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ABSTRACT
Fault Detection and Isolation in Reaction Wheels by Using Neural Network Observers

Zhongqi Li

The attitude control of spacecraft has been widely investigated in the past years. In order
to meet the requirement to maintain the spacecraft within 0.2° of a pointing attitude in all three axes,
we use a three-axis stabilized system with on-axis reaction wheels for control actuation. Normally, the
actuator subsystem contains 4 reaction wheels (3 active and 1 redundant) and three magnetorquers
used for momentum dumping (e.g. de-saturating the wheel speed). Each active reaction wheel is
aligned with one of the body axis of satellite and acts as an actuator for the control loop of relative
axis. In this sense, reaction wheels play an essential role in attitude control system. As we know,
reaction wheels are momentum exchange devices which provide reaction torque to a spacecraft and
store angular momentum. Reaction wheels” working condition and performance heavily affect the
attitude control of a satellite. Any fault in reaction wheels should be detected as early as possible.
Mainly, there are three kinds of faults that occur in reaction wheels and that heavily impact the
performance of the wheel which deserves more attentions. They are bus voltage fault, current loss

(power loss) and temperature fault.

There are many schemes suitable for fault detection and isolation (FDI) such as
observer-based methods, parity space and parameter estimation techniques. This thesis presents a
neural network observer-based scheme for the actuator fault detection and isolation in the spacecraft
attitude control. The features of neural network, such as its intrinsic nonlinearity property, its ability to
learn, generalize and parallel processing make it suitable to model a non-linear dynamic system, such
as the reaction wheel in our problem. We introduce three Elman recurrent networks and each of them
is specific for modeling the dynamics of the wheel on each axis separately and independently. After
each network has been trained approximately, it can give accurate estimation of the reaction torque
generated by the wheel on each axis. Through some post-processing of the error signal between the
actual and estimated output, we can get three residual curves for the FDI purpose. By comparing with
a linear observer-based FDI scheme, the neural network observer-based scheme developed in this

thesis does show advantages as demonstrated in the simulation results.
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Chapter 1

General Background and Research Goals

1.1 Introduction

The attitude control of spacecraft has been widely studied since the late 1950s [1-4]. The attitude
control subsystem stabilizes the spacecraft and orients it in the desired set point position in a very
short time despite external disturbances torque acting on it. Generally, there exist three types of
control techniques to meet the requirements [4]. The first one is Gravity-gradient control, which uses
the inertial properties of a vehicle to keep it pointed toward the Earth. This relies on the fact that an
elongated object in a gravity field tends to align its longitudinal axis through the Earth’s center. The
torques which cause this alignment decrease with the cube of the orbit radius, and are symmetric
around the nadir vector, thus not influence the yaw of a spacecraft around the nadir vector. This
tendency is used on simple spacecraft in orbits without yaw orientation requirements, often with
deployed booms to achieve the desired inertias. Another is spin control technique. Spin stabilization is
a passive control technique in which the entire spacecraft rotates so that its angular momentum vector
remains approximately fixed in inertial space. The principle disadvantages of spin stabilization are (1)
that the vehicle mass properties must be controlled to ensure the desired spin direction and stability

and (2) that the angular momentum vector requires more fuel to reorient than a vehicle with no net



angular momentum, reducing the usefulness of this technique for payloads that must be repointed
frequently. And the most common attitude control technique today is three-axis control technique.
They maneuver and can be stable and accurate, depending on their sensors and actuators. The control
torques about the axes of 3-axis systems come from combinations of momentum wheels, reaction
wheels, control moment gyros, thrusters or magnetic torquers. Normally, these systems take two forms:
one uses momentum bias by placing a momentum wheel along the pitch axis; the other is called zero
momentum with a reaction wheel on each axis. The latter one is introduced in this thesis for attitude
control. Usually, there are four reaction wheels (3 active and 1 redundant) on the spacecraft to be
controlled. Each active reaction wheel is aligned with one of the body axis of spacecraft; it can rotate
in either direction and provide reaction torque for the related axis control. And the redundant one will
be excited in case of any of the other three wheels fails. Especially, when facing with secular
disturbances, the wheel will be drifted toward saturation. In this case, an external torque, such as

magnetic torque will be applied to force the wheel speed back to zero. This process is called

momentum dumping.

There are a number of techniques that can deal with the problem of attitude control from classical PID
control to adaptive control [1-4]. And recently, many intelligent-based approaches have been
introduced to realize the attitude control [5-7]. As discussed above, we design 3 independent control
loops by the use of three reaction wheels as the actuators to achieve attitude control on all three axes.
In this thesis, we apply the three classical PID controllers separately and the details about the

controller design will be explained in Chapter 2.



As stated earlier, we can see reaction wheels play an essential role in the attitude control of spacecraft.
Reaction wheels are momentum exchange devices which provide reaction torque to a spacecraft and
store angular momentum. A high fidelity mathematical modeling of reaction wheel [8] will be
discussed in Chapter 2. Therefore, the performance of reaction wheels heavily affects the attitude
contro! significantly. Reaction wheels operate in the environments with all kinds of disturbances and
unpredicted effects. Any fault happening inside the wheels shouid be detected and isolated as early as
possible to avoid serious damage to the attitude control of spacecraft. Normally, there exist three types
of faults in the wheel that deserve more attention. The first one is bus voltage fault. The bus voltage
should be high enough to avoid elimination of the voltage headroom. And low bus voltage will results
in reduced torque capacity and seriously will cause the attitude of spacecraft out of control. The same
effect will happen when the motor current loses inside the wheel. That means the reaction wheel loses
part of power and as a result cannot supply enough reaction torque to achieve proper set point change
of attitude. Finally, we need to consider the temperature fault. As we will see in the Chapter 2,
temperature is highly related to the viscous friction, which is the main friction factor of the wheel. The

temperature fault will cause the wheel operate in abnormal operating conditions too.

1.2 Literature Reviews in Fault Detection and Isolation

1.2.1 Fault Diagnosis Terminology

Before we go through the problems of fault diagnosis, we need to address some common terminology.

3



These are based on information obtained from the SAEFPROCESS Technical Committee [9]. A ‘fault’
is defined as an unexpected change of system function. That is an unpermitted deviation of at least one
characteristic property or parameter of the system from the acceptable, usual or standard condition.
Such a fault or malfunction often causes an unacceptable deterioration of the performance of the
system or even leads to dangerous situations. On the other hand, the terminology ‘failure’ is denoted
as complete breakdown of a system component or function. So we are clear that, in order to avoid -

system breakdown and catastrophes, a fault should be detected and isolated early before it causes a

failure.

Accordingly, a fault diagnosis system normally consists of three steps:
®  Fault detection: to make determination of the presence of any fault in the system or not;
® Fault isolation: to determine the location of the fault, e.g. which sensor or actuator has become

faulty;

®  Fault identification: to estimate the size, type and time-variant behavior of a fault.

Obviously, fault detection is the most essential step. It must be done properly before the other two
steps can follow. Fault isolation is almost equally importance in practical use in the sense that we can
know which parts of system have to be substituted or changed to keep the system from serious
problems. While fault identification is not that kind of important if we do not consider system

reconfiguration. Hence, we often use the term FDI to indicate fault detection and isolation in the

literature.



1.2.2 Fault Diagnosis Methods Classification

Generally, to detect and isolate faults in the system, some sort of redundancy is required. The
redundancy is used to make consistency checks between related variables. A traditional approach to
fulfill the FDI problem is based on hardware or physical redundancy methods which use multiple
sensors, components to measure and control a particular variable. Typically, a voting technique is
applied to hardware redundancy system to decide whether a fault has occurred or not. This kind of
method is very reliable and widely used in many practical industries. But the main disadvantages of
hardware redundancy are the requirements of extra equipments, maintenance cost and the additional
space to accommodate the redundant equipments [10]. Sometimes, the space is very limited in the

system, such as a spacecraft.

Recently, many researchers have concentrated on the development of analytical or functional
redundancy methods. In analytical redundancy system, we use more (not necessarily identical) ways
to determine a variable, where one way uses a mathematical process model in analytical form. Based
on analytical redundancy, there exist a large amount of methods termed model-based FDI techniques.

Figure 1.1 illustrates the concepts of hardware and analytical redundancy.
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Figure 1.1 Comparison between Hardware and Analytical Redundancy Schemes

Model-based FDI methods can be divided into three main subcategories according to many literatures
[11-13]. They are observer-based approaches, parity vector (relation) methods and parameter

estimation methods. More details about their properties and difference will be discussed later.

All these model-based FDI methods share some common features in that they usually comprise two

main stages as illustrated by Figure 1.2.

Input . System Catput .
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» Residual Generation
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Figure 1.2 Conceptual Structure of Model-Based FDI



This two-stage structure was first suggested by Chow and Willsky [14] and is widely accepted. The
first stage is residual generation. Its purpose is to use the available input and output information of the
monitored system to generate the indicated fault signal, termed residual. Apparently, in ideal cases, the
residual should be normally zero or close to zero in fault free situation, and is distinguishably different
from zero when a fault occurs. This stage of residual generation attracts representative fault symptoms
from the system and these symptoms are carried by the residual. For better FDI, the residual should
contain as more fault information as possible while not sensitive to system disturbances and noises.
After the residual is generated, it will be put into the second stage, namely the decision-making stage
for fault likelihood examination and finally a determination about fault occurrence is made. On this
process, the commonly used decision techniques are simple threshold test on instantaneous values or
moving averages of the residuals, or it may consist of methods of statistical decision theory like
generalized likelihood ratio test or sequential probability ratio testing. Normally, much attention has
been paid on the stage of residual generation, since the decision can be made much more easily based
on well generated residuals. And the efforts to improve the performance of the FDI system through

well designed decision-making stage are considered as passive approaches.

Besides the hardware redundancy and model-based methods, there still exist a group of methods
called intelligent and learning-based methods [15]. These methods make use of the large amount of
process history data. In early years, the rule-based methods such as expert system-based FDI system
were well known in practice {16]. They are typically made up of an antecedent part (series of events)

and a consequence part, which maps these events to a known fault. Process history information enters



the system in the form of antecedents and consequences. Thus these involve an explicit mapping of
known symptoms to root causes. Recently, neural network and fuzzy logic techniques are being
investigated as powerful modeling and decision making tools [17-20]. The use of these methods is
considered as an important extension to the model-based FDI approaches. They have the potential to
‘learn’ the plant model from input-output data or ‘leamn’ fault knowledge from past experience, and
they can be used as function approximators to construct the analytical model for residual generation,
or as supervisory schemes to make the fauit analysis decisions [17]. The nonlinear modeling ability of
neural networks has been utilized for nonlinear fault diagnosis problems [18-20]. Meanwhile, expert
systems and fuzzy logic have been used in model based fault diagnosis [21-26]. More details about
fuzzy logic based FDI methods will be shown in next subsection and the neural network based

methods will be discussed more in Chapter 4.

1.2.3 Desirable Attributes of a FDI System

We will list some desirable characteristics.of a FDI system. We can use them to benchmark various

FDI approaches and also use them as the guideline to design FDI systems [27].

1. Early Detection: Early detection is an important and highly desirable attribute which is more
likely to avoid system breakdown.

2. Isolability: Isolability refers to the ability of FDI system to distinguish different faults and

localize them.

3. Robustness: The FDI system should be robust to various noises and disturbances of the

8



monitored system. The thresholds should be chosen carefully to avoid the false alarm due to the
noises and disturbances.

4. Novelty Identifiability: The FDI system should be able to recognize the occurrence of an
unknown, novel fault and not misclassify it as normal operation.

5. Multiple Fault Identifiability: This is an important and difficult requirement for the FDI system
due to the interacting nature of most faults.

6. Explanation Facility: The FDI system should provide explanations on how the fault originated
and propagated to current situation.

7.  Adaptability: The FDI system should be adaptable to the changes in external inputs or structural

changes.

8. Reasonable Storage and Computational Requirement: There is a tradeoff between them, so a

reasonable compromise is desirable.

1.2.4 Observer Based Approaches

The basic idea behind the observer-based approaches is to estimate the outputs of the system from the
available measurements by using either Luenberger observer in a deterministic environment or
Kalman filters in a noisy environment. The output estimation error or its weighted value is served as

the residual. The advantage of using the observer is the flexibility to select its gains which leads to a

rich variety of FDI schemes [28-31].



