Chapter 6

Model-Based Diagnosis and Prognosis of Hybrid
Dynamical Systems with Dynamically Updated
Parameters

Om Prakash and A.K. Samantaray

6.1 Introduction

Fault detection and isolation (FDI) and prognosis for large complex process
engineering systems are important research areas of industrial importance in order
to improve the safety, reliability and availability of critical machineries/processes.
In condition-based maintenance (CBM), FDI is intended for prompt detection,
isolation and classification of any fault in a system and to quantify the severity
of fault; whereas prognosis is intended to predict the remaining useful life (RUL)
of faulty component or subsystem based on the current health status of the system
and its past degradation profile or trend provided by diagnosis. Precise prediction of
RUL assists the plant technicians to plan the future maintenance activities. Since
diagnosis and prognosis both are concerned with the health monitoring of the
industrial system, subsystems or components; it is logical to integrate them in a
common framework for process supervision. There are generally two types of fault
situations, namely anticipated or unanticipated types. An anticipated fault situation
is generally known in advance based upon the history of system behaviour and
past experience; but, the unanticipated or unexpected fault situation is generally not
known in advance and that must be detected during process monitoring to maintain
the safety and reliability of the system. Nowadays, many modern integrated systems
or processes such as chemical plants, automobiles and airplanes use embedded
system architecture where electronics and communication systems play important
roles. These systems contain various dynamical components or subsystems which
exhibit both continuous and discrete dynamics and are hence called hybrid systems.
In a hybrid dynamical system, faulty discrete events may occur in addition to
parametric faults and occurrence of these may be unknown in advance. Most of the
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model-based diagnosis and prognosis methods available in literature are intended
for continuous systems and these approaches cannot be easily applied to hybrid
dynamical systems as the supervision of such systems need tracking of continuous
as well as discrete state variables.

Generally two types of fault sources may occur in a hybrid dynamical system.
The first one is a parametric fault related to some component degradation and the
second one is due to some unexpected transition of nominal mode of the system, i.e.,
discrete fault (e.g., valve stuck on or stuck off fault, controller transition command
failure, etc.). Hybrid dynamics contain two types of discrete transitions: supervisory
controlled discrete transition and autonomous mode discrete transition. Usually, the
supervisory controlled discrete input to the plant is implemented in software and it is
possible to measure the discrete input signals issued by the controller at the interface
between the supervisory controller and the plant. So, we assume that the supervisory
controlled discrete input signals to the plant are directly observed and known to
us. Another way to determine controlled mode transitions is to use the model of
the supervisory controller to predict such transitions. Even when the supervisory
controlled mode change information is known to us; a discrete fault may be possible
like valve stuck on or stuck off fault and pump stuck on or pump stuck off fault,
etc., and such faults should also be detected and isolated. In contrast to supervised
controlled discrete transition, autonomous mode discrete transitions are usually not
known and may not be directly measurable. However, the conditions for autonomous
mode transitions are known either in terms of measured plant output variables or
in terms of state variables. So, the autonomous mode transitions can be known to
diagnosis module based on the measurement of the outputs.

Most of the existing diagnosis and prognosis approaches are based on single fault
hypothesis. These assume that the system or subsystem is immediately repaired
once a fault is detected and isolated. However, a simple fault can lead to a sequence
of other catastrophic faults and it may not be possible to repair each fault within
available time. Moreover, some faults may be tolerated and the process operation
may be continued in the presence of one or more known faults and RUL of
such faults should be known to plant technician so that maintenance activities can
be scheduled accordingly. Detection of mode transition and any subsequent fault
(which may be serious) after a few known minor faults should also be possible. FDI
method based on single fault hypothesis fails to predict the actual fault candidates
when next fault occurs after the first fault because effects of one fault may be
concealed or compensated by the effects of another fault. One solution to this
problem is to use a lot of sensors to decouple fault effects. However, this is a costly
approach and each process variable may not be measurable. Other approaches rely
on building observers or a bank of observers (including unknown input observers) of
the system and tapping measurements/inconsistencies from the observer. However,
observer-based approaches cannot be easily applied to hybrid and often non-linear
dynamical systems.

For better planning and scheduling of maintenance activities, a good supervision
system should detect and isolate small faults and should predict the RUL of
faulty/degraded components. Without isolation of correct faults and their types,
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RUL estimation is not possible. Hence, it is needed to develop a method having
ability to correctly detect and isolate the actual fault of unknown type and unknown
degradation behaviour and at the same time, it should provide some information
about the severity of the fault and predict the RUL of the faulty components keeping
the system level performance constraints in the view.

In a hybrid dynamical system, various components or subsystems operate in
different modes or environmental conditions. This results in varying degradation
rate of the components throughout the system’s life cycle. In fact, the prognosis of
hybrid systems is challenging due to the fact that the same component can exhibit
different degradation behaviours in different operating modes. Traditionally, RUL
estimation is performed by utilizing a single degradation model which assumes that
degradation rate parameters used in the degradation model are constants. Although
a single degradation model may be enough for a particular degradation pattern, it
does not suffice when components or subsystems have different operational profiles.
Utilization of multiple degradation models which include operational modes as
additional control parameter and evolve through degradation model identification
is suggested in this chapter. Note that identifying appropriate multiple degradation
models is a challenging task when components have dynamic degradation patterns.

This chapter precisely deals with the afore-mentioned problem faced in diagnosis
and prognosis of hybrid systems. The premise of the solution proposed in this
chapter is a basic assumption that there is a very rare chance of occurrence of
simultaneous faults. Even apparent simultaneous faults are separated by a small time
interval and we assume that time interval is large enough to carry out the necessary
parametric fault or mode identification, degradation pattern identification and model
updating steps. We assume that infinite mode transitions in a finite time do not occur
and only partial parametric faults occur in a system. For RUL estimation, it is also
assumed that mode of operation of each hybrid component is known in advance.

Different approaches for model-based diagnosis and prognosis have been devel-
oped depending on the kind of knowledge used to describe the process model.
Usually, a specific methodology is applied for a specific process. Diagnosis methods
may be broadly classified into two types: model-based methods and data-driven-
based methods. Likewise, prognosis methods intended for RUL estimation can also
be classified into three types: model-based prognosis, data-driven prognosis and
experience or probability-based prognosis [1]. Every method has its own advantages
and disadvantages. In the present chapter, bond graph model-based diagnosis and
prognosis (MBDP) scheme is proposed.

For model-based process supervision, a precise and reliable mathematical model
of the actual plant behaviour is required. A unified multi-energy domain Bond Graph
(BG) [2, 3] and its extended form Hybrid Bond Graph (HBG) [4—6] are well-suited
for modelling of continuous and hybrid dynamical behaviours, respectively. BG
tool is also useful in the design and development of model-based FDI for both
continuous and hybrid dynamical systems [6, 7]. A considerable amount of literature
can be found related to model-based FDI for hybrid dynamical systems [8—11];
but, very few works are reported on integration of both diagnosis and prognosis of
hybrid dynamical system in a common framework. Also, very few literatures are
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available for prognosis of hybrid dynamical systems. In model-based diagnosis, the
BG model is used to derive a set of consistency rules called analytical redundancy
relations (ARRs). ARRs are constraints expressed in terms of measurable process
variables and nominal parameters of plant [7]. These constraints remain valid until
a system operates according to its normal operation model. A fault is detected
by monitoring the trend of the residuals. For consistency checking, residual must
be tested with predetermined fixed threshold value or an adaptive threshold value
[6-8]. Diagnostic Bond Graph (DBG) method has been introduced in [12], so that
residuals are directly obtained by making use of the current and few past measured
sample data even when ARRs cannot be obtained in explicit symbolic form. DBG
has been extended to Diagnostic Hybrid Bond Graph (DHBG) and adapted for FDI
of hybrid systems [6, 8]. Few works related to the prognosis, which are based on BG
approach, can be found in [13-16]. In [13, 14], it is assumed that degradation models
of the faulty components are known beforehand and RUL estimation is performed
by incorporating the degradation model into constrained ARRs equation. Further,
it is assumed that a single component’s parameter value continuously drifts with
the evolution of time and all other components behave normally. In [15, 16], a
BG framework is utilized for FDI but the RUL estimation is performed by using
the Monte Carlo framework (particle filter technique). The existing model-based
prognosis methods are intended for continuous systems and those cannot be easily
applied to hybrid dynamical systems.

Components may degrade due to both internal stresses (load, torque, speed,
etc.) and external stresses (wind, temperature, humidity, etc.). In order to accu-
rately predict the RUL, it is necessary to take into account how and where the
components will be used and what will be the mode of operation. According to
domain knowledge about the considered system and its components, and known
environmental and operational conditions, degradation model of the deteriorating
components can be identified by understanding the physics of degradation in a
model-based prognosis framework. A degradation model of a component may be
obtained by accelerated life tests method and then that degradation model may be
used to track the degradation of component once an incipient fault is detected by FDI
module; whereupon only the coefficients of model need to be estimated and RUL
can be predicted [14]. Thus, identification of precise dynamic degradation model
and specification of a well-defined failure threshold for RUL estimation are the main
challenges in model-based prognosis of hybrid system. In this regard, this chapter
makes the following contributions:

* A unified sequential multiple fault diagnosis and prognosis method based on
DHBG approach is developed for hybrid dynamical systems by introducing the
concept of model updating after each fault identification. The proposed method
is able to diagnose faults whose effect may be masked due to previously existing
faults and also predicts the RUL of the faulty component if the isolated fault is
of progressive type.

* RUL estimation uses the common framework, i.e., BG modelling approach, that
has been used for system modelling, virtual prototyping, fault diagnosis rule
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development, and parameter and system identification. Utilization of multiple
degradation models for RUL estimation is suggested which include operational
modes as additional control parameter and evolve through degradation model
identification. Same DHBG model of the system as used in FDI module is
used in a modified form to identify the degradation pattern of the components
after detection of parametric fault. Models are continually evolved with time by
adapting to the new information of the state of degradation of the monitored
system to provide accurate RUL with bounded uncertainty value.

