through using the high order sliding mode differentia-
tors, we have Ty = Zop. Subtracting (7.11) from (7.2), we get the dynamics of the
unmeasurable state estimation error, i.e.,

Ty = &ap = f(y,®ap) — f(y, &) +n(t) — M, ()
= Ay + &y, 220) — €(y, 32) + n(t) — Mu(t). (7.19)

Based on (7.17), (7.18), and (7.19), the update law is

W = —pi(E3pders) (a(VE))T — pal|Z2p||W (7.20)
V = —p3(@apdev) T — pallZ2n||V. (7.21)

where
Aoy = oz oz (7.22)

oM, 2V = Onety
Using a static approximation of the gradients, we have

dey = A1 (7.23)
doy = ATYW(I —A(VZ)) (7.24)

where A(Vz) = diag{c?(Viz)}.

7.3.3 Stability Analysis

Based on the nonlinear approximation ability of neural networks, there exists a pair

of optimal parameters W* and V* such that on a compact set we have
er(t) = n(t) — My(W*, V", Zap, ) (7.25)

where €,(t) is the bounded approximation error using neural networks. The optimal
parameters W* and V* are selected such that the Ly-norm distance between 7(t) and
its estimation is minimized. Usually, this approximation error is very small if the

structure and learning algorithm of the neural networks are carefully chosen.
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We assume that the upper bounds on the optimal parameters W* and V* satisfy
that

W lr < Wa (7.26)
IVirF < Vi (7.27)
where || - || is the Frobenius norm of a matrix.

Substituting (7.25) into (7.19), when no fault occurs, we obtain

Zo = f(y,map) — f(y,32) +n(t) — Mi(t)
= AZy+ E(y, zop) — E(y, &2) + Wo(VE) + € (7.28)

where W = W* — W, and e, = W*[o(V*Z) — 0(VZ)] + €, is a bounded disturbance
term, i.e., ||ez|| = €, due to the boundedness of W*, the boundedness of sigmoidal
function, and the boundedness of approximation error.

Stability of the fault diagnosis algorithm is analyzed in the following theorem.

Theorem 7.1 For system (7.1)-(7.4) under Assumption 7.1-7.6, if the high order
sliding mode differentiators and the proposed uncertainty observer are used, the state

estimation error T, the parameter estimation error W and V are all bounded.
Proof: First, we prove the boundedness of Z and W. Consider a Lyapunov candidate:

1 1 .o -
V, = 5:2;“1‘@2 + Etr(WTW) (7.29)
where I'; satisfies Assumption 7.4.

Based on (7.20), we obtain
W = (35 ders) T (0(VZ))T + pol|Z2||W. (7.30)

Using (7.28) and (7.30), the time derivative of Vj is

. 1. 1_ N ~ =
V; = 5 ~;F13~32 + §$;F12}2 + tT(WTW)
1

= —§~2TQ532 + &5 T1(E(z1, 22) — €(z1, 22))
+.’:l~7—2rF1WO'(V1i) + i';rrlﬁg
+tr[W T prd) 200 T + W po|Zo||W). (7.31)
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Based on the properties of matrix trace and sigmoidal function, we have

tr(W  prdgpy20") < p1owm||Willldenl]|Z2] (7.32)
tr(W'pllZ2lW) < (WulW| — W% p2ll| (7.33)

where o, is a bound of o, i.e., ||oT|| < om.
According to (7.32) and (7.33), (7.31) can be further written as

Vo £ =Dan(@IEI + kel 7]

HZ [T HIW llowm + 22T llEs = pallZ:1IW 12
+010ml Wl ll|Z2ll + WarllW 122102

= —Z)? = Bl@MWI® + BollZ W + Bsll2|l
Be B3

< - ~ 12 ~ W P2 N2 M2 ~
< =z = Az (W] 251) + (4ﬁ1 + Bs)l|Z2|l
2
< Al + (L 1 )l (7.34)
B
where
1
Y = 5)‘min(Q) - kﬁﬂrlll (735)
B = p2 (7.36)
B = on(ITill + pilldeml]) + peWi (7.37)
Bs = |Ii]lé (7.38)
where d; s is bounded due to the stability of matrix A.
Thus, from (7.34), we can see that when
N S +4
ol > 2y, (7.39)
Bry

V; < 0, which means Vs is negative outside the ball with radius b; described as
x = {Za|||Z2l| < b1}. When &, increases outside of the ball x, the negative of V,
results in reducing V; and Z,, which shows the boundedness of Z,.

Then, we consider the boundedness of W, which can be written as

W = —po||Z2|W + pol| Z2|W* + prdgpsFac (7.40)
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The second and third terms on the right side of (7.40) are bounded, since 72, o, and
W* are all bounded, and d,; is bounded, because A is a stable matrix. (7.40) can be
considered as a linear system with bounded input. Therefore, (7.40) is stable, since p,
is positive and input is bounded. Consequently, the boundedness of W is guaranteed.
The boundedness of W implies the boundedness of W.

From (7.24), d,v is also bounded since ¢?(-) is a bounded function, and A is a

stable matrix. The dynamic equation of V can be written as
‘7 = —p4||i2||‘~/ + pgdl—vfﬁg.’fT + p4|]:'i2|lV* (741)

where the second and third terms on the right side of 7.41 are both finite, because Z,,
W, o, d,v are all bounded, and p; and p4 are both finite positive numbers. Therefore,

the boundedness of V is ensured. |

Before a fault occurs, no matter what the magnitude of uncertainty is, if n(t)
can be precisely estimated by the neural network model M;(t), |lea]| would approach
zero, which means the residual Z, will converge to a very small bound, prior to the

occurrence of a fault.

7.3.4 Robustness Analysis

As we design model-based fault detection strategies, we expect the generated residual
would be as small as possible prior to any fault, so it could be more sensitive to the
occurrence of faults. In addition, we also expect the robustness property of the fault
detection schemes is not affected.

The dynamics of Z, prior to the occurrence of any fault is described as

Ty = AZo+E(y, xap) — E(, &2) + 1 — My, Z2(0) = 0. (7.42)

The initial condition Z5(0) = 0 is guaranteed when the derivatives of y can be exactly
obtained by HOSMDs.
During the time interval {0, ¢.), where 0 < t. < T, (T is the beginning time of any
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fault), we get Z5 by solving the differential equation (7.42)
te
B = [Ny man) = € )i
0

+ /0 A=) (i (7) = NIy (r))dr

Taking the norm on both sides of (7.43), we have the following inequality
ol < [ 1A et 20) — elw, ) Jor
# [ e ot = () o
< /Ote ke ||| || Z2lldr + /Ote l|et=||||e2]|d.

Using Gronwall’s Lemma, we have

|Zofl < (/Ote HeA(te—T)H“EQ”dT) exp (/Ote k§|IeA(te—T)||dT)
< (52 /Ooo ”eAT”dT) exp (k§ /0‘00 ”eA‘erT)

= EAzexp(keds) = €3

where €, is defined as max;ep{|l€2(¢)|}, and A, is

Am=/ lle?t||dt
0

which is bounded according to Assumption 7.4.

171

(7.43)

(7.44)

(7.45)

(7.46)

From (7.45), as long as the uncertainty observer does not reach its bound 7 due

to the occurrence of a fault, 5 would stay within a bound e3. The magnitude of this

bound depends on the estimation accuracy of the uncertainty. If Ml(t) can exactly

characterize the uncertainty 7(t), ||Z2|| will approach zero ultimately. This conclusion

is consistent with that in Section 7.3.3.

7.3.5 Fault Sensitivity Analysis

In addition to robustness, another important property of a fault diagnosis scheme is

its sensitivity to faults.
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The following theorem characterizes the set of additive actuator faults that can

be detected by the proposed fault diagnosis scheme.

Theorem 7.2 Consider the proposed fault diagnosis scheme using high order sliding
mode differentiators and uncertainty observers. If a time t, > 0 exists such that the

actuator fault u} satisfies the condition

/Tz“‘tz
T

then the fault will be detected, i.e., |Za]| > €.

eA(Tz+tx—T)ZBiu}(7')HdT > 26, (7.47)
i=1

Proof: During the time interval between the occurrence of a fault and the saturation

of M,(t), the dynamics of Z, become
:%2 = A.’i‘z + §(y,3329) - f(y,.’fb) + Z Bzu’f +n— Ml, 522(0) =0 (748)
i=1

where B; is the ith column of B, u} is the additive fault in the ith actuator, and T}
is the beginning time of a fault.