In order to obtain the general structure of an observer, the discrete-time, time-invariant linear dynamic
system under consideration is modeled in a state space form:
{x(k+1)=Ax(k)+Bu(k) an
y(k) = Cx(k)
where u(k)e R, x(k)e R" and y(k)e R", and A, B and C are matrices with proper
size. Assuming that all the matrices are known, an observer can be applied to reconstruct the system

variables based on the measured inputs and outputs (k) and y(k), thatis

{fc(kﬂ) = A%(k)+ Bu(k)+ He(k)

- (1.2)
e(k) = y(k)—Cx(k)
The observer scheme described by Equation 1.2 is depicted in Figure 1.3.
ul) xit+11= Ax(t) + Bu(t) »y(t) _
) = Ot
+
» B C
Figure 1.3 Process and State Observer
For the state estimation errore (k) , it follows from Equation 1.2 that
ex(k):x(k)—fc(k) (1.3)
e, (k+1)=(A—HC)ex (k) '



The state error e (k) (and the state error e(k) ) is required to vanish asymptotically, that is

lime, (k) =0 (1.4)

Through proper design of observer feedback H , we can make the observer asymptotically stable.

If the process is influenced by disturbance and faults, the system can be described as:

x(k+1) = Ax(k)+ Bu(k) + Ov(k) + L, (k) s
y(k) = Cx(k) + Rw(k) + L, £ (k) '

where v(k) and w(k) are the non-measurable disturbance vectors at the input and output
respectively; f(k) fault signals at the input and output acting through L, and L,, and they can

represent actuator, process and sensor additive faults. The diagram of the system is shown in Figure

1.4.

For the state estimation error, the following equations hold if the disturbances
v(k)=0andw(k)=0,

e (k+1)= (A= HC)e,(K)+ L, f (k) HL, (k) (16

and the output error e(f) becomes

e(k)=Ce (k)+ L, f(k) (1.7

The vector f(k)represents additive faults because they influence e(k)and x(k)by a summation.
When sudden or permanent faults f(k) occur, the state estimation error will deviate from zero. As
well ase(k), e (k)shows dynamic behavior which are different from L, f(k)and L, f (k). Both

e (k)and e(k)can be taken as residuals. Particularly, the residual e(k) is the basis for different



fault detection methods based on output estimation.

F &) —

v{E) —w

u{f) —»

Figure 1.4 MIMO Process with Faults and Disturbances

Something we need to mention here is that the disturbances v(k)and w(k) will affect the sensitivity
to faults of FDI system. In this case, the Kalman filter must be used instead of classical observers [32].
And many other techniques have been applied such as unknown input observer (UIO) and disturbance

de-coupled residual generator design via eigenstructure assignment.

If faults appear as changes AAdor AB of the parameters, the system becomes

{x(k+1) = (A+ Ad)x(k)+(B + AB)u(k)

(1.8)
y(k) = Cx(k)
where the state e_(k) and the output estimation e(k) errors change to
e, (k+1)=(4—HC)e, (k)+ Adx(k)+ ABu(k) Lo
e(k)=Ce, (k) (9

The changes A4and AB are then multiplicative faults [11]. In this case, the changes in residuals
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depend on the parameter changes, as well as input and state variable changes. Hence, the influence of

parameter changes on the residuals is not as straightforward as in the case of the additive faults case.

1.2.5 Parity Vector (Relation) Approaches

The parity vector (relation) approaches has been applied to FDI problems since the early development
of FDIL. A complete survey can be found in [33]. To begin with this problem, let us mention that there
are two typical ways to arrange hardware redundancy, one is the use of sensors having identical or
similar functions to measure the same variable, the other is the use of dissimilar sensors to measure
different variables but with their outputs being relative to each other. And the basic idea of parity
vector method comes from the latter one that is to provide a proper check of the parity (consistency)

of the measurements of the monttored system.

The measurement equation of a general problem of measurement of n-dimensional vector using m

Sensors is:

y(k) = Cx(k)+ f(k)+ (k) (1.10)
where x(k)e R" is the state vector, y(k)€ R"is measurement vector, f(k)is the vector of
sensor faults, £(k)is a noise vector and C is the matrix with proper size. If m>n
andrank(C)=n, that is the number of measurements is greater than the number of variables to be
sensed, and inconsistency in the measurement data then can be used initially for fault detection and

isolation. This technique has been successfully applied to fault diagnosis schemes for navigation
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where relations between gyroscope readings and accelerometer assemblies provide analytical forms of

redundancy [34-36].

For FDI purposes, the vector y(k)can be combined into a set of linearly independent parity

equations to generate the parity vector (residual):

r(k)="Vy(k) (1.11)

The residual generation scheme based on direct redundant measurements is shown in Figure 1.5.

xl N yl R
o * Residual ;
Plant x Sensors Vs Residual
. »| Generator | o
Dynamics x C 5 v r
3 - .,

Figure 1.5 Residual Generation via Paralle]l Redundancy

In order to make (k) satisfy the usual requirement for a residual (zero-valued for the fault-free case),
the matrix ¥ must satisfy the condition:

VC=0 (1.12)

When this condition holds true, the residual (parity vector) only contains information on the faults and

noise:
r(k) = [ () + & 0]+ +v, [[f, (k) + &, ()] ] (1.13)
where v, is ithcolumn of V , f/(k) is ithelement of f(k)which denotes the fault in the

ithsensor. This equation reveals that the parity vector only contains information due to faults and

14



noise (uncertainty), and is independent of the unmeasured state x(k) . We can also see that the parity
space (or residual space) is spanned by the columns of V', that is the columns of V form a basis for

the space called ‘parity space’. Moreover, a fault in the ithsensor implies a growth of the residual

r(k) in the direction v, .

Using the notation of [37], a fault detection decision function is defined as:

DFD(k)=r(k) r(k) (1.14)

If a fault occurs in the sensors, DF'D(k) will be greater than a predetermined threshold. Accordingly,
the fault isolation decision function is then:

DFI(k)=vr(k); i€ {1,2,--,m} (1.15)

For a given7(k), a malfunctioning sensor is identified by computing the m values of DFI (k). If
DFI (k) is the largest one of these values, the sensor corresponding to  DFI (k) is the one which is

most likely to faulty.

In the parity space of view, the columns of V define m distinct fault signature directions. After a
fault has been declared, it can be isolated by comparing the orientation of the parity vector to each of
these signature directions. Indeed, the fault isolation function DFI (k) is a measure of the correlation
of the residual vector with fault signature directions. In order to isolate faults reliably, the generalized
angles between fault signature directions should be as large as possible. Thus, optimal fault isolation

performance will be achieved if:



{min {v,.ij};i #je{l,2,.--,m}

(1.16)
max{v/v };ie {1,2,---,m}
The traditional sub-optimal solution of the matrix V is to make [38]:
wh=1_, (1.17)
If we combined Equation 1.17 with 1.12, we can get:
yvt=1 -cc'cy'c’ (1.18)

The condition for the existence of a solution V for Equation 1.12 is that rank(C)=n<m. This
implies that the outputs of the sensors are selected by a static relation. There are some algorithms

about getting a complete solution of V' . People can refer to Potter’s algorithm [34] to get more details

if interested.

But ifrank(C) =n > m , the direction redundancy relation does not exist. In this situation, we may
construct redundancy relations by collecting sensor outputs over a time interval (data window
like {y(k—5),y(k—s+1),---,y(k)} ). This is known as ‘temporal redundancy’ or ‘serial
redundancy’. A number of literatures are concerned about this technique [39-43]. Figure 1.6 is one
structure diagram about the parity relation approach for residual generation of dynamic systems

suggested in [39]. Obviously, the residual signal can be defined as:

r(ky =V [Y(k)— HU(K)] (1.19)

The parity relation approach can be used to design structured residual set for fault isolation. And the

design for isolating sensor faults is very straightforward by using this parity vector-based approach as
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we see above. But for the actuator faults isolation, the structure set is more difficult to design.
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Figure 1.6 Residual Generation via Temporal Redundancy

1.2.6 Parameter Estimation Approaches

Model-based FDI can also be achieved by the use of system identification techniques [44-48]. This
approach is based on the assumption that the faults are reflected in the physical system parameters
such as friction, mass, viscosity, inductance, capacitance, etc. The basic idea of the detection method
is that the parameters of the actual process are repeatedly estimated on-line using well known
parameter estimation methods and the results are compared with the parameters the reference model
obtained initially under the faulty-free condition. Any substantial discrepancy indicates as a fault. This
approach normally uses the input-output mathematical model of a system in the following form:
y(k)= f(P,u(k)) (1.20)
where P is the model coefficient vector which is directly related to physical parameters of the system.

The function f(:,-) can take either linear or non-linear formats.



The basic procedure for carrying out FDI using parameter estimation is:

®  Establish the process model using physical relations;

®  Determine the relationship between coefficients and process physical parameters;

®  [Estimate the normal model coefficients;

®  Calculate the normal process physical parameters;

®  Determine the parameter changes which occur for the various fault cases.
By carrying out the last step for known fault, a database of faults and their symptoms can be built up.
During the system operation, the coefficients of the system mode! are periodically identified from the

measurable inputs and outputs, and compared with the normal and faulty model parameters.

To generate residuals using this approach, an on-line parameter identification algorithm should be
used. If one has the estimation of the model coefficient at time step k —1as P,_, the residual can be

defined in either of the following ways:

r(k)=F_-F,

. (1.21)
r(k) = y(k) = f(B_,u(k))

where F, is the normal model coefficient.

it is not easy to achieve fault isolation using the parameter estimation method. This is because the
parameters being identified are model parameters which cannot always be converted back to the
system physical parameters. However, the faults are represented by variations in physical parameters.

Moreover, [49] proposed an influence matrix approach to overcome the isolation difficulty. The idea is
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to identify the influence of each physical parameter on the residual.

1.2.7 Fuzzy Logic Based Approaches

Fuzzy logic, as one kind of intelligent-based method, has received more and more attention in FDI
problems [24-26]. Obviously, the decision making stage of fault detection is a logic decision process
that transforms quantitative knowledge (residual signals) into qualitative statements (normal or faulty).
Due to the fact that although the residual contains the information of faults, they are contaminated by
the noises and disturbances, the residual will be non-zero even in fault-free cases. And it seems very
natural to deal with this logical decision making problem with the aid of fuzzy logic since fuzzy logic
shows advantage to handle such cases in an uncertain and complicated situation based on incomplete
information. The appealing feature of fuzzy logic is that it constitutes a powerful tool for modeling

vague and imprecise facts and is therefore highly suited for the applications here.

Fuzzy logic endows machine intelligence with the ability to make decisions based on shades of grey,
instead of black-and-white information. Essentially, fuzzy processing can be divided into following
steps. Firstly, the residuals are compared with membership functions (or degree-of-belief curves)
which are often assumed to be of triangular shape. Secondly, the lower of the two antecedent outputs
is selected. Then the output of all rules is combined. Finally, the center of gravity (or another
averaging method) is used to defuzzify the output and lead to the possibility of definite decision

making. The use of fuzzy logic has been proved to be applicable in the providing reliable and
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sufficient FDI in real industrial systems.

Moreover, through combination of fuzzy logic and traditional model-based methods, we can get
so-called fuzzy observer as shown in Figure 1.7, which is helpful in FDI in non-linear dynamic
systems. The main idea is to use the T-S fuzzy model which was developed in [50]. Using this model,
a non-linear dynamic system is described by a number of locally-linearized observers. Under the fuzzy
logic observer scheme, a number of local linear observers are designed and the state estimate is given
by a fuzzy fusion of local observer outputs. The diagnostic signal — a residual is the difference
between the estimated and real system outputs. More details about the design procedures and

examples can be referred to [S51].

u y
System -
______________________________________________________ 1
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—* C | . »  F >
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Selector

Figure 1.7 Fuzzy Observer
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1.3 Research Motivation

When the bus voltage fault, current loss fault or temperature fault happens in the reaction wheel, we
can observe change in the reaction torque generated by the wheel with fault and also change in the
output angle of the related axis compared with fault free cases. This thesis is concentrated on the
understanding of the behavior of reaction torques as a consequence of faults. The objective of this
work is to develop some ways to detect and isolate the faults. By detection, we mean an approach to
find out whether the working conditions of wheels are in normal range or not. And fault isolation
means we need to decide the fault happens in the wheel on which axis of the spacecraft. There are
many kinds of fault detection and isolation techniques which have been widely applied in many
dynamic systems [9,52]. Artificial neural networks have the properties of inherent high nonlinearity,
robustness to disturbances and noises and parallel operation. It has been demonstrated to successfully
be applied in modeling of dynamic systems and fault diagnosis as well [53-55]. Hence, our motivation
is to employ artificial neural network techniques as a reliable tool to detect and isolate faults in the
reaction wheels and it does validate its usefulness and advantages over traditional generalized

Luenberger linear observer-based techniques, which can be shown in the following chapters.