* Instantaneous fault sensitivity signature for both parametric and discrete faults
is used for minimizing the set of suspected faults (SSF), which also provides
the expected directions of corresponding parameter deviations. Accordingly,
constrained parameter estimation is proposed for improving the diagnosis and
prognosis tasks of hybrid system.

» The proposed approach can detect and isolate both parametric and discrete faults
and can diagnose different types of fault like abrupt, incipient and progressive
faults. However, the method may also detect and isolate the intermittent faults
if there is a sufficient time window for parameter estimation. The proposed
approach can also track the discrete mode transitions even in presence of one
or more faults in a system.

6.2 Model-Based Diagnosis and Prognosis
for Hybrid Systems

The performance of model-based diagnosis and prognosis (MBDP) approaches
depend on the accuracy or quality of the model of the considered system. Models
serve as knowledge representation of a large amount of structural, functional and
behavioural information and their relationship. This knowledge representation is
capitalized to create complex cause-effect reasoning leading to construction of
powerful and robust automatic process supervision tools. The model development
for a large complex system is a challenging task, especially for a hybrid dynamical
system whose dynamical behaviour changes with the change of operating mode
of the system. Assumptions taken during modelling, exclusion of minor dynamics
and inclusion of major dynamics and the used modelling technique always affect
the accuracy or quality of diagnosis and prognosis outcomes. If an appropriate
model of a system which provides the expected behaviour of the real system in
normal healthy condition is developed, then it can be utilized for the process
supervision of the system. However, there is always some mismatch between the
outputs of the behavioural model with the real system measurements even if there
is no fault present in the real system. This generally happens because of mod-
elling uncertainties, parameter uncertainties, unknown disturbances, measurement
uncertainties, etc. For robust supervision, these factors must be taken into account.
BG modelling is a good approach to deal with a multi-energy domain system



200 O. Prakash and A.K. Samantaray

which may have continuous and discrete dynamical behaviours with different
uncertainties. Also, BG modelling can be used as a common framework for system
modelling, virtual prototyping, fault diagnosis rule development, parameter and
system identification, and RUL estimation.

Generally, BG model-based diagnosis is broadly classified into qualitative and
quantitative approaches [7]. In qualitative model-based method, model considers
the cause and effect relationships, and the functional relationships between the
outputs and inputs of a system are represented in terms of qualitative functions.
In quantitative model-based method, dynamic behaviour of a system is generally
obtained from the first principles and the functional relationships between the
outputs and inputs of a system are represented in terms of mathematical equations.
However, for MBDP, quantitative method is preferred as it provides the common
framework for both diagnosis and prognosis module development. Further, this
quantitative method may be classified as observer-based, parity relation-based,
parameter estimation-based and ARRs-based [8]. These methods can be used to
generate the residuals which are the primary step in the process supervision of
a system. Among these methods, ARR-based methods are more popular for the
development of process supervision. ARRs are constraints expressed in terms of
measurable process variables and nominal parameters of plant [7]. These constraints
remain valid until a system operates according to its normal operation model.
A fault is detected by monitoring the trend of the residuals. Quantitative ARRs-
based methods can be further classified as symbolic and numerical methods. In
symbolic methods, symbolic ARRs are obtained from BG model to evaluate the
residuals; whereas, in numerical methods, residuals can be numerically evaluated
using the DBG/DHBG model approach.

Quantitative BG model-based fault diagnosis method consists of two main steps:
generation of residual or a DBG/DHBG model and evaluation of residual. The
generation of residual is a technique for constructing ARRs using the BG model of
the system. In the residual evaluation step, the trends of the residuals are interpreted
to check any inconsistency. The inconsistency which indicates presence of one or
more faults is detected by testing whether each residual is enveloped by a prescribed
adaptive threshold, which in turn is defined based on the known uncertainties
in parameter estimation, operating mode information and statistical parameters
of measurement noise and unknown disturbances. Once any inconsistency in the
residuals is found, the fault identification module is triggered to determine the
severity of the fault and its nature/type. After information of severity of fault is
obtained, the system may be reconfigured or fault may be accommodated. In case of
incipient fault, RUL must be estimated to assists the plant technicians for planning
the future maintenance activities. In the following sections, basic concepts in model-
based diagnosis and prognosis are introduced.
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6.2.1 Basic Framework of Fault Diagnosis

The global ARR, GARR(MD.,@, U, Y), of an uncertain hybrid system may be
written as

GARR, £ 1 =0 6.1)

where MD represents the controlled junction mode vector, 6 represents a known
parameter vector, U represents known control or input vector and Y represents
sensor output vector. Online evaluation of each nominal part, GARR,,, and uncertain
part, A, using MD, 6, U and Y provides residual r and adaptive threshold ¢ = |A],
respectively. The usual approach to detect fault induced inconsistencies is to test
whether the numerical value of GARR,, at corresponding mode remains bounded
between +e. Residual () and adaptive threshold (¢) may be evaluated directly
from DBG [12] or DHBG model in linear fractional transformation (LFT) form
[6-8]. A binary coherence vector (C) is used to represent the signature for a
fault; whose standard form is C = [c1,c¢2,...,¢,] Where ¢; (i = 1,2,...,n)
are obtained from a decision procedure, ®, which is used to generate the alarms,
ie., C = [O(r), O(r),...,0(r,)]. For robust FDI, each residual r;(t) is checked
against the time varying adaptive threshold ¢&;(t) as follows:

0, if — &;(¢) < ri(t) < &(2)

i =0 () = .
¢ (i) 1, otherwise

(6.2)

During online monitoring, the coherence vector (C) is obtained at each and every
sampled time for consistency checking. An alarm is raised if one or more than one
elements of the coherence vector show nonzero value, i.e., C # [0,0...0]. After
detection of fault, the coherence vector is matched with the fault signature matrix
(FSM) at corresponding mode for isolation of actual fault candidate [7]. A fault in a
component is detectable/monitorable, if at least one of the residual is sensitive to this
fault, i.e., its monitorability index represented by M, = 1. A fault in a component
can be isolated only when it is monitorable and its fault signature (a corresponding
row in FSM) is unique; which is represented by isolability index I, = 1.

6.2.1.1 FSM, GFSM, GFSSM and MCSM, MCSSM

An FSM, S, represents the relation between a set of parametric faults and their
assumed signatures. It is used to detect and isolate the actual faults. The elements of
FSM are either 1 or 0 as determined from

1, if 7; is a function of P;

6.3
0, otherwise 6.3

Sji =



202 O. Prakash and A.K. Samantaray

where 7; is the residual of the ith column, P; is the parameter of the jth row in FSM,
andi = (1,2...n),j = (1,2...p), n is number of residuals and p is number of
parameters.

Hybrid system dynamics contains both continuous and discrete modes. So, FSMs
for such system are mode dependent and need to be separately derived for each
mode. Global fault signature matrix (GFSM), GS, is derived in a global form [6, §],
whose elements are obtained from

f(ai,...,an), if r;is a function of P; depending on the values aj, ..., a,
GSji =1 1, if r; is a function of P; at all modes,
0, otherwise
6.4)

where f represents a logical function of controlled junction in a bond graph model
anday, ..., a,, represent the controlled junction state variables, and m is the number
of controlled junctions.

Global fault sensitivity signature matrix (GFSSM) is an extension of GFSM,
which has capability to differentiate between increasing (P; 1) and decreasing
(P; |) parametric fault. Its elements are updated at each and every instant by using
the instantaneous sign of each residual sensitivity with respect to the component
parameters [9]. The elements of the GFSSM, GSS, are determined from

—sign(dr;/0P;), if r; is a function of P; and P; is expected to
increase due to fault,
GSS;; = | +sign(dr;/0P;), if r; is a function of P; and P; is expected to  (6.5)
decrease due to fault,
0, otherwise

This new kind of signature is termed here sensitivity signature as it can be anal-
ysed by sensitivity theory and this residual sensitivity can be derived numerically
by using Sensitivity Bond Graph (SBG) approach as in [17-19], where GARRs in
closed symbolic form may or may not be derivable.

Residuals are also sensitive to discrete mode fault in a hybrid system and any
inconsistency in actual mode may be identified by using mode change signature
matrix (MCSM). The elements of the MCSM are determined from

1, if r; is a function of a;

MCSM;; = .
k 0, otherwise

(6.6)

Mode change sensitivity signature matrix (MCSSM) is an extension of MCSM
with capability to differentiate between of an increasing (a; 1) and decreasing
(ar |) mode fault. Its elements are updated at each and every instant by using the
instantaneous sign of each residual sensitivity with respect to the mode [9]. The
elements of the MCSSM are determined from
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—sign(dr;/day), if r; is a function of a; and a; is expected
to change from O to 1,
MCSSMy; = § +sign(dr;/day), if r; is a function of a; and ay, is expected  (6.7)
to change from 1 to 0,
0, otherwise

where a; represents the controlled junction state variables of the kth row of MCSM
or MCSSM, and a; € (0,1),k € (1,2,...m).

6.2.1.2 Adaptive Thresholds for Robust FDI

Adaptive thresholds are used to achieve robustness in FDI by accounting for
the process and measurement uncertainties and also the mode transitions so that
supervision system can minimize false alarms and misdetections. An uncertainty on
a particular parameter value 6; can be introduced as

b; = 6u(1 + 8¢)) (6.8)
or 9] = ejn + Aej (69)

where Oj e (I,C,R,TF,GY) corresponds to parameters associated with the model,
and 8y, = (A6;/0;,) and A0); are the relative and the absolute deviations of nominal
parameter value ;.