For any t, > 0, the solution of (7.48) is given by

Tr+tz
3, — / AT ¢y, wyp) — E(y, &2))dr
0
Ttz ~
+ / AT (g — My)dr
0

Totta m '
+ / eAlTatta=T) Z By (7)dr. (7.49)

i=1
Taking norm of (7.49) and using Gronwall’s lemma, we have

Te+ts

)l < (an+ [

Te+tz m .
= €5+ efere / HeA(T“tx_T) Z Biulf(T)HdT. (7.50)
Ty i=1

’eA(TE“I‘T) Z B,—u’]} (1) ”d’r) exp(keAs)
=1
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According to the triangular inequality, we obtain

Tette i ,
1Z2]] > ekgz\z/ “eA(Tz-f-tx—T) ZBiU}(T)“dT — €3. (7.51)
Tx i=1

/Tz+tz
Tz

the following inequality is guaranteed:

Therefore, when

AT N B (r)|ar > 2, (7.52)
i=1

|Z2]] > € (7.53)
which indicates the fault is detected. [ ]

From (7.52), the threshold for robust fault detection also depends on the bound
of the approximation error e5. When M, (t) can accurately estimate the uncertainty,

the threshold becomes very small, and the detection of faults becomes easier.

7.4 Fault Reconstruction Using HOSMDs

Although fault detection is the primary task in fault diagnosis, in real applications, in
order to counteract the effect of faults, we need to distinguish the faults according to
their locations and even their magnitudes. In this section, we introduce two methods
that can be used for fault isolation and estimation.

For the system (7.1)-(7.4), since the uncertainty and fault are coupled after the
fault occurs, we can only estimate the combinational effect of the fault and uncertainty.
For the nominal system of (7.1)-(7.4), the control value u can be calculated through

the following way, if x5 and %, are available.
u=(BTB)"'B" (&2 — f(z1,2)) (7.54)

where x> and Z, can be obtained by using vy, y, and ¢, which are computed via the
high order sliding mode differentiators. Consequently, the reconstructed control signal

18

4= (B"B)"'B(&2p — f(z1,22)) (7.55)
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where Z5p is the derivative of zop using HOSMD:s.

Denote the control signal in a healthy (normal) system as u*, which is usually
obtained through controller design. When the system is fault-free, @ = u*. However,
when an actuator fault is present, 4 deviates from u*. Therefore, based on (7.55) and
the normal control signals, we define the following signal to isolate and reconstruct
fault:

r=u-—u" (7.56)
where 7 = [ry,- -+ ,7,,]" is the residual vector.
In a noise free situation, r; # 0, (¢ = 1,--- ,m) means the ith actuator is faulty.
If the magnitude of the uncertainty and noise is small, the magnitude of r; would
still keep below a small threshold, d;, before the onset of any fault. If any one of the
magnitudes of r;, (¢ = 1,--- ,m) is above the threshold, we can specify the location
and type of the fault.

The proposed fault diagnosis scheme using HOSMDs and uncertainty observers is

implemented in the following algorithm:

e Step 1: Obtain bounds of system uncertainties, i.e., 7;.

e Step 2: Obtain ¢p from system output using HOSMDs (7.8).

e Step 3: Design an uncertainty observer based on (7.11) to (7.14).
e Step 4: Update W and V based on (7.15) and (7.16).

e Step 5: Generate residual ||Zz|].

e Step 6: Compare ||Z2|| with a threshold €3 to detect fault.

e Step 7: Calculate control signal w* for the healthy system.

e Step 8: Reconstruct control signal 4 based on (7.55).

e Step 9: Reconstruct fault signal r based on (7.56).

e Step 10: Compare 7; with 5 to isolate fault.

e Step 11: Use r; to estimate fault.
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7.5 Application to a Satellite Attitude Control Sys-

tem

In this section, we apply the proposed fault detection, isolation, and estimation
method to a satellite attitude control system. Consider a satellite flying in a cir-
cular orbit in an inverse square gravitational field. We assume that the attitude of
the satellite has no effect on the orbit. The motion dynamics of the satellite about

its center of the mass is given in [110] as
Io +&lw = 3w IE +u+ T,y (7.57)

where w = [w;,ws, ws]" is the angular velocity vector of the satellite, I = diag{I}, I5, I3}
is the principal axis moments of inertia of the satellite, u = [u;, up,u3]" is the control
torque vector, Ty = [Ty1, Tz, Tus]" is the disturbance torque vector, and the vector &,

is defined as

— sin 6, cos 6,
& = | cos0;sin @3 + sin 6 sin 6, cos b5 (7.58)

cos 8y cos 03 — sin 0 sin 0, sin 05

where 81, 05, 03 are the pitch, yaw, and roll angles, respectively.

The notation @ stands for the skew symmetric form of the vector w, i.e.,

0 —Ww3  Wo
o= wy 0 —w |- (7.59)
—W2 wh 0

The relationship between the angular velocity and the measurable Euler angles is

formulated as

wp = (wo+ 91) sin 0 + 63
Wy = (WO + 91) COS 62 COS 93 -+ ég sin 03 (760)

w3 = —(w()+91)COS@281H93+92C0893

where wy is a constant used to denote the orbital angular velocity of the satellite.
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The system state variables are chosen as z = [#T,w']". The dynamics of the

satellite is described as

R0 (w — w.(O 0 0
&= O =0 | u+ T (7.61)
I"Y(—&Iw + 3wié IE.) ! -1
where
[ siné 0 1
R(#) = cosfycosfl3  sinf; 0O
—cosf,sinf; cosfs O
] wWo sin 92
we(0) = wocosBycosfs | . (7.62)
—wp €os 05 sin 3

The parameters of this satellite are given in Chapter 2. Since our research focuses
on the fault diagnosis in actuators, we directly use the controller design method in
[110]. In order to make the system output smooth enough that its derivatives can be
accurately obtained through HOSMDs, we replace the discontinuous term sign in the

controller by its continuous approximation as

) T

where ¢ is a small positive number.

In the simulation, we assume that a fault occurs in the third actuator at the 10th

second; i.e.,

FO () = —58(t — 10)(1 — e~ 617 (7.64)
where ((¢) is still a time profile function defined in Chapter 3.2. The control torque is
disturbed by ¢, = 1% * rand; i.e., Ty = g,u, while the Euler angles have measurement
noise with ¢, = 0.5% * rand; i.e., Opegsure = (1 + )0, where rand is a Gaussian white
noise.

The uncertainty observer is assumed not to be activated until the 7.5th second.

The reason for this assumption is that we expect that the derivatives of the system
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output can be exactly attained via HOSMDs before we start to estimate the uncer-
tainties. Otherwise, when zop # o, the calculated estimation error Zsp is probably
not equal to the real Z,. The assumption that any fault is present after the activation
of the uncertainty observers guarantees no false alarm occurs prior to the start of the
uncertainty observer.

The sampling time of the simulation is set to 5x 107%. The four coefficients Ay ~ A3
in the third order sliding mode differentiator are all set to be 40. In the parameter
update algorithm, p; = p3s = 15, and p = ps = 0.08. The neural network is pre-
trained before being used, in order to achieve a good performance in the estimation
of the uncertainty.

The simulation results are illustrated from Figure 7.1 to Figure 7.5. Figure 7.1
shows the unmeasurable states w;, ws, w3z and their estimations using third order
sliding mode differentiators and (7.60). The estimated states w; to w3 can approximate
the real states in a very short time, if the third order sliding mode differentiators work
well.

Figure 7.2 demonstrates the difference between the real unmeasurable states and
the calculated states in the presence of an actuator fault. It can be seen that prior to
the occurrence of any fault, the state estimation error decreases as the exact derivative
of the system output is obtained. When an actuator fault occurs, ||Z2|| will be quickly
above a threshold, e.g., 0.5, which indicates the onset of the fault. Moreover, under the
performance of the uncertainty observer, the state estimation error is almost reduced
to zero between the activating time of the uncertainty observer and the beginning time
of the fault. This result shows the sensitivity of the fault diagnosis scheme increases
by using the uncertainty observer.

Figure 7.3 portrays the characteristics of the uncertainties in the system dynamics
and their estimation using the neural networks model we discussed in Section 7.3. The
bound of M;(t) is set to ng = 2 x 10~3. From Figure 7.3, M (t) can basically estimate
the uncertainties during the period [7.5, 10] seconds. The uncertainty estimation
error is due to the introduction of measurement noises into the high order sliding
mode differentiators. After the onset of the fault, at least one uncertainty estimator

becomes saturated. This phenomenon also signals the presence of the fault.
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Figure 7.1: Unmeasurable states and their estimations using high order sliding mode
differentiators

Figure 7.4 and 7.5 exhibit the fault isolation and reconstruction results using
the third order sliding mode differentiators. When neither uncertainty nor noise is
present, the fault reconstruction signal can precisely characterize the fault. A small
threshold of 0.05 is successful enough to be used in the fault isolation. In addition, for
the system with small-magnitude of uncertainties and measurement noises, the fault
reconstruction signal can still specify the fault with certain accuracy. However, in this
case, the threshold for a correct fault isolation needs to be updated to 0.5 or above.
The mismatch between the reconstructed fault and the actual fault is also due to the
introduction of measurement noise into HOSMDs. This issue has been discussed in

Chapter 4 and some suggestive remarks are given in [87].