1.4 Research Objectives and Contributions of the Thesis

In view of the above discussion, the objectives of this thesis are to develop schemes based on neural

networks for fault detection and isolation in the reaction wheels. Specifically, the goal is to decide
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whether a bus voltage fault, current loss fault or temperature fault has occurred in the reaction wheels
and localize which wheel is faulty as well. In order to achieve these objectives, three neural networks
are introduced to model the dynamics of the reaction wheels on all three axes separately and
independently. Due to the dynamic property of the wheel, the neural network architecture we apply in
this thesis is the Elman recurrent network [56] with backpropagation algorithm. The efficiency of the
neural network observer-based FDI scheme is carefully investigated, and a comparative study is
conducted with the performance of the generalized Luenberger linear observer-based scheme. The

simulation results will prove the advantages of the neural network-based method we develop here.

1.5 Research Methodology

With the help of the neural networks employed on the reaction wheel of each axis, we can observe the
estimated reaction torques from each wheel. Through these estimated signals, we are able to identify

the existence of faults in the system and which wheel is faulty as well. Figure 1.8 shows the stages

conducted in this thesis.

As shown in Figure 1.8, the algorithm developed in this thesis consists of three stages:

1. Residual Signals Generation: We design three Elman networks to mode] the dynamics of the
reaction wheels on three axes separately. The inputs to each network are the torque command
voltage signal (TCV ) and the one step delay of actual reaction torque signal (RT ) of the

corresponding reaction wheel or the estimated reaction torque from the output of the network.
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And the output of the network is the estimated reaction torque. Then after some post-processing
of the differences between the actual and the estimated reaction torque signal, we can get residual
for FDI purpose. Three residual signals are generated totally in this stage.

Threshold Testing and Fault Detection: The residual signals generated in the first stage will go
through the corresponding threshold curves for testing. The threshold curve is generated through
large sums of residual curves collected in the fault free cases. If the residual curve exceeds the
threshold curve for a considerable time, then we consider there is a fault that has happened in the

concerned reaction wheel.

Fault Isolation: With consideration on the threshold testing results from all these three axes, we

can localize which wheel is faulty.

A T G L
Meural MNetwork Neural Netwrotl Neural Metworls
Chserver-Based Ohserver-Based Obsetrver-Based
Residual Residual Residual
Generator  on Generator  on Generator  on
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residual, residual, residual,
e ¥ . d
Threshold Threshold Threshold
Curve Curve Cutve
o1t ot 7 l ot
4 ¥
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Fault Isolation
Faulty Wheel 15 on X-axis / Y-axis / Z-axis

Figure 1.8 The FDI Methodology by Using Neural Network
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In order to perform the above tasks in this thesis, simulation model of the whole attitude control
system and the reaction wheel are constructed with the help of software MATLAB (Version 7.01) and
SIMULINK. And all the data accumulation, signal processing, neural network application and

simulation result assessment are conducted in MATLAB and its associate toolboxes.

1.6 Outline of the Thesis

In Chapter 2, an outline of the attitude control system will be shown. And we will get to know the

details about dynamic characteristics of the reaction wheel and their modeling in MATLAB.

Chapter 3 presents a simple generalized Luenberger linear observer-based scheme used for fault
detection and isolation in the reaction wheels. The simulation results will server as a comparison of

data with the neural network observer-based scheme.

In chapter 4, after a brief introduction about the neural networks, a neural network observer-based FDI

scheme will be developed step by step. The suitable choice of neural network parameters will be

investigated as well.

Then a comparative study between the neural network observer-based scheme and the linear
observer-based scheme will be conducted in Chapter 5. And the comparative results will prove the

efficiency and advantages of neural network observer-based scheme developed in this thesis.
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In chapter 6, a brief summary of this thesis will be stated and some recommendations about the future

work are discussed.
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Chapter 2

Introduction to the Attitude Control System and Wheel

Dynamics

2.1 Mission Specifications

In order to investigate the attitude dynamics and control of the spacecraft, a hypothetical satellite
called MakSat is considered in this thesis. The MakSat will be launched into a 700 km circular Low
Earth Orbit (LEO), sun-synchronous (98.2°) orbit. With a velocity of approximately 7.5 km/s, the
orbit has a period of 98.8 minutes. Orbit selection is driven by science requirements, orbit lifetime,

ground station coverage, and radiation concerns.

In MakSat, we introduce three axis control techniques for attitude control. Specifically, we tend to
achieve pointing accuracy for each axis through the reaction wheel aligned with each axis separately.
The accuracy requirement of pointing attitude is within .27 in all three axes in our thesis. To achieve
this, three separate PID control loops will be used to control the three reaction wheels for control of

each spacecraft axis. A detailed discussion about one single control loop will be shown and explained

in the following sub-section.

26



2.2 Single Axis Attitude Control Using PID

The standard block diagram of a single axis attitude control loop is shown in Figure 2.1. As seen from
the diagram, this control loop contains four main blocks: sensor block, controller block, actuator block
and body dynamics block. Beside these, there are still some noises added on the sensors and some

external disturbances imposing on the spacecraft.

Disturbance
Controller Wheel Z,( S}l\ Body
w_ﬂ:‘fﬂ—& Fis) || Fl8) _,(u%__* B (s) Outputf
: % SENSor
F(8) e

T Moise

Figure 2.1 Single-Axis Attitude Control Block Diagram

Let us get the transfer function of the system first. Note that

0=6,F,F,F,+Z(s)F, @1
where @ is the controlled attitude angle, and

6,=0 -0 22)

0 =0F (23)
Combining these three equations and set the disturbance Z(s)to zero, we can get the transfer

function as:
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0(s) _ F()F,(5)F,(s)
0.(s) 1+F.(s)F,(s)F,(s)F.(s)

F(S) = (2.4)

We can get the disturbance transfer function by assuming the control command 6, (s) is zero,

sy =26 _ F(s)
Z,(8) 1+ F.($)F,()F,($)F,(s)

2.5)

The different function blocks of this control loop will be discussed in the following sub-sections.

2.2.1 Sensors [4]

Table 2.1 shows a summary of typical sensors used in airospace, as well as their performances and

physical characteristics.

Sensor Typical Performance Range Wt Range (kg) | Power (w)

Inertial Measurement Unit | Gyro Drift rate=0.003 deg/hr to 1 | 1to 15 10 to 200
(Gyros & Accelerometers) | deg/hr,

Linearity=1 to 5x107°g/ g’ over
range of 20 to 60 g

Sun Sensors Accuracy=0.005 deg to 3 deg 0.1to2 0to3
Star Sensors (Scanners & | Attitude accuracy=1 arc secto 1 arc | 2to 5 5to20
Mappers) min

0.0003 deg to 0.01 deg

Horizon Sensors Attitude accuracy: lto4 5to 10
®  Scanner/Pipper 0.1 deg! deg (LEO) 0.5t03.5 03to5
® Fixed Head (Static) <0.1 deg to 0.25 deg

Magnetometer Attitude accuracy=0.5 degto3deg | 0.3to 1.2 <1

Table 2.1 Typical ADCS Sensors [4]
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Sun sensors are visible-light detectors which measure one or two angles between their mounting base
and incident sunlight. They are accurate and reliable, but require clear fields of view. Usually, sun
sensors are mounted near the ends of the vehicle to get an unobstructed field of view. They can be
used as part of the normal attitude determination system, part of the initial acquisition or failure

recovery system, or part of an independent solar array orientation system.

Star sensors represents the most common sensor for high-accuracy missions. They can be scanners or
trackers. Stars pass through multiple slits in a scanner’s field of view, so we can get the spacecraft’s
attitude after several star crossings. Scanners are usually used on spinning spacecraft. While trackers
are used on 3-axis attitude stabilized spacecraft to track one or more stars to obtain two or three axes
attitude information. The most sophisticated units not only track the stars as bright spots, but identify
which star pattern they view, and output the sensor’s orientation compared to an inertial reference. For
highest accuracy missions, we use a combination of star trackers and gyros. We use the gyros for
initial stabilization and during periods of sun or moon interference in the trackers, while we use the

star trackers to provide a high-accuracy, low frequency, external reference unavailable to the gyros.

Horizon sensors are infrared devices that detect the contrast between the cold of deep space and the
heat of the Earth’s atmosphere (about 40 km above the surface in the sensed band). Horizon sensors
provide Earth-relative information directly for Earth-pointing spacecraft, which may simplify onboard
processing. Horizon crossing indicators (pippers) are used on spinning spacecraft to measure Earth

phase and chord angles which, together with orbit and mounting geometry, define two angles to the
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Earth (nadir) vector. Scanning horizon sensors use a rotating mirror or lens to replace (or augment) the

spinning spacecraft body. They are usually used in pairs for improved performance and redundancy.

Magnetometers are simple, reliable, lightweight sensors that measure both the direction and size of the
Earth’s magnetic field. When compared to the Earth’s known field, their output helps us establish the
spacecraft’s attitude. But their accuracy is not as good as that of star or horizon references. They are

often combined with Sun or horizon sensors to improve accuracy.

GPS receivers are commonly known as high-accuracy navigation devices. GPS receivers have been
used for attitude determination by employing the differential signals from antennas on a spacecraft.

Such sensors are low cost and weight for LEO missions but low accuracy.

Gyroscopes are inertial sensors which measure the speed or angle of rotation from an initial reference,
but without any knowledge of an external, absolute reference. Individual gyros provide one or two
axes information, and are often grouped together as an Inertial Reference Unit (IRU) for three full
axes. IRUs with accelerometers added for position or velocity sensing are called Inertial Measurement
Units (IMUs). Since Gyroscopes cannot provide any information of an external, absolute reference,
they are often used for precision attitude sensing in spacecraft when combined with some external

references such as Sun sensors or star sensors.

For the MakSat in our thesis, we use the Earth/Horizon sensor to get the pitch and roll angle. A

30



realistic sensor is more likely to be represented by a P —1T, block, which represents a delay between

the input and output signals,

KS

* 1+Ts

(2.6)

In order to simplify the problem in our thesis, we use an ideal sensor represented by a simple P block

with the transfer function expressed below:

F =K =1 2.7)

2.2.2 Actuators

The actuators here we use for attitude control are reaction wheel assemble consisting of 3 active
reaction wheels on the three axes of the spacecraft and one more redundant wheel. Reaction wheels
are momentum exchange devices which provide reaction torque to a spacecraft and store angular
momentum [8]. Mathematical modeling of reaction wheel can be derived merely from an application
of Newton’s laws, but additional terms are included herein to assess performance beyond the normal
speed range, and as a function of temperature and bus voltage. What is more, the disturbance and
noise terms cannot be ignored in reality. A reaction wheel consists of a rotating flywheel, typically

suspended on ball bearings, and driven by an inertial brushless DC motor.

A detailed time domain block diagram of a typical reaction wheel is shown in Figure 2.2. This

diagram provides the fundamental relationships for a high fidelity mathematical model of reaction
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wheel system. This detailed reaction wheel model is used in our thesis to substitute the real wheel.
There are five main sub-blocks in the diagram: motor torque control, speed limiter, EMF torque
limiting, motor disturbances and bearing friction and disturbances. Further information about the sub

function blocks will be explained in the following sub-sections.
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Figure 2.2 Detailed Reaction Torque Block Diagram [§]
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And the reaction wheel applied in our thesis is the ITHACO’s standard Type A reaction wheel.

typical constant values used in this diagram are defined in Table 2.2 [8].

Variable

Nomenclature Units Type ARWA
G, Diver Gain AlV 0.19
@, Driver Bandwidth(-3 dB) rad / sec 2000
k, Motor Torque Constant N-m/4 0.029
k, Motor Back-EMF V[rad/sec 0.029
k. Overspeed Circuit Gain V[rad/sec 95
, Overspeed Circuit Threshold rad[sec 690
T, Coulomb Friction N-m 0.002
J Flywheel Inertial N—m—s* 0.0077
N Number of Motor Poles - 36
B Motor Torque Ripple CoefTicient - 0.22
C Cogging Torque Amplitude N-m 0
R, Input Resistance Q 2.0
P Quiescent Power |74 3.0
R, Bridge Resistance Q 2.0
Torque Command Range V 5
Torque Command Scale Factor N-mfV 0.0055
K, Voltage Feedback Gain 414 0.5
e, Torque Noise Angle Deviation rad 0.05
), Torque Noise High Pass Filter Frequency rad / sec 0.2

Its

Table 2.2 Typical Constant Values of Type A Reaction Wheels [8]

Motor Torgue Control Block

The motor driver is essentially controlled by a torque command voltage with a gain G, . And the result

is a motor current I, directly proportional to the voltage. Then through a torque constantk,, it
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generates a motor torque 7, . In our thesis, the torque command voltage is constrained by [—SV, SV] .