Adaptive thresholds using BG-LFT method [7, 8] can be used, in which system
uncertainties in parameters are detached from their nominal parameters model
and modelled as feedback loops of internal variables. For instance, when the real
parameter value of a capacitance C is not accurately identified, it can be expressed
as C, £ AC = C,(1 £ §¢), where C, is represented as nominal parameter value
and £AC = +£§¢C, is the uncertainty part of the parameter. If the C element is
modelled in derivative causality, then its constitutive relation is given as
1 1 é

—(1:F8]/c)é= C.

f=cxact~c

+ wi/c (6 10)
where (F681/¢/Cn)é = F wyc is the extra contribution of flow because of uncertain
part of parameter and may be treated as a disturbance. Note that §;/¢ is the
uncertainty in estimating the value of 1/C. The C element in derivative causality
and parameter uncertainty can be modelled in BG-LFT form as given in Fig. 6.1.

Similarly, for the non-linear resistive R element modelled in conductive causality
for representing the flow through a non-linear valve, the constitutive relation
including uncertainty is written as

1 1

= (Cq F ACy)e = C4(1 F 81r) e = Can/e F wisr (6.11)

f
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clementn derative —C:C,
(f:s;]r;allty modeled in LFT ;_—' C- Cn LAC = MSfZWl/C
e
0 I—T
clementin conducive | —R R,
;:s:;ality modeled in LFT ET" R Rn AR = MSfZWl/R e
0 I-T

where 81/ = ACy4/Cy, e is the difference of pressure across the non-linear valve,
C, is the nominal value of discharge coefficient of valve, ACy is the uncertainty
part of the parameter C; and Fwyig = F6i/r Cy+/e is the extra contribution of
flow because of uncertain part of parameter and may be treated as a disturbance.
The R element in conductive causality and parameter uncertainty can be modelled
in BG-LFT form as shown in Fig. 6.2. Likewise, other parameters (/-element, and
TF and GY two-ports) with uncertainties can be modelled [20].

6.2.2 Basic Framework of Prognosis

The term prognosis is often used in medical domain to describe the prediction
of poor health of a patient by considering the actual diagnosis of one or more
symptoms and their evolution compared with other similar observed cases. In
industrial domain, the same reasoning of prognosis can be transposed to machines
and components to answer the question about the RUL of a machine or a component
once an impending failure condition is detected, isolated and identified by diagnosis
module.

RUL, also called time to failure (TTF), is the time left before observing a failure
of a component or subsystem given the current health status of system and its
past degradation profile. Once the degradation trend of component’s parameter is
obtained, then that can be extrapolated with some set value of failure threshold to
predict the RUL of faulty component [6].

RUL(t,z) = tq — to| ta > to, D(2) (6.12)

where f3 indicates the random variable of TTF, #y represents the current age of the
component or system, D(f) represents the past degradation profile up to the current
time and z is the operating mode of the system.

Component’s degradation may be captured by a continuous drift of its parameter
value in its life cycle as reported in most of the existing literature on prognosis.
However, in a hybrid dynamical system, various components or subsystems operate
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at different modes or environmental conditions which result in varying degradation
rate of the components throughout the system’s life cycle. Utilization of multiple
degradation models which include operational modes as additional control parame-
ter and evolve through degradation model identification is suggested in this chapter.
Models are continually evolved with time by adapting to the new information of the
state of degradation of the monitored system to provide accurate RUL with bounded
uncertainty value. This overcomes the drawback of other similar models, where the
parameters of the model are estimated only once and then the estimated degradation
pattern is kept fixed irrespective of subsequent new available observations. RUL
estimation and scheduling maintenance activities of component/subsystem based
on single pre-identified degraded state are not an optimal solution, especially for
hybrid systems that operate under variable modes. Intelligent prognosis must adapt
according to change of the state of degradation of the constantly monitored system.

The proposed approach for RUL prediction requires simultaneous monitoring
of both degradation and operating modes of the system. Let 6;(r,z) € 6 be
the parameter associated with jth component of a system which has started to
degrade detectably at time f, as determined (detected and isolated) by FDI module.
Figure 6.3 shows the different known operating modes (z) of the system and the
Jjth component’s (6;) degradation behaviour evolution in response to the operating
mode changes. It is shown that the change points, denoted by 1D, i=1,2,...)

a
20t 20
2 o
Z
22 ‘

+ + + >

lo A @ e D) Time (7)
b A

% Degradation measurement

+ Time to change operating mode

MO MO

A )
e e N
byt 4 a1 (D) ee D) ty Time (7)

Fig. 6.3 (a) Different operating mode (b) degradation behaviour evolution at various operating
mode of the component (6;)
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of the operating mode are known and the operating mode is shifted to new mode
7 € zafter 19, After the shift, the state of degradation of the component changes at
new mode (z\?) and degradation model is identified as M?. Finally, the degradation
curve of the component (6;) crosses a predefined failure threshold Q]-ﬂ at time #5. Thus
the mode dependent RUL of the component (6;) as per defined performance (Ojﬂ) is
estimated as

RUL(t,2) = tg — 1o (6.13)

Such a case of transition of operating condition from one mode to another is
very common in hybrid dynamical systems. For instance, performance of an on—off
valve which is generally used in processing plants may degrade because of fouling,
which decreases the coefficient of discharge (C,) of water flow. But the coefficient
of discharge (C,) does not continuously decrease at all times because of discrete
operating nature of valve. When the valve is in open condition, fluid flow through
the unit results in increased fouling such as due to sediment/lime scale deposition;
but when the valve is in closed condition there is no such fouling. So, this operating
condition pattern should be considered for RUL prediction.

6.2.2.1 An Integrated Framework of Diagnosis and Prognosis
for Multiple Faults in Hybrid Dynamical System

Since diagnosis and prognosis both are concerned with the health monitoring of the
industrial system, subsystems or components; it is reasonable to integrate them in a
common framework for process supervision. Moreover, hybrid system contains both
discrete and continuous dynamics; thus, discrete mode faults may occur in addition
to parametric fault (abrupt or progressive type) and the occurrence of these faults
are generally unknown in advance. In case of abrupt parametric fault or discrete
fault, there is a step-like deviation in the corresponding component’s parameter
and it generally persists with the evolution of time. However in case of incipient
or progressive fault, there is a slow change in the component’s parameter with
some dynamic degradation pattern which may be unknown beforehand. In abrupt
or discrete fault, it is essential that the diagnosis scheme detects the faults quickly
to avoid catastrophic consequences. In such cases, prompt fault detection and fault
accommodation are the main aim of fault diagnosis. On the other hand, incipient
faults are more significant in maintenance activities where it is necessary that
slowly evolving faults are detected early enough to avoid more severe consequences.
Once the nature of degradation pattern of incipient fault is obtained, RUL can be
predicted by using the degradation model. In a large complex hybrid system, the
occurrence of sequential multiple faults are much more likely, while the occurrence
of simultaneous faults may be very rare and this is taken as a key assumption in the
developments presented in this chapter. In this section, an integrated approach to
BG-MBDP in a hybrid dynamical system for sequential multiple fault of unknown
nature or type is proposed. The main goal of this section is to show how the same
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DHBG model that is used for FDI of hybrid system can be further used to identify
the degradation pattern of the faulty components and to estimate their RUL.

For estimation of component’s degradation pattern in hybrid dynamical system,
the fault magnitude of degrading parameter 0;(t, z) is estimated with a fixed window
of sample data collected at different time instants at various operating modes (z).
As a result, a set of estimates of parameter values of degrading component is
obtained at different time instances at various operating modes. Then degradation
model, Méj)(z), which is best fit equation of parameter value evolution at any
operating mode, is identified through curve fitting tool. Consequently, the obtained
degradation models corresponding to various operating modes can be used for RUL
estimation based on well-defined failure thresholds and known future operating
modes of the component.

A complete flow chart of the proposed integrated MBDP for hybrid dynamical
system is represented in Fig. 6.4. In a hybrid dynamical system, GARRs are used
to detect any inconsistency in the nominal behaviour of the monitoring system at
any mode. The general form of GARR which is obtained from DHBG model can be
written as

GARR; = GARR;(MD,0,U, Y) (6.14)

Real Plant

Measurements
GARRs and R - Actual parameters|
Actual mode | Update DHBG model for | adaptive thresholds|, Update DHBG model for | Degradation with uncertainties
information |  detection of further fault evaluation using detection of further fault Pattern values
DHBG Model
£
£ =g
ES B Progressive fault 5|3
(5] ==
EE threshold 2| &
Elg violation g E
=|E o 1l
= —=|=
g3 Estimate RUL s|&
2|2 EHE
£ é Discrete fault 2 é
g o= S o|=
2 identification based on =)
MCSSM and ARRs e
Yes Yes
Lontinud Report related '/v\"y Report parametric
monitoring Y+ discrete fault discrete fault component
9 / component fault with its magnitude|
No True fault
Parametric fault
detection based on Set of suspected Parameter
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Fig. 6.4 Flow chart of proposed integrated diagnosis and prognosis method
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where MD = [ay,az,...,a,... ,am]T represents the controlled junction mode
vector, 8 = [01,0,,....0;,..., OP]T represents a known parameter vector which
includes p number of component’s nominal parameters, U represents known input
vector and is formed by U € (Sf, Msf,Se, Mse) where Sf or Msf represents
flow or modulated flow input vector and Se or Mse represents effort or modulated
effort input vector, Y denotes sensor output vector and is formed by Y € (Df, De)
where Df and De represent flow and effort sensor output vector, respectively, and
i € (1,2,...n) is the number of residuals of the system.