7.6 Conclusions

In this chapter, a fault diagnosis scheme using high order sliding mode differentiators

and uncertainty observers was studied for a class of nonlinear systems. In the proposed



Chapter 7. Fault Diagnosis Using HOSMDs and Uncertainty Observer 179

State estimation error of © X

(rad/s)
=]
o w -
) E
S

=0.5[] B

-1 L . L : )
0 2 4 [ 8 10 12
Time (sec)

State estimation error of o,

1 T T T T T
oH Jr“ ¥ v A

Iy
® v
~ -o0sH e
-1 2 L L ) L
0 2 4 6 8 10 12
Time (sec)
State estimation error of 0N
1 T T T T T
05 ‘ 4
Y - M\ 4
B -05 4
o
= J
—15 I L L A 1
0 2 4 8 10 12

6
Time (sec)

Figure 7.2: Calculated state estimation error in the presence of a fault in the third
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fault diagnosis algorithm, the system uncertainty was first estimated using a neural
networks model. Then, the estimation of the uncertainty was used in the generation
of a diagnostic residual. As a result, the magnitude of the diagnostic residual prior to
the occurrence of any fault was reduced, and, correspondingly, the sensitivity of the
fault diagnosis scheme increases. Moreover, fault reconstruction was achieved by using
the high order sliding mode differentiators. The reconstructed signal makes the fault
isolation and estimation straightforward. The analytical properties of the proposed
fault diagnosis scheme were then rigorously proved. After that, an example that
applies the proposed fault diagnosis scheme to a satellite attitude control system was
given, and the simulation results demonstrated the effectiveness of this fault diagnosis
strategy.

Since high order sliding mode differentiators are used to provide exact deriva-
tives of the output, the performance of this fault diagnosis scheme is still affected by
the measurement noise and the sampling interval in discrete time implementation.
Therefore, methods to guarantee the real-time computational requirement need to be
carefully considered in practical applications.

Another important issue to be further investigated is how to select a suitable
upper bound for the uncertainty observer. Although a larger upper bound may be
more tolerant to the approximation error, it also reduces the sensitivity to faults. In
comparison, a small bound, though more sensitive to faults, will probably cause false

alarms in fault detection.



Chapter 8
Conclusions and Future Work

In this Chapter, the whole thesis is summarized and then some topics are pointed out

for further investigation.

8.1 Conclusions

In this thesis, fault detection, isolation, and estimation problems were studied in a
systematic way for several classes of nonlinear systems. In order to deal with the
uncertainties encountered in these systems, sliding mode observers, high order sliding
mode observers/differentiators, and various learning approaches were used to design
different robust fault diagnosis schemes. In addition, the applications of the proposed
fault diagnosis schemes to a series of satellite control systems were carried out in
this thesis. The contributions of this thesis are the subjects of several publications
[139], [162], [156], [158], [165], [166], [167], [149]. The key features are summarized as

follows.

e Since satellites belong to a class of safety-critical systems, the health monitoring
and fault diagnosis for satellite control systems become very important and have
been investigated in this thesis. According to the generations and operations

of different satellites, several typical satellite control systems were considered in

182
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this thesis: satellite attitude control systems, large angle satellite attitude con-
trol systems, flexible satellite control systems, satellite orbital control systems,
and multiple satellite formation flying systems. Although different satellite sys-
tems have distinct characteristics and work on different missions, their dynamics
can be classified based on their mathematical descriptions. The satellite control
systems belong to mechatronic systems, which are usually formulated by second
order ordinary differential equations. Using state space forms, the mathematical
models of the satellite control systems mentioned above can be divided into two
classes. The first class of dynamic systems have triangular input forms, where
the unmeasurable state is directly the derivative of the system output. In the
second class of systems, the unmeasurable state can be written as nonlinear
functions of the system output and its derivatives. Therefore, in this thesis, the
proposed fault diagnosis schemes are mainly designed for these two classes of

systems and applied to the satellite control systems mentioned above.

e Inspired by previous iterative learning observer-based fault diagnosis approaches,
a bank of PI-type repetitive learning observers were designed for a class of non-
linear Lipschitz systems. The generalized observer structure was chosen for each
observer so that only the coefficients which determine the learning rate have to
be selected. The simple architecture of this class of fault diagnosis scheme makes

it feasible in real applications.

e One important contribution of this thesis is, for a class of uncertain nonlinear
systems, which have triangular input forms, a framework of robust fault diagno-
sis schemes using sliding mode and learning approaches was proposed to achieve
fault detection, isolation, and estimation. Unlike some fault diagnosis strategies
using sliding mode observers, where the system uncertainties and faults are both
treated as unknown inputs and the fault signal is reconstructed through process-
ing the equivalent output injection signal, the proposed fault diagnosis schemes
distinguish the system uncertainties from the faults by using time-varying slid-
ing mode switching gains. An iterative learning algorithm and an iterative fuzzy

model were used to design the sliding mode switching gains, respectively. As
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a result, the sliding mode switching gain is large at the beginning regulation
phase to accelerate the state estimation process, and then it decreases in the
fault estimation phase to guarantee that other online estimators only specify
the faults.

e Moreover, besides the classic sliding mode observers, second order sliding mode
observers were also used to eliminate the effect of system uncertainties. The
second order sliding mode not only preserves features such as robustness to
system uncertainties, and finite-time convergence in state estimation, but it
also reduces or even removes the chattering. In addition, the high order sliding
mode approaches offer an efficient way to deal systems with a relative degree

greater than one.

e In the above framework of fault diagnosis schemes, three classes of online esti-
mators were used to characterize the faults. The first class is the neural networks
based estimators, which can successfully estimate the faults due to the powerful
approximation ability of the neural networks. The second class of diagnostic
estimators are wavelet networks, which may achieve the same approximation
capability as neural networks with a reduced-size network architecture. The
third class of fault estimators were based on iterative learning algorithms, where
the parameters of the estimators are iteratively updated in order to reduce the

overshoot and transient process in the estimation of fault functions.

e For a class of satellite attitude control systems, although their mathematical
descriptions do not satisfy triangular input forms, the unmeasurable state can
be represented by nonlinear functions of the output and its derivatives. To-
wards this class of nonlinear systems, high order sliding mode differentiators
were used to calculate the derivatives of the system output and then the un-
measurable state was obtained according to the system dynamic equations and
calculated derivatives. The zero initialization of the estimation error dynamics
helps to achieve satisfactory estimation of the faults. In this circumstance, neu-

ral adaptive estimators and iterative neuron PID estimators are used to estimate
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the faults, respectively. The neural adaptive estimators have a simple structure
and only the numbers of previous inputs and outputs need to be determined.
Additionally, the proposed iterative neuron PID estimators integrate the ad-
vantages of the neural networks and the iterative learning algorithms, where
the convergence rate is accelerated and the overshoot and transient process are

reduced or even eliminated in the fault estimation.

e In order to extend the robust fault diagnosis schemes to more general nonlinear
systems, a fault diagnosis strategy using learning and sliding mode approaches
was designed for the nonlinear systems which can be represented by TS fuzzy
models. A TS fuzzy observer was designed to estimate all the states by solving a
group of linear matrix inequalities. Neural networks based estimators were then
integrated with the TS fuzzy models to build a fuzzy-neural observer, which is
used to detect, isolate, and estimate possible faults. Although a stable parameter
update law is used to guarantee the stability of the proposed fault diagnosis
scheme, uncertainties and approximation errors still affect the accuracy of the
fault estimation. Therefore, the sliding mode term is then synthesized with the
fuzzy-neural observer to establish a fuzzy-neural sliding mode observer, which
is robust to the uncertainties and approximation errors, and is able to estimate

the fault with better performance.

e Unlike most existing robust fault diagnosis schemes which only use the bound
information of the uncertainties, a novel fault diagnostic observer was designed
to generate residual. In the proposed fault diagnosis scheme, high order sliding
mode differentiators were used to estimate the unmeasurable state, and then the
system uncertainty was characterized in an explicit way by using neural networks
based learning approaches, so that the information of the system uncertainty
can be directly used in the residual generation. If the uncertainty estimation
is successfully achieved, the diagnostic residual is not affected by the system

uncertainties, and the fault detection becomes easier.

In summary, the research in this thesis demonstrates that the proposed fault di-

agnosis schemes using sliding mode and learning techniques are effective in dealing
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with fault detection, isolation, and estimation for several classes of satellite control

systems. The versatile sliding mode and learning approaches provide multiple choices

for real applications.