Speed Limiter Block

A speed limiter circuit is employed to prevent the flywheel from reaching unsafe speeds, which is
defined as a threshold @, . It uses an analog tachometer circuit to sense wheel speed. Once the
speed @ is beyond the @, , the circuit provides it as a high-gain negative feedback k_ to limit the

speed. In the diagram, we use a heavyside function H _to enable this negative feedback.

HS:Of0r|a)l<a)S; 2.5
H, =1for|e|z o; '

EMF Torque Limiting Block

For low bus voltage conditions, the motor torque may be limited at high flywheel speed due to the
increasing back-EMF k, of the motor. This eventually eliminates the voltage headroom, and reduces
the torque capacity once the back-EMF increases to the point where the pulse-width-modulation of the
motor driver is saturated. From a disturbance point of view, the available motor torque will be coupled

directly to the bus voltage in this condition, and any fluctuations in bus voltage will be felt as torque

disturbance.

The back-EMF limiting is mildly coupled to power consumption by voltage drops in the input filter
due to the bus current level. This voltage drop is the product of the bus current /¢, and the filter

input resistance R, . In order to get the expression of /, ., we use an approximate power
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consumption model:

V 2 0.04|z |V, k
Pupr == 2| S R, =Ll 1 p 7, 2 29)
VBUS -1 kl Kr kr

where Py, is the power consumption, and when dividing Vs we can the bus current /¢ .

1 7?2 0.04|z |V k
sus = {—%R3+——————I ol Vs +P +01, —~ (2.10)
VBUS -1 kx t kr
Combining the relationship that
T
k, =2 (2.11)
1 Im
the above two equations yield:
1 2
s = [1,7R, +0.04]L, |V, s+ P, + wlmke] 2.12)
VBUS -1

In order to eliminate the voltage drop when the power is not being drawn form the bus, as during a

deceleration when energy is being removed from the flywheel, we apply a heavyside function H, to

achieve this function. In addition, a reverse polarity protection diode drop of 1V is also dependent

onH,.

H,(I)=1forl > 0;
{ h() fOr > 1] (213)

H,(I)=0forl <0;

Another heavyside function applied in this sub-block is defined as:

H.V)Y=0forV >0,
{ s )=0for (2.14)
H,(V)=1forV <0,
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Motor Disturbances Block

Type A reaction wheel model has employed brushless DC motors, which exhibit torque ripple at the

commutation frequency, and cogging at a frequency corresponding to the number of motor poles and

rate of rotation.

Torque ripple is the amount of variation in the motor torque due to the commutation method and the
shape of the back-EMFE. In cases where discrete commutation is implemented with sinusoidal
back-EMF, such as in ITHACO’s reaction wheels, the torque ripple in a perfectly aligned motor is
classically 14.3% peak-to-peak of the commanded motor torque, or about 7% rms. For some cases
with misalignment, this value can be as high as 22% peak-to-peak, or 11% rms. Although the torque
ripple wave shape is a truncated rectified sine wave, the block diagram approximates it with a pure
sine wave for simplicity. In addition, the amount of torque ripple is highly dependent on the torque
ripple frequency which is essentially the commutation rate. And the commutation rate is proportion to

the number of poles, the number of phases and the rotation rate.

Cogging is a disturbance torque which is always present in conventional brushless DC motor. It is due
to the change in reluctance of iron stator as the magnets in a conventional brushless DC motor are
rotated. In some cases, this can lead to undesirable disturbances when operating near zero speed. But
the ITHACQO’s ironless armature motor design, which is applied in reaction wheels of our thesis, has

completely eliminated the cogging disturbances.
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Bearing Friction and Disturbances Block

Normally, the friction in a reaction wheel can be mathematically broken down into viscous friction

and coulomb friction.

The viscous friction is generated in the bearings due to the bearing lubricant. Since the viscosity is
temperature dependent, the lubricant has a strong sensitivity to temperature. The viscous friction 7,
varies with speed and temperature. For the ITHACO’s Tpye A reaction wheels we used in our thesis,

this viscous friction can be approximately modeled as [8]:

7,= (0.049—M(T+300C)]x10‘2 Aom (2.15)
°C rad/sec

The coulomb friction 7,is caused by rolling friction within the bearings. In a reaction wheel
application with direction reversals, the bearing stiction will cause a ‘disturbance which is
characterized by a torque discontinuity as the wheel passes through zero speed. The rolling friction is
defined as the smallest amount of torque, which if applied continuously, will keep the flying rotating.
The breakaway torque is the smallest amount of torque which will start the flywheel from a stalled
condition. The resulting torque discontinuity for crossing through zero speed is therefore the sum of
the rolling friction and the breakaway torque. In most cases, and our thesis as well, this coulomb

friction can be assumed as twice of the rolling friction, neglecting the breakaway torque difference.

Torque noise is the very low frequency torque variation from the bearings, due to the lubricant
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dynamics. Light oils will result in low torque noise, but potentially more wear in the bearing and thus
increase the drag torque. Grease can be used to reduce drag torque, but slight amounts of grease are a
significant source of torque noise. Torque noise can be specified as a deviation from the ideal location
of motor at any constant speed. As in the block diagram, this torque noise can be approximately
modeled as:

7,=J0,0] sinw,t (2.16)
where J is the flywheel inertial, @ is the torque noise angle and @, is the torque noise high pass

filter frequency.

What we need to mention here is, for PID controller design, we only use the nearly ideal reaction

wheel mode] for simplicity. Its block diagram is shown below in Figure 2.3.

Reaction Torque

»_1 > T
Angular Momentum

Torgue  ~ -

Command .~ 1 F{Z}—’ H,

Iodtage at

Figure 2.3 Nearly Ideal Reaction Wheel Model Block Diagram

The angular momentum stored in the flywheel is the product of flywheel inertial and the wheel speed,

that is,

H =Jo 2.17)
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According to Newton’s third law, the reaction torque applied to the spacecraft is opposite to the net

torque,

T, =-1, | (2.18)

And the net torque can be derived from the rate of change angular momentum,

oH
_oH, 2.19
T, 5 (2.19)

Meanwhile, we can also use the motor torque minus frictional loss (we only use viscous friction for

simplicity).
T,=T,—T,0 (2.20)
T, =1.Gk, (2.21)

where T is the torque command voltage.

From the above five equations and with the use of Laplace transform, we can get the wheel transfer

function from the torque command voltage to the reaction torque,

=Gk Js
Js+7,

F,

(2.22)

2.2.3 Body Dynamics

From Newton’s second law, if the body reference system has angular velocity @ as observed from the
inertial reference frame, there exists a relationship between the torque and angular momentum:
T=H+&dxH (2.23)

Recalling that
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oxH=(wH, -0H,)i+(oH -oH,)j+(oH, -oH,)k (2.24)

Combining these two equations, we can get the Euler’s moment equation:
t.=H +oH -0H,
7,=H +0.H -0oH, (2.25)
r,=H +0H -oH,

Also,

H=10o-10-10,

H =1 0-10-1 0 (2.26)
HZ = IZZa)Z _Ixza): —I

vz

@,
Normally, we consider the case that the spacecraft body frame aligned with the principle axes, where

the products of inertials are zero

t,=dl, +o0 (I .-1,)

t,=0l, +00/(l,-1,) 2.27)

T, =01, +00, (IW —IM)

where X, ¥, z now represent the principal axes of inertia.

Equation 2.27 is applied for model construction in our thesis. But for the PID controller design, we

assume a rigid and decoupled system for simplicity, which means the coupling effects are omitted,

T.=wl,
,=0,l, (2.28)
TZ = d)Z]ZZ

Then we can get the transfer function of the body dynamics for one single axis,

F, = L (2.29)

where [ is the inertia of the related axis.
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2.2.4 External Disturbance Torques

Operating in space, the spacecraft experiences many types of external environmental disturbance
torques. Four main of them are consider here: gravitation torque, solar pressure torque, magnetic

torque and aerodynamic torque. They are explained more in the following.

The gravitational torque arises because the gravitational force varies over the unsymmetrical mass
distribution of the satellite body. Since the radiué vector from the center of Earth to the center of the
mass of the spacecraft varies in the body frame-of-reference, the gravity gradient torque varies
throughout the orbit. For instantaneous gravity gradient torque calculation, one can refer to [1]. For

the problem here, we assume the maximum gravity gradient torque during the whole period is:

DIS,, =1.8x10°N -m (2.30)

For solar pressure torque, it is generated by an accumulative force imparted by the Sun on the
spacecraft body orbiting the Earth and the offset of the spacecraft optical center from the spacecraft
mass center. This pressure is highly dependent on the surface of the spacecraft. For the spacecraft used

in our thesis, the worst case of solar pressure torque can be assumed as [4]:

DIS,, =6.6x10°N-m 2.31)

Because the inaccuracy of the spacecraft’s magnetic dipole vector and the current loops within the

spacecraft, it is tough to determine the Earth’s magnetic torque accurately all the time. Normally, we
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employ a dipole model to estimate the value of this torque. Let us assume the maximum value of this
torque in our problem is [4]:

DIS,, =45x10° N —m (2.32)

The aerodynamics disturbance torque is due to the accumulative force imparted by the molecules
found in the upper atmosphere and the offset of the spacecraft aerodynamic center from the spacecraft
mass center. This torque is also related to the atmospheric density which significantly varies with solar

activity. For preliminary design, we use a rough estimation maximum value for this aerodynamics

disturbance torque as [4] :

DIS,, =3.4x10°N-m (2.33)

For simplicity, we assume the maximum external disturbance torque is the summation of these four
maximum torques:

DIS = DISgg +DIS, +DIS, +DIS,, = 5.68x10° N~m (2.34)

For the construction of ASC model in our thesis, we assume the external disturbance torque is a
normally distributed random signal with zero mean and variance as DIS> = (5.68><10‘5 )2 .But for
the PID controller design, we assume it as a step function with the step value of 5.68x107° N —m,
which is the maximum disturbance torque discussed above. Under this assumption, the Laplace
transform of this external disturbance torque is:

_DIS 5.68x107°

dis (2.35)
S S

Z
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2.2.5 PID Controller

In order to achieve the Earth pointing accuracy within 0.2° , a PID controller should be applied. The

PID controlier can be represented as

F =K,(s+z, )M (2.36)
s

As discussed above, we have the transfer function of the different blocks in the control loop in the

Figure 2.1 and rewrite them here as:

F, -—-Ka,(s+zd)M
s
FW:M
Js+7T, (2.37)
S:1
1

So the transfer function of open loop system is:

B ~GkJ(s+z,)(s+z,)s
- (Js+1,)Is’

Go, (2.38)

Suppose the design specifications to be such like that the desired maximum percent overshoot is less
than 20% and the 5% settling time is 30 seconds, based on the PID controller design algorithm

explained in [57], we can get the values of z_and z_, in the formula of PID controller.

Obviously, from Equation 2.38, without external disturbance torques, our attitude control system is a

type 2 system with zero steady state error for step function input. Hence the steady state error of our
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system is due to the external disturbance torques. From disturbance transfer function of Equation 2.5,

which is shown here again for convenience,

Ds) =8 F(s)
Zy(5) T+EOF,6FGF)

using the Final Value Theorem, the steady state error of our system becomes

| Z . F
Erm”ss:thD(S)Zdis(s) S. d,K(S) b(s)

_ 2.39
s—0 1+F;-(S)‘FL(S)FW(S)F;7(S) ( )

Assume the maximum disturbance torque is applied on the spacecraft as discussed above in Equation

2.35, so we can get

7,(5.68%107)

Error, =—————— (2.40)
A GdktJchZCde

In order to meet the pointing accuracy requirement of 0.2°, that is

027

Error, <0.2° = (2.41)
‘ 180

We can get

o (5.68%107°)

J (2.42)
Gk Jz,z,, 027
180

cl
Based on this equation, we can decide the value ofk, in the PID controller formula. Actually, the PID

design algorithm is a trial and error procedure to achieve lower output overshoot, shorter settling time

and small pointing error within the accuracy requirement.
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2.3 Three Axes Attitude Control System

Three PID controllers are designed separately and independently using the design method specified in
section 2.2. What we want to emphasize is that, the construction of the three axes attitude control

system is based on equation 2.27, that is

T, =01, +0,0, (I ] —Iyy)

T)’ = d)ylyy + wz a)x (Ixx - Izz )

.=l +o0,(l,-1,)

which means we need to include the coupled effects from other axes. Figure 2.4 shows the simulation
block diagram of this three axes attitude control system. It is clear that the net torque applied on one

axis is effected by the angular speed of other two axes.
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Figure 2.4 Three Axes ACS Block Diagram
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2.4 Parameter Values in Normal Operation

Besides the parameter values of the reaction wheel which have been defined in Table 2.2, there are
still some parameters and normal operating condition of our attitude control system. All these values

are the same but independent for all three axes. They have been shown below in Table 2.3 before we

start the simulations.