Online evaluation of GARR; = GARR;(MD, 0,U,Y) using MD, 6, U and Y in
normal operation may be written as

GARR,; £ 1, =0 (6.15)
where GARR,; is nominal part and A; is the uncertain part of GARR;, respectively,
whose evaluations provide nominal residual r,; and adaptive threshold &; = |A;],
respectively:

ryi(t) = Eval {GARR,;(MD,0,U,Y) } and ¢;(t) = £Eval {};} (6.16)

During normal operation of the system, &;(¢) > ri(t) > —e&;(¢) is satisfied. The
residuals (r,;) are sensitive to both parametric and discrete faults. Some of the
residuals which are sensitive to a particular discrete or parametric fault in a system
cross either upper or lower threshold when any type of the fault occurs. If any one
of the nominal parameter (say 6;) of 8 changes (more than uncertainty value) or any
one of the nominal mode of MD (say a;) is inconsistent, then only a set of particular
residuals which are sensitive to the change of this parameter ¢; or a; cross the
threshold in due time. When any threshold violation occurs, we initially hypothesize
that this inconsistency is due to a discrete fault. If the sensitivity signature obtained
corresponding to threshold violations (41 for crossing upper threshold, —1 for
crossing lower threshold and O for lying within thresholds) has unique match in
MCSSM, then the component related to a; is declared as a faulty one. If this discrete
fault (a;) cannot be isolated because more than one components share the same
signature in MCSSM, then the ARR-based mode tracking [6] is followed in which
all inconsistent ARRs are evaluated with each hypothesized mode fault and the
actual faulty mode, if any, is identified as the one that gives consistent residuals.
Then, the current discrete fault information of a; is fed into the DHBG model to
update the GARRs and adaptive thresholds for the isolation of subsequent faults.
Once discrete fault is identified, we assume that it persists indefinitely thereafter if
the plant is not allowed to shut down. The ARR-based mode tracking can also be
used to track the initial mode of the system if it is unknown [6].

If the inconsistency in the residuals is not due to a particular discrete fault,
i.e., the initial hypothesis could not be validated, then it is hypothesized that the
inconsistency is due to a parametric fault only. If the sensitivity signature obtained
corresponding to threshold violations has unique match in GFSSM corresponding
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to component (6;), then the FDI module detects the degradation of component (6;)
(say at time 7p) and component (6;) is isolated as degrading component at mode
z = 7 (say). On the other hand, if the degrading component (6;) cannot be isolated
because of more than one components share the same signature in GFSSM, then a
set of suspected fault (SSF) is hypothesized for further course of action.

After postulation of faults candidates in SSF, a targeted parameter estimation
technique is triggered for identification of true fault and its degradation pattern. This
module tries to quickly estimate only a few possible parameters from which the true
fault candidate (6;) can be isolated [7, 8, 17, 18, 21]. Now the parameter ; is finally
declared as a degrading faulty parameter and is represented by 6;(¢,z\?) at mode 70,
The estimated fault magnitude of degrading parameter 6;(z, 7Y at kth instant of time
is represented by ij (k,z). If the nominal part of each GARR,, is evaluated again

with the estimated fault magnitude 9; (k,z?) (real value of degrading parameter
of plant/system at that instance), and adaptive thresholds are also updated, then
the corresponding evaluated residuals do not cross the corresponding residual
thresholds [8]. So, the original vector @ is updated by replacing the nominal 6;
by the estimated fault magnitude, Qf (k,z") of the real plant. Now updated @ at
kth instant is assumed to be the new nominal parameter vector that is used to
update DHBG model in LFT form to predict further degradation pattern of faulty
component 6;(z, 7). Note that a large deviation in a parameter value is considered
as an abrupt fault. Likewise, any discrete (mode) fault is also treated as abrupt fault.

If the detected parametric fault (;) is of progressive type, then the component’s
parameter 6;(t, z”) is degrading slowly according to operating mode z’. Thus, the
same set of residuals which are sensitive to the change of this parameter 6;(z, 2D
would cross the adaptive threshold again after some more time. Again, parameter
(6)) is estimated and its estimated value at (k+ A)th instant of time is represented by
6‘{ (k+ A, z?"). Since up to the current time only two data points of fault magnitude
of degrading parameter are known, a linear degradation model may be assumed for
the initial estimation of RUL which alerts the maintenance engineer for scheduling
the maintenance activities or other tasks. This initial linear degradation model is
further adapted with modified model when more parameter estimates are obtained
during monitoring. For accurate estimation of degradation pattern, sufficient number
of data points should be obtained at particular mode z? and then the degradation
model is identified by using the curve fitting tools at corresponding mode z(?. If
the jth operating change point occurs at time instant ¥ corresponding to new mode
7 during data collection for estimating the parameter value in previous operating
mode z(?, then the fresh data of a fixed window size corresponding to new mode 7
are collected and fault magnitude is estimated in this new mode z¥). This process is
repeated until the true degradation model, M 9 (z) is obtained for parameter 6;(¢, z)

at different operating modes. Then the obtalned true model M, ()(z) is further used
in prognosis module to predict RUL of faulty component (6;) w1th the future known
operating mode by extrapolating the model Mg)(z). Also, the finally obtained true
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degradation model M g)(z) of the component (6) is fed into the DHBG model, so that
the subsequent faults can be detected and isolated. In the case of sequential multiple
progressive faults, RUL is estimated for each progressive fault component and the
RUL of the component which has least value is the significant for the maintenance
engineer.

6.3 Application to a Two-Tank Benchmark System

6.3.1 Description of a Two-Tank Hybrid System

The benchmark hybrid two-tank system is adapted from [11]. Its process and
instrumentation diagram and hybrid bond graph (HBG) model are shown in Figs. 6.5
and 6.6, respectively. This system consists of two tanks (T; and T,) that are
connected with pipes and valves (V| and V;). Cyy; is the coefficient of discharge
of non-linear valve V;, i = 1,2. The liquid level in tank T; is regulated by a
hydraulic pump which is controlled by a PI-controller installed in this system and
tries to maintain water level of 0.5 m. The flow of pump (Qp) is proportional to the
output of the PI-controller (Upy). Two drainage pipes (L; and L,) with coefficients of
discharge Cqr; and Cyy,, respectively, showing linear behaviour are also used. This
system shows the hybrid dynamics and includes both autonomous and supervisory
controller transition modes. Valve V| is switched to on and then off state according
to command input given by the supervisory controller. When water level in tank
T; exceeds level Hy | then the water starts flowing from tank T to tank T, through
drainage pipe L; (autonomous mode, a;). Similarly, when water level in tank T,
exceeds level Hy, then the water starts flowing from tank T, to atmosphere through

Supervisory Controller

Fig. 6.5 Schematic diagram of a two-tank hybrid system



6 Model-Based Diagnosis and Prognosis of Hybrid Dynamical Systems 211

(PD— Dere— g—De
H, H,
ClC,  RR, cl/c, RiR,,
TE:Pg { Msf TF:P8 [
fczl\

Msfr—>]— > 1(:'1 ~() "] —>Se
N / \ / \ "
Se —. I—=Se  Se —il. 1—Se
.. 2 e 3

—-pgH, y P, —pgH,, P,

Jo RR, RR R:R, RR

VLeakl VLeak2

Fig. 6.6 HBG model of a two-tank hybrid system

drainage pipe L, (autonomous mode, a,). Leakage fault can be introduced in tank
T; using imaginary valve Vi ¢.; having coefficient of discharge Cqcaxi, | = 1, 2.

Two level sensors H; and H, and one flow sensor Qp are installed in the system
for measuring the water levels in tanks T| and T, and water input flow by pump,
respectively. The atmospheric pressure is assumed to be the reference pressure. The
small angle y, volume of water in the drainage pipe and inertia effect of water flow
are neglected in this system; with the former two being considered as part of the
uncertainties in tank capacities. This way of simplified model building by neglecting
minor dynamics improves the speed of diagnosis without unduly complicating the
process of development of the supervision system.

Pump saturation characteristic (Qp) and PI-controller output law (®py) are,
respectively, given as

Upt, 0 < Upr =< frnax
Op=410, Up<0 = ®p (Upy) (6.17)
fmaXa UPI meax

Upt = Kp(Spe — p- g Hi (1)) + KI/ (Spt — p-g-Hy(2))dt
= ®p (H,(1)) (6.18)

where finax is the maximum flow from the pump, Sy is a pressure (or level) set point
and Kp and K| are the proportional and integral gains, respectively. In this work, we
do not consider the actuator, controller and sensor faults; they may be diagnosed
with additional hardware/sensor redundancies and hence are not relevant for this
study.
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Fig. 6.7 DHBG-LFT model of a two-tank hybrid system

6.3.2 DHBG Model and GARRs Generation

Diagnostic hybrid bond graph (DHBG) model is obtained from HBG model of a
system, in which all controlled junctions and storage elements are assigned with
appropriate causalities so that all active BG elements remain active at all operating
modes. This permits consistent causal description and generation of GARRs for a
hybrid dynamical system from its DHBG model. The DHBG of the considered two-
tank hybrid system in LFT form is shown in Fig. 6.7. Two virtual flow sensors (Df™*)
are used to derive two constraints GARR; and GARRj,.

The ARRs for the actuators and the controllers (which will not be used in this
study) are simply obtained from comparisons of input and output relationships as

ARR] : Qp - q>p (Up]) =0 (619)
ARR; : Upr — ®@p; (Hi (1)) =0 (6.20)

d
GARR3 : Op — Cry - E(p'g‘Hl(t)) —ay1 - Cav1 - V/Ip- g+ (Hi(t) — Ha(1))]

-sign(p - g+ (H(t) — H2(2))) — a1 - Car1 - p- g - (H{(t) — Hyp1)

—CdLeakl * V |p'g'H1(t)| :tk3 =0 (6.21)

GARR; : ayi - Cav1 - V|p - g+ (H\ (1) — Ha(2))] - sign(p - g - (H\ (1) — Ha(2))
ay-Car1-p-g-(H\(t) —Hp1) —ax-Carz - p- g (Ha(t) — Hip)

d
—Crs - E(P g - Hy(1)) — Cava - V|p- g+ Ha(t)| — Cureaka-
Vip-g-Hyt)| £ A4 =0 (6.22)
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where Cr; = Ai/g, Crn = Ax/g, a1y = (1) Zigg iZii and a, =
0, Hy(t) < Hp»

1, Hz([) > Hi,

GARRj; and GARRy, as presented in (6.21) and (6.22), respectively, contain the
uncertain parts A3 and A4. The effects of uncertainties in various parameters on
a GARR are un-correlated with possibility of cancelling out each other. Hence,
absolute values of the individual effects are considered for adaptive threshold
evaluation as follows:

d
A3 = ldcr - Cri-—(p- g HiO)| + lavi - 8¢y, - Cavi - Vip-g- (Hi (1) = H2 (1))