8.2 Future Work

The proposed fault diagnosis schemes in this thesis are all model-based, more specif-
ically, observer-based approaches. Therefore, their performance, to some extent, de-
pends on the accuracy of the mathematical models of the systems under study, al-
though certain robust techniques are used. Moreover, since many other types of
challenging system complexities need to be dealt with, the area of fault diagnosis for
nonlinear systems still attracts many researchers. Some possible future studies are

listed as follows.

e In most cases of this thesis, only the actuator faults and additive component
faults were considered. However, in more realistic cases, the faults are possibly
represented by multiplicative faults, which are coupled with the system dynam-
ics. To deal with the multiplicative faults, more robust approaches are necessary,
and the structure of the systems need to be deeply investigated. Moreover, an
implicit assumption of this thesis is that the output measurement is accurate
and no fault occurs in the sensors. However, sensor faults, such as scalings er-
rors, dead zone, and parameter drift possibly exist in real systems. Therefore,
sensor fault diagnosis for various nonlinear systems should be carefully studied

in the future work.

e In this thesis, only the fault detection, isolation, and estimation problems were
studied. However, successful fault diagnosis is not the ultimate goal in many
real applications. The systems should have some fault accommodation strate-
gies to deal with the effect of faults. An analytical solution is to design fault
tolerant controllers through system or controller reconfiguration. The passive
fault tolerant control can be classified into robust control, and the active fault

tolerant controller design needs specific information about the faults. Therefore,
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correct fault isolation and accurate fault estimation can be very helpful in the

design of fault accommodation strategies.

e Additionally, neural networks, fuzzy logic/models, and wavelet networks were
used in this thesis, where only their partial characteristics have been used in the
fault diagnosis schemes. This situation is partly because the designed fault diag-
nosis schemes are quantitative model-based. If the model-based FD methods are
integrated with other types of techniques, for example, the memory, association,
and prediction features of neural networks, the reasoning and decision capabil-
ities of fuzzy models, and the signal processing abilities of wavelet networks
and so on, then the quantitative model-based, the qualitative model based, and
even the process history based fault diagnosis methods can be synthesized in
a systematic way. We can predict that the reliability and effectiveness of the
innovative fault diagnosis methods will significantly increase and they can deal

with more complicated systems.



Bibliography

[

2]

3]

[4]

[7]

8]

[9]

[10]

R. Clark, “Instrument fault detection,” IFEE Transactions on Aerospace and
Electronic Systems, vol. 14, pp. 456-465, 1978.

R. Patton, P. Frank, and R. Clark, Fault Diagnosis in Dynamic Systems: Theory
and Applications. Prentice-Hall: Englewood Cliffs, New Jersey, 1989.

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

J. Chen and R. Patton, Robust Model-Based Fault Diagnosis for Dynamic Sys-
tems. Kluwer Academic Publishers: Boston, 1999.

P. Frank, R. Patton, and R. Clark, Issues of Fault Diagnosis for Dynamic Sys-
tems. Springer-Verlag: London, 2000.

S. Simani, C. Fantuzzi, and R. Patton, Model-based Fault Diagnosis in Dynamaic
Systems Using Identification Techniques. Springer-Verlag: Berlin, 2003.

P. Frank, “Fault diagnosis in dynamic systems using analytical and knowledge-
based redundancy - a survey and some new result,” Automatica, vol. 26, pp. 459-
474, 1990.

V. Venkatasubramanian, R. Rengaswamy, K. Yin, and S. Kavuri, “A review of
process fault detection and diagnosis: part I: quantitative model-based meth-
ods,” Computers and Chemical Engineering, vol. 27, pp. 293-311, 2003.

V. Venkatasubramanian, R. Rengaswamy, K. Yin, and S. Kavuri, “A review
of process fault detection and diagnosis: part II: qualitative models and search
strategies,” Computers and Chemical Engineering, vol. 27, pp. 313-326, 2003.

V. Venkatasubrafnanian, R. Rengaswamy, K. Yin, and S. Kavuri, “A review of

process fault detection and diagnosis: part III: process history based methods,”
Computers and Chemical Engineering, vol. 27, pp. 327-346, 2003.

188



BIBLIOGRAPHY 189

[11]

[12]

[13]

[14]

[19]

[20]

V. Kapila, A. Sparks, J. Buffington, and Q. Yan, “Spacecraft formation flying:
Dynamics and control,” in Proceedings of the American Control Conference,
pp. 4137-4141, 1999.

P. Wang and D. Yang, “PD-fuzzy formation control for spacecraft formation
flying in elliptical orbits,” Aerospace Science and Technology, vol. 7, pp. 561-
566, 2003.

E. Tehrani, K. Khorasani, and S. Tafazoli, “Dynamic neural network-based esti-
mator for fault diagnosis in reaction wheel actuator of satellite attitude control

system,” in Proceedings of International Joint Conference on Neural Networks,
pp. 2347-2352, 2005.

N. Tudoroiu and K. Khorasani, “Satellite fault diagnosis using a bank of inter-
acting kalman filters,” IFEE Transactions on Aerospace and Electronic Systems,
vol. 43, pp. 1334-1350, 2007.

Z. Li, L. Ma, and K. Khorasani, “Fault diagnosis of an actuator in the atti-
tude control subsystem of a satellite using neural networks,” in Proceedings of
International Joint Conference on Neural Networks, pp. 2658-2663, 2007.

H. Azarnoush and K. Khorasani, “Fault detection in spacecraft attitude con-
trol system,” in Proceedings of International Conference on Systems, Man, and
Cybernetics, pp. 726-733, 2007.

H. Talebi, R. Patel, and K. Khorasani, “Fault detection and isolation for uncer-
tain nonlinear systems with application to a satellite reaction wheel actuator,”

in Proceedings of International Conference on Systems, Man, and Cybernetics,
pp- 3140-3145, 2007.

A. Barua and K. Khorasani, “Intelligent model-based hierarchical fault diagnosis
for satellite formations,” in Proceedings of International Conference on Systems,
Man, and Cybernetics, pp. 3191-3196, 2007.

N. Meskin and K. Khorasani, “Fault detection and isolation in a redundant re-
action wheels configuration of a satellite,” in Proceedings of International Con-
ference on Systems, Man, and Cybernetics, pp. 3153—-3158, 2007.

T. Jiang and K. Khorasani, “A fault detection, isolation and reconstruction
strategy for a satellites attitude control subsystem with redundant reaction
wheels,” in Proceedings of International Conference on Systems, Man, and Cy-
bernetics, pp. 3146-3152, 2007.



BIBLIOGRAPHY 190

[21]

[22]

[23]

24]

[25]

[26]

[27]

H. Talebi and K. Khorasani, “A robust fault detection and isolation scheme
with application to magnetorquer type actuators for satellites,” in Proceedings
of International Conference on Systems, Man, and Cybernetics, pp. 3165-3170,
2007.

H. Wang and S. Daley, “Actuator fault diagnosis: an adaptive observer-based
technique,” IEEFE Transactions on Automatic Control, vol. 41, pp. 1073-1078,
1996.

H. Wang, Z. Huang, and S. Daley, “On the use of adaptive rules for actuator
and sensor fault diagnosis,” Automatica, vol. 33, pp. 217-225, 1997.

B. Jiang and M. Staroswiecki, “Adaptive observer design for robust fault esti-
mation,” International Journal of Systems Science, vol. 33, pp. 767-775, 2002.

A. Xu and Q. Zhang, “Nonlinear system fault diagnosis based on adaptive
estimation,” Automatica, vol. 40, pp. 1181-1193, 2004.

W. Chen and M. Saif, “Adaptive actuator fault detection, isolation and ac-

commodation in uncertain systems,” International Journal of Control, vol. 80,
pp- 4563, 2007.

M. Polycarpou, “Stable learning scheme for failure detection and accommoda-
tion,” in Proceedings of IEEE International Symposium on Intelligent Control,
pp. 315-320, 1994.

M. Polycarpou and A. Helmicki, “Automated fault detection and accommoda-
tion: a learning systems approach,” IEEE Transactions on System, Man, and
Cybernetics, vol. 25, pp. 1447-1458, 1995.

A. Vemuri and M. Polycarpou, “Robust nonlinear fault diagnosis in input-
output systems,” International Journal of Control, vol. 68, pp. 343-360, 1997.

M. Demetriou and M. Polycarpou, “Incipient fault diagnosis of dynamical sys-
tems using online approximators,” IEEE Transactions on Automatic Control,
vol. 43, pp. 1612-1617, 1998.

A. Trunov and M. Polycarpou, “Automated fault diagnosis in nonlinear multi-
variable systems using a learning methodology,” IEEE Transactions on Neural
Networks, vol. 11, pp. 91-101, 2000.