Nomenclature Units Normal Value or Range
Bus Voltage V 8
Temperature 'c 23
Initial Body Attitude for One Axis deg -180 to 180
Initial Body Rate for One Axis rad/[sec -1.0x10™* to 1.0x107*
Initial Wheel Speed rad|sec 20 to 30
Setpoint Change for One Axis deg -5t05
S/C Inertial Matrix Kgm® 170 0
0 15 0
0 0 22

Table 2.3 Parameter Values in Normal Operating Condition

2.5 Simulation Results

Below is one typical example with the following operating conditions:
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Initial body attitude for X axis: 94.3549deg

Initial body rate for X axis: 7.8260x107rad /sec
Initial wheel speed on X axis: 24.8598rad / sec
Setpoint change on X axis: 4.5013deg

Initial body attitude for Y axis: 115.7066deg

Initial body rate for Y axis: —9.6299x107 rad /sec
Initial wheel speed on Y axis: 24.5647rad / sec
Setpoint change on Y axis: —2.6886deg

Initial body attitude for Z axis: 105.0973 deg

Initial body rate for Z axis: 2.3086x107°rad /sec
Initial wheel speed on Z axis: 24.4470rad / sec

Setpoint change on Z axis: 1.0684deg

The reference and actual angles are shown in the figures below. Clearly, these PID controller applied
perform well and the attitude control system can track the command setpoint well with satisfied

accuracy, overshoot and settling time.
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Figure 2.5 Body Attitude Performance with PID Controllers

2.6 Conclusions

In this chapter, a brief introduction to the attitude control system was given and a detailed description
about the dynamics of the reaction wheels was provided. Three separate PID control loops were

designed to achieve the desired pointing accuracy requirements. The effectiveness of these PID

controllers was shown by the simulation results.

49



Chapter 3

Linear Observer-based Fault Detection and Isolation in

Reaction Wheels

3.1 Fault Detection and Isolation Problem Description

As we have discussed in Chapter 2, for the purpose of attitude control of spacecraft, three active and
one redundant reaction wheels servers as the actuators of our system. From this point of view, reaction
wheels play an essential role in the control system and their working condition should be carefully

monitored. Any faults occurring inside the wheels should be detected and isclated quickly and

correctly.

Through section 2.2.2, we know three parameter values in the wheel heavily impact the performance
of the wheel. These three parameters are: bus voltage, motor current and temperature. Accordingly, the

bus voltage fault, current loss (power loss) fault and temperature fault are three main faults that

deserve our attention and discussion here.

As we know, the normal value of bus voltage is 8V in our thesis. If this bus voltage drops down, the
motor torque may be limited at high speeds due to the increasing back-EMF of the motor and

eventually results in reduced torque capacity of the wheel. When this value becomes too low, the
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whole attitude system will break down and the attitude of the spacecraft will be out of control. This
can be easily observed from the Figure 3.1, which shows the attitude angle of X axis when the bus
voltage of the wheel on X axis drops from 8V to 4V at 200 second after a set point change
command was applied. Obviously, this type of fault should be detected and isolated early before the
system becomes out of control.
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Roll Angle Signal
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Figure 3.1 The attitude angle of X axis becomes divergent when the bus voltage drops too much

Similarly, since the motor torque is directly related to the motor current through one constant
parameter k, , when some kind of motor current loss happens in the reaction wheel, the motor torque
will drop down accordingly. That means the wheel cannot supply enough motor torque for the attitude
control. When the current loss becomes serious, the controlled attitude angle will become divergent as

shown in Figure 3.2. Here, the current loss is model by the current multiplied by a parameter called

current limiter with a normal value 1.
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Figure 3.2 The attitude angle of X axis diverges when the current loss becomes serious
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As we know, viscous friction is generated in the bearings due to the bearing lubricant. Through this
friction, we can estimate the working condition of the bearings. When the bearings have been hurt
seriously, this viscous friction will become much larger than that in normal condition. Since the
temperature of the wheel is intensively related to the viscous friction in the wheel through the
Equation 2.15, this suggests us to estimate the working condition of the bearings through monitoring
the values of temperature of the wheel. If the temperature becomes too high, that means the bearings

have been hurt much and they should be fixed.

3.2 Linear Observer-based Fault Detection and Isolation

Structure

From what we have discussed in sub-section 1.2.4, in order to detect and isolate faults in actuators, the
observer-based approaches are widely used in many literatures. The basic idea behind the
observer-based approaches is to estimate the states of the system from the available measurements by

using either Luenberger observer in a deterministic environment or Kalman filters in a noisy

environment.

For our problems, the faults happen in the actuator block of the single-axis control block diagram in
Figure 2.1. It is natural for us to design the observers to estimate the output values of the actuators,
that is, the reaction torques generated by the wheels. In addition, to simplify the observer design

algorithm and fault isolation, we design three independent observers for the wheels on the three axes

54



separately. In this way, we can observe the value of reaction torque generated by each wheel at the
salﬁe time. And combined with the observed (estimated) and actual values of reaction torques, we can
get the information of three residual signals as well. In normal operation without faults, these three
residual signals are small and around zero. Any fault happening in the wheel can be reflected by big
change of residual signals from zero. A big change of residual on one axis from zero indicates the
wheel aligned on that axis is likely to be faulty. By this scheme, we can detect and isolate the faulty

wheel at the same time. The whole simulation diagram is plotted in Figure 3.3.

The details about the fault detection and isolation structure on one axis are shown in Figure 3.4. There

are four steps for this fault detection scheme:

® Calculate the difference between the actual reaction torque and the estimate value from the linear
observer. The design of linear observer will be shown in the next ‘subsection;

®  After calculating the abstract value of this difference signal, apply this new signal into a moving
average filter to smooth the signal and this smoothed signal servers as the residual. Details about
the moving average filter will be shown in Chapter 4;

® Through many cases (105 cases in (;ur thesis) in normal operation (refer to Table 2.3) without
fault, we can determine three threshold curves for all three axes separately for fault detection and
1solation. Details will be shown in Chapter 4,

® Fault detection and isolation using the threshold curves: If any of these three residual signals

exceed the corresponding threshold curve, fault has occurred in the reaction wheel aligned on that

axis.
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3.3 Linear Observer Design Algorithm

A general Luenberger observer design method is explained in [58]. For simplicity, we use a full order

linear observer in our thesis. Its design block diagram is shown in Figure 3.5. The design procedure of

our specific problem is:

® From the analysis before, we know the transfer function of the reaction wheel (nearly ideal model)
is:

=Gk, Js

F =
Js+7,

w

®  Using this transfer function, we can get the state space form of the reaction wheel system

X =Ax+Bu
y=Cx+Du

with 4 = [-0.04987];3 = [0.01563] ;C= [0.01759] ;D= [-0.0055 1]; .

®  We calculate the eigenvalues of 4, A

® We make the observer 4 times faster than the original wheel system, that is making the
eigenvalues of (A —LC) , ﬁA_LC = 4></1A ;

® By using the Ackermann’s formula, we can calculate the value of feedback gain L in design

diagram and we construct the linear observer as:

{i:AﬂBwL(y—y) o

y=Cx+Du
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Figure 3.5 Full Order Linear Observer Design

3.4 Simulation Results of Linear Observer-based FDI

3.4.1 Threshold Curves Determination

As discussed in subsection 3.3, based on residual curves we accumulated in 105 cases in the normal

operation (fault free), and after some post-processing, we can get three threshold curves for fault

detection and isolation as shown in Figure 3.6:
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x 107 Reaction Torque Threshold Curve on Z-axis
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Figure 3.6 Three Threshold Curves of Linear Observer-based Scheme

To verify the reliability of these threshold curves, we verify them with the original 105 groups of data
to see whether these residual curves are beneath the threshold curves. Results are shown in Table 3.1.

From this table, we can see these threshold curves are very reliable in normal operation.

Threshold Curve X — Axis Y — Axis Z — Axis

Reliability 99% 99% 100%

Table 3.1 Threshold Curves’ Reliability Test in Normal Operation
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3.4.2 FDI Performance in Fault Free Cases

For the fault free cases in our problem, each of three residual curves is beneath its corresponding
threshold curve. By using this linear observer-based scheme, no false detection has been made. A

typical result is shown in Figure 3.7.
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Figure 3.7 Fault Detection and Isolation Performance in Fault-free Case
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3.4.3 FDI Performance in Faulty Cases

Bus Voltage Faults

Figure 3.8 shows a case study of bus voltage fault detection and isolation. As we see, the bus voltage
of the reaction wheel aligned on X axis dropped from the normal value 8} to 4.5V at 200 seconds
after a set point change command was applied. The residual of the wheel on X axis exceeded the
corresponding threshold curve shortly after the fault happened. At the same time, the residuals of the
other two wheels are still beneath their related threshold curves and not affected by the fault happened
in the wheel of X axis. So the bus voltage fault in the wheel of X axis is detected and isolated
correctly, however, it is incorrectly identified as nonfaulty after less than 40 seconds even though the

fault is still present.
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Reaction Torque Residual Signal  on X-axis
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v 107 Reaction Tarque Residual Signal on Z-axis
2.5 T T
] Residual : :
24+ — - = Threshald [ -7y mTm T R N
o] P USROS SR -
E \'. . E E A T
= 22 bmmmsssmmsimmmmmeas ;"";""",.7'*"""';‘3"*7"—
= . \ o T . LR
o v ; L. SR
e RPN A Yo
P SRS t e e - —
g 2N : i
1] ] ]
o i !
P} S b e e e e _
= : :
S : ‘
F 1 Qb e o L 1
c ' '
= ) '
LR N N ! 1
g : f
’ M- :
L] T SUGICETTETREERS booesnenn
e i i
150 200 290 300

Time(sec)

Figure 3.8 Bus Voltage Fault Detection and Isolation Case

Current Loss Faults

Similarly, a current loss fault in the wheel of X axis was properly detected and isolated as shown in
Figure 3.9. The attitude of spacecraft was changed according to a set point change command at zero
second. And the current limiter signals of the wheel on X axis dropped from 1 to 0.45 at 200 second,
which represents 55% motor current loss. Accordingly, the residual of X axis increased abO\}e the
threshold curve after some time delay and indicated that the wheel on X axis was faulty, however, it is

incorrectly identified as nonfaulty after less than 40 seconds even though the fault is still present.
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Current Limiter Signal of the Wheel on X-axis
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Figure 3.9 Current Loss Fault Detection and Isolation Case
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Temperature Faults

The simulation results in Figure 3.10 also prove that this kind of linear observer-based scheme is

effective in detecting and isolating a temperature fault occurring in the wheel on X axis.