+|a1 : SCdLl . CdL] P8 (Hl (t) - HLl)l + |8CdLeakl N CdLeakl VP8 Hl (t)|
(6.23)

d
Ay = |6c2-Cr2- E(P'g'ﬂz(l)ﬂ + layt - 8¢y, - Cavi - V1p - g - (Hi(t) — Ha (1)) ]|

+lar - 8¢y, - CaL1 - p- g+ (H1(?) — HLD)| + |az - 8¢y, - Carz - p - g - (H2(2) — Hio)|

Hbcan - Cava - Vo - & Ha(t)] + 8¢y ez - CdLeak2 - Vo - & - Ha(1)] (6.24)

Using (6.4) and (6.6) on (6.21) and (6.22), the GFSM and MCSM for two-tank
hybrid system are obtained as shown in Tables 6.1 and 6.2, respectively; whereas
using (6.5) and (6.7) on (6.21) and (6.22), the GFSSM and MCSSM are found
as shown in Tables 6.3 and 6.4, respectively. The parameters related to leakage
fault in tank T; and T», i.e., Cqreak1 and Cypeaxo, respectively, have only increasing
possibility (i.e., leakage), while for other parameters (i.e., Cay1, Cav2, CaLi> Car2),
both increasing (i.e., leakage) and decreasing faults (i.e., blockage) are possible.
Likewise, discrete stuck on and off faults for a,; of valve V; are also possible.

Table 6.1 GFSM (GS) for the two-tank hybrid system
Parameter | GARR; (r3) | GARRy (r4) | My | I, Single fault

Cavi ay| ayi 1 |au =1 —aay
Cav2 0 1 1 0
CaL1 a ai ar |a = (1 —aya
Car2 0 a a |0
CaLeak1 1 0 1 1
CiLeak2 0 1 I

Table 6.2 MCSM for the two-tank hybrid system

Parameter | GARR; (r;3) | GARRy (ry) | My | I, Single fault
Ayl 1 1 1 1
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Table 6.3 GFSSM (GSS) for the two-tank hybrid system

Parameter | GARR; (r3) GARRy (r4)

Cau 1 ayisign(H,(t) — Ha(1)) | —ayisign(H,(t) — Ha (1))
Cav1 —aysign(H,(t) — Hy(t)) | avisign(H1 (1) — Ha(t)
Caz ¥ 0 —1

CaLi 1 ap —a

Ca1 ¥ —a a

Caz 1 0 a

Ca2 0 —a

Carear1 T | +1 0

Cireaz ¥ |0 +1

Table 6.4 MCSSM for the two-tank hybrid system
GARR3 (r3) GARR4 (r4)

sign(H, (1) — Hy(1)) | —sign(H: (1) — H(1))
—sign(H, (1) — Hy(1)) | sign(H, (1) — Hx(1))

Parameter

Ay T
ayi ‘l’

These possibilities, called technological specifications which are derived from deep
knowledge of the system, are considered in Tables 6.3 and 6.4, respectively.

Note that the sensitivity signatures presented in GFSSM and MCSSM [9] are
simplified expressions derived from GARRs. These can be numerically obtained
from SBG model if GARRs cannot be symbolically derived. For example, if we
consider the sensitivity signature element GSS lcfv‘ T due to the fault Cav1 7, then the

corresponding element in the GFSSM is calculated as

GSS " = —sign(9GARR3/Cy1)

= —sign( — avi Cavi v pg(H\ (1) — H2(1))] )
= ay1sign(H (1) — Ha (1))

(6.25)

6.3.3 Simulation Study and Results

In this section, an integrated MBDP method for sequential multiple faults of
unknown nature/type in a hybrid dynamical system is tested through simulation.
Also, model-based process supervision scheme using the most recent existing
approach [9] which considers single fault hypothesis and the newly proposed
approach which considers sequential multiple faults hypotheses, along with com-
parison between these two approaches are presented. This section also shows that
the methods which are based on single fault hypothesis fail to predict the actual fault
candidates in case of sequential multiple faults and without correct isolation of fault



6 Model-Based Diagnosis and Prognosis of Hybrid Dynamical Systems 215

Abs

" |iFault,

<
<

Fig. 6.8 Simulink model of two-tank system with provisions to introduce faults

candidates, prognosis is irrelevant. It is also shown that the newly proposed method
gives improved fault isolation capabilities in both single and multiple fault scenarios
and also improves the RUL estimation if the identified fault is of progressive type.

The HBG model of the two-tank hybrid system (shown in Fig. 6.6) is converted
into MATLAB-SIMULINK model (with provisions of faults introduction in model
as shown in Fig.6.8) to generate the process data through simulation for the
validation of the proposed method. In Fig.6.8, Cgy(¢,z) block represents the
progressive fault function block for valve V| and K, = Cgy2, K3 = Cqr1, K4 = Cqro,
Ks = Cyreaki> Ko = Carea2» K7 = 1/pg, Ks = g/A1, Ky = g/A; are the
corresponding gains blocks. Similarly, the DHBG-LFT model (shown in Fig. 6.7)
can be converted into MATLAB-SIMULINK model for residuals and adaptive
thresholds evaluation [11]. Here, the residuals and thresholds evaluation are done in
a simple MATLAB program that evaluates, respectively, the nominal GARR3 and
GARRy in (6.21) and (6.22), and the uncertain parts A3 and A4 in (6.23) and (6.23).
These, correspondingly, provide the residuals r3 and r4, and adaptive thresholds
€3 = +A;3 and &4 = £A4. Sensor’s measurements data, parameter’s nominal values
and parameter’s uncertainty values are the inputs to the program [7, 11]. The overall
threshold may be evaluated to account for the sensor’s noise as, &; = +(4; + k;),
i = 3,4, where k; is the static threshold which is chosen based on the sensor
characteristics or with the model of additive sensor biases presented in [8]. In the
simulations, we have assumed k; = 0.

The two-tank hybrid system is simulated for duration of 1800s using a fixed
step size of 0.02 s by initializing all state variables to zero. The nominal value of
system’s parameters used in the model are given in Table 6.5. Two types of faults
are introduced in the simulation. The first one is a progressive fault in valve V;
(see Table 6.6). The parameter Cqy; of on—off valve V| (nominal value = 1.593 x
1072 kgl/ 2m'/? in on state) is considered to drift slowly with time according to
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Table 6.5 Nominal parameters of the hybrid two-tank

Symbol | Description Nominal value

Kp Proportional gain of controller 1 ms

K Integral gain of controller 5% 1072m

Spt Set point of the PI-controller 0.5m

Jinax Maximum outflow from pump 1kg/s

A; Cross-sectional area of tank T;(i = | 1.472 X 1072 m?
1.2)

Cavi Discharge coefficient of valve V; | 1.593 x 10~2kg!/? m!/2
including connected pipe (i = 1, 2)

CaLi Discharge coefficient of drainage | 1 X 1073 ms
pipeL; (i = 1,2)

CdLeaki Discharge coefficient of Ve (i = |0 kgl/ 2ml/2
1,2)

Hy, Height of the drainage pipe L; of | 0.58 m
tank T from datum

Hy, Height of the drainage pipe L, of | 0.40m
tank T, from datum

Py Atmospheric pressure ON/m?

0 Density of water 1000kg/m?

g Acceleration due to gravity 9.81m/s?

Table 6.6 Simulated faults in the model

Parameter | Description Degradation nature Start time, #5 (s) | End time
Cavi Valve blockage | Progressive type as per (6.26) | 225 1800
Cav2 Valve blockage | Abrupt type as per (6.27) 1475 1800

operating mode (z = 7 = a,) as shown in Fig. 6.9b. Second one is an abrupt fault
in valve V. In the simulation, we have introduced the fault in parameters Cyy; and
Cav2 at a time instants t5; = 225s and tr, = 1475 s, respectively, as defined through
the functions given in (6.26) and (6.27), respectively.

Cdv]n(z) s Ay, <
Cavi(t,2) = 6.26
an (82 % Cavin(2) (e_r(z)'ton) sayy, 2= I ( )
Cam(z), t<tp
Can(t,2) = 6.27
a{t:2) % 0.9Cayon(2), t = tp 627

where Cgyin(z) is the nominal parameter value of valve V;(i = 1, 2) at corresponding

operating mode (z),7(z) = 1.0 x 107*s7 ! at z = z) = a,; = 1, with each

7z for 80s and r(z) = Os~'atz = z® = a,; = 0, with each z® for 30s,
t

ton = f ayy - dt, and tr; and tr are the time instances when the first and second
If1

faults start, respectively.
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Fig. 6.9 (a) Operating mode (b) introduced degradation of on—off valve V,
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Fig. 6.10 Time responses of measurements (a) Pump flow (b) Water level in tank T; (c) Water
level in tank T, and (d) Autonomous mode of drainage pipe L,

Note that parameter Cqy; is considered to drift slowly only in on state of the
valve, while there is no drift of parameter Cg4y; during off state as the flow is zero in
that state. The drifting of parameter Cyy; just after #;; = 2255 is clearly shown in
enlarged view of a portion of Fig. 6.9b. The failure threshold (Cf}vl) is considered as
half of the nominal value in on state.