M. Polycarpou and A. Trunov, “Learning approach to nonlinear fault diagno-
sis: detectability analysis,” IEFE Transactions on Automatic Control, vol. 45,

pp. 806-812, 2000.



BIBLIOGRAPHY 191

[33]

[34]

[35]

36)
37)

[38]

[39]

[40]

[41)

[42]

X. Zhang, M. Polycarpou, and T. Parisini, “A robust detection and isolation
scheme for abrupt and incipient faults in nonlinear systems,” IEEE Transactions
on Automatic Control, vol. 47, pp. 576-593, 2002.

S. Naidu, E. Zafirou, and T. Mcavoy, “Use of neural networks for failure detec-
tion in a control system,” IEEE Control Systems Magazine, vol. 10, pp. 49-55,
1990.

A. Bernieri, M. D’Apuzzo, L. Sansone, and M. Savastano, “A neural network ap-
proach for identification and fault diagnosis on dynamic systems,” IEEE Trans-
actions on Instrumentation and Measurements, vol. 43, pp. 867-873, 1994.

T. Marcu and L. Mirea, “Robust detection and isolation of process faults using
neural networks,” IEEFE Control Systems Magazine, vol. 17, pp. 72-79, 1997.

J. Theocharis and V. Petridis, “Neural network observer for induction motor
control,” IEEFE Control Systems Magazine, vol. 14, pp. 26-37, 1994.

Y. Kim, F. Lewis, and C. Abdallah, “A dynamic recurrent neural-network-

based adaptive observer for a class of nonlinear systems,” Automatica, vol. 33,
pp. 1539-1543, 1997.

D. Strobl, U. Lenz, and D. Schroder, “Systematic design of stable neural ob-
servers for a class of nonlinear systems,” in Proceedings of IEEE International
Conference on Control Applications, pp. 377-382, 1997.

A. Alessandri, M. Baglietto, T. Parisini, and R. Zoppoli, “A neural state es-
timator with bounded errors for nonlinear systems,” IEEE Transactions on
Automatic Control, vol. 44, pp. 2028-2042, 1999.

J. Choi and J. Farrell, “Adaptive observer for a class of nonlinear systems using
neural networks,” in Proceedings of IEEE International Symposium on Intelli-
gent Control, pp. 114-119, 1999.

T. Fretheim, R. Shoureshi, and T. Vincent, “A general approach to nonlinear
output observer design using neural network models,” in Proceedings of the
American Control Conference, pp. 924-928, 2000.

M. Ahmed and S. Riyaz, “Design of dynamic neural observers,” IEE Proceedings
of Control Theory and Applications, vol. 147, pp. 257-266, 2000.

A. Delgado, M. Hou, and C. Kambhampati, “Neural observer by coordinate

transformation,” IEE Proceedings of Control Theory and Applications, vol. 152,
pp. 698-706, 2005.



BIBLIOGRAPHY 192

[45] P. Kabisatpathy, A. Barua, and S. Sinha, “Artificial neural network model based
observers,” IFEE Circuits and Devices Magazine, vol. 21, pp. 18-26, 2005.

[46] H. Zhang, C. Chan, K. Cheung, and H. Jin, “Sensor fault diagnosis for systems
with unknown nonlinearity using neural network based nonlinear observers,” in
UKACC International Conference on Control, pp. 981-986, 1998.

[47] P. Kabore and H. Wang, “A B-spline neural network based actuator fault diag-

nosis in nonlinear systems,” in Proceedings of the American Control Conference,
pp. 1139-1144, 2001.

[48] A. Alessandri, “Fault diagnosis for nonlinear systems using a bank of neural
estimators,” Computers in Industry, vol. 52, pp. 271-289, 2003.

[49] W. Chen and M. Saif, “An iterative learning observer-based approach to fault
detection and accommodation in nonlinear systems,” in Proceedings of the 40th
IEEE Conference on Decision and Control, pp. 4469-4474, 2001.

[50] W. Chen and M. Saif, “A robust iterative learning observer-based fault diagnosis
of time delay nonlinear systems,” in Proceedings of the 15th Triennial World
Congress of IFAC, 2002.

[51] W. Chen and M. Saif, “Fault diagnosis and accommodation in nonlinear time-

delay systems,” in Proceedings of the American Control Conference, pp. 4255—
4260, 2003.

[52] W. Chen, M. Saif, and B. Shafai, “Fault detection in a class of differential-
algebraic systems,” in Proceedings of the American Control Conference,
pp. 4398-4402, 2004.

[53] W. Chen and M. Saif, “An iterative learning observer for fault detection and ac-
commodation in nonlinear time-delay systems,” International Journal of Robust
and Nonlinear Control, vol. 16, pp. 1-19, 2006.

[54] Z. Bien and J. Xu, Iterative Learning Control, Analysis, Design, Integration and
Applications. Kluwer Academic Publishers: Boston, 1998.

[55] Y. Chen and C. Wen, Iterative Learning Control, Convergence, Robustness and
Applications. Springer-Verlag: London, 1999.

[56] C. Edwards, S. Spurgeon, and R. Patton, “Sliding mode observers for fault
detection and isolation,” Automatica, vol. 36, pp. 541-553, 2000.



BIBLIOGRAPHY 193

[57]

[58]

[59]

[60]

[61]

[62]

(63]

[64]

[65]

C. Tan and C. Edwards, “Sliding mode observers for detection and reconstruc-
tion of sensor faults,” Automatica, vol. 38, pp. 1815-1821, 2002.

C. P. Tan and C. Edwards, “Sliding mode observers for reconstruction of simul-
taneous actuator and sensor faults,” in Proceedings of the 42nd IEEE Conference
on Decision and Control, pp. 1455-1460, 2003.

C. P. Tan and C. Edwards, “Multiplicative fault reconstruction using sliding

mode observers,” in Proceedings of the 5th Asian Control Conference, pp. 957—
962, 2004.

C. Edwards, “A comparison of sliding mode and unknown input observers for
fault reconstruction,” in Proceedings of the 43rd IEEE Conference on Decision
and Control, pp. 5279-5284, 2004.

X. Yan and C. Edwards, “Robust sliding mode observer-based actuator fault
detection and isolation for a class of nonlinear systems,” in Proceedings of the
44th IEEE Conference on Decision and Control, and the European Control Con-
ference, pp. 987-992, 2005.

H. Alwi and C. Edwards, “Robust sensor fault estimation for tolerant control
of a civil aircraft using sliding modes,” in Proceedings of the American Control
Conference, pp. 5704-5709, 2006.

X. Yan and C. Edwards, “Fault reconstruction/estimation using a sliding mode
observer,” in Proceedings of the 45th IEEE Conference on Decision and Control,
pp. 5573-5578, 2006.

R. Sreedhar, B. Fernandez, and G. Masada, “Robust fault detection in nonlinear
systems using sliding mode observers,” in Proceedings of IEEE Conference on
Control Application, pp. 715721, 1993.

W. Chen, M. Saif, and Y. Soh, “A variable structure adaptive observer approach
for actuator fault detection and diagnosis in uncertain nonlinear systems,” in
Proceedings of the American Control Conference, pp. 2674-2678, 2000.

Y. Xiong and M. Saif, “Sliding mode observer for nonlinear uncertain systems,”
IEEFE Transactions on Automatic Control, vol. 46, pp. 2012-2017, 2001.

L. Li and D. Zhou, “Fast and robust fault diagnosis for a class of nonlinear
systems: detectability analysis,” Computers and Chemical Engineering, vol. 28,
pp. 2635-2646, 2004.



BIBLIOGRAPHY 194

[68]

[69]

[70]

[73]

[74]

[75]

[77]

[78]

T. Yeu and S. Kawaji, “Sliding mode observer based fault detection and isola-

tion in descriptor systems,” in Proceedings of the American Control Conference,
pp. 45434548, 2002.

B. Jiang and F. Chowdhury, “Observer-based fault diagnosis for a class of non-
linear systems,” in Proceedings of the American Control Conference, pp. 5671—
5675, 2004.

T. Floquet, J. Barbot, W. Perruquetti, and M. Djemai, “On the robust fault
detection via a sliding mode disturbance observer,” International Journal of
Control, vol. 77, pp. 622-629, 2004.

W. Chen and M. Saif, “Actuator fault isolation and estimation for uncertain
nonlinear systems,” in Proceedings of the IEEE International Conference on
Systems, man and Cybernetics, pp. 2560-2565, 2005.

W. Chen and M. Saif, “Application of sliding mode observers for actuator fault
detection and isolation in linear systems,” in Proceedings of IEEE Conference
on Control Applications, pp. 1479-1484, 2005.