Temperature of the Wheel on X-axis
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Reaction Torque Residual Signal on X-axis
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£ 107 Reaction Torque Residual Signal on Z-axis
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Figure 3.10 Temperature Fault Detection and Isolation Case

Multiple Faults (faults happen in more than one axis)

This case study is used to check the performance of this scheme under multiple faults, when more than
one wheel was faulty at different time. Like this case, a bus voltage fault happened in the wheel
of X axis at 200 second and followed a current loss fault in the wheel of Z axis at 250 second.
Obviously, From Figure 3.11, these two faults were both detected and isolated initially, they are

incorrectly identified as nonfaulty after less than 40 seconds even though the faults are still present.
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Bus Voltage Signal of the Yheel on ¥-axis
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Reaction Torgque Residual Signal on X-axis
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¥ 10 Reaction Torque Fesidual Signal on Z-axis
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Figure 3.11 Multiple Faults Detection and Isolation Case

From previous simulation results, we can find that the linear observer-based scheme is not good
enough for fault detection and isolation of reaction wheels. Due to the introduction of error feedback
into the observers for stabilization, the observers will still follow the actual outputs of the wheels even

when they became faulty. Thus the faulty wheel is easily incorrectly identified as nonfaulty after a

short period even though the fault is still present.
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3.5 Conclusions

In this chapter, firstly, we described the three types of faults happening in the reaction wheels. Next,
we developed a linear observer-based scheme for FDI purpose in the wheels. This scheme is not quite
suitable for fault detection and isolation in the wheels as shown in the simulation results. Based on this

scheme, the faulty wheel is easily incorrectly identified as nonfaulty after a short period even though

the fault is still present.
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Chapter 4

Neural Network Observer-based Fault Detection and Isolation

in Reaction Wheels

4.1 General Introduction to Neural Networks

Neural networks or precisely artificial neural networks was originated from the biological concept.
But now it has been thoroughly studied and widely used in the areas of control, signal processing,
pattern recognition and fault diagnosis as well. A neural network can be defined as a massively
parallel distributed processor made up of simple processing units, which has a natural propensity for
storing experiential knowledge and making it available for use. This kind of unit is called neuron and
the connection between two different neurons is called synaptic weight. And the procedure to store
experiential knowledge or learning process is called a learning algorithm, which modify the synaptic
weights in an orderly fashion to attain a desired design objective. A most important criterion of a
trained network is its generalization performance, which means the network can generate a reasonable

output when it encounters a new input.

According to [53], neural networks show three main properties suitable for the application in the

thesis:
® Nonlinearity: A neural network, made up of an interconnection of nonlinear neurons, is itself
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nonlinear. This property makes it suitable for modeling the dynamic system which is normally
highly nonlinear.

® Input-output Mapping: A popular neural network paradigm called supervised learning involves
modifications of the synaptic weights through a set of training samples. And each sample
contains a unique input and a corresponding desired output. The synaptic weights are modified to
minimize the difference of the network output and the corresponding desired output when
presented with a training sample randomly selected from the training data set. The training
procedure will stop when the network reaches a state where there are no further significant

changes in weights.

®  Adaptive: Neural networks have a built-in capability to adapt its synaptic weights to changes in

the surrounding environment.

4.1.1 Neuron Model

Neuron is the basic processing unit of neural network. It represents a transformation function from

input p to output (p( p) . A neuron with R-element input vector is shown in Figure 4.1.
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Figure 4.1 Neuron with R-element Input Vector [59]

The relation from input p to outputa is:

a=f(Wp+b) (4.1)
where W is synaptic weight matrix, bis a bias and f represents the activation (transfer) function. A
lot of activation functions can be used and many of them are listed in the Matlab toolbox. Three of the

commonly used are shown below in Figure 4.2.
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Figure 4.2 Three Commonly Used Activation Functions [59]

4.1.2 Network Architectures

Network architecture represents how the neurons of a network are arranged and interconnected

together. Referring to [53], where the various existing network architectures and divided into three

fundamental categories:
1.  Single-layer feed-forward networks
A single-layer feed-forward network with R input elements and.S neurons is shown below in

Figure 4.3. In this kind of network, each element of input vector p is connected to each neuron

input through the weight matrix W . And the neuron layer outputs form a column vector @ , whose
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expression is shown at the bottom of the figure.

Input  Layer of Neurons
N/ N

if

-

Where...

a RE = nun;bgr of
2 ) elements in
input vector

+

S = number of
a neurons in layer

5

J

a=f(Wp+h)

Figure 4.3 A Single-layer Feed-forward Network [59]

Multilayer feed-forward networks

A single-layer feed-forward network is mnot very powerful in terms of computational or
representational capabilities. But if more layers contained in the network, it can even represent
very complex nonlinear mapping from the inputs and outputs of a system. As shown in literature
[53], a three layer (one input layer, one hidden layer and one output layér) fully connected
feed-forward network with sigmoidal activation functions can represent an arbitrary mapping
between the input and output variables. An example of four layers feed-forward network is
shown in Figure 4.4 or its abbreviated representation in Figure 4.5. The equations

from the inputs to the outputs are given at the bottom of the Figure 4.5.
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Figure 4.5 Abbreviated Notation of a Four Layers Feed-forward Network [59]

Recurrent networks

A recurrent network distinguishes itself from a feed-forward network in that it has at least one
feedback loop. The presence of feedback loops has a profound impact on the learning capability
of the network and its performance. Involving the use of particular branches composed of

unit-delay elements, the recurrent network processes a nonlinear dynamical behavior.
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Mainly, there are two kinds of recurrent networks: Elman networks and Hopfield networks.
Elman networks are two-layer backpropagation networks, with the addition of a feedback
connection from the output of the hidden layer to its input. This feedback path allows Elman
networks to learn to recognize and generate temporal patterns, as well as spatial patterns. One can
refer to [60] to get more information. The Hopfield network is used to store one or more stable
target vectors. These stable vectors can be viewed as memories that the network recalls when
provided with similar vectors that act as a cue to the network memory. The basic work on the

Hopfield network can be found in [61].

4.1.3 Network Learning

Network learning is defined as a procedure of synaptic weights change to capture the information
conta‘ined in the training data. By adjusting these synaptic weights, the network can generate correct
outputs when presented with different inputs. There exists many kinds of network learning (training)
methods which can be found in Matlab Neural Network toolbox. Mainly, they are divided into two

categories: unsupervised learning and supervised learning.

®  Unsupervised Learning
Unsupervised learning requires no target output vector values, and hence no comparison of
network outputs with a set of predetermined desired outputs. The learning set consists solely of

input vectors, and the learning algorithm modifies synaptic weights so as to produce consistent
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outputs. The learning process in essence extracts the statistical properties of the learning set and
group similar vectors into classes.

Supervised Learning

Contracts to unsupervised learning, the learning set of supervised learning contains both input
vectors and the corresponding desired output vectors as well. After the output of the network for
a given input vector is computed and compared to its desired target, the difference or error is fed
back so that the synaptic weights are adjusted according to an algorithm that tends to minimize
this error. The vectors in training data sets are supplied randomly and sequentially to the network
and the learning procedure is repeated until the error for the entire training data set reaches an

acceptable low level defined prior [62].

The procedure of the most popular back-propagation training algorithm is specified as follows:

1) Initialize the weighs and biases. Set all the weights and biases to small random values in the
interval [»1,1] ;

2) If the stopping condition specified priori by the user is not satisfied, then proceed to steps 3
to 7, otherwise stop;

3) For each sample (input and output pair) in the training data set, follows step 4 to 6;

4) Feed-forward phase: Present the input vector X, = (x1 3 Xy sttty Xy ) and specify the
corresponding desired output D = (dl, d,,+-,d, ) , then calculate the network
output O = (Ol,oz,m,oL) . The sample could be new on each trial or samples from the

training set could be presented cyclically until synaptic weights have been stabilized;
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5) Back-propagation of error: The cost function £ ,can be defined as the output error

corresponding to each sample and expressed as:

1< :

E = 52 (d—0,) 4.2)

k=1

where o, and dpk are the actual and desired outputs of the & th output neuron for p th
sample, respectively. And the associated error to be propagated to the previous layers is
defined as follows

6, =(d,—0,) fi (Net,)=0,(1-0,)(d,~0,) (4.3)
According to the chain rule, the weight adjustment term for each neuron in the output layer
becomes:

AWy =110, (1 O ) (d/’k O ) Opi (4.4)
where 77is a learning rate. And for each neuron in the hidden layers, the weight

adjustment is

A,w, =10, (1-0, )(Z S Wi ) O (43)
More details about the procedure to get this adjustment can be found in [53].
6) Update and adjust weights and biases:
Wy (n+1)= W (n) +Aw, or w, (n+1)= W, (n)+Aw, (4.6)
for the neurons in the output layer and hidden layers respectively. Or sometimes an

additional momentum term is added to smooth the weights adjustment.

wy (n+1)=w, (n)+Aw, +a[wjk (n)=w, ("‘1)] @

w, (n+1)=w, (n)+Aw, +a[wii (n)-w, (”_1)]
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where ¢ is a momentum.

7) Stopping criterion:
Iterate the above calculations and operations by presenting new epoch of training samples to
the network until the free parameters (weights) of the network stabilize their values and the
average squared error computed over the entire training data set is at a minimum or
acceptable small value. The orders of presentation of the training samples are randomized
from epoch to epoch. The momentum and learning rate parameters are fixed or adjusted as

the number of training iteration increases.

4.2 Neural Network’s Applications in Fault Diagnosis

As discussed in section 4.1, neural networks have the good capability in pattern classification and
function approximation. Recently, neural networks have been widely applied in system fault detection
and isolation, especially in the non-linear dynamic systems [63-70]. A neural network can be used to
model a MIMO non-linear system. After training, the network can give an estimated system output.
Using the residual generation concept discussed in Chapter 1, the weighted difference between actual
and estimated outputs is used as a residual for fault detection. When the magnitude of this residual
exceeds a pre-defined threshold, the system is likely to be faulty. What is more, a second neural
network can be connected to extract features from the residual for fault classification. In our thesis, for
fault detection and isolation in the reaction wheel, we concentrate on modeling of the non-linear

dynamic system with neural networks.
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In order to model the non-linear dynamic systems, a multi-layer feed-forward networks and recurrent
networks are two main classes of network to be used. Since the dynanﬁc feedback has been introduced
in the network, recurrent networks can be used to model dynamic systems. While the feed-forward
network is only a static non-linear mapping between inputs and outputs, without modification, it
cannot be used for dynamic system modeling. But we can combine the feed-forward network with
some time delay units to enable it to represent dynamic systems. For an #nth order non-linear
dynamic system defined in Equation 4.8, the simplest way to model this system is to use a one step

prediction mode! as shown in Figure 4.6.

y(k)zF(y(k_l)apy(k—n),u(k),,u(k_n)) (4.8)
wiki k-1
Z—l ; ...T Z—l - - Z-—l B TR R g— Z-l o
¢ Hik-—ni l Yy ¥ v yik—niy

Iulti-layer Feed-Forward Meural Metwork

l

yiki

Figure 4.6 One Step Prediction Model by Using Neural Networks

As we know, the estimated output is:
y(k)= NN(W,y(k—l),---,y(k—-n),u(k),---,u(k—-n)) (4.9

where NN represents a neural network map and W is the synaptic weights.

A neural network-based FDI scheme is shown in Figure 4.7 [63]. Here the neural network has been

used as an alternative to the traditional state estimator such as Luenberger observer or a Kalman filter
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to estimate the system output. In the absence of faults, the residual is only due to the unmodeled noise
and disturbance. When a fault comes, the residual deviates from zero in characteristic ways. In the

second stage, another neural network is used to classify different fault situations according to the

residual signals.

l Faults
giki L System > yiki
E ___________________________________ -
| z ?
s : I e O
L, MNN-based One S5t _ f“jf"\s P rik Res1dp§1 .
o Eeedi t1 Model P mwj“:*‘——* Classification [ *
! rediction Mode ! NI
! 1
Residual Generation Drecision Iaking

Figure 4.7 Neural Network-based FDI Scheme

4.3 Neural Network Observer-based FDI Scheme

In this section, we are going to develop a neural network observer-based scheme for fault detection
and isolation in reaction wheels. Similar to the linear observer-based method in Chapter 3, three
independent observers are designed separately for the wheels on the three axes to simplify design

algorithm and fault isolation. The block diagram is shown in Figure 4.8.
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Figure 4.8 Neural Network Observer-based FDI Scheme in Reaction Wheels (Recall Stage)

What we need to mention is that another scheme is used in Figure 4.9 during the training phase of the
neural network. The main difference between these two schemes is as follows: When the network is
being trained to model the dynamics of the reaction wheel, the delay value introduced into the network
input is the actual reaction torque. And we use the difference ebetween the actual torque and the
estimated torque from the network to tune the network synaptic weights W to minimize the
difference. When the network has been trained, that network inputs becomes the delayed value of the
estimated torque from the network. In this way, when the wheel becomes faulty, the neural network
still represents the wheel dynamics in fault free case and gives the estimated torque in normal case.