The measurements (i.e., Op, H and H;) from the simulated model at a sampling
rate of 0.02s are fed to the residuals and thresholds evaluation program. The time
responses of measured input (Qp), outputs (H;, H,) and obtained autonomous mode
(ay) are shown in Fig. 6.10. The transition of mode a; from 0 to 1 subjected to given
conditions (when H,(f) exceeds Hy; = 0.58 m) corresponding to drainage pipe L;
is clearly noticeable. However, no autonomous mode change is found for drainage
pipe L,; hence a, = 0 throughout the simulation period.
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Table 6.7 GFSSM (GSS) for the two-tank hybrid system
Parameter | GARR; (r3) | GARRy (r4) | My | I, Single fault

Caut 1 ayi —ayi ay1 | ay = (1 —apay
Cav1 —ayi ay ayi | ay = (1 —apay
Car 1 0 +1 1o

Cav2 ¥ 0 —1 1 a=(1—a)
Caut 1 ap —a ap ar = (1 —ay)a
Ca1 ¥ —a ai ap a = —a)a
Caz 1 0 a a |0

Caz 4 0 —ay a |0

Careart T | +1 0 1 1

Careaz 1 0 +1 1 |0

Table 6.8 MCSSM for the two-tank hybrid system

Parameter | GARR; (r3) | GARRy (r4) | M, | I, Single fault
Ay T + 1 —1 1 1
ay 4 —1 +1 1 1

6.3.3.1 Implementation of Integrated Diagnosis and Prognosis Approach

In practice, the elements of GFSSM and MCSSM have to be updated at each and
every instant by using the instantaneous measurement data. It is observed from
Fig. 6.10 that the measurement H, is always greater than H,, so the obtained GFSSM
and MCSSM during the duration of observation (0—1800 s) for the considered two-
tank hybrid system can be simplified to the forms given in Tables 6.7 and 6.8,
respectively. The response of residuals (r3 and r4) and adaptive thresholds obtained
from DHBG-LFT model using previously existing method [9] and the newly pro-
posed method with dynamically updated parameter and updated adaptive thresholds
are shown in Figs.6.11 and 6.12, respectively (solid lines indicate residuals and
dashed/dotted lines indicate adaptive thresholds). The response of residuals (r3 and
r4) and adaptive thresholds during normal operation (up to t = 225s) and during
identification of degradation behaviour of valves V; and V, using proposed method
(after + = 2255) is clearly shown in Fig. 6.12. Note that the first two columns of
the coherence vector related to actuator and controller faults, which are irrelevant in
this study, have been dropped from the analysis.

A discussion on fault isolation capabilities using existing FDI methods consid-
ering single fault hypothesis is presented here. From the simulated faults listed in
Table 6.6, both valves V| and V; are faulty between 1475 and 1800 s as the fault in
valve V; is not repaired. The observed coherence vector (C) just after 225 s (after
initiation of blockage fault in V) is obtained from Fig.6.11a, b as C = [1 1] (if
not considering residual sensitivity signature) or C = [—1 + 1] (if considering
the residual sensitivity signature). According to coherence vector C = [1 1] or
C = [—1+41], the set of suspected faults (SSF) is Cgy; and ay; using GFSM/GFSSM
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Fig. 6.11 Response of residuals (a) r3 and (b) r4 using previously existing method [9]
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Fig. 6.12 Response of residuals (a) r3 and (b) r4 using proposed method with dynamically updated
parameter and adaptive threshold

and MCSM/MCSSM at mode a; = 0; and if mode a; = 1, SSF is Cyy1, Cqr; and
ayy (see Tables 6.1, 6.2 and Tables 6.7, 6.8). In both modes, i.e., at mode a; = 1
and a; = 0, fault is non-isolatable as signature of Cgy;, Cgr; and a,; are same. As
the dynamics of valve V| is mode dependent, the residuals lie within the thresholds
even after fault for a,y = 0 (See Fig. 6.11) and under such situation, fault cannot be
detected and isolated until the system moves into a different mode (ay; = 1).

When the next fault in valve V, is introduced at 1475 s, the coherence vector is
observed as C = [1 0] (if not considering residual sensitivity signature) and C =
[=1 0] Gf considering the residual sensitivity signature) Fig.6.11a, b. According
to coherence vector C = [1 0], possible SSF may be Cyreq; at mode a,; = 1
and this lead to a wrong fault isolation. On the other hand, C = [—1 0] does not
have any match in GFSSM and MCSSM and the fault is not isolated. While the
fault is detected through both approaches (GFSM/MCSM and GFSSM/MCSSM)
in this case of sequential multiple faults, the misdiagnosis is natural because the
residuals are not diagonal or structured and thus, not suitable for multiple fault
diagnosis [7]. Here, one fault effect hides the other fault effect that results in wrong
fault signatures.
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To identify the actual fault candidates in such cases, it is needed to estimate all the
parameters simultaneously by using the non-linear parameter estimation techniques
[7, 8,17, 18, 21] and tracking the real mode using ARR-based mode identification
technique [6]. However, this is a very tough and computationally complex task for
a large complex system; especially considering the fact that prompt detection and
true faults isolation are the main objectives in diagnosis task. Under the assumptions
stated beforehand for sequential multiple faults, we need to estimate only a few
postulated fault candidates or possible conflicts [17]. The parameter estimation can
be done with least squares response matching or minimization of residuals (see
[7, 8, 17, 18, 21] for details). Here, we will use least squares response matching
approach for parameter estimation. This approach gives best performance when
there are few parameters to estimate (as detected from GFSSM) and there are
constraints on parameter values (expressed in terms of penalty functions added to
the objective function to be minimized). For example, to estimate value of Cgyy,
the parameter value is constrained between specified minimum (in this case 0) and
maximum values. For the considered fault scenario (Table 6.6), GFSSM indicates a
possible decrease in value of Cyy; and thus its value may be constrained between 0
and the earlier known value (nominal value). This way, the search zone is reduced.
In addition, parameter estimation requires initial guess values of parameters. For
discharge coefficient of valve V|, it may be assigned as «Cqyy1, where 0 < @ < 1. In
fact, value of o can be approximately obtained from the rate of change of residuals.
The reduced search zone and closer guess values improve the convergence of the
optimization process. The estimation procedure requires transient data after the
fault. Therefore, a small delay amounting to a chosen window length is present
between fault detection and its isolation. We assume that no more faults occur within
this chosen window length after detection of a fault event.

A discussion on fault isolation capabilities using the new proposed integrated
MBDP method, considering sequential multiple faults hypotheses using GFSSM
and MCSSM, is presented here. When the simulated fault (progressive type) for
valve V| is introduced at 225 s as shown in Fig. 6.9b, the coherence vector (for a
short time just after 225 s) is obtained from Fig. 6.12a, b as C = [—1+1]. According
to coherence vector C = [—1 + 1], the possible SSF can be Cyy; | and ay; | using
GFSSM and MCSSM at mode a; = 0; otherwise, the possible SSF can be Cgy1 |,
Ca1 | and ay; | if mode a; = 1 (see Tables 6.7 and 6.8). In both cases, i.e., at
mode a; = 0 and a¢; = 1, fault is non-isolatable as signature of Cqy; |, CaL1 |
and ay; | are same. Since we assume the discrete mode fault occurs first, the ARR-
based mode identification algorithm [6] is triggered. Whether the discrete mode
fault ay; | (valve V; stuck off) occurs or not is checked by evaluating all sensitive
ARRs at current mode information and it is found that mode a,; = 1 is consistent.
This indicates that the inconsistency is due to parametric faults and elements of SSF
are refined as Cgy; | only at a; = 0, otherwise elements of SSF are Cq,; | and
CaL1 4 at a; = 1. Then the parameter estimation technique is triggered and Cgy; |
is isolated as a true fault in both modes, i.e., a; = 0 and a; = 1. This blockage
fault in valve V| (Cqy1 |) is detected at time instant tdcl“v' = 277.68 s at its on state
(z=z" =a,; = 1and a; = 0). There is some time delay between fault detection
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and its occurrence because of slow evolution of fault and the uncertainties included
in residual threshold evaluation.

Since the direction of parameter variation of Cyy is known by GFSSM (decrease
in value of Cyy1), this information is used in constrained parameter estimation
technique for degradation model identification. This makes degradation model
identification fast, which is one of the main requirements in CBM. For the
estimation of fault magnitude of Cgy;, a small time window of 7s transient data
after the fault has been selected. Now the fault magnitude of degrading parameter
Cyy1 is estimated after detecting the fault at time instant td(fd” = 277.68s. The

estimated parameter value is known at time instant tucld“ = 277.68s +7s =
284.68 s and is represented by C, , (t5"", z("), whose value is C}, (z5*",zV) =

ul
1.584 x 1072kg'/>m'/2. Now, the DHBG model is updated by replacing the
nominal value Cgy; = 1.593 x 1072kg'/> m'/2 by the estimated fault magnitude
Ch (25, 2V) = 1.584 x 1072kg"/? m'/2 of the real plant. Now the residuals and
adaptive thresholds evaluation obtained through updated nominal part of GARRs
and updated uncertainties parts obtained from the updated DHBG model in LFT
form force the residuals to lie within the updated adaptive thresholds (see Fig. 6.12
where this updated time instant is denoted as tuf““). Since, the parameter Cgy; iS
degrading progressively at mode z = z() = a,; = 1, again a set of residuals (r; and
r4) which are sensitive to the change of this parameter, Cq4y;, cross the adaptive
threshold with the evolution of time (marked as tdg“‘“ = 364.02s in Fig.6.12)
and again the new fault magnitude of degrading parameter Cgy; is estimated and

known at new time instant tugd” = 364.02s 4+ 7s = 371.02s and represented by

Ch, (25, 2V), whose value is C),, (1.5, zM) = 1.575 x 1072kg!/> m'/2. Since
only two data points are known up to the current time a linear degradation model
is assumed for the initial estimation of RUL to alert the maintenance engineer. The
obtained data points at different time instances (tucl‘“l and tug"”) corresponding to
mode z = z() = a,; = 1 are used to find the linear degradation mathematical model
for the parameter Cg4y; using the curve fitting tool in Matlab-Simulink and is shown
in Fig. 6.13a. For curve fitting, #,, is used as a time reference in abscissa. Initial
estimated value of RUL using the linear degradation model at on state of valve V;
and no degradation at off state based on defined failure threshold (ij‘VI = 0.5Cq4y1)
and known future operating modes of valve V| is found as 6822.19 s (see Fig. 6.14a).
This initial degradation model is further adapted with modified model when more
new information of data points are obtained during monitoring. In Fig. 6.14, tufd"‘ is
considered as a zero time reference for RUL estimation.