T. Boukhobza and J. Barbot, “High order sliding modes observer,” in Pro-

ceedings of the 37th IEEE Conference on Decision and Control, pp. 1912-1917,
1998.

J. Davila, L. Fridman, and A. Levant, “Second-order sliding mode observer
for mechanical systems,” IEFE Transactions on Automatic Control, vol. 50,
pp- 1785-1789, 2005.

Y. Shtessel and A. Poznyak, “Parameter identification of affine time varying
systems using traditional and high order sliding modes,” in Proceedings of the
American Control Conference, pp. 2433-2438, 2005.

L. Fridman, A. Levant, and J. Davila, “High-order sliding mode observer for
linear systems with unknown inputs,” in Proceedings of the International Work-
shop on Variable Structure Systems, pp. 202-207, 2006.

A. Benallegue, A. Mokhtari, and L. Fridman, “Feedback linearization and high
order sliding mode observer for a quadrotor UAV,” in Proceedings of the Inter-
national Workshop on Variable Structure Systems, pp. 365-372, 2006.

N. Msirdi, A. Rabhi, M. Ouiadsine, and L. Fridman, “First and high order

sliding mode observers to estimate the contact forces,” in Proceedings of the
International Workshop on Variable Structure Systems, pp. 274-279, 2006.



BIBLIOGRAPHY 195

[79]

[87]

[38]

[89]

[90]

V. Lebastard, Y. Aoustin, F. Plestan, and L. Fridman, “Absolute orientation
estimation based on high order sliding mode observer for a five link walking

biped robot,” in Proceedings of the International Workshop on Variable Struc-
ture Systems, pp. 373-378, 2006.

N. Msirdi, A. Rabhi, L. Fridman, J. Davila, and Y. Delanne, “Second order slid-
ing mode observer for estimation of velocities, wheel sleep, radius and stiffness,”
in Proceedings of the American Control Conference, pp. 3316-3321, 2006.

J. Davila, L. Fridman, and A. Poznyak, “Observation and identification of me-

chanical systems via second order sliding modes,” International Journal of Con-
trol, vol. 79, pp. 1251-1262, 2006.

S. Baev, L. Shkolnikov, Y. Shtessel, and A. Poznyak, “Parameter identification of
nonlinear system using traditional and high order sliding modes,” in Proceedings
of the American Control Conference, pp. 2634-2639, 2006.

A. Levant, “Robust exact differentiation via sliding mode technique,” Automat-
ica, vol. 34, pp. 379-384, 1998.

A. Levant, “High-order sliding modes, differentiation and output-feedback con-
trol,” International Journal of Control, vol. 76, pp. 924-941, 2003.

A. Levant, “Homogeneity approach to high order sliding mode design,” Auto-
matica, vol. 41, pp. 823-830, 2005.

H. Saadaoui, I. Leon, M. Djemai, N. Manamanni, and J. Barbot, “High or-
der sliding mode and adaptive observers for a class of switched systems with
unknown parameters: a comparative study,” in Proceedings of the 45th IEFE
Conference on Decision and Control, pp. 5555-5560, 2006.

C. Edwards, L. Fridman, and M.-W. Thein, “Fault reconstruction in a
leader/follower spacecraft system using higher order sliding mode observers,”
in Proceedings of the American Control Conference, pp. 408-413, 2007.

Q. Zhang and A. Benveniste, “Wavelet networks,” IEEFE Transactions on Neural
Networks, vol. 3, pp. 889-898, 1992.

J. Zhang, G. Walter, Y. Miao, and W. Lee, “Wavelet neural networks for func-
tion learning,” IEEFE Transactions on Signal Processing, vol. 43, pp. 1485-1497,
1995.

X. Ma, Z. Sun, and Y. He, “Analysis and design of fuzzy controller and fuzzy
observer,” IEEFE Transactions on Fuzzy Systems, vol. 6, pp. 41-51, 1998.



BIBLIOGRAPHY 196

[91]

[92]

[93]

[94]

[95]

[101]

[102]

A. Fayaz, “On the Sugeno-type fuzzy observers,” in Proceedings of the 38th
IEEE Conference on Decision and Control, pp. 4828-4833, 1999.

R. Palm and D. Driankov, “Towards a systematic analysis of fuzzy observers,” in
Proceedings of the 18th International Conference of the North American Fuzzy
Information processing Society, pp. 179-183, 1999.

P. Bergsten and R. Palm, “Thau-Luengerger observers for TS fuzzy systems,”
in Proceedings of the ninth IEEE International Conference on Fuzzy Systems,
pp. 671-676, 2000.

P. Bergsten, R. Palm, and D. Driankov, “Fuzzy observers,” in Proceedings of
the IEEE International Fuzzy Systems Conference, pp. 700-703, 2001.

K. Tanaka and H. Wang, Fuzzy Control Systems Design and Analysis: A Linear
Matriz Inequality Approach. John Wiley and Sons Inc.: New York, 2001.

P. Bergsten, R. Palm, and D. Drankov, “Observers for Takagi-Sugeno fuzzy
systems,” IEEE Transactions on Systems, Man, and Cybernetics - Part B: Cy-
bernetics, vol. 32, pp. 114-121, 2002.

C. Ting, “An adaptive fuzzy observer-based approach for chaotic synchroniza-
tion,” International Journal of Approximate Reasoning, vol. 35, pp. 97-114,
2005.

K. Lian and J. Liou, “Output tracking control for fuzzy systems via output
feedback design,” IFEFE Transactions on Fuzzy Systems, vol. 14, pp. 628-639,
2006.

R. Isermann, “On fuzzy logic applications for automatic control, supervision,
and fault diagnosis,” IEEFE Transactions on Systems, Man, and Cybernetics -
Part A: Systems and Humans, vol. 28, pp. 221235, 1998.

H. Schneider and P. Frank, “Observer-based supervision and fault detection in
robots using nonlinear and fuzzy logic residual evaluation,” IEEE Transactions
on Control Systems Technology, vol. 4, pp. 274-282, 1996.

R. Patton, J. Chen, and C. Lopez-Toribio, “Fuzzy observers for nonlinear dy-
namic systems fault diagnosis,” in Proceedings of the 87th Conference on Deci-
ston and Control, pp. 84-89, 1998.

B. Castillo-Toledo and J. Anzurez-Marin, “Model-based fault diagnosis using

sliding mode observers to Takagi-Sugeno fuzzy model,” in Proceedings of the
IEEE International Symposium on Intelligent Control, pp. 652-657, 2005.



BIBLIOGRAPHY 197

[103]

[104]

[105]

106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

J. Anzurez-Martin and B. Castillo-Toledo, “The fault diagnosis problem: sliding
mode fuzzy dedicated observers approach,” in Proceedings of IEEE International
Conference on Fuzzy Systems, pp. 1322-1328, 2006.

F. J. Uppal, R. Patton, and M. Witczak, “A neuro-fuzzy multiple-model ob-
server approach to robust fault diagnosis: based on the DAMADICS benchmark
problem,” Control Engineering Practice, vol. 14, pp. 699-717, 2006.

J. Suykens, J. Vandewalle, and B. Moor, Artificial Neural Networks for Mod-
elling and Control of Nonlinear Systems. Kluwer Academic Publishers: Nether-
lands.

J. Suykens, J. Vandewalle, and B. D. Moor, “NL, theory: checking and im-
posing stability of recurrent neural networks for nonlinear modeling,” IFEFE
Transactions on Signal Processing.

J. Zamarreno and P. Vega, “State space neural network properties and applica-
tion,” Neural Networks, vol. 11, pp. 1099-1112, 1998.

J. Suykens, B. Moor, and J. Vandewalle, “Robust local stability of multilayer
recurrent neural networks,” IEEFE Transactions on Neural Networks, vol. 11,
pp. 222-229, 2000.

V. Chobotov, Spacecraft Attitude Dynamics and Control. Krieger Publishing
Company: Malabar, FL, 1991.

S. Singh and A. Iyer, “Nonlinear decoupling sliding mode control and attitude
control of spacecraft,” IEEE Transactions on Aerospace and Electronic Systems,
vol. 25, pp. 621-633, 1989.

S. Drakunov, “Sliding mode observers based on equivalent control method,”
in Proceedings of the 31st Conference on Decision and Control, pp. 2368-2369,
1992.

V. Utkin, Sliding Modes in Control and Optimization. Springer-Verlag: Heidel-
berg, Berlin, 1992.

C. Edwards and S. Spurgeon, “On the development of discontinuous observers,”
International Journal of Control, vol. 59, pp. 1211-1229, 1994.

S. Drakunov and V. Utkin, “Sliding mode observers. tutorial,” in Proceedings
of the 34th Conference on Decision and Control, pp. 3376-3378, 1995.