Thus a big difference between the actual and estimated torques will occur for FDI purpose.
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Figure 4.9 Neural Network Observer-based FDI Scheme during Network Training Phase

4.3.1 Network Architecture Selection

In order to model the dynamics of the reaction wheel, we choose the one kind of recurrent networks
called Elman network [46]. The structure of one of three-layer Elman network is shown below in
Figure 4.10. This network has a feedbgck from the output of the hidden layer to the input of the hidden
layer. This recurrent connection allows the Elman network to detect and generate time-varying
patterns or model dynamic functions. And the delay in the connection stores values from the previous
time step, which can be used in the current time step. Obviously, more hidden neurons or layers are

needed if the function being fit increases in complexity.
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Figure 4.10  Structure of One Three-layer Elman Network [59]

In our thesis, we create a three-layer Elman network NN, .., to model the reaction wheel dynamics.
That is the Elman network contains 2 input elements, 25 hidden neurons and 1 output. One of the
input elements is the torque command voltage generated by the PID controller (has been constrained
in [—-5,5] ). The other input element is the one time step delay value from the actual reaction torque
signal when the network is being trained as in Figure 4.9 or from the network output when the
network has been trained and used in fault detection and isolation as in Figure 4.8 and where the

network output is the estimated reaction torque.

4.3.2 Network Parameters Selection

We use hyperbolic tangent sigmoid function as the activation function in the hidden layer and output

layer. This kind of activation function is defined as
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-1 (4.10)

a = tansiging

Figure 4.11 Tan-Sigmoid Activation Function [59]

The network performance function mse (mean square errors) is used to evaluate the network

performance.

The training procedure of an Elman network is given in [56]. At each epoch, first, the entire input
sequence is presented to the network, and its output is calculated and compared with the target
sequence to generate an error sequence. Then for each time step, the error is backpropagated to obtain
gradients of errors for each weights and biases. These gradients are used to update the synaptic
weights with training function fraingdx , the gradient descent training function with momentum and
adaptive learning rate backpropagation. The weights are adjusted by the Equation 4.4, 4.5 and 4.7,
which are summarized here again for convenience. This training algorithm 1s similar to the algorithm

of epochwise Back-propagation through time [57].
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wy (n+1)=w, (n)+Aw, +a[wjk (n)—w, ("‘1)]
w, (n+1)=w, (n)+Aw, +al:wii (n)-w, (”’_1)]
Aw, =no,(1-0,)(d, —0,)0,

L
Aw, =10, (1-0;) (IZ; O W joj

where the momentum value & = 0.7 and the original adaptive learning rate 77 =0.1.

For each epoch, if performance decreases toward the goal, then the learning rate is increased by the

pre-defined factor. If performance increases toward the goal, the learning rate is decreased by another

pre-defined factor.

4.3.3 Procedures of the Neural Network Observer-based FDI Scheme

For this neural network observer-based fault detection and isolation scheme in reaction wheels, we are
going to design three separate networks for FDI in the wheel on the three axes independently. The

procedures of the scheme on each axis are very similar. Here are four main steps we need to follow for

this a single axis wheel FDI:

I.  Elman Back-propagation Network Training
1) Training data collection
As discussed above, the training data we need for the network training are the torque
command voltage signal and the corresponding reaction torque signal. The torque command

voltage and one time delay of corresponding reaction torque serve as the network inputs and
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the corresponding reaction output serves as the desired network output. First, let the
spacecraft operates normally under an initial condition for the attitude control system
according to the system working range specified in Table 2.3. Then we collect the
information about the torque command voltage and reaction torque from the wheel since a
set point change command is applied. The training data signals for the training of network

on X axis are shown in Figure 4.12.
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Figure 4.12 Network Training Original Data
Training data pre-processing
First, we sample the training data signals with ! second as the sampling period. And since
the tansig activation function is used, from the Figure 4.11, we need to normalize these
training data into [—l, 1] for better data representation.
Network Initialization
We create an Elman network NN, .., with the network parameters specified in section
4.3.2. Before we start the network training, we need to initialize all the weights and biases.
First we randomize all the weights and biases with small values into[—-().l,O.l]. But in
order to obscure this randomization effect of selecting initial weights and biases, we do as

follows
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4)

. Randomize all the weights and biases with small values into[—0.1,0.1];

Il Let the network training go through one epoch using these initial values and save the

adjusted weights W, and biases B, .

NI Go through the steps [ and II for 19 times more, and then average the 20 saved

weights and biases correspondingly.

IV. Using these W and B as the initial weights and biases for the network training in the

following step.
Network Training
Using the initial values Wand B, and the gradient descent training algorithm with
momentum and adaptive learning rate backpropagation as specified in section 4.3.2, we train

the network for a maximum 5000 epochs to reach an error target with mse =1 0e” . The

network training process performance and the mean square error is shown in Figure 4.13.
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Figure 4.13 Learning Process and MSE Performance
5) Network Performance after Training
After the network has been trained, we can observe the output of the network and compare it
with the desired output signal. The results are shown in Figure 4.14. As we see, the error
between the actual and estimated output is around zero after a few seconds from the
beginning, which demonstrates that the trained network can model the desired reaction

wheel output quite well.
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Reaction Targque Sighal of the Wheel on X-axis
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Figure 4.14 Trained Network Output Signal and Error Signal
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Residual Generation

Based on the scheme block diagram in Figure 4.8, we used the trained Elman network to estimate
the output of the reaction wheel. Then the difference or error between the actual and estimated
values of reaction torque is put into a post-processing block to generate the residual for FDI
purpose. First, we calculate the magnitude of the error. Second, we let it go through a moving
average low pass filter to generate smooth signal. Finally, this kmoving average signal serves as
the residual in our scheme. The window size of the moving average filter is the parameter we
need to consider. The larger the window size, the smoother the reisidual signal will be, but more
fault detection delay will be. So there is a compromise here. Through some experiements, we
select 40 as the window size. The magnitude of error and the corresponding residual signal are

shown in Figure 4.15 and Figure 4.16 for comparison.

Magnitude Error of Reaction Torque on X-axis
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Figure 4.15 Maganitude Error of Reaction Torque on X-axis
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Reisdual Signal of Reaction Torque on X-axis
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Figure 4.16 Residual Signal of Reaction Torque on X-axis

Threshold Curve Determination for FDI

For FDI purpose, we need threshold curve for threshold checking. This kind of threshold curve
should represent the upper bound of the residual signal in all cases in normal (fault free)
operating condition according to Table 2.3. To achieve this purpose, we collect 100 residual
curves (an example is shown in Figure 4.16) generated in normal operation. Then we calculate
the mean value X vesiauasaDd the standard deviation value O of these 100 residual curves. Thus
the threshold curve is defined as

X =X

threshold

+3x0 (4.11)

residual

The threshold curve for FDI on X-axis is shown in Figure 4.17.
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Figure 4.17 Threshold Curve for FDI on X-axis

In order to verify the reliability of this threshold curve, we check every curve of the original 100
residual curves with the threshold curve. We consider it correct only if all points on one residual
curve are beneath the threshold curve. Results are shown in Table 4.1 for the threshold curves

on all theree axes. From this table, we can see these threshold curves are quite reliable.

Threshold Curve X — Axis Y — Axis Z — Axis

Reliability 97% 100% 96%

Table 4.1 Threshold Curves’ Reliability Test in Normal Operation

4. Fault Detection and Isolation by Using the Threshold Curves
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If any of the three residual curves exceeds its corresponding threshold curve, it indicates the
reaction wheel on that axis is faulty. Since these three neural networks are designed separately
and independenly, the fault happenning in one wheel should not affect the residual curves on the
other two axes. That means we can detect and isolate the fault in the reaction wheels at the same

time by the threshold checking.

4.4 Simulation Results of Neural Network Observer-based

Scheme for Fault Detection and Isolation in Reaction Wheels

4.4.1 Threshold Curves Determination

Through the method specified in subsection 4.3.3, we can determine the three threshold curves as

shown in Figure 4.18.
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Figure 4.18 Three Threshold Curves of NN Observer-based FDI Scheme

4.4.2 Fault Detection and Isolation Performance in Fault Free Cases

For the cases in normal operation, the fault detection scheme can make the correct decision, which can
be seen in following fault free case detection and isolation results. Every one of the three residual
curves 1s beneath its corresponding threshold curve. We can conclude that no fault has happened in the

wheels based on these results. No false detection has been obtained.
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Reaction Torgue Residual Signal on ¥-axis
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o 107 Reaction Torque Residual Signal on Z-axis
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Figure 4.19  Fault Detection and Isolation Performance in Fault-free Case

4.4.3 Fault Detection and Isolation Performance in Faulty Cases

Bus Voltage Faults

Figure 4.20 shows a case study of bus voltage fault detection and isolation. As we see, the bus voltage
of the reaction wheel aligned on X axis dropped from the normal value8V to5.5) at 200 seconds
after a set point change command was applied. The residual curve of the wheel on X axis exceeded its
corresponding threshold curve shortly after the fault happened. At the same time, the residual signals
of the wheels on other two axes are still beneath the related threshold curves and are not affected by

the fault in the wheel on X axis. So the bus voltage fault in the wheel of X axis is detected and
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isolated correctly.

Bus “oltage Signal  of the Wheel on X-axis
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Reaction Torque Residual(f-n)
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Figure 4.20 Bus Voltage Fault Detection and Isolation Case
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Current Loss Faults

Similarly, a current loss fault in the wheel of X axis is properly detected and isolated as shown in
Figure 4.21. The attitude of spacecraft was changed according to a set point change command at zero
second. And the current limiter signals of the wheel on X axis is dropped from 1 to 0.60 at 200
seconds, which means the 40% of motor current was lost. Accordingly, the residual signal of X axis

increased above the threshold curve after some time delay and indicated that the wheel on X axis is

faulty.

Cument Limiter Signal of the Wheel on X-axis
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Reaction Torque Residual Signal on X-axis
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Figure 421 Current Loss Fault Detection and Isolation Case

Temperature Faults

The simulation results in Figure 4.22 prove that this neural network observer-based scheme is also

effective in detecting and isolating a temperature fault happening in the wheel on X axis at 200

seconds.
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Temperature of the Wheel on X-axis
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Figure 4.22 Temperature Fault Detection and Isolation Case
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Multiple Faults (faults happening in more than one axis)

This case study is used to check the performance of this scheme under multiple faults, when more than
one wheel was faulty. Like the previous case, a bus voltage fault happens in the wheel of X axis at
200 seconds and a current loss fault in the wheel of Z axis at 200 seconds. Obviously, from Figure
4.23, these two faults were both detected and isolated properly.
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Current Limiter Signal of the Wheel on Z-axis
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Reaction Torque Residual Signal on Y-axis
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Figure 4.23 Multiple Faults Detection and Isolation Case
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A summary of the correctness of this neural network observer-based FDI scheme with a number of
(100 groups for each type of fault) simulation results is shown in Table 4.2. From this table, we can

observe the neural network observer-based scheme is very effective in the FDI for the reaction

wheels.
Fault Types | Bus Voltage Fault | Current Loss Fault Temperature Fault

(2.5 V off normal value ) (40% current loss) (150 °C off normal value)
Correctness | 95% 98% 98%

Table 4.2 Correctness Test in Fault Cases by Using Neural Network Observer-based Scheme

4.5 Conclusions

In this chapter, firstly, we gave a brief introduction to neural networks. We also developed a neural
network observer-based scheme for FDI purpose in the reaction wheels. Three Elman neural networks
are trained to model the dynamics of the reaction wheels separately. By using the three threshold
curves generated in normal operating conditions, we can detect and isolate faults in the reaction

wheels effectively. As the simulation results shown above, this scheme is quite reliable for FDI

purpose in the wheels.
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Chapter 5

Comparative Study of Neural Network Observer-based FDI

Scheme and Linear Observer-based FDI Scheme

5.1 General Comparison of Linear Observer-based FDI

Scheme and Neural Network Observer-based FDI Scheme

As we have discussed in Chapter 3 and Chapter 4, both of these schemes can be used to detect and
isolate some faults in the reaction wheels. These two FDI schemes highly depends on the modeling
accuracy of the reaction wheel dynamics. But as we showed in Figure 2.2, reaction wheel is a highly
non-linear dynamic system. It contains many non-linear elements and disturbances, such as viscous

friction, torque ripple disturbances and bearing friction and disturbances.

For linear observer-based FDI scheme, we ignore all these non-linear and disturbances effects and
only use a linear observer to model the dynamics of the reaction wheel. This kind of representation is
not quite accurate. Thus this FDI scheme will be insensitive to the small faults and not roubust to

disturbances and nosies.