Note that at different time instances, the valve V; is switched to off state as per
the command input given by the controller. In this duration, there is no flow through
the valve V. Although valve V is isolated as a faulty element, residuals 73 and 74
become zero (see Fig. 6.12) at the corresponding off state (z = 7@ = gy = 0)
which provides Cyy; (,z?) = 0kg!'/?m!/2.

For accurate estimation of degradation pattern, sufficient data points should
be used. As the monitoring is continued, newer information of degradation data
is obtained. Estimated magnitude of degrading parameter Cg4,; at the same mode
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Fig. 6.13 (a) Linear degradation model at mode a,; = 1 as two data points are known (b)—(d)

Identification of degradation model at mode a,; = 1 with new information of data points
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Fig. 6.14 Estimated RUL of parameter Cqy; (a) Initially assumed linear degradation model when
only two data points are known (b) Finally confirmed exponential degradation model with the new
information of degradation state at on state of the valve V| and no degradation at off state

z =70 = a,, = 1 at different time instances tufd“(i = 3,4,...,7) are shown in
Table 6.9. The new obtained data points at different time instances with previous
known data points are used to refine the degradation behaviour of parameter
Cqv1. Various degradation models of second order, third order polynomial fit and
exponential fit, etc., are tried and shown in Fig. 6.13b—d along with root mean square
error (RMSE) values. Exponential fit model is found as a best degradation model
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Table 6.9 Estimated data points at different time instances

Detected time (s) | Updated time (s) Estimated magnitude

Parameter (tdcidv’ ) (tucl-dvf fon () Cgvi(tﬁd”y,z) (kg'/?m'/2)
Ca1 4 277.68 284.68 284.68 |1.584 x 1072

364.02 371.02 341.02 | 1.575x 1072

453.56 460.56 400.56 |1.566 x 1072

509.50 516.50 456.50 |1.557 x 1072

595.78 602.78 512.78 | 1.548 x 1072

679.76 686.76 566.76 | 1.539 x 1072

780.04 787.04 637.04 |1.529 x 1072
Can 4 1475.02 1482.02 - 1.434 x 1072

at on state of the valve Vi(a,; = 1) according to its goodness of fit (RMSE =

6.03 x 1077) which is the actual degradation pattern as per simulated fault. The
obtained exponential model having coefficient a and b with 95 % confidence bound
is represented as

ME = a-exp(b(ton — 15™")) (6.28)
where; a = 1.583 x 102 and b = —1.001 x 1074

Using the above degradation model RUL is estimated as 9397.4 s (see Fig. 6.14b)
according to set failure threshold (Cgv1 = 0.5Cqy1). Note that in the simulation,
we have inserted a fast rate of progressive degradation, but in real situation the
degradation rate may be very slow.

When the abrupt fault in valve V, (blockage) at 1475 s is inserted, the coherence
vector (C) just after 1475 s, i.e., after blockage fault initiation in V,, is obtained from
Fig.6.12a, b as C = [0 — 1]. This gives the possible SSF as Cy,; | (i.e., blockage
fault in V;) using GFSSM since a, = 0 at all times for the considered system. If the
mode a, = 1 for some other system configuration, then the SSF would be obtained
from GFSSM as Cg,» | and Cqr5 |; and parameter estimation technique can be used
for the suspected parameters Cyy, and Cqp; to isolate the actual fault (Cyy, |) and its
magnitude. In the current configuration, the fault Cy,; | is directly isolatable at a; =
0. Still we need to estimate the fault magnitude for updating the DHBG model for
diagnosis of subsequent faults. In this case, Cq4y2 | is found as actual fault parameter
with estimated fault magnitude of C{M ~ 0.9Cq4y and this estimated parameter
value is then onwards considered as the new nominal parameter value. Now the
residuals and adaptive thresholds evaluation obtained through updated nominal part
of GARRs and updated uncertainties parts obtained from the updated DHBG model
in LFT form (i.e., Cqy, is replaced by Cgvz) force the residuals to lie within the
updated adaptive thresholds (see Fig. 6.12b after time tf,‘“z = 1482.02s). Now the
residuals (r3 and r4) remain inside the adaptive threshold until the next fault occurs.
This way, subsequent parametric faults and their degradation pattern can be isolated
and RUL can be estimated for progressive faults.
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6.4 Equivalent Hybrid Electrical System

A great range of equivalent systems can be derived from a given system by using
the equivalences of various BG elements and also transformer (7F) and gyrator
(GY) equivalences of BG theory. A linear hydraulic system can be modeled by its
analogous linear electrical system because of the similarities in their dynamics or
governing differential equations. In the present work, an equivalent electrical system
is modelled for the considered two-tank system and is further scaled down for easy
and low cost experimental implementation. Note that while the equivalent electrical
model is linear, the hybrid nature (mode dependent changes) are retained in it.

6.4.1 Circuit Layout

An equivalent electrical circuit of the two-tank hybrid system is shown in Fig. 6.15,
whose HBG and DHBG models are similar to the two-tank hybrid system as shown
in Figs. 6.6 and 6.7, respectively. In the electrical domain, power variables current
and voltage, respectively, are equivalent to the flow rate and pressure in hydraulic
domain. In the circuit, two electrical capacitors C| and C, are considered instead of
two tanks T and T,, respectively. Resistors R, R, corresponding to valves Vi, V,,
and Ry;, Rqp corresponding to drainage pipes L, L, are considered, respectively.
Diodes D; and D, are considered as switches to permit the current in equivalent
drainage pipe resistors Rq; and Ry, corresponding to set threshold voltages Ve and
Vsetz, respectively. Ig; is considered as a drainage current source flowing through
resistor Rq; and it charges the capacitor C, only if the corresponding set condition
is reached. A modulated current source I;, is used in place of modulated pump

Ry Iy
AV
Controlled Rz
switch Sw
R r R, Sw, I"\/\/VL‘% 2
TV Ly yy ey v '- WWH

Controlled Y
Voltage

Fig. 6.15 Schematic diagram of equivalent electrical circuit of two-tank
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flow Qp. The modulated current source I;, is achieved by controlling the input
voltage Vi, which is the PI-controller’s output and by using a known resistor R. The
PI-controller, whose output is the modulated voltage Vj,, is constructed by using
various operational amplifiers (op-amps), resistors and capacitor combinations. The
objective of PI-controller is to maintain a constant set voltage (Vs = 5 V) across
the capacitor C; which is equivalent to level or pressure set point in tank T;. A
microcontroller (Arduino Uno) is used to open and close the relay switch Swy, which
sets resistor R; at on and off state as per the command given by the controller.
Switch Sw, is used to introduce the abrupt fault in resistors R, by using parallel
connection of resistors where due to parallel connection, the resistance is low when
the switch is on (nominal state) and high when it is off (simulated faulty state). Also,
a series connection of a fixed resistor and a variable resistor is used to introduce the
progressive fault in equivalent resistor R; at a particular instance according to its
operating mode (see Table 6.13 for different time instances of introduced faults and
their nature). A controlled servomotor is used to vary the resistance value of resistor
R at a particular rate at on state of resistor R;. For controlling the servomotor,
another microcontroller board (Arduino Uno) is used. The flow sensor (Qp) and
level sensors (Hj, H») in the hydraulic system are replaced by current sensor ([;,)
and voltage sensors (Vy;, Vi), respectively, in the electrical domain.

The PI-controller law as used for the modulated voltage source, Vj,, and the
modulated current source [, are given as

Vin(t) = KP(Vsel - Vsl (t)) + KI / (Vset - Vsl (t))dt (629)

In(t) = w (6.30)

The values of pump input flow Qp and the pressures P;, P, of linear hydraulic
two-tank system at steady state were measured by doing a simulation in Matlab-
Simulink and obtained as follow:

Op = 0.8kg/s (6.31)
Py =p-g-H =1000 x 9.81 x 0.5 = 4905 N/m?
Py =p-g-Hy = 1000 x 9.81 x 0.25 = 2452.5N/m?

A hydraulic-electrical analogy technique is used to determine the nominal

parameters of the equivalent electrical circuit. For example, linear resistances R
and R, corresponding to the two valves V| and V, are obtained as

_ P1—Pp __ 4905-—2452.5 __
Ry = Bibe = 05204523 — 3065625 Q2

(6.32)

Ry = &2 = 2523 = 3065.625 Q2



226 O. Prakash and A.K. Samantaray

In the similar manner, the rounded off values of all parameters of the equivalent
electrical system are obtained as follows: R = R| = R, = 30662, Rq; = Rpp =
1000 2, C; = C, = 1500 uF.

The op-amps, capacitances, resistances and other electronic/electrical compo-
nents purchased from the market come with uncertainties. Thus, the rounding-off
errors may be considered as uncertainties in corresponding parameters.

6.4.2 Model Scaling

For conducting the experiment, the voltage and capacitance values were found to be
out of range. For instance, as per (6.31), we need to operate the circuit around 5kV
electrical voltage range. Thus, a dual time and amplitude scaling was performed.
For linear systems, the response x(¢) of the original system may be scaled as

xs(15) = ax(B1) (6.33)

where o« and B are the constants for amplitude and time scaling, respectively.
We have considered « = 1/981 which means the input current is reduced or
equivalently, the voltage set point for PI-controller is set at 4905/981 = 5V. The
hydraulic system has a slow response. We reduced the response time by § = 10
times. For that, the time constant (r = RC) was adjusted by retaining the value of R
and reducing the value of C by ten times. The PI-controller’s gains are adjusted to
match with time constant of the modified system. The final scaled parameter values
given in Table 6.10 are considered for developing an experimental setup.