BIBLIOGRAPHY 198

[115] J. Barbot, T. Boukhobza, and M. Djemai, “Sliding mode observer for triangular
input form,” in Proceedings of the 35th Conference on Decision and Control,
pp. 1489-1490, 1996.

[116] I. Haskara, U. Ozguner, and V. Utkin, “On sliding mode observers via equivalent
control approach,” International Journal of Control, vol. 71, pp. 1051-1067,
1998.

[117] F. Floret-Ponetet and F. Lamnabhi-Lagarrigue, “Parametric identification
methodology using sliding modes observer,” International Journal of Control,
vol. 74, pp. 1743-1753, 2001.

[118] A. Koshkouei and A. Zinober, “Sliding mode state observation for nonlinear
systems,” International Journal of Control, vol. 77, pp. 118-127, 2004.

[119] K. Veluvolu, Y. Soh, W. Cao, and Z. Liu, “Observer with multiple sliding modes
for a class of nonlinear uncertain systems,” in Proceedings of American Control
Conference, pp. 2445-2450, 2005.

[120] R. Lopez and R.M.Yescas, “State estimation for nonlinear systems under model

uncertainties: a class of sliding mode observers,” Journal of Process Control,
vol. 15, pp. 362-370, 2005.

[121] W. Chen and M. Saif, “Novel sliding mode observers for a class of uncertain
systems,” in Proceedings of the American Control Conference, pp. 2622-2627,
2006.

[122] G. Wheeler, C. Su, and Y. Stepanenko, “A sliding mode controller with im-
proved adaptation laws for the upper bounds on the norm of uncertainties,” in
Proceedings of the American Control Conference, pp. 2133-2137, 1997.

[123] G. Wheeler, C. Su, and Y. Stepanenko, “A sliding mode controller with im-
proved adaptation laws for the upper bounds on the norm of uncertainties,”
Automatica, vol. 34, pp. 1657-1661, 1998.

[124] G. Monsees and J. Scherpen, “Adaptive switching gain for a discrete-time sliding
mode controller,” in Proceedings of American Control Conference, pp. 1639-
1643, 2000.

[125] V. Mkrtchian and A. Lazayan, “Application of neural network in sliding mode
control,” in Proceedings of the IEEE Conference on Control Applications,
pp. 653-657, 2000.



BIBLIOGRAPHY 199

[126]
[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

[137]

G. Monsees and J. Scherpen, “Adaptive switching gain for a discrete-time sliding
mode controller,” International Journal of Control, vol. 75, pp. 242-251, 2002.

W. Perruquetti and J. Barbot, Sliding Mode Control in Engineering. Marcel
Dekker Inc.: New York, 2002.

R. Schneider and P. Frank, “Fuzzy logic based threshold adaption for fault detec-
tion in robots,” in Proceedings of Conference on Control Applications, pp. 1127—
1132, 1994.

M. Rank and H. Niemann, “Norm based threshold selection for fault detectors,”
in Proceedings of American Control Conference, pp. 2027-2031, 1998.

S. Ding, P. Zhang, P. Frank, and E. Ding, “Threshold calculation using LMI-
technique and its integration in the design of fault detection systems,” in Pro-
ceedings of Conference on Decision and Control, pp. 469-474, 2003.

J. Stoustrup, H. Niemann, and A. la Cour-Harbo, “Optimal threshold functions
for fault detection and isolation,” in Proceedings of American Control Confer-
ence, pp. 1782-1787, 2003.

Z. Shi, F. Gu, B. Lennox, and A. Ball, “The development of an adaptive thresh-
old for model-based fault detection of a nonlinear electro-hydraulic system,”
Control Engineering Practice, vol. 13, pp. 1357-1367, 2005.

T. Hsiao and M. Tomizuka, “Threshold selection for timely fault detection
in feedback control systems,” in Proceedings of American Control Conference,
pp- 3303-3308, 2005.

L. Ljung and T. Soderstrom, Theory and Practice of Recursive Identification.
MIT Press: Massachusetts, 1983.

R. Marino and P. Tomei, Nonlinear Control Design, Geometric, Adaptive and
Robust. Prentice Hall: UK, 1995.

Z.Li, R. Zhao, Y. Li, and D. Sun, “Real-time predictable control based on single-
neuron PSD controller,” in Proceedings of the Second International Conference
on Machine Learning and Cybernetics, pp. 720-725, 2003.

S. Singh and R. Zhang, “Adaptive output feedback control of spacecraft
with flexible appendages by modeling error compensation,” Acta Astronautica,

vol. 54, pp. 229-243, 2004.



BIBLIOGRAPHY 200

[13]

[139]

[140]

[141]

[142]

[143)

[144]

[145]

[146]

[147]

[148]

K. Karray, A. Grewal, M. Glaum, and V. Modi, “Stiffening control of a class
of nonlinear affine systems,” IEEE Transactions on Aerospace and FElectronic
Systems, vol. 33, pp. 473484, 1997.

Q. Wu and M. Saif, “Neural adaptive observer based fault detection and iden-
tification for satellite attitude control systems,” in Proceedings of the American
Control Conference, pp. 1054-1059, 2005.

S. Ibrir, “Online exact differentiation and notion of asymptotic algebraic ob-

servers,” IFFEE Transactions on Automatic Control, vol. 48, pp. 2055-2060,
2003.

A. L.-J. R.M. Guerra and J. Rincon-Pasaye, “Fault estimation using algebraic
observers,” in Proceedings of the American Control Conference, pp. 438-442,
2007.

N. Wang and P. Ji, “Neuron PID variable structure control,” in Proceedings of
IEEFE Asia-Pacific Conference on Circuit and Systems, pp. 319-322, 2000.

W. Chang, R. Hwang, and J. Hsieh, “A multivariable online adaptive PID
controller using auto-tuning neurons,” FEngineering Applications of Artificial
Intelligence, vol. 16, pp. 57-63, 2003.

S. Barnett, Matrices in Control Theory. Van Nostrand Reinhold: New York,
1971.

L. Show, J. Juang, and C. Yang, “Nonlinear H,, robust control for satellite
large angle attitude maneuvers,” in Proceedings of American Control Confer-
ence, pp. 1357-1362, 2001.

L. Show, J. Juang, and Y. Jan, “An LMI-based nonlinear attitude control ap-
proach,” IEEE Transactions on Control Systems Technology, vol. 11, pp. 73-83,
2003.

H. Bang, M. Tahk, and H. Choi, “Large angle attitude control of spacecraft
with actuator saturation,” Control Engineering Practice, vol. 11, pp. 989-997,
2003.

W. Chen and M. Saif, “Actuator fault diagnosis for uncertain linear systems us-
ing a high-order sliding-mode robust differentiator (HOSMRD),” International
Journal of Robust and Nonlinear Control, vol. 18, pp. 413-426, 2008.



BIBLIOGRAPHY 201

[149)]

[150]

[151]

[152]

[153]
[154]

[155]

[156]

[157)

158]

[159]

Q. Wu and M. Saif, “Robust fault detection and diagnosis for a multiple satellite
formation flying system using second order sliding mode and wavelet networks,”
in Proceedings of the American Control Conference, pp. 426-431, 2007.

W. Chen, Q. Qian, and X. Wang, “Wavelet neural network based transient fault
signal detection and identification,” in Proceedings of International Conference
on Information, Communications and Signal Processing, pp. 377-1381, 1997.

Y. Oussar, I. Rivals, L. Personnaz, and G. Dreyfus, “Training wavelet net-
works for nonlinear dynamic input-output modeling,” Neurocomputing, vol. 20,
pp. 173-188, 1998.

W. Dixon, S. Nagarkatti, D. Dawson, and A. Behal, Nonlinear Control of En-
gineering Systems—A Lyapunov-Based Approach. Birkhauser: Boston, 2003.

L. Zadeh, “Fuzzy sets,” Information Control, vol. 8, pp. 338-353, 1965.

E. Mamdani and S. Assilian, “An experiment in liguistic synthesis with a fuzzy
logic controller,” International Journal of Man Machine Studies, vol. 7, pp. 1-
13, 1975.

W. Chen and M. Saif, “Design of a TS based fuzzy nonlinear unknown input
observer with fault diagnosis applications,” in Proceedings of American Control
Conference, pp. 2545-2550, 2007.

Q. Wu and M. Saif, “Robust fault diagnosis for a satellite system using a neural
sliding mode observer,” in Proceedings of the 44th IEEE Conference on Deci-
sion and Control, and European Control Conference ECC 2005 (CDC-ECC’05),
pp. 7668-7673, 2005.

F. Abdollahi, H. Talebi, and R. Patel, “A stable neural network-based observer
with applications to flexible-joint manipulators,” IEEE Transactions on Neural
Networks, vol. 17, pp. 118-129, 2006.