While the neural network observer-based FDI scheme developed in Chapter 4 uses a well trained

recurrent neural network to represent the dynamics of the reaction wheel. According to [46], neural
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network processes the inherent nonlinearity property which is suitable for non-linear dynamic system
modeling. Also neural networks show good adaptive capability to noises and disturbances. All these
properties of neural networks make the neural network observer-based FDI scheme more suitable for
faults detection and isolation in reaction wheels than the linear observer-based scheme, especially for
small faults detection and robustness to disturbances and noises. These will be shown through the

simulation results in the following subsections.

5.2 Comparative Study through Simulation Results

Two main aspects of comparative study will be conducted here through some simulation results: their
sensitivity to small faults and their robustness to the disturbances and noises. We are going to use

these two schemes to detect and isolate the same fault and indicate the advantages of the neural

network observer-base scheme.

5.2.1 Sensitivity Comparative Study to Small Faults

1) This example shows a case study of bus voltage fault detection and isolation. As we see in
Figure 5.1, the bus voltage of the reaction wheel aligned on X axis dropped from the normal
value 8V to 5.5V at 200 seconds after a set point change command was applied. As we compare
the simulation results in Figure 5.2 and Figure 5.3, the residual curve of X axis generated by the

linear observer-based scheme exceeded its correspongding threshold curve shortly after the fault
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happened, but it came down beneath the residual curve again in a short time. This is unsuitable
for fault detection and isolation. While the residual curve generated by the neural network
observer-based scheme exceeded its corresponding threshold curve and remained above the
threshold curve thereafter. It supplied enough time for FDI purpose. Obviously, in this way, the

neural network observer-based scheme is better than the linear counterpart.

Bus Yoltage Signal of the Wheel on ¥-axis

10 : ! : : :
) SRR S S A ———
: s s a S R .
=) ! : ! i
[s1] t [ ] +
™= 1 L} 1 L}
@ : : : :
s o N A pTTTTTTT SRR R M
= : : : :
2 : . , )
m . ' ; .
] I S— N R e -
P I
4 i i i i i
0 50 100 150 200 250
Time(sec)

Figure 5.1 Small Bus Voltage Fault Signal

®  Results by using the linear observer-based FDI scheme
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Figure 5.2 Linear Observer-based Scheme Performance for Small Bus Voltage Fault

® Results by using the neural network observer-based FDI scheme
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Reaction Torque Residual Signal an X-axis
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Figure 5.3 Neural Network Observer-based Scheme Performance for Small Bus Voltage Fault

This example shows another case study about current loss fault detection and isolation. As we see
in Figure 5.4, 40% of motor current of the reaction wheel aligned on X axis was lost at 200
seconds after a set point change command was applied. Through comparing the simulation results
between Figure 5.5 and Figure 5.6, we find that although the residual curve of X-axis generated
by the linear observer-based scheme increased for a few seconds after the fault happened, it was
always beneath the residual curve. Therefore, we cannot detect this fault with this method. While
by using the neural network observer-based scheme, the residual curve exceeded its
corresponding threshold curve and remained above the threshold curve thereafter. In this way, the

current loss fault was correctly detected and isolated. Clearly, the neural network observer-based
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scheme shows much better performance than the linear observer-based scheme in this case.

Curent Limiter Signal of the Wheel on X-axis

[ P

B el L

O UL SV U

UG U g

memmmm— e m— o

1
08 f--mmmmee-

1
I

13w waung

02f-----mmmes
0

250

38}

150
Time(sec)

100

a0

Figure 5.4 Small Current Loss Fault Signal

® Results by using the linear observer-based FDI scheme

123



Reaction Torque Residual Signal on ¥-axis

x10°

2 3
T _ A ] e 1 T vl &
1 + .
1 t ] 1 1
+ o~ 1 1
S L o LS
i 1
) | O Y
- 1
¢ " L .
. h ' Fo . 3
= ' \ 1 1
- ' ' w ' n n
T " " M m _J ) 1
! 1 1 ‘ 1 1
[v+] - 1 [
1 1 | H '
A ! > o "
" " = ! 1 [ [
fr = e m e -——E--mw—-——----w - I e I po—
R M-|-L_ H e bbb o .m ! %
' 1 — - ! !
oo ” 2 b :
. 1 IUIJ v " "
Lo z @ Lo "
U " (a1} m 5 1 1
- ! [0 pan ) ./. 1 1
- 1 g d ), 1 ]
1 e1] — . ' 1
A 1 m w 1 '
. = @ oo .
. ! = o . . '
1 @ ' ,
Lo =] L _
to £ s "
o =R S SO O o =
ot TToTTT u\W|||n |||||||||||||||||| = r-" Tt kS [ [} =~
o o o .
" 5 oo "
L ) | @ 0 )= i [ .
|w £ ¢ " o = % .._ ' “ .
[ = ,
‘w @ I h % m . : W
Q = " -~ 1 1 =
o -~ 4 ' X = . : ,
| PR | e "
] ! o i - 1 1
| " ‘o _ A " ; :
! pmdt | i \M
7 m m = £ i 1 m
..I/m ~ N —

(W-n)jenpisey anbio | uonoeay (W-pjenplsay anbio | uoliaeay

Time(sec)

124



w10 Reaction Torque Residual Signal on Z-axis
2B T T
Residual
VY A “Threshaold L _______________________ L ______________________ j
N E I
= y :
Zg 22_"""""5'\::'_: """" E' """"" \";'_':;""':,.5"'—"':""'__'{'}'\:"y{";::_
% T = d =7 - .
= N !
= :
B e i b e -
) < !
o .
@ .
= '
g :
S 1B b-orm e L e L L T T —
= :
c '
2 ‘
-.6 )
8 v \J\F """ f
a s
12 i i
150 200 250 300

Time(sec)

Figure 5.5 Linear Observer-based Scheme Performance for Small Current Loss Fault

®  Results by using the neural network observer-based FDI scheme
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Figure 5.6 Neural Network Observer-based Scheme Performance for Small Current Loss Fault

A detailed comparison with simulation results of these two schemes is shown in Table 5.1 and Table
5.2. We assume that the initial conditions are the same for all cases and all these faults occur at 200
seconds after a set point change command was applied on the wheel aligned with X-axis. For every
faulty case, these two schemes are used for FDI. Three parameters are used as guideline for
comparison: detection time, detection delay and the gap between threshold and residual. (Vbus: Bus

Voltage Fault; Curr: Current Loss Fault; Temp: Temperature Fault)
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Fault Scenario Detectable
Yes No
Detection Time Detection Delay Gap Gap
(second) (second) (107 N-m) (107 N-m)
VBus 10% off /. / / 0.35
VBus 20% off / / / 0.31
VBus 30% off / / / 0.20
VBus 40% off 20 10 0.10 /
Curr 20% off / / / 0.34
Curr 30% off / / / 0.25
Curr 40% off / / / 0.15
Curr 50% off 40 5 0.30 /
Temp 60°C  off / / / 0.00
Temp 90°C off 70 20 0.20 /
Temp 120°C  off >80 15 0.40 /
Temp 150°C off >90 10 0.50 /

Table 5.1 Fault Detection Using Linear Observer-based Scheme
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Fault Scenario Detectable
Yes No
Detection Time Detection Delay Gap Gap
(second) (second) (107 N-m) (107 N-m)
VBus 10% off / / / 0.00
VBus 20% off >80 20 1.20 /
VBus 30% off >80 20 3.30 /
VBus 40% off >85 15 490 /
Curr 20% off >35 65 0.25 /
Curr 30% off >65 35 1.00 /
Curr 40% off >80 20 3.00 /
Curr 50% off >85 15 6.50 /
Temp 60°C off >30 60 0.25 /
Temp 90°C  off >75 25 1.20 /
Temp 120°C  off >85 15 2.90 /
Temp 150°C off >80 20 3.60 /

Table 5.2 Fault Detection Using Neural Network Observer-based Scheme
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5.2.2 Robustness Comparative Study to Disturbances and Noises

1)

We want to check the performance of these two schemes when some disturbances change in the
wheel, specifically, we want to see whether disturbance changes will result in false detection as a
fault in the wheel. As shown in Figure 2.2, torque ripple disturbance is one main disturbances in
the wheel. In this example let us suppose this torque ripple disturbance in the wheel on X-axis
increases by 40% at 200 seconds as shown in Figure 5.7 after a set point change command was
applied at zero second. From Figure 5.8, we find that the residual curve of X-axis generated by
the linear observer-based scheme exceeded its corresponding threshold curve after this
disturbance changed, thus this disturbance change will result in false detection. While by using
the neural network observer-based scheme, the residual curve was almost not affected by this
disturbance increasing and remained beneath the threshold curve. This time, no fault is indicated
by the neural network observer-based scheme due to this disturbance change. Through this
example, we can see that a neural network observer-based FDI scheme is more robust to the

disturbances and noises.
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Figure 5.7 Torque Ripple Disturbance Signal in the Wheel on X-axis

® Results by using the linear observer-based FDI scheme
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Figure 5.8 Linear Observer-based Scheme Performance when Disturbance Changes

® Results by using the neural network observer-based FDI scheme
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Figure 5.9 Neural Network Observer-based Scheme Performance when Disturbance Changes

From the simulation results above, we can conclude that the neural network observer-based FDI
scheme is better than the linear observer-based method in the sense that it is more sensitive to small

faults and robustness to disturbances.

5.3 Conclusions

In this chapter, we conducted thorough comparative studies between the two FDI schemes developed
in Chapter 3 and Chapter 4. Based on many simulation results as shown above, the neufal network
observer-based scheme shows better performance in its sensitivity to the small faults and robustness to

disturbances than its linear counterpart.
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Chapter 6

Conclusions and Future work

6.1 Conclusions

This thesis has developed a neural network observer-based scheme for fault detection and isolation in
the reaction wheels. Reaction wheels serves as actuators for the spacecraft attitude control. Any fault
occuring in the reaction wheels will deteriorate the performance of the spacecraft according to the
attitude set point change command, or if serious, will cause the spacecraft attitude out of control. The

faults we consider in the thesis are bus voltage fault, motor current loss fault and temperature fault.

First, we design three classical PID controllers to achieve the three axes attitude control of the
spacecraft. Each PID controller generates a desired torque command voltage and supplies it to the
corresponding reaction wheel for control purpose. Then we investigate a linear observer-based scheme
for fault detection and isolation in the reaction wheels. It does show kind of capability in fault detect

and isolation in some cases, but it is not good enough for small fault detection and it is easily affected

by the disturbances and noises in the wheels.

Alternatively, based on its non-linear mapping and adaptive properties, a neural network is introduced

in our thesis to achieve better FDI performance. According to our neural network observer-based
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scheme, three neural networks are applied to estimate the outputs of the wheels in three axes

separately and independently to simply perform the fault detection and isolation.

The network we introduced is one kind of recurrent network, Elman network, which is suitable for
non-linear dynamic system modeling. The torque command voltage generated by the PID controller
and one step delay of actual wheel output or estimated wheel output serve as the network inputs.
Obviously, the network output is the estimated value of the wheel output, that is reaction torque. After
the network has been trained approximately, it can model the dynamics of the reaction wheel and
supplies a good estimated reaction torque for FDI purpose. After some post-processing of the error
signal between the actual and estimated value of reaction torque, ‘we generate the residual curve for

threshold checking. Any threshold exceeding will indicate the corresponding wheel is faulty, thus the

fault is detected and isolated.

Through a comparative study between the linear observer-based scheme and neural network
observer-based scheme, the latter one is shown to be a better choice for fault detection and isolation in
the reaction wheels. It is more sensitive to small faults and it has less probability of making false

detection in noisy environments.

All the attitude control system construction, development of FDI schemes and cases studies are

simulated in Matlab (Version 7.01) with Neural Network Toolbox.
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6.2 Future Work

As a further work it would be useful to design another network (probably radial basis neural network)
to analyse the residual signals for fault classification. Possibly some fuzzy logic methods can be
considered too. In this way, we can distinguish the type of fault : bus voltage fault, motor current loss

fault or temperature fault. Consequently, we can achieve better system reconfiguration in fault cases.

Another recommendation for future work is to conduct a comparative study between our proposed
neural network observer-based schemes with some other non-linear observer-based schemes, such as
the methods based on unknow input observer and eigenstructure assignment. These methods are more
complex than the linear observer-based scheme in our thesis and show good performance in many

problems in the literature. Their comparison with the neural network observer-based scheme is also

helpful.

The last thing we suggest here is to investigate other types of neural network can be tried to use for the
FDI purpose. The network we introduced is Elman network. The application of some other types of

networks such as the network with tapped-delay line or more complex networks is worth further

investigation.
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