Table 6.10 Nominal parameters of the scaled equivalent electrical circuit

Symbol | Description Nominal value
Kp Proportional gain of controller 0.3066

K Integral gain of controller 1

Vet Set point of the PI-controller 5V

Lin(max) Maximum input electrical current 5mA

C; Electrical capacitance value of ith capacitor (i = 1,2) 150 uF

R; Electrical resistance corresponding to valve R;(i = 1,2) 3066 Q2

Ry; Electrical resistance corresponding to drainage pipe Ry;(i = 1,2) | 1000

Vet Switch threshold voltage for Ry; 5.1V

Vet Switch threshold voltage for Ry, 2.8V
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6.5 Experimental Study

An experimental setup of equivalent electrical hybrid system is shown in Fig. 6.16a.
The circuit in the breadboard is the equivalent electrical hybrid system of the
simulated two-tank hybrid system in reduced scale whose dynamics is nearly similar
to the two-tank hybrid system dynamics. The schematic diagram of equivalent
electrical circuit of two-tank hybrid system is already shown in Fig.6.15. The
various components of the circuit including PI-controller and the microcontroller
are marked in Fig. 6.16b.

The experimental data were collected at a fixed sampling rate of 0.002s from
the current sensor [;, and voltage sensors V; and Vy, using a data-acquisition card
(NI-USB6211). For computation of residuals, thresholds, mode identification and
parameter estimation, LabVIEW-Matlab interface was used. The experimentally
collected data were fed into the DHBG-LFT model of the electrical hybrid system
for evaluation of residuals and adaptive thresholds. The GFSSM and MCSSM of
the equivalent electrical system presented in Tables 6.11 and 6.12, respectively,
are nearly same as that of the hydraulic two-tank system; only the corresponding
parameter’s nomenclature is changed. The coefficient of discharge parameter Cy; |
is considered equivalent to 1/R; |, where R; is the linear resistance in electrical
domain, i.e., the signature of Cy; | is replaced by R; 1. Similarly, the signature of
Cq; 1 isreplaced by R; |.

As in the simulation, two types of faults were introduced in the experimental
model. First one is a progressive fault in resistor R; as per Eq. (6.34) in its on state.
The second one is an abrupt fault in resistor R; as per Eq. (6.35) (see Table 6.13).
The failure threshold (Rf) of resistor R) is considered as twice of its nominal value
at on state for RUL estimation.

Fig. 6.16 (a) An experimental setup of electrical hybrid system (b) Enlarge view of breadboard
showing different components within dotted boxes: (1) Pl-controller, (2) R, (3) Cy, (4) Ca, (5)
Variable resistor (R;) with microcontroller, (6) R,, (7) Relay switch (Sw) with microcontroller,
(8) Swa, (9) Ia1, (10) Dy, Rqy and Vieqr, (11) D3, Rz and Ve, (12) Buffers
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Table 6.11 GFSSM (GSS) for the electrical hybrid system
Parameter | GARR; (r3) | GARRy (ry) | My | I, Single fault

R ari —aR1 ag; |agr; = (1 —ap)ar;
R 1 —aR|1 aR| ari | ari = (1 —ap)ag;
R 0 +1 1 0

Rt 0 —1 1 a=(1—a)

Rai ¥ a —a ar |ar = (1 —arpa
Rai 1 —a a a |a = (1—ar)a
Ro d 0 a a |0

Ry 0 —a a |0

Rica1 4 +1 0 1 1

Ricaa 4 |0 +1 1 0

Table 6.12 MCSSM for the electrical hybrid system

Parameter | GARR; (r3) | GARRy (r4) | M, | I, Single fault
ag; 1 +1 -1 1 1
ar1 »l/ -1 +1 1 1

Table 6.13 Introduced faults in the experimental model

Parameter | Description Degradation nature Start time, fg, (S)

R, Resistance increase | Progressive type as per (6.34) | 323.5

R, Resistance increase | Abrupt type as per (6.35) 1249.7
Ri,(2) - (1/ary), t<t
(Rin(2) + k(@)ton) - (1/ar1), 1= tn
Ron(2), r<t

Ro(t,2) = | Kl ° (6.35)

1.2Ron(2), t=1p

where R;,(z) is the nominal parameter value of resistor R;(i = 1, 2) at corresponding
operating mode (z), k(z) = 2.35Q/sif z = z() = ag; = 1, each z{! is for 8 s and

t
k(z) =0Q/sifz =z? = ag; = 0, each z? is for 3s, toy = [ ag) - dt, and 17 and
1f1
tp are the time instances when the first and second faults start, respectively.

In a similar way as done in simulation (Sect. 6.3.3.1), sequential multiple faults
are detected and isolated by the new proposed method using the experimental
data of the electrical hybrid system and RUL is predicted for progressive faults.
The evaluated residuals and adaptive thresholds with the real measurement data
collected from the experimental setup are shown in Fig.6.17. Note that due to
discrete derivatives, residuals show spikes that appear during mode transitions. The
observed coherence vector just after 323.5s is C = [—1 + 1] which gives R; 1
and ag; | as SSF elements at a; = 0; otherwise Ry 1, Ry; 1 and ag; | are
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Fig. 6.17 Response of residuals (a) r3 and (b) r4 using proposed method with dynamically updated
parameter and adaptive threshold

Table 6.14 Estimated data points at different time instances

Estimated magnitude

Parameter | Detected time (s) (t /) | Updated time (s) (tu,' ) | ton () Rf (tf{ ,2) ()
R 1 399.768 402.768 402.768 |3326.53
565.572 568.572 523.572 |3605.01
749.380 752.380 656.380 | 3917.57
938.692 941.692 794.692 | 4250.02
Ry 1 1249.702 1252.702 - 3740.5
SSF elements at a; = 1. Consistency in mode ag; = 1 is found by evaluating

the all sensitive ARRs at current mode information which indicates the observed
inconsistency is due to parametric fault. Upon parameter estimation and successive
updation of DHBG model at various time instances, it is confirmed that the fault
Ry 7 is of progressive nature (see Fig. 6.17 where residuals r3 and r4 are updated
at various time instances during degradation pattern identification of R;). The
estimated magnitude of degrading resistance R, at the mode z = z() = ag; = 1 at
different time instances tfi‘ (i =1,2,3,4) is shown in Table 6.14.

Initially, the obtained data points at time instances (t ') and (t ) corresponding
to mode z = z() = ag; = 1 are used to find the hnear degradatlon model for
the resistor R; as presented in Fig. 6.18a. Initial estimated value of RUL using the
linear degradation model at on state of resistor R; and infinite resistance value at off
state is found as 1672.92 s (see Fig. 6.19a). This initial degradation model is further
updated with modified model when newer information of parameter estimates are
obtained during monitoring.

As the monitoring is continued, the new information of degradation data of
resistor R (¢, z) is obtained via parameter estimation at time instances tfi‘ ,i=3,4)
at the same mode z = z(V) = ag; = 1, which are presented in Table 6.14. Various
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Fig. 6.18 (a) Linear degradation model at mode ag; = 1 as two data points are known, (b) finally
identified degradation model at mode ag; = 1 with new information of data points
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Fig. 6.19 Estimated RUL of parameter R; (a) With initially assumed linear degradation model
when only two data points are known (b) with finally confirmed linear degradation model with the
new information of degradation state at on state of resistor R;, and considering infinite resistance
in off state

degradation models are tried and linear degradation model was found as a best fit
model for on state of the resistor R;(ar; = 1) according to goodness of fit (RMSE =
4.49). Indeed, this is the actual degradation introduced in the experiment. The final
linear degradation model having coefficient P; and P, with 95 % confidence bound
is given as

(1)
MIZel = Pl(ton

— 18 4+ P, (6.36)
where P; = 2.357 and P, = 3323.

Using the degradation model (6.36), the RUL is estimated as 1635.77 s (see
Fig. 6.19b) according to set failure threshold (R‘l1 = 2R)).

When the abrupt fault in resistor R, at 1249.7 s is inserted, the coherence vector
(C) just after 1249.7s, i.e., after fault initiation in resistor R, is obtained from
Fig.6.17a,b as C = [0—1]. This gives the possible SSF as R, 1 (i.e., increasing fault
in resistor R,) using GFSSM since a; = 0. Even though the fault R, 1 is directly
isolable at a; = 0, we still need to estimate the fault magnitude for updating the
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DHBG model for diagnosis of subsequent faults. In this case, R, 1 is found as actual
fault parameter with estimated fault magnitude of R‘; ~ 1.2R; at (tuRf) = 1252.702s
and this estimated parameter value is then onwards considered as the new nominal
parameter value.

6.6 Conclusions

This chapter proposes a strategy for fault diagnosis and prognosis of hybrid
dynamical system by using bond graph modelling as a common framework for
system modelling, virtual prototyping, fault diagnosis rule development, parameter
and system identification, and RUL estimation. The proposed approach detects and
isolates sequential multiple faults of different types, i.e., discrete mode faults, abrupt
and progressive parametric faults; and also predicts the RUL if the detected fault
is due to progressive parameter drift. The developed method is first applied to a
simulated benchmark problem and then it is experimentally validated on a scaled
equivalent electrical circuit model.

The response time (time constant) of the system and the time taken for
degradation model are the two critical parameters that govern the applicability of
this diagnosis and prognosis scheme. For processes or systems with slow response
time, the time spent for parameter estimation is not significant. However, for fast
systems like the equivalent electrical system considered in this study, the parameter
estimation needs to be faster. This is achieved by narrowing down the number
of suspected faults and using sensitivity signature for information regarding fault
direction. Global fault sensitivity signatures of the hybrid dynamical system are used
to identify the possible fault directions from the residual responses. The information
of operating mode, possible fault candidates and directions of corresponding
parameter deviations are used in a constrained least square error minimization-
based estimation of fault parameters. It was found that richer information gleaned
from sensitivity signatures allows quicker and reliable identification of faults and
degradation model for RUL estimation.

For RUL estimation, use of multiple degradation models which include opera-
tional modes as additional control parameter and evolve through degradation model
identification is considered in this study for hybrid dynamical system. Models are
continually evolved with time by adapting to the new information of the state
of degradation of the monitored system to provide accurate RUL with bounded
uncertainty value. This overcomes the drawbacks of various existing methods.
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