Q. Wu and M. Saif, “Robust fault detection and diagnosis in a class of nonlinear
systems using a neural sliding mode observer,” International Journal of Systems

Science-Special Issue on Advances in Sliding Mode Observation and Estimation,
vol. 38, pp. 881-899, 2007.

M. Saif and Y. Guan, “A new approach to robust fault detection and iden-
tification,” IEEE Transactions on Aerospace and Electronic Systems, vol. 29,
pp. 685-695, 1993.



BIBLIOGRAPHY 202

[160]

[161]

[162)

[163]

[164]

[165]

[166]

[167]

[168]

[169]

[170]

R. Patton and J. Chen, “Robust fault detection of jet engine sensor systems
using eigenstructure assignment,” Journal of Guidance, Control and Dynamics,
vol. 15, pp. 1491-1497, 1992.

F. Caccavale and L. Villani, “Fault diagnosis for industrial robots,” in Fault Di-
agnosis and Fault Tolerance for Mechatronic Systems, Recent Advances (L. Vil-
lani, ed.), pp. 85-108, Springer-Verlag: Berlin, 2003.

Q. Wu and M. Saif, “Robust fault diagnosis for satellite attitude systems using
neural state space models,” in Proceedings of the International Conference on
Systems, Man, and Cybernetics, pp. 1955-1960, 2005.

F. Lin, R. Wai, C. Lin, and D.-C. Liu, “Decoupled stator-flux-oriented induction
motor drive with fuzzy neural network uncertainty observer,” IEFEE Transac-
tions on Industrial Electronics, vol. 47, pp. 356-367, 2000.

J. Gonzalez, R. Aguilar, J. Alvarez-Ramirez, and M. Barron, “Nonlinear regula-
tion for a continuous bioreactor via a numerical uncertainty observer,” Chemical
Engineering Journal, vol. 69, pp. 105-110, 1998.

Q. Wu and M. Saif, “Robust fault diagnosis for a satellite large angle attitude
system using an iterative neuron PID (INPID) observer,” in Proceedings of the
American Control Conference, pp. 5710-5715, 2006.

Q. Wu and M. Saif, “Observer-based robust process fault detection and diag-
nosis for a satellite system with flexible appendages,” in Proceedings of the 45th
Conference on Decision and Control, pp. 2183-2188, 2006.

Q. Wu and M. Saif, “Repetitive learning observer based actuator fault detection,
isolation, and estimation with application to a satellite attitude control system,”
in Proceedings of the American Control Conference, pp. 414-419, 2007.

Y. Xiong and M. Saif, “Robust and nonlinear fault diagnosis using sliding mode
observers,” in Proceedings of the 40th IEEE Conference on Decision and Con-
trol, pp. 567-572, 2001.

A. Alessandri, “Sliding mode estimators for a class of nonlinear systems affected
by bounded disturbances,” International Journal of Control, vol. 76, pp. 226-
236, 2003.

F. Caccavale and L. Villani, “An adaptive observer for fault diagnosis in non-

linear discrete-time systems,” in Proceedings of American Control Conference,
pp. 2463-2468, 2004.



BIBLIOGRAPHY 203

[171] W. Chen, Q. Qian, and X. Wang, “Wavelet neural network based transient fault
signal detection and identification,” in International Conference on Information,
Communications and Signal Processing, pp. 1377-1381, 1997.

[172] C. Yang and Y. Sun, “Mixed Hs/H., sate-feedback design for micorsatellite
attitude control,” Control Engineering Practice, vol. 10, pp. 951-970, 2002.

[173] B. Wie, Space Vehicle Dynamics and Control. American Institute of Aeronautics
and Astronautics Inc.: Reston, 1998.



	etd3490-0001
	etd3490-0002
	etd3490-0003
	etd3490-0004
	etd3490-0005
	etd3490-0006
	etd3490-0007
	etd3490-0008
	etd3490-0009
	etd3490-0010
	etd3490-0011
	etd3490-0012
	etd3490-0013
	etd3490-0014
	etd3490-0015
	etd3490-0016
	etd3490-0017
	etd3490-0018
	etd3490-0019
	etd3490-0020
	etd3490-0021
	etd3490-0022
	etd3490-0023
	etd3490-0024
	etd3490-0025
	etd3490-0026
	etd3490-0027
	etd3490-0028
	etd3490-0029
	etd3490-0030
	etd3490-0031
	etd3490-0032
	etd3490-0033
	etd3490-0034
	etd3490-0035
	etd3490-0036
	etd3490-0037
	etd3490-0038
	etd3490-0039
	etd3490-0040
	etd3490-0041
	etd3490-0042
	etd3490-0043
	etd3490-0044
	etd3490-0045
	etd3490-0046
	etd3490-0047
	etd3490-0048
	etd3490-0049
	etd3490-0050
	etd3490-0051
	etd3490-0052
	etd3490-0053
	etd3490-0054
	etd3490-0055
	etd3490-0056
	etd3490-0057
	etd3490-0058
	etd3490-0059
	etd3490-0060
	etd3490-0061
	etd3490-0062
	etd3490-0063
	etd3490-0064
	etd3490-0065
	etd3490-0066
	etd3490-0067
	etd3490-0068
	etd3490-0069
	etd3490-0070
	etd3490-0071
	etd3490-0072
	etd3490-0073
	etd3490-0074
	etd3490-0075
	etd3490-0076
	etd3490-0077
	etd3490-0078
	etd3490-0079
	etd3490-0080
	etd3490-0081
	etd3490-0082
	etd3490-0083
	etd3490-0084
	etd3490-0085
	etd3490-0086
	etd3490-0087
	etd3490-0088
	etd3490-0089
	etd3490-0090
	etd3490-0091
	etd3490-0092
	etd3490-0093
	etd3490-0094
	etd3490-0095
	etd3490-0096
	etd3490-0097
	etd3490-0098
	etd3490-0099
	etd3490-0100
	etd3490-0101
	etd3490-0102
	etd3490-0103
	etd3490-0104
	etd3490-0105
	etd3490-0106
	etd3490-0107
	etd3490-0108
	etd3490-0109
	etd3490-0110
	etd3490-0111
	etd3490-0112
	etd3490-0113
	etd3490-0114
	etd3490-0115
	etd3490-0116
	etd3490-0117
	etd3490-0118
	etd3490-0119
	etd3490-0120
	etd3490-0121
	etd3490-0122
	etd3490-0123
	etd3490-0124
	etd3490-0125
	etd3490-0126
	etd3490-0127
	etd3490-0128
	etd3490-0129
	etd3490-0130
	etd3490-0131
	etd3490-0132
	etd3490-0133
	etd3490-0134
	etd3490-0135
	etd3490-0136
	etd3490-0137
	etd3490-0138
	etd3490-0139
	etd3490-0140
	etd3490-0141
	etd3490-0142
	etd3490-0143
	etd3490-0144
	etd3490-0145
	etd3490-0146
	etd3490-0147
	etd3490-0148
	etd3490-0149
	etd3490-0150
	etd3490-0151
	etd3490-0152
	etd3490-0153
	etd3490-0154
	etd3490-0155
	etd3490-0156
	etd3490-0157
	etd3490-0158
	etd3490-0159
	etd3490-0160
	etd3490-0161
	etd3490-0162
	etd3490-0163
	etd3490-0164
	etd3490-0165
	etd3490-0166
	etd3490-0167
	etd3490-0168
	etd3490-0169
	etd3490-0170
	etd3490-0171
	etd3490-0172
	etd3490-0173
	etd3490-0174
	etd3490-0175
	etd3490-0176
	etd3490-0177
	etd3490-0178
	etd3490-0179
	etd3490-0180
	etd3490-0181
	etd3490-0182
	etd3490-0183
	etd3490-0184
	etd3490-0185
	etd3490-0186
	etd3490-0187
	etd3490-0188
	etd3490-0189
	etd3490-0190
	etd3490-0191
	etd3490-0192
	etd3490-0193
	etd3490-0194
	etd3490-0195
	etd3490-0196
	etd3490-0197
	etd3490-0198
	etd3490-0199
	etd3490-0200
	etd3490-0201
	etd3490-0202
	etd3490-0203
	etd3490-0204
	Binder1_captured.pdf
	grrrrrr-0006
	grrrrrr-0007
	grrrrrr-0011
	grrrrrr-0012
	grrrrrr-0013
	grrrrrr-0014
	grrrrrr-0015
	grrrrrr-0016
	grrrrrr-0017
	grrrrrr-0018
	grrrrrr-0019
	grrrrrr-0020
	grrrrrr-0021
	grrrrrr-0022
	grrrrrr-0023
	grrrrrr-0024
	grrrrrr-0025
	grrrrrr-0026
	grrrrrr-0027
	grrrrrr-0